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Abstract

Background: The COVID-19 pandemic placed unprecedented pressure on health care systems worldwide, significantly impacting
frontline health care workers, especially nurses. These professionals faced considerable psychological stress from caring for
patients with COVID-19 and the fear of spreading the virus to their families. Studies report that more than 60% (132/220) of
nurses experience anxiety, depression, and emotional exhaustion, which adversely affect their mental health and the quality of
care they provide.

Objective: This study aimed to investigate the relationship between work-related stress and emotional exhaustion among nurses
and to assess whether listening to podcasts moderates this association.

Methods: A cross-sectional online survey was conducted between March 1, 2023, and March 31, 2023. A total of 271 clinical
nurses, aged 20 years to 65 years, were recruited for the study. Participants were divided into 2 groups: experimental group
consisting of regular podcast listeners (n=173) and control group comprising nonlisteners (n=98). Ethical approval for this study
was obtained from the local ethics committee (IRB number YGHIRB20230421B). Validated scales were used to measure work
stress, emotional dissonance, and emotional exhaustion. Data analysis included descriptive statistics, independent t tests, and
structural equation modeling to examine the relationships between variables.

Results: No statistically significant differences were found between the experimental and control groups in terms of overall
work stress (mean difference=–0.09, 95% CI –0.31 to 0.13; P=.42) or emotional exhaustion (mean difference=0.07, 95% CI
–0.15 to 0.29; P=.53). Emotional dissonance emerged as a significant predictor of emotional exhaustion in both the experimental
(β=0.476, P<.001) and control (β=0.321, P=.01) groups. Nurses reporting higher workloads had significantly higher emotional
exhaustion levels (experimental group: β=0.302, P<.001; control group: β=0.327, P=.002). Podcast listening demonstrated only
a slight, nonsignificant moderating effect.

Conclusions: Although podcasts alone may not significantly reduce work stress or emotional exhaustion among nurses, there
was a potential, albeit limited, moderating effect of podcasts on emotional well-being. They could serve as a supplementary tool
for emotional support. However, broader and more comprehensive interventions are required to address the underlying causes
of stress and emotional exhaustion in this population. More in-depth exploration and recommendations are possible by analyzing
the content and patterns of listening. Further research is needed to examine the long-term benefits of integrating podcasts with
other digital tools for holistic stress management in health care settings.

(JMIR Nursing 2025;8:e70640)   doi:10.2196/70640
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Introduction

Background and Significance
Following the initial outbreak in December 2019, the COVID-19
pandemic rapidly spread across the globe, resulting in a severe
public health crisis. The pandemic imposed immense pressure
on health care systems worldwide, particularly affecting
frontline health care workers who bear significant
responsibilities and endure substantial psychological stress.
These health care workers made great sacrifices and
contributions to combat the pandemic, yet they faced challenges
such as nursing staff shortages, which had a profound impact
on the global health care sector. Nurses were not only tasked
with caring for patients with COVID-19 but also worried about
transmitting the virus to their families, further exacerbating their
psychological stress and adversely affecting their mental health
[1].

Work Stress and Emotional Exhaustion Among Nurses
Studies indicate that more than 60% (132/220) of nurses
experience anxiety, depression, and emotional exhaustion due
to prolonged patient care, impacting both their physical and
mental well-being, as well as the quality of patient care they
provide [2]. For instance, research by Lai et al [3] revealed that
126 of 250 nurses (50.4%) exhibit symptoms of depression, 112
of 251 nurses (44.6%) experience anxiety, 85 of 250 nurses
(34%) experience insomnia, and as many as 179 of 250 nurses
(71.5%) report distress. These data highlight the issue of
emotional exhaustion among nurses in high-pressure
environments.

The Potential Role of Digital Interventions in Stress
Management
The mental health challenges faced by nurses have drawn
attention to the need for strategies to improve their psychological
well-being. Previous research has predominantly focused on
improving work environments and workplace ethics, while few
explored the efficacy of digital media interventions for managing
stress within health care settings. These interventions range
from mobile apps to web-based programs targeting diverse
populations including adolescents, health care workers, and
patients with cancer [4-7]. With the advancement of information
and network technologies, new media tools such as podcasts
have gained attention. Podcasts, as an unofficial platform that
crosses institutional and organizational boundaries, offer
anonymity and flexibility, making them a potential resource for
helping nurses manage stress and emotions.

The Rise of Podcasts and Their Use in Health Care
With the progression of information and network technologies,
podcasts have emerged as a popular form of media in Taiwan.
In our survey, 201 of 250 participants (80.3%) reported using
the internet to access online news or lifestyle information.
Podcasts, although introduced in the early 2000s, gained
substantial popularity during the COVID-19 pandemic and
became part of the stay-at-home economy [8]. Due to a feeling
of companionship and flexibility, podcasts have become a
popular companion media format. A report by Commonwealth
Magazine [9] indicated that most podcast listeners use podcasts

for relaxation and entertainment, while programs like “Med
persona” cater to the personal needs of health care professionals
and inspire their professional development.

Research Gap and Study Rationale
Podcasts are becoming increasingly important for supporting
the emotional health and resilience of nurses, especially in the
face of the challenges posed by the COVID-19 pandemic. These
podcast programs provide essential resources for health care
professionals, offering guidance and shared experiences to help
nurses cope with the emotional labor and psychological stress
often encountered in their work. However, despite their growing
popularity, there is limited empirical research investigating the
actual effectiveness of podcasts in reducing work-related stress
and emotional exhaustion among nurses. This study aimed to
fill this research gap by systematically examining whether
podcast listening can serve as a useful tool for emotional support
and stress relief in nursing practice.

Objectives and Research Questions
The primary objective of this study was to investigate the impact
of work-related stress on emotional exhaustion among nurses
and to determine whether listening to podcasts can mitigate this
effect. The study aimed to provide empirical evidence regarding
the effectiveness of podcasts as a tool for emotional management
and stress relief among nursing staff.

To achieve this objective, we focused on 2 main research
questions: (1) Can listening to podcasts help nurses manage
their emotions and alleviate work -related stress? and (2) Can
podcasts modulate the level of emotional exhaustion among
nurses?

By addressing these questions, the study aimed to gain a deeper
understanding of the potential benefits of incorporating podcasts
into stress management and emotional support programs for
nurses, ultimately enhancing their overall well-being and job
performance.

Methods

Study Design and Participants
The study used convenience sampling to ensure the accuracy
and reliability of the study results. The participants were clinical
care providers aged between 20 years and 65 years. The
participants were divided into 2 groups: experimental group
consisting of nurses who regularly listened to podcasts and
control group comprising nurses who did not listen to podcasts.
This grouping facilitated a comparative analysis of the potential
impact of podcast listening on alleviating work-related stress
and emotional exhaustion among nurses.

Exclusion criteria included any hearing impairments, ensuring
that the selected sample accurately met the study’s requirements.

Data Collection Procedures
During the recruitment process, participants in the experimental
group were introduced to the study via a recorded message
played by podcast hosts. This message explained the study's
purpose, objectives, and instructions for completing the
questionnaire. Participants in the control group received the
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same information in written form on the introduction page of
the online survey platform. Participants were assured that their
data would be used solely for research purposes, their privacy
would be protected, and their participation was voluntary. They
were informed their rights would not be affected if they chose
not to participate. Those who agreed to participate were asked
to sign a consent form and were then provided with a link to
the online survey.

Data collection was conducted through a noninvasive online
questionnaire. Participants were informed that they could
withdraw from the study at any time if they felt uncomfortable.
The questionnaire was administered by experienced researchers,
and all responses were securely stored in a cloud database.
Participants’ identities were anonymized using research codes
to protect their privacy, in compliance with personal data
protection laws and relevant regulations.

If participants felt any discomfort while completing the
questionnaire, they were allowed to terminate their participation
at any time.

Statistical Analysis
During the study period, from March 1, 2023, to March 31,
2023, a total of 271 valid questionnaires were collected. The
experimental group consisted of 173 nurses who regularly
listened to podcasts, and the control group consisted of 98 nurses
who did not listen to podcasts. The analysis focused on
demographic attributes such as age, marital status, number of
children, educational background, nursing experience,
department, position, level of advancement, emotional
disposition, and podcast listening habits.

This descriptive analysis provides a comprehensive overview
of the demographic and occupational characteristics of the study
participants, laying the foundation for further analysis of the
relationships between these variables and the outcomes of
interest.

Ethical Considerations
All procedures of this study adhered to ethical guidelines.
Contact information for the primary researcher and detailed
instructions for submitting responses were provided. Informed
consent was obtained from all participants, and all data were
anonymized. No incentives nor rewards were offered. Ethical
approval for this study was granted by the Yuan's General
Hospital Ethics Committee (Institutional Review Board approval
number: YGHIRB20230421B).

Results

Participant Characteristics
A total of 271 nurses participated in the study. Most participants
were aged between 21 years and 39 years (187/271, 69%) and
held a university-level education (221/271, 81.5%). The majority
were unmarried (144/271, 53.1%), had no children (159/271,
58.7%), and had between 2 years and 20 years of nursing
experience (205/271, 75.7%). Most held clinical nursing
positions (229/271, 85.4%) and were distributed across various
hospital departments, including the emergency department
(22/271, 8.1%) and internal medicine (31/271, 11.4%) and
surgical (54/271, 19.9%) wards. In terms of emotional
disposition, most participants reported having a positive outlook
(212/271, 78.2%). Among podcast listeners, the majority had
been listening for less than 3 months (80/173, 46.1%). Detailed
demographic information is presented in Table 1.
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Table 1. Demographic data of the study participants (n=271).

Results, n (%)Variable

Age (years)

90 (33.2)21-29

97 (35.8)30-39

65 (24)40-49

18 (6.6)50-59

1 (0.4)60-69

Marital status

144 (53.1)Unmarried

121 (44.6)Married

6 (2.2)Divorce

0 (0)Widowed

0 (0)Separated

Education

20 (7.4)Specialist

16 (5.9)2-year junior college program

221 (81.5)University

13 (4.8)Master

1 (0.4)PhD

Nursing experience (years)

22 (8.1)0-1

123 (45.4)2-10

82 (30.3)11-20

34 (12.5)21-30

9 (3.3)31-40

1 (0.4)41-50

Number of children

159 (58.7)0

41 (15.1)1

62 (22.9)2

9 (3.3)3

0 (0)>4

Service department

47 (17.3)Outpatient department

22 (8.1)Emergency Department

19 (7)Operating room

39 (14.4)Intensive Care Unit

31 (11.4)Medical Ward

54 (19.9)Surgical Ward

18 (6.6)Obstetrics and gynecology

1 (0.4)Pediatrics

40 (14.8)Other single

Emotional personality
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Results, n (%)Variable

212 (78.2)Positive emotions

59 (21.8)Negative emotions

Nursing duties

229 (84.5)Nurse

18 (6.6)Nursing team leader

6 (2.2)Deputy director of nursing

17 (6.3)Head nurse

1 (0.4)Nursing supervision

0 (0)Nursing director

Advanced level

2 (0.7)New staff

25 (9.2)<1 year of clinical work experience

41 (15.1)>1 year of clinical work experience, completed the first-year clinical competency training for nursing staff, and
passed the review successfully

142 (52.4)>2 years of clinical work experience, completed the second-year clinical competency training for nursing staff,
and passed the review successfully

38 (14)>3 years of clinical work experience, completed the third-year clinical competency training for nursing staff, and
passed the nursing association's case report review successfully

23 (8.5)>4 years of clinical work experience, completed the fourth-year clinical competency training for nursing staff, and
passed the nursing association's administrative project review successfully

Podcast listening habits (n= 173 )

46 (26.6)1 month

34 (19.5)3 months

18 (10.4)6 months

24 (13.9)1 year

32 (18.5)1-3 years

13 (7.5)3-5 years

5 (2.8)5-10 years

1 (0.6)>10 years

Age (χ2
4=49.158, P=.09; Table 2) and marital status (χ2

2=2.223,
P=.33) were not significantly different between the experimental
and control groups. The number of children was significantly
different between the 2 groups (χ²2=12.215, P=.007). In the
experimental group (ie, nurses who regularly listen to podcasts),
a higher proportion of participants were childless (61/98, 62%),
whereas in the control group, a greater number of nurses had
children (75/173, 43.4%). This difference may impact how
nurses cope with work stress and experience emotional
exhaustion, as studies have shown that nurses with children face
additional family caregiving responsibilities, which may
exacerbate their psychological stress. Additionally, since the
number of children was a significant factor, it should be

considered in the interpretation of the results to avoid potential
confounding effects. There were no significant differences

between the groups in educational level (χ2
3=5.742, P=.22),

nursing experience (χ2
4=36.885, P=.38), department

(χ2
5=14.571, P=.07), position (χ2

2=1.911, P=.75), advancement

level (χ2
2=2.058, P=.84), and emotional disposition (χ2

1=0.512,
P=.47). Independent t tests revealed no significant differences
between the experimental and control groups regarding workload
(t269=–.879, P=.51) and emotional exhaustion (t269=0.295,
P=.30). These findings suggest that podcast listening did not
significantly affect the levels of work stress or emotional
exhaustion among the nurses in this study (Tables 2 and 3).
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Table 2. Comparison of the distribution of individual variables between the 2 groups.

P valueχ2 (df)Control group
(n=173), n (%)

Experimental group
(n=98), n (%)

Variables

.0949.158 (4)Age (years)

49 (28.3)41 (41.9)21-29

61 (35.3)36 (36.7)30-39

49 (28.3)16 (16.3)40-49

13 (7.5)5 (5.1)50-59

1 (0.6)0 (0)60-69

.332.223 (2)Marital status

87 (50.3)57 (58.2)Unmarried

81 (46.8)40 (40.8)Married

5 (2.9)1 (1)Divorced

0 (0)0 (0)Widowed

0 (0)0 (0)Separated

.00712.215 (3)Number of children

98 (56.6)61 (62.2)0

20 (11.6)21 (21.4)1

50 (28.9)12 (12.2)2

5 (2.9)4 (4.1)3

0 (0)0 (0)>4

.225.742 (4)Education

12 (6.9)8 (8.2)specialist

9 (5.2)7 (7.1)2-year junior college program

139 (80.3)82 (83.7)University

12 (6.9)1 (1)Master

1 (0.6)0 (0)PhD

.3836.885 (5)Nursing experience (years)

10 (5.8)12 (12.2)0-1

78 (45.1)45 (46)2-10

50 (29)32 (32.7)11-20

27 (15.6)7 (7.1)21-30

7 (4)2 (2)31-40

1 (0.5)0 (0)41-50

.0714.571 (7)Service department

29 (16.8)18 (18.4)Emergency department

20 (11.6)2 (2)Operating room

11 (6.4)8 (8.2)Intensive care unit

26 (15)13 (13.3)Medical ward

18 (10.4)13 (13.3)Surgical ward

29 (16.8)25 (25.5)Obstetrics and gynecology

9 (5.2)9 (9.2)Pediatrics

1 (0.6)0 (0)Other single

.751.911 (3)Nursing duties

JMIR Nursing 2025 | vol. 8 | e70640 | p.8https://nursing.jmir.org/2025/1/e70640
(page number not for citation purposes)

Li Jung et alJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


P valueχ2 (df)Control group
(n=173), n (%)

Experimental group
(n=98), n (%)

Variables

144 (83.2)85 (86.7)Nurse

11 (6.4)7 (7.1)Nursing team leader

4 (2.3)2 (2)Deputy director of nursing

13 (7.5)4 (4.1)Head nurse

1 (0.6)0 (0)Nursing supervision

0 (0)0 (0)Nursing director

.842.058 (5)Advanced level

1 (1)1 (1)New staff

14 (8.1)11 (11.2)<1 year of clinical work experience

24 (13.9)17 (17.3)>1 year of clinical work experience, completed the first-year clinical com-
petency training for nursing staff, and passed the review successfully

92 (53.2)50 (51)>2 years of clinical work experience, completed the second-year clinical
competency training for nursing staff, and passed the review successfully

26 (15)12 (12.2)>3 years of clinical work experience, completed the third-year clinical
competency training for nursing staff, and passed the nursing association's
case report review successfully

16 (9.2)7 (7.1)>4 years of clinical work experience, completed the fourth-year clinical
competency training for nursing staff, and passed the nursing association's
administrative project review successfully

.470.512 (1)Emotional personality

133 (76.9)79 (80.6)Positive emotions (optimistic character)

40 (23.1)19 (19.4)Negative emotions (pessimistic character)

Table 3. Comparison of emotional exhaustion between the experimental group and control group.

P valueControl group(n=173), mean (SD)Experimental group(n=98), mean (SD)Tests

.515.09 (1.13)5.21 (1.11)Workload

.394.47 (1.30)4.96 (1.19)Patients’ or relatives’ requirements

.244.95 (1.25)4.98 (1.11)Patient suffering

.804.30 (1.12)4.31 (1.09)Team collaboration problems

.774.61 (1.30)4.65 (1.38)Emotional dissonance

.304.78 (1.07)4.80 (1.16)Emotional exhaustion

Descriptive Statistics of Key Variables
In this study, the primary contributors to emotional exhaustion
among nursing staff included heavy workloads, difficult patient
interactions, and the distress of witnessing patient suffering.
Specifically, “too many patients to care for” was scored the
highest, at a mean of 5.41, in the workload category, indicating
that the large number of patients significantly increased work
stress, leading to emotional dissonance and eventual exhaustion.
In the category of patient and family demands, “communicating
with difficult or demanding patients” received a mean score of
5.13, highlighting the challenges nurses faced with handling
difficult communication, which further exacerbates emotional
exhaustion. Additionally, “witnessing patient pain and suffering”
received a mean score of 5.30, reflecting the emotional toll on

nurses who felt powerless to alleviate patient suffering, resulting
in emotional buildup and exhaustion.

Regarding team cooperation, “lack of recognition for career
development” received a mean score of 4.58, suggesting that
the lack of acknowledgment for professional growth contributes
to burnout and diminished enthusiasm for advancing in the
nursing profession. In terms of emotional dissonance, “my
emotions displayed for professional reasons are not consistent
with my true feelings” received a mean score of 4.69, showing
how the need to suppress personal emotions to meet professional
standards leads to negative emotional buildup and exhaustion.
Finally, “I feel exhausted at the end of the workday” received
the highest mean score, at 5.30, in the emotional exhaustion
category, underscoring the intense pressure and stress nurses
experienced daily, leading to significant emotional exhaustion
(Table 4).
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Table 4. Questionnaire content related to each variable.

Dimension score, meanbResults, mean (SD)aQuestionnaire contentVariables

5.02Workload

4.59 (1.33)Insufficient time to accomplish tasksw1

5.41 (1.27)Too many patientsw2

5.25 (1.19)Being assigned too many different tasksw3

4.87 (1.33)Lack of vacation timew4

4.98 (1.27)Having so much work that everything cannot be done wellw5

4.81Patients’ and relatives’ requirements

5.13 (1.29)Dealing with difficult/demanding patientspr1

5.05 (1.39)Dealing with difficult/demanding relativespr2

4.59 (1.41)Patients and/or family hostility or violencepr3

4.74 (1.37)Lack of cooperation with the patientpr4

4.56 (1.40)Conflict between the patient and their familypr5

5.02Patient suffering

5.30 (1.24)Seeing the physical pain and suffering in patientsps1

5.22 (1.31)Physical deterioration in patientsps2

4.79 (1.33)No therapeutic hopeps3

4.92 (1.24)Worrying about patients’ lonelinessps4

4.89 (1.33)Being confronted with denial of the diseaseps5

4.35Team collaboration problems

4.53 (1.27)Lack of recognition for work well donetcp1

4.14 (1.38)Experiencing conflicts with co-workerstcp2

4.18 (1.257)Unpleasant colleaguestcp3

4.44 (1.26)Disagreeing with physicians' practicestcp4

4.21 (1.283)Poor communication between coworkertcp5

4.58 (1.384)No reward for career development andadvancementtcp6

4.61Emotional dissonance

4.57 (1.358)The emotions that I feel in my job do not correspond to those Iwould like to feel.ed1

4.61 (1.374)My work situation brings me to experience emotions different than those I would like
to feel.

ed2

4.57 (1.35)I experience a discrepancy between the emotions I consider to beprofessional and what
I feel.

ed3

4.69 (1.413)The emotions I show in order to be professional are not consistent with my inner
feelings.

ed4

4.75Emotional exhaustion

5.3 (1.18)I feel used up at the end of the workday.ee1

5.28 (1.201)I feel fatigued when I get up in the morning and have to face another day on the job.ee2

4.63 (1.345)I’ve become more callous toward people since I took this job.ee3

4.53 (1.31)Working with people directly puts too much stress on me.ee4

4.59 (1.332)I feel recipients blame me for some of their problems.ee5

4.35 (1.267)I feel frustrated by my job.ee6

4.59 (1.337)Working with people all day is really a strain for me.ee7

aBased on the Lister 7-point method (possible score ranging from 1 to 7).
bMean of all item scores within a specific dimension (eg, stress, satisfaction, emotional state).
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Structural Equation Modeling and Partial Least
Squares Results
This study used partial least squares to assess the reliability and
validity of the collected questionnaire data. The analysis focused
on internal consistency, convergent validity, and discriminant
validity to ensure the accuracy of the data. Reliability was
evaluated using Cronbach α and composite reliability. Both
indicators demonstrated high reliability for all constructs, with
Cronbach α values exceeding 0.86 and composite reliability
values greater than 0.89, indicating strong internal consistency.
Convergent validity was assessed using factor loadings and
average variance extracted (AVE). Factor loadings primarily
aim to explore whether the predefined factor model aligns with
the collected observational data. This process examines whether
the number of factors and the factor loadings of the observed
variables meet expectations, thus validating the model’s

consistency with the empirical data. All item factor loadings
were greater than 0.7, showing a strong relationship between
items and their respective constructs. The AVE values were
greater than 0.5, confirming that the constructs captured
sufficient variance from their items. Discriminant validity was
evaluated by comparing the square root of the AVE values with
the correlations between constructs. All constructs exhibited
good discriminant validity, with the square root of AVE
exceeding the correlations between constructs, indicating that
these constructs are distinct from one another (Tables 5-7).

To enhance the statistical interpretability of the correlations
between constructs, we calculated the P values for the
correlation coefficients presented in Table 7 using Pearson
correlation analysis. As shown in Table 7, given the sample size
of 271, all interconstruct correlations reached statistical
significance (P<.001).
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Table 5. Questionnaire aspects for factor loading.

Factor loadingQuestionnaire aspects (analysis code)

Workload

0.860w1

0.896w2

0.874w3

0.925w4

Patients’ and relatives’ requirements

0.915pr1

0.913pr2

0.938pr3

0.924pr4

0.925pr5

Patient suffering

0.904ps1

0.930ps2

0.901ps3

0.915ps4

0.909ps5

Team collaboration problems

0.917tcp1

0.906tcp2

0.759tcp3

0.931tcp4

0.836tcp5

0.882tcp6

Emotional dissonance

0.964ed1

0.969ed2

0.973ed3

0.937ed4

Emotional exhaustion

0.785ee1

0.802ee2

0.891ee3

0.879ee4

0.884ee5

0.899ee6

0.880ee7
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Table 6. Reliability and validity of the questionnaire.

AVEbCRaCronbach αQuestionnaire constructs

0.9230.9730.972edc

0.7410.9480.947eed

0.8520.9610.959pre

0.8320.9510.950psf

0.7610.9360.934tcpg

0.7910.9320.920wh

aCR: composite reliability.
bAVE: average variance extracted.
ced: emotional dissonance.
dee: emotional exhaustion.
etcp: team collaboration problems.
fps: patient suffering.
gpr: patients’ and relatives’ requirements.
hw: workload.

Table 7. Discriminant validity of the questionnaire, based on Pearson r correlation values (n=271).

wftcpepsdprceebedaQuestionnaire constructs

ed

0.6640.7380.6150.6480.7970.961r

<.001<.001<.001<.001<.001—gP value

ee

0.7450.7600.5610.6280.8610.797r

<.001<.001<.001<.001—<.001P value

pr

0.6860.6700.6040.9230.6280.648r

<.001<.001<.001—<.001<.001P value

ps

0.5030.5360.9120.6040.5610.615r

<.001<.001—<.001<.001<.001P value

Tcp

0.6170.8720.5360.6700.7600.738r

<.001—<.001<.001<.001<.001P value

w

0.8890.6170.5030.6860.7450.664r

—<.001<.001<.001<.001<.001P value

aed: emotional dissonance.
bee: emotional exhaustion.
ctcp: team collaboration problems.
dps: patient suffering.
epr: patients’ and relatives’ requirements.
fw: workload.
gNot applicable.
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Discussion

The Impact of Emotional Dissonance on Emotional
Exhaustion
The findings support the hypothesis that emotional dissonance
leads to emotional exhaustion among nursing staff, which is
consistent with previous research showing that emotional
dissonance depletes emotional resources and contributes to
burnout.

The Impact of Work-Related Factors on Emotional
Dissonance
Workload had a significant positive effect on emotional
dissonance in the control group (t269=2.257, P=.02) but not in
the experimental group (t269=1.467, P=.14). Patient and family
demands did not significantly affect emotional dissonance in
either group. Caring for patients who were suffering showed a
marginal effect in the experimental group (t269=1.948, P=.051)
but was not significant in the control group. Teamwork issues
significantly influenced emotional dissonance in both groups
(t269=5.925, P≤.001)

The Impact of Work-Related Factors on Emotional
Exhaustion
Workload significantly impacted emotional exhaustion in both
groups (experimental group: t269=4.283, P<.001; control group:
t269=3.082, P=.002). The effects of patient and family demands
and caring for suffering patients were not significant. Teamwork
issues were significantly associated with emotional exhaustion
in both groups (experimental: t269=2.239, P=.03; control:
t269=2.522, P=.01).

Moderating Effects of Listening to Podcasts on
Work-Related Factors
None of the hypothesized moderating effects of podcast listening
were statistically significant. The effects of workload, patient
and family demands, caring for patients who are suffering,
teamwork issues, and emotional dissonance on emotional
exhaustion were not significantly moderated by podcast use (all
P values >.05).

The model explained a substantial portion of the variance in
emotional dissonance (experimental: R²=0.618; control:
R²=0.629) and emotional exhaustion (experimental: R²=0.731;
control: R²=0.711), but podcast listening did not significantly
moderate the relationships among the studied variables (Table
8).

Table 8. Path coefficients.

Hypothesis
supported?

Control groupHypothesis
supported?

Experimental groupHypotheses

P valuet (df)Path co-
efficient

P valuet (df)Path co-
efficient

Yes.012.583 (269)0.321Yes<.0016.427 (269)0.476Emotional dissonance and emotional exhaus-
tion

No.510.660 (269)0.113No.261.135 (269)0.123Patients’ and relatives’ requirement and emo-
tional dissonance

No.161.403 (269)0.179Yes.0511.948 (269)0.173Patient suffering and emotional dissonance

Yes.0032.961 (269)0.348Yes<.0015.925 (269)0.507Team collaboration problems and emotional
dissonance

Yes.022.257 (269)0.299No.141.467 (269)0.125Workload and emotional dissonance

No.870.167 (269)–0.021No.970.044 (269)–0.004Patients’ and relatives/ requirements and emo-
tional exhaustion

No.320.490 (269)0.047No.390.853 (269)0.045Patient suffering and emotional exhaustion

Yes.012.522 (269)0.293Yes.032.239 (269)0.168Team collaboration problems and emotional
exhaustion

Yes.0023.082 (269)0.327Yes<.0014.283 (269)0.302Workload and emotional exhaustion

Emotional Dissonance and Emotional Exhaustion
This study found a significant positive correlation between
emotional dissonance and emotional exhaustion among nursing
staff. Specifically, as emotional dissonance increases, so does
the risk of emotional exhaustion. This pattern was observed in
both the experimental group (nurses who regularly listened to
podcasts) and control group (nurses who did not listen to
podcasts). However, the emotional dissonance levels were
slightly lower in the experimental group, suggesting that

listening to podcasts may have a mild mitigating effect. The
data showed that emotional dissonance is a significant predictor
of emotional exhaustion. These findings are consistent with
previous research, confirming that emotional dissonance depletes
emotional resources, ultimately leading to emotional exhaustion
among nursing staff.
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Workload, Emotional Dissonance, and Emotional
Exhaustion
The results indicated significant positive correlations between
workload and both emotional dissonance and emotional
exhaustion. High workloads increased the risk of these
outcomes, especially for nurses who did not listen to podcasts.
In the experimental group, the path coefficient for the impact
of workload on emotional dissonance was 0.125 (t269=1.467,
P=.14), which was not significant, while in the control group,
it was 0.299 (t269=2.257, P=.02), indicating a significant effect.
Similarly, the path coefficients for the impact of workload on
emotional exhaustion were 0.302 (t269=4.283, P<.001) in the
experimental group and 0.327 (t269=3.082, P=.002) in the control
group. These findings suggest that, although podcasts may help
alleviate some stress, they are not sufficient to prevent emotional
exhaustion under high workload conditions.

Patient and Family Demands
The impact of patient and family demands on emotional
dissonance and emotional exhaustion was minimal. Neither the
experimental nor control group exhibited significant effects
from these demands. For emotional dissonance, the path
coefficient was 0.123 (t269=1.135, P=.26) in the experimental
group and 0.113 (t269=0.660, P=.51) in the control group. For
emotional exhaustion, the coefficients were –0.004 (t269=0.044,
P=.97) in the experimental group and –0.021 (t269=0.167, P=.87)
in the control group. This suggests that the professional skills
and emotional management strategies of nursing staff effectively
mitigate the impact of patient and family demands.

Caring for Patients Who Are Suffering
In the experimental group, caring for patients who are suffering
had an almost significant impact on emotional dissonance (path
coefficient 0.173; t269=1.948, P=.051), but it was not significant
in the control group (path coefficient 0.179; t269=1.403, P=.16).
However, its impact on emotional exhaustion was not significant
in either group. This suggests that, although caring for patients
who are suffering may lead to emotional dissonance, it does not
necessarily result in emotional exhaustion, possibly due to
effective emotional management and professional support
systems.

Teamwork Issues
Teamwork issues showed a significant positive correlation with
both emotional dissonance and emotional exhaustion. In the
experimental group, the path coefficient for emotional
dissonance was 0.507 (t269=5.925, P<.001), and for emotional
exhaustion, it was 0.168 (t269=2.239, P=.03). In the control
group, the coefficients were 0.348 (t269=2.961, P=.003) and
0.293 (t269=2.522, P=.01), respectively. These results indicate
that issues such as poor communication and conflict within
teams significantly increase stress, leading to emotional
dissonance and exhaustion.

Podcasts as a Moderating Factor
The study explored whether listening to podcasts could mitigate
the effects of workload, patient demands, caring for patients

who are suffering, and teamwork issues on emotional dissonance
and exhaustion. However, the moderating effects of podcasts
were generally not significant. For example, in the experimental
group, the moderation of the impact of workload on emotional
dissonance (P=.14) was not significant. Similarly, podcasts did
not significantly reduce the impact of patient demands or
teamwork issues on emotional exhaustion.

Comparison With Previous Work
This study builds on existing research that has explored the
relationship between emotional dissonance, workload, and
emotional exhaustion among health care professionals. Previous
studies, such as those by Bakker and Heuven [10] and Diestel
and Schmidt [11], established a significant link between
emotional dissonance and emotional exhaustion, highlighting
the harmful effects of emotional labor on health care workers.
Our findings confirm these studies, showing that emotional
dissonance is a key predictor of emotional exhaustion in nursing
staff. However, our research adds a new dimension by
examining the potential moderating role of podcast listening in
this relationship. Although the impact of emotional dissonance
on exhaustion remains substantial regardless of podcast use,
the slight alleviation observed in the experimental group
suggests that podcasts may offer some emotional relief, an
aspect not explored in earlier studies.

In terms of workload, our findings align with the existing
literature, emphasizing the stress induced by high workloads in
health care professionals. Studies by Glasberg et al [12] and
Garrosa et al [13] highlighted that heavy workloads bring
immense stress, leading to emotional exhaustion. Our study
confirms these findings but also introduces the novel
consideration of podcasts as a potential buffer. However, the
effects of podcasts were insufficient and did not counteract the
overwhelming impact of high workloads, suggesting the need
for more comprehensive interventions.

Furthermore, unlike previous studies that mainly focused on
the direct effects of patient demands and teamwork issues on
emotional health, our study investigated these factors in the
context of podcast use. Although the impact of patient demands
on emotional dissonance and exhaustion was minimal, teamwork
issues were found to have a significant impact, consistent with
prior research. However, the moderating role of podcasts in
mitigating these effects was limited, offering a nuanced
understanding of the boundaries of digital media interventions
in high-stress work environments.

Factors Influencing the Study Results
The findings of this study indicate that the number of children
the nurses had significantly differed between the 2 groups
(P=.007), which may influence the interpretation of work stress
and emotional exhaustion outcomes. Previous research has
suggested that nurses with children may have heavier family
responsibilities, leading to differences in their stress adaptation
and emotional regulation compared with those without children.
Particularly during the COVID-19 pandemic, nurses not only
faced clinical stress but also the combined burden of childcare,
household responsibilities, and health care duties, which could
further contribute to increased emotional exhaustion.
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However, we did not conduct a subgroup analysis to explore
the impact of the number of children on the moderating effect
of podcast listening. Therefore, future research should consider
incorporating this variable into the model and using multivariate
regression analysis or moderation effect analysis to control for
potential confounding factors, ensuring the accuracy of study
results.

Strengths and Limitations

Strengths
This study has several strengths, including innovative use of
podcasts, comprehensive analyses, and the ability to apply the
findings in a practical setting.

This study is among the first to explore the use of podcasts as
a tool for emotional support and stress management among
nursing staff. By incorporating emerging digital media tools,
the research offers new insights into how health care
professionals can leverage technology to improve their
emotional well-being. Regarding the analysis, the study
thoroughly examines multiple sources of stress, including
emotional dissonance, workload, patient demands, and teamwork
issues, providing a holistic view of the factors leading to
emotional exhaustion in nursing. The findings also have direct
implications for health care institutions and policymakers,
suggesting practical measures such as integrating podcast
programs into emotional support strategies for nursing staff.
Nevertheless, the generalizability of these findings to a broader
nursing population should be interpreted with caution and
warrants further validation in diverse clinical settings.

Limitations
At the same time, the study had some limitations, including
sample representativeness, its cross-sectional design, the use of
self-reported data, variations in podcast content and listening
patterns by the participants, a potential lack of generalizability
due to the cultural and linguistic context, and differences in the
number of children the nurses had between the groups.

The study’s sample was limited to specific regions and health
care institutions, which may affect the sample representativeness
and restrict the generalizability of the findings. Different regions
or types of health care institutions may have varying stressors
and coping mechanisms. Additionally, the accessibility and
adoption of digital interventions such as podcasts may differ
across health care settings, further impacting the applicability
of the results.

This cross-sectional study was conducted at a single point in
time, making it challenging to capture the dynamic nature of
stress and emotional exhaustion over time. Therefore, the
long-term impact of podcast use on emotional well-being could
not be assessed. Future longitudinal studies are needed to
examine whether continued engagement with podcasts can lead
to sustained emotional support and stress reduction among health
care professionals.

The reliance on self-reported data introduces the possibility of
subjective biases, such as social desirability or recall bias, which
may affect the accuracy of the results. Participants may have
provided responses based on perceived expectations rather than

their actual experiences. Additionally, objective measures, such
as physiological indicators of stress (eg, cortisol levels, heart
rate variability), were not included, limiting the study’s ability
to validate findings through biometric data.

The study did not account for the variation in podcast content,
format, duration, and listening frequency, all of which could
influence the results. Different types of podcasts may have
varying effects on emotional support and stress reduction. For
instance, content focused on relaxation techniques or peer
support may provide stronger psychological benefits than
general entertainment podcasts. Furthermore, the study did not
assess individual differences in podcast engagement, such as
the extent to which participants actively absorbed content versus
using it as background noise. Future research should consider
categorizing podcast types and evaluating their differential
effects on emotional well-being.

The study was conducted in Taiwan, and cultural factors may
influence how caregivers perceive stress and use podcasts. In
collectivist cultures like Taiwan, social and familial expectations
may shape nurses’ stress coping strategies differently than in
individualistic cultures. Additionally, the availability of
health-related podcasts in the local language may affect
accessibility and engagement. The effectiveness of podcasts as
an emotional support tool may vary depending on cultural
attitudes toward digital health interventions and professional
well-being. As a result, the findings may not be directly
applicable to different cultural settings, and cross-cultural
comparisons would be beneficial in future studies.

One of the limitations of this study was the significant difference
in the number of children that nurses had between the groups,
which may affect the internal validity of the research findings.
Since nurses with children may experience higher levels of
stress and emotional exhaustion, this factor should be considered
when interpreting the results to account for its potential impact
on the study findings. Future research may consider conducting
subgroup analyses to explore the effects of varying family
responsibilities on the moderating effect of podcast listening.

Additionally, the cross-sectional design limits the ability to infer
causality. Future studies are recommended to adopt a
longitudinal approach to further examine the long-term impact
of podcast listening on emotional exhaustion.

Future Research Directions
Therefore, future research should consider longitudinal study
designs, expanding the sample diversity, analyzing podcast
content, conducting comparative studies across health care
professions, integrating podcasts with other digital tools, and
conducting cross-cultural comparisons.

Longitudinal designs with sufficient time duration could track
the impact of podcast use on emotional well-being over time.
Furthermore, future longitudinal studies could help better
understand the long-term impact of the variables examined in
our research. This approach would help determine the long-term
benefits or drawbacks of integrating podcasts into emotional
support programs for health care professionals.
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To enhance the generalizability of the findings, future studies
should include more diverse samples, covering different regions,
health care environments, and cultural contexts. This would
provide a broader understanding of how podcasts can be utilized
across various settings.

Future research should also analyze the specific content and
quality of the podcasts used by health care professionals.
Understanding which types of content are most effective in
reducing stress and emotional exhaustion could lead to more
targeted and effective podcast programs.

Exploring the use of podcasts across different health care
professionals (eg, doctors, pharmacists, physical therapists)
could reveal how podcast interventions can be customized to
address the unique stressors faced by each group.

Combining podcasts with other digital tools (eg, mobile health
apps or online counseling platforms) could create a more
comprehensive emotional support system for health care
workers. Future research should explore the synergies of using
multiple digital resources for stress management.

Comparative studies between different countries and cultures
would help determine how cultural factors influence the
acceptance and effectiveness of podcasts as a stress management
tool. This could lead to more culturally sensitive interventions
in global health care settings.

Conclusion
This study highlights the significant impact of work-related
stress on emotional exhaustion among nursing staff and explores
the potential of podcasts as a digital intervention to mitigate
these effects. The findings indicate a strong association between
higher work stress and increased emotional exhaustion, which
poses critical challenges for both the well-being of nursing
professionals and the quality of patient care. However, the

findings of this study also suggests that regular engagement
with podcasts, particularly those focused on emotional
management and stress relief, may provide a beneficial coping
mechanism, contributing to reduced emotional exhaustion
among nurses.

The results provide evidence supporting the integration of
podcasts as a supplementary psychological support tool within
health care institutions. By incorporating digital mental health
interventions such as podcasts, institutions can offer accessible
and flexible psychological support, ultimately improving job
satisfaction, emotional resilience, and overall well-being among
nursing staff. Additionally, the study underscores the need for
policy initiatives to actively promote and support digital
interventions aimed at improving the mental health and
professional development of health care workers.

Despite these insights, certain limitations must be acknowledged.
The study identified a significant difference in the number of
children between groups, which may influence stress coping
mechanisms and the moderating effect of podcast listening.
Future research should control for this variable to ensure an
accurate evaluation of podcast interventions. Moreover, although
podcasts may serve as a viable supplementary intervention, their
moderating effect remains limited, indicating the need for further
exploration into comprehensive psychological support strategies.

Future studies should investigate the long-term effects of podcast
engagement, assess its efficacy across diverse health care
settings and cultural contexts, and explore potential synergies
with other digital or traditional psychological support programs.
The integration of podcasts and similar digital tools represents
a promising avenue for enhancing the psychological support
systems available to nursing professionals, potentially improving
health care outcomes and bolstering the resilience of the health
care workforce.
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Abstract

Background: The demand for home health care and nursing visits has steadily increased, requiring significant allocation of
resources for wound care. Many home health agencies operate below capacity due to clinician shortages, meeting only 61% to
70% of demand and frequently declining wound care referrals. Implementing artificial intelligence–powered digital wound care
solutions (DWCSs) offers an opportunity to enhance wound care programs by improving scalability and effectiveness through
better monitoring and risk identification.

Objective: This study assessed clinical and operational outcomes across 14 home health branches that adopted a DWCS,
comparing pre- and postadoption data and outcomes with 27 control branches without the technology.

Methods: This pre-post comparative study analyzed clinical outcomes, including average days to wound healing, and operational
outcomes, such as skilled nursing (SN) visits per episode (VPE) and in-home visit durations, during two 7-month intervals (from
November to May in 2020-2021 and 2021-2022). Data were extracted from 14,278 patients who received wound care across
adoption and control branches. Projected cost savings were also calculated based on reductions in SN visits.

Results: The adoption branches showed a 4.3% reduction in SN VPE and a 2.5% reduction in visit duration, saving approximately
309 staff days. In contrast, control branches experienced a 4.5% increase in SN VPE and a 2.2% rise in visit duration, adding 42
days. Healing times improved significantly in the adoption branches, with a reduction of 4.3 days on average per wound compared
to 1.6 days in control branches (P<.001); pressure injuries, venous ulcers, and surgical wounds showed the most substantial
improvements.

Conclusions: Integrating digital wound management technology enhances clinical outcomes, operational efficiencies, and cost
savings in home health settings. A reduction of 0.3 SN VPE could generate annual savings of up to US $958,201 across the
organization. The adoption branches avoided 1187 additional visits during the study period. If control branches had implemented
the DWCS and achieved similar outcomes, they would have saved 18,546 healing days. These findings emphasize the importance
of incorporating DWCSs into wound care programs to address increasing demands, clinician shortages, and rising health care
costs while maintaining positive clinical outcomes.

(JMIR Nursing 2025;8:e71535)   doi:10.2196/71535
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Introduction

The demand for home health care and nursing visits has surged
due to the persistent rise in the prevalence of comorbidities and
the aging population [1,2]. In the United States, 2% of the
population have complex chronic wounds, further driving the
growing demand for home health care services [3].
Approximately, a third of patients who use home health have
at least one wound [4,5], leading to the allocation of a substantial
portion of the budget and resources in a home health agency
(HHA) for nursing visits being dedicated to wound assessment
and care [5]. Nursing visits in HHAs consume a significant
proportion of health care delivery costs, primarily due to the
time spent by nurses in assessing and managing wounds [6].
Studies have indicated that wound management uses, on
average, about 50% to 70% of the nurses’ resources [7-11], with
over 60% of their time dedicated to changing dressings [12],
resulting in an average of extra 3 visits per week [7].

According to the 2019 report from the Centers for Medicare &
Medicare Services (CMS), 1.6% of the US population received
wound care at a Medicare-certified HHA, totaling 5,266,931
individuals with wounds [13]. This suggests that approximately
15,800,793 patient contacts for dressing changes occur per week,
requiring around 7,900,396 clinician hours per week to be spent
on wound care visits in HHAs [13]. Research supports the notion
that effective wound care management is best achieved through
a collaborative health care team [14]. However, the absence of
a standardized approach to evaluating wounds and the limited
communication platforms for supporting collaboration between
clinicians may lead to unnecessary or prolonged visits and
extended healing times [15].

Research studies have reported that wounds, especially pressure
injuries, pose the highest risk factor for hospitalization,
increasing the length of stay by an average of 4.31 days [16,17].
Thus, with 1 in 3 patients who use home health dealing with
wounds, a focus on providing higher-quality, more efficient
care for patients with wounds has the potential to lead to faster
healing and reduced complications for patients, as well as a
substantial cost savings and improved reimbursement for HHAs
and the health care system.

The increasing number of visits, visit duration, healing time for
wounds, and hospital stays have placed a significant burden on
the already financially stained health care system, compounded
by a shortage of specialized nurses [18]. The majority of HHAs
operate below capacity due to clinician shortage, only meeting
61% to 70% of the demand for wound care, leading many to
reject wound care referrals [19,20]. This crisis is partly due to
inadequate allocation of resources, funding constraints at the
organizational level, and the increasing number of nurses leaving
the practice or retiring [18]. Thus, addressing the substantial
resource demand for managing chronic wounds poses a
significant challenge for these agencies [5].

In light of these challenges, it remains crucial to control costs
while optimizing outcomes within the health care system.
Recognizing the high complexity and resource costs of providing
wound care in home health, the CMS allocated the highest base
reimbursement for the wound clinical grouping under its Patient
Driven Groupings Model value–based payment regime, which
was rolled out nationwide in 2020 [13]. Additionally, to address
the sustainable health care costs associated with unintended
hospital use (such as acute care hospitalizations and emergency
department visits), CMS introduced its Expanded Home Health
Value-Based Purchasing Model in 2023. This program adjusts
an HHA’s annual Medicare reimbursement based on the
achievement of various quality measures, with the most heavily
weighted measure being “unintended hospital use.”

Using a digital wound care solution (DWCS) for patients with
wounds has been linked to faster healing times [21] and more
efficient wound care documentation [22]. DWCSs integrate
artificial intelligence (AI) to monitor wound progress and
identify potential risks [23], and they are interoperable with
organizational systems, allowing efficient and secure data
exchange. The seamless data exchange through AI technologies
[24] is crucial for establishing a cohesive wound care program
that can adopt and scale up digital documentation and objective
AI assessment data. Recognizing these benefits, many health
care settings have transitioned to incorporating digital
technologies to enhance clinician efficiency, capacity, and
confidence, ultimately allowing them to deliver a higher quality
of care to more who require wound care [21,22,25].

In 2021, CenterWell Home Health (CenterWell), an HHA with
355 branches across 40 states in the United States, launched a
comprehensive wound care program to deliver high-quality
care. The program involved providing advanced education and
training for clinicians in wound management and using the
DWCS Swift Skin and Wound (Swift Medical Inc) for quality
wound care evaluations. The training program, known as
Prevention Intervention, Management, and Education (PRIME),
was designed to build the knowledge, skills, and abilities of
clinicians in wound care, establishing a network of skilled
wound care champions in the field. The DWCS is an
evidence-aligned, AI-based technology that captures precise
wound images and accurate measurements and provides
predictive analytics supporting the wound escalation processes
to provide ongoing performance support.

There is a lack of research evaluating the impact of integrating
technology into wound care delivery within a home health
setting. To our knowledge, this study represents the first attempt
to outline the clinical and operational advantages of a wound
care program incorporating digital technology in a home health
environment. The study’s objective was to evaluate the
enhancements in clinical outcomes (such as the average time
required to heal a wound) and operational outcomes (including
the volume of skilled nursing [SN] visits per episode [VPE] and
the duration of in-home SN visits) at 14 CenterWell branches
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(initially scoped for this implementation and study). We
examined the same 7-month period (from November to May)
before (2020) and after (2021) the implementation of the DWCS
as part of the comprehensive wound care model in home health.
Additionally, the study compared the changes in these clinical
and operational benefits with a similar control group of
PRIME-certified home health branches that had not yet adopted
the digital solution.

Methods

Study Design and Data Sources
This benefits-evaluation study used a pre-post comparative
design, using wound care data captured in the Homecare
Homebase (HCHB) health information system. HCHB is an
electronic medical record (EMR) software developed in 1999.
This software is hosted on the cloud and is designed to facilitate
home health care frontline workers’ abilities to monitor their
clinical outcomes and operational activities to enhance the
quality of patient care.

Through the HCHB platform, a home health organization can
extract a wide range of clinical and administrative data. These
include admission and referral data; patient assessment details
such as start date of wound care, 60-day episode start and end
dates, wound types and stages; as well as the date and time of
visits within the 60-day episode. Additionally, it can retrieve
information about the discipline and service code of clinicians
conducting the visits, discharge dates, hospitalization details,
patients’ demographics, comorbidities, and payer types. The
study’s focus was to extract structured data that pertain to the
comprehensive management of patients with wounds. This
involved filtering the data within the study periods to include
records of patients with wounds in the Integumentary Command
Center (ICC).

Ethical Considerations
In this study, for the postadoption data, the DWCS used
industry-standard protocols; for example, using Health Level
7 to wirelessly transfer encrypted wound care information
(wound images and documentation recorded by clinicians at
the participating branches using the solution) bidirectionally
with HCHB in real time to ensure that outcome data could be
monitored and to eliminate double documentation. Wound care
data were then accessed from the EMR for tracking and analysis.
All communications to the servers follow the Advanced
Encryption Standards and comply with the Health Insurance
Portability and Accountability Act.

Institutional review board approval was provided by CenterWell
HealthCare Center for this quality improvement (QI) descriptive
evaluation study. This QI study, which adheres to Tri Council
Policy Statement QI policy, was granted an exemption of ethics
review (ID:2023-0100) from Pearl IRB, LLC, an independent
institutional review board.

Data Abstraction Process and Sample
The anonymous wound care assessment records were collected
from the ICC, an entity focused on the comprehensive
management of patients with wounds, at 14 CenterWell branches

where the DWCS was implemented as part of the comprehensive
wound care model. Additionally, records were obtained from
27 control branches at CenterWell that had not yet adopted the
DWCS into practice. The 27 control branches were carefully
selected to match the criteria of the adoption branches in terms
of size; geographical locations; capacity; volume of referrals;
and the clinicians’ levels of clinical wound care education,
training, skills, and expertise. This rigorous selection process
aimed to ensure an unbiased comparison when assessing the
impact of the DWCS technology on clinical and operational
outcomes.

This study compared the change in clinical outcomes by
analyzing the median days to heal a wound in the pre- and
postadoption periods within the study timeframe for the 14
adoption sites and the 27 control sites. Additionally, operational
outcomes were compared, including the number of SN VPE,
the associated projected cost-savings, and the duration of
in-home SN visits in the same periods for the adoption and
control branches.

The study and analysis included wound assessments of all
patients with any type of wound that met the following criteria:

1. There were wound records (primary and secondary
diagnoses) of any type recorded on admission from both
adoption and control branches at CenterWell that were
referred to and managed at these sites during the 7-month
study period (from November 1, 2020, to May 31, 2021,
and from November 1, 2021, to May 31, 2022).

2. For the postadoption period, wounds had to be assessed
and managed using the Swift Medical Inc solution at the
participating 14 adoption branches in the postadoption
period.

3. The records pertained to adult patients aged 18 years or
older.

Any wounds outside of the study period were excluded from
the analysis. Patients at adoption branches who did not receive
wound care using the technology during the study period were
not included in the analysis in the postadoption period. This
exclusion applied to patients with closed surgical wounds,
external fixators, bruising, cellulitis, and extensive diffuse
dermatological conditions.

From the 14 adoption branches, we collected and included data
from 5239 sixty-day wound episodes involving 3738 unique
patients in 2020-2021 (preadoption period) and 3958 sixty-day
wound episodes involving 2757 unique patients in 2021-2022
(postadoption period). Similarly, for the 27 control branches,
the analysis incorporated data from 5592 sixty-day episodes
involving 3859 unique patients in 2020-2021 (preadoption
period) and 5429 sixty-day episodes involving 3924 unique
patients in 2021-2022 (postadoption period).

The organization’s wound care research team (KJ, DG, and KC)
independently extracted all required wound patient data for the
adoption and control branches based on the wound start data
and medical record number from the HCHB EMR during the
first week of August 2022. Using the same instrument, filters,
steps, and procedures, the eligible wound data were accessed
and then deidentified for sharing with the evaluation team (HTM
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and DM) for analysis. Each patient was assigned a study and
episode ID number, with no linkage between the medical record
number and study ID developed to ensure patient anonymity.

The deidentified data, including essential wound
assessment–related variables such as patients’ characteristics,
episode ID, referral date, branch code, type of wound,
classification and anatomical location of wound, wound care
start date and effective date of care, start and end dates of
episode, wound status, primary diagnosis, visit start date and
time, visit end time, duration of visit, service code and
description, discipline code, and payor type, were shared in a
Microsoft Excel spreadsheet with the evaluation team through
a secure platform.

Statistical Analysis
We analyzed wound data in both the adoption and control groups
during the pre- and postadoption periods. This analysis
encompassed both numeric variables, such as patients’ age, and
categorical variables, including patients’ sex, wound type, payor
type, episode status, and comorbidities. In addition, the study
calculated several data indictors:

• Home visit utilization, assessed based on the average
number of SN visits per 60-day episode: This metric was
determined by dividing the number of SN visits (numerator)
by the total number of episodes cared for (denominator) at
the participating branches during the study period.

• Home visit efficiency, assessed based on average time to
complete an SN visit per 60-day episode: It involved
calculating the mean time to complete an SN visit, measured
in minutes. This calculation was based on the time lapse
between the start and end time of each in-home visit per
60-day episode. This analysis considered visits conducted
by skilled nurses (registered nurse [RN] and licensed
practical nurse [LPN]). These visits included the following
specific service description codes: RN Oasis Admission,
SN high Tech Visit-Lasting 1.5 Hours, SN Infusion
Subsequent Visit, SN PRN Visit as Needed, SN Rapid
Subsequent Visit, and SN Subsequent Visit. As no
out-of-home documentation occurs for routine and SN
visits, the calculated time encompassed all patient care and
documentation activities within a visit. Overall, the findings
were summarized using frequencies, means, and SDs.

• Average days to heal a wound: The analysis of average
days to heal a wound included any type of wound with an
inactive date and considered as “healed,” as determined by
CenterWell. The study collected the first and last date
(inactive date) of the wound and calculated the average
days (mean) to heal based on the number of days between
the start date and the inactive date of healed wounds.
Patients with open wounds who were discharged were not
included if the wound was not known to be healed. This
analysis segmented the data by wound type (ie, pressure
injury, venous ulcer, etc). A Student sample two-tailed t
test was used to examine the difference in the average
number of days to heal a wound across adoption and control
branches between the pre- and postadoption periods. The
significance of the statistical test was accepted atP<.05.

Data analysis was conducted using SPSS software (version 28;
IBM Corp).

The analyses showed that the days to heal for both the adoption
and control groups were normally distributed, as assessed by
Shapiro-Wilk normality test (P>.05). Additionally, there was
homogeneity of variances, as assessed by the Levene test for
equality of variances for both the adoption and control groups
(P=.17 and P=.32, respectively).

Results

Overall Characteristics
The data were collected from 14,278 patients with wounds from
both the adoption and control branches, all of whom were
recorded in the ICC platform and fulfilled the inclusion criteria.
Of these patients, 26.2% (n=3738) were from the adoption
branches in the preadoption period and 19.3% (n=2757) were
from the adoption branches in the postadoption period. The age
of the patients ranged from 23 to 108 years, with approximately
half (n=7351, 51.5%) of the participants being female. The
included wounds encompassed various types, with surgical
wounds and pressure injuries being the most common (Table
1). Overall, there were no statistically significant differences
(P>.05) between the adoption and control groups in the different
time periods, indicating a comparable distribution of wound
types across the groups.
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Table 1. Overall characteristics of wound records at the adoption and control branches in the pre- and postadoption periods.

Control branchersAdoption branchesCharacteristics

Postadoption period
(November 2021 to
May 2022)

Preadoption period
(November 2020 to
May 2021)

Postadoption period
(November 2021 to
May 2022)

Preadoption period
(November 2020 to
May 2021)

3924385927573738Unique patient admission, n

74.6 (11.6)73.6 (13.2)72.3 (13.7)73.1 (13.4)Age (years), mean (SD)

Sex, n (%)a

1879 (47.9)1863 (48.3)1331 (48.3)1854 (49.6)Male

2045 (52.1)1996 (51.7)1426 (51.7)1884 (50.4)Female

5429559239585239Wounds episodes managed at participating
branches, n

Wound type, n (%)b

31(0.6)30 (0.5)23 (0.6)41 (0.8)Arterial ulcer

36 (0.7)37 (0.7)11 (0.3)24 (0.5)Burn

285 (5.2)326 (5.8)120 (3.0)254 (4.8)Diabetic ulcer

1483 (27.3)1535 (27.4)1081 (27.4)1445 (27.6)Pressure injury

379 (7)416 (7.4)230 (5.8)278 (5.3)Skin tear

1435 (26.4)1406 (25.3)1374 (34.7)1739 (33.2)Surgical wound

489 (9)505 (9)306 (7.7)357 (6.8)Traumatic wound

506 (9.3)457 (8.2)444 (11.2)358 (6.8)Venous ulcer

785 (14.5)880 (15.7)369 (9.3)743 (14.2)Othersc

3202 (59)3143 (56.2)2182 (55.1%)2664 (50.8)Episodes associated with comorbidities, n (%)b

2224 (41)2449 (43.8)1776 (44.9)2575 (49.2)Episodes not associated with comorbidities, n

(%)b

225 (4.1)178 (3.2)270 (6.8)396 (7.6)Current episodes, n (%)b

2615 (48.2)2725 (48.7)1780 (45.1)2341 (44.7)Discharged episodes, n (%)b

2589 (47.7)2689 (48.1)1908 (48.3)2502 (47.8)Recertified episodes, n (%)b

aPercentages use the number of unique patient admissions as the denominator.
bPercentages use the number of wound episodes as the denominator.
cOther types of wounds: abrasion, laceration, blisters, seroma, carcinoma, and hematoma.

Reduction in Utilization of SN Home Care Visits
The data show that the adoption branches experienced a decrease
in the average number of SN visits per 60-day episode during
the postadoption period as compared to the preadoption period.
This led to a decline of 4.3% in the average number of SN VPE

from the preadoption period to the postadoption period. On the
other hand, the control branches saw a 4.5% increase in the
average SN VPE. Consequently, the adoption branches showed
an 8.7% improvement in visit utilization compared to the control
branches over the same period, as illustrated in Table 2.

Table 2. Comparison of average skilled nursing visits per episode between the adoption and control branches in the pre- and postadoption periods.

Postadoption period (November 2021 to May 2022)Preadoption period (November 2020 to May 2021)Branches

Skilled nursing visits per episode, nVisits, nSkilled nursing visits per episode, nVisits, n

6.726,825736,433Adoption

6.937,6786.636,969Control

Improved SN Wound Care Visit Efficiency
During the preadoption period, the adoption branches spent an
average of 43.2 (SD 40.27) minutes per episode, amounting to

1,573,171 minutes for completing visits. However, in the
postadoption period, the average time per episode reduced to
42.1 (SD 37.52) minutes, resulting in a total time spent of
1,128,658 minutes by the adoption branches. This decrease led

JMIR Nursing 2025 | vol. 8 | e71535 | p.23https://nursing.jmir.org/2025/1/e71535
(page number not for citation purposes)

Mohammed et alJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


to a 2.5% reduction in the average time required to complete a
visit. In total, the adoption group saved 309 days (equivalent to
444,513 minutes) of staff time spent on SN home visits. On the
other hand, the control branches experienced a 2.2% increase
in the average time to complete the SN visit, from an average

of 40.9 minutes (SD 34.20) to 41.8 minutes (SD 36.37). Overall,
the adoption branches saw a 4.4% improvement compared to
the control group from the preadoption period to the
postadoption period, as depicted in Table 3.

Table 3. Comparison of average time to complete a skilled nursing visit between the adoption and control branches in the pre- and postadoption periods.

Postadoption period (November 2021 to May 2022)Preadoption period (November 2020 to May 2021)Branches

Average time to complete a skilled
nursing visit (min)

Visits, nAverage time to complete a skilled
nursing visit (min)

Visits, n

42.126,82543.236,433Adoption

41.837,67840.936,969Control

Improved Average Days to Heal a Wound
A significant decrease in the average healing time of wounds
was observed at the adoption branches compared to the control
branches (P<.001). On average, the adoption branches saw an
average reduction of 4.3 days per wound (from 19.7 days to
15.4 days), which was greater than the control group’s average
reduction of 1.6 days (from 25.9 days to 24.3 days). This
corresponds to a 2.7-day improvement compared to the control
group, and an overall 15.7% improvement in healing time for
the adoption branches (Table 4). Additionally, significant

differences were noted in the average days saved between the
pre- and postadoption periods for the adoption branches,
particularly the reduction in days to heal for pressure injuries,
venous ulcers, and surgical wounds (P=.01, P<.001, and P<.001,
respectively). In contrast, the average healing time for traumatic
wounds, surgical wounds, and diabetic ulcers were increased
from the preadoption period to the postadoption period for the
control branches. No significant differences were found for any
saved days for different types of wounds between the control
group between the pre- and postadoption periods (all P>.05;
Table 4).

Table 4. Average days to heal a wound between the adoption and control branches in the pre- and postadoption periods.

Control branchesAdoption branchesType of wound

P valuePostadoption period
(November 2021 to May
2022)

Preadoption period
(November 2020 to May
2021)

P valuePostadoption period
(November 2021 to May
2022)

Preadoption period
(November 2020 to May
2021)

Episodes,
n

Days to heal,
mean (SD)

Episodes,
n

Days to heal,
mean (SD)

Episodes,
n

Days to heal,
mean (SD)

Episodes,
n

Days to heal,
mean (SD)

.98220024.3 (19.7)277025.9 (20.4)<.001a185615.4 (15.0)218519.7 (13.9)All wounds

.9826134.2 (18.3)32634.0 (21.1).685516.8 (15.4)10617.9 (12.6)Diabetic ulcer

.8869529.9 (18.6)73530.4 (21.2).0154015.3 (14.3)67918.9 (13.0)Pressure injury

.9211014.2 (14.6)11614.4 (15.2).148014.3 (11.7)7216.8 (11.6)Skin tear

.0134521.3 (16.7)51418.3 (18.0)<.00150815.4 (15.9)60820.8 (15.2)Surgical wound

.1912524.0 (19.8)30522.9 (19.9).0618317.9 (15.6)13620.8 (13.5)Traumatic wound

.8525529.8 (20.5)35731.9 (21.1)<.00131313.4 (15.4)26818.9 (13.3)Venous ulcer

.3227430.5 (19.1)28028.1 (20.9).0617717.6 (15.5)31621.2 (15.7)Others

aP<.05.

Discussion

Principal Findings
To our knowledge, this descriptive, pre-post evaluation study
is the first to investigate the impact of adopting digital wound
management technology in a home health setting as part of a
comprehensive wound care program. Overall, our study recorded
a general improvement in clinical and operational benefits
among the adoption branches in the postadoption period
compared to the preadoption period, surpassing the control
branches over the same time frame. For instance, skilled nurses
in the adoption branches saved 444,513 minutes, equivalent to

309 days, spent conducting in-home wound care visits after
implementing the technology in practice, while the control group
added 42 days to the time spent conducting the visits. This
finding is crucial for addressing the consequences of the growing
shortage of trained nurses in the health care system [26] and the
increasing demand to cope with the continuous rise in wound
prevalence and the aging population [27].

On average, nurses provide patients with three dressing changes
per week [28-30], and according to O’Keeffe [12], this takes
up to 66% of the available nursing time. Also, literature has
shown that up to 35% of this time is spent on documentation
[26,31-34], and 21% is spent on care coordination [26,31]. In
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a previous study, Lindholm et al [35] stated that among a
population of 694 patients with wounds, changing wound
dressings alone consumed time comparable to full-time
employment of about 57 nurses.

The time spent changing a dressing in a typical wound care visit
is not only about the physical act of changing the dressing but
also always involves other activities such as wound assessment,
measurement, and decision-making on the need to change a
dressing and the choice of dressing. This comprehensive
approach can make the process time-consuming for nurses, as
highlighted in studies by Hadcock [36] and Fletcher and Wasek
[37], and could be challenging at times [37]. Moreover, the
advent of electronic health records was intended to streamline
wound care coordination and documentation at home health
organizations [38], but studies by Burton et al [39], Sockolow
et al [40], and Yang et al [38] have shown that electronic health
records may only partially support these processes and can add
to the nurses’ workload.

The time-saving benefits documented in our study aligns with
a previous study that found implementing the Swift Medical
Inc solution in an outpatient clinic could potentially save up to
51.7 days of clinicians’ time per year compared to traditional
wound assessment methods [22]. The observed time saved
during home visits may be attributed to the provision of a
technology to nurses that helps facilitate effective wound
management. The technology allowed for accurate clinical
wound information and precise wound images to be captured,
enabled online documentation during visits, allowed the
electronic exchange of clinical information, and facilitated
remote monitoring with experts. This accessibility to best
practice wound assessment ultimately led to improved care and
cost outcomes.

Further, after implementing the technology, the adoption
branches also experienced a 4.3% reduction in the average
number of SN visits needed to care for a wound per episode.
This reduction in home SN VPE could generate significant cost
savings in the home health care setting. Assuming the average
hourly rates of LPNs and RNs conducting the SN visits in home
health care range from US $26.85 to US $42.85, according to
the US Bureau of Labor Statistics [41], CenterWell could
potentially save US $600,413 to US $958,201 annually across
the organization for every 0.3 reductions in SN VPE, based on
a total of 60,898 episodes cared for at the organization in a year.
Furthermore, compared to the control group, if the adoption
branches had not implemented the Swift Medical Inc solution,
they would have conducted an additional 1187 visits during the
study period.

Evidence suggests that incorporating technology into wound
care management can lead to substantial cost savings by
reducing nurses’ transportation costs and the utilization of
wound care materials with each additional visit [42].
Additionally, Lindholm and Searle [5] demonstrated in a
cost-effectiveness study that saving 260 hours of nurses’ time
per year could result in up to an 80% reduction in management
costs. This, in turn, could lead to a reduction in care delivery
costs and an increase in practice capacity, allowing for better
resource management and reduced workload on clinicians,

which may mitigate costs associated with staff burnout, attrition,
and recruitment [43]. The time saved could be redirected to
managing other patients or engaging in valuable activities [5].
A survey study indicated that clinicians expressed a strong
interest in using any saved time to educate current patients on
dressing change techniques, thus creating an opportunity for
additional time savings that could be allocated to care
coordination [37].

It is important to note that despite conducting fewer visits per
wound episode and saving time during each visit at the adoption
branches, the quality of care provided at these branches
remained consistently high. In fact, there was a significant
improvement in the average days to heal a wound between the
pre- and postadoption periods at the adoption branches. Several
research studies have shown that chronic wounds often have
extended healing times, which can lead to increased consultation
time, treatment supply consumption, dressing changes, and
assessment sessions [44-48]. Moreover, prolonged healing times
can increase the risk of complications and hospitalization,
ultimately adding to the total cost of wound care [44-48]. As a
result, time to heal could be the principal driver in reducing
total wound care costs [45-48]. Our findings revealed a 15.7%
reduction in the average days to heal a wound for the branches
that adopted the technology from the preadoption period to the
postadoption period (P<.001), resulting in a savings of 4.3 days
for the adoption branches and only 1.6 days for the control
branches. It is projected that if the control branches had adopted
the solution and experienced the same improvement as the
adoption branches, they would have saved 18,546 days in
healing patients with wounds over the same period.

The management of wound care involves a variety of practices
including assessment, treatment delivery, utilization of advanced
products, services, and supportive tools to improve skills and
optimize wound care and management [49-51]. The inclusion
of AI technology in wound care can significantly enhance
clinicians’ ability to manage patient care through precision,
efficiency, and interoperability. A study by Chairat et al [24]
demonstrated that AI integration can streamline documentation
and ensure smooth data exchange across health care systems.
Research also has demonstrated that AI algorithms, when
applied to wound images captured by smart devices, can achieve
over 90% accuracy in identifying wound types and dimensions,
streamlining the documentation process and ensuring seamless
data exchange across health care systems [24]. Therefore,
integrating technology as an essential component of the program
is crucial for enhancing wound care, as evidenced by various
studies [44,49-52].

Our research indicates that implementing wound care
management technology enhances patient outcomes and
contributes to cost containment and savings. This aligns with
the estimated US $15.7 trillion expansion of the global economy
by 2030 attributed to the implementation of AI-based
technologies, including assisted intelligence, automation, and
autonomous intelligence [53]. Additionally, staying current with
wound care knowledge and advancements and integrating
technology can significantly improve proficiency in wound care
and assist evidence-informed clinicians in delivering effective
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treatment recommendations, irrespective of wound complexity
or clinician expertise.

Chronic wounds are often tied to comorbid conditions,
increasing the complexity of wound management and placing
more burdens on clinicians and patients [46]. Meanwhile, CMS
expects HHAs to take on more responsibility in caring for these
patients with clinically complex conditions and bridge the
referral gap in this population [13].

Hence, it is essential to modernize health care and implement
wound management technology to bolster evidence-based
practices and enhance clinical management [50], regardless of
the wound complexity or the practitioners’ experience
[50,54-56]. This can be accomplished through the practical
implementation of deep learning for automated tracing of wound
dimensions, accurate measurements [22], automated wound
tissue segmentation [57], and predictive modelling [23], thus
enabling real-time decision-making that ensures timely
patient-centered care.

As evidenced by our study, the branches that adopted the digital
solution demonstrated improvements in managing more complex
wounds with comorbid conditions, showing a 1.5% increase
compared to the control branches. Additionally, these branches
reported a 5% improvement in the rate of healed wounds from
the preadoption period to the postadoption period, contrasting
with the observed 9% decrease in the overall rate of healed
wounds at the control branches. These findings illustrate a
modest improvement in the effectiveness of using advanced
wound management solutions that have a potentially larger
impact if adopted across additional branches within the
enterprise. Therefore, integrating AI-powered wound
management technology into a comprehensive wound care
model enables better wound care delivery and management.

Limitations and Strengths
A major strength of this study is the inclusion of patients who
require wound care managed at 41 different branches at one of
the largest HHAs in the United States. We also included a
control group of 27 PRIME-certified branches, allowing us to
compare operational and clinical changes and marginal benefits
against them for the same periods. However, while the branches
(adoption and control groups) were comparable with regard to
demographics, clinical variables, and wound care education and
training, generalizing the results warrants caution. Other
institutions may not be similar in size, patient demographics,
and operational and clinical workflow, so the results should be
interpreted within this context.

We used the as-treated analysis approach to gain valuable insight
into the impact of implementing the Swift Medical Inc solution
in practice. To ensure the accuracy of our findings, we excluded
patients who had not undergone assessment using the Swift
Medical Inc solution at the adoption sites during the study
period. This approach provided a focused understanding of the
true impact of the technology on the assessed outcomes.

It is important to note that this study was conducted within a
specific time frame of 7 months (from November to May) in
both 2020-2021 and 2021-2022. The COVID-19 pandemic
significantly disrupted priorities and various aspects of the
wound care continuum in 2020, as highlighted by Sen [58]. The
increased infection rates of the respiratory pathogen among
populations with comorbidities prompted heightened attention
to high-risk patients [58] in the preadoption period, and this
may have had an unforeseen impact on our findings, either
positive or negative.

In addition, due to a lack of data, the study did not assess the
sociodemographic variables of patients with wounds, diagnostic
methods, nurses’ travel costs, cost of used wound supplies,
patient costs, or quality of life. Including these variables in
exploring the technology’s cost-effectiveness would provide
valuable insight into the potential savings associated with
technology in wound care. A future comprehensive
cost-effectiveness study that includes all these variables would
be beneficial in informing policy makers and payers about the
tangible economic impact of adopting technology for home
health to reduce care costs and improve patient outcomes.

Nevertheless, this study presented preliminary data on the impact
of adopting a comprehensive wound care management model
with the inclusion of technology. Our findings illustrated that
HHAs could realize cost savings and clinical and operational
improvements by integrating this technology into the wound
care program. Therefore, the results may hold significant value
for health care providers, administrators, policy makers, and
insurance companies.

Conclusion
Incorporating wound management technology into the wound
care paradigm can improve operational efficiencies in home
health settings by reducing the time required to complete
in-home visits and decreasing the volume of SN VPE. These
benefits can lead to significant cost savings. In addition, this
approach also supports more effective clinical care, leading to
faster wound healing, which facilitates the managing of more
wound episodes annually, ultimately increasing revenue.

There is a clear need to establish a standardized comprehensive
approach that incorporates digital tools as part of the wound
care program. Doing so can help address challenges related to
wound care assessment, increasing demands, limited human
health resources, and increased burnout within the health care
setting.

Furthermore, by following Centerwell’s example of enhancing
clinicians’ wound care knowledge and skills with the aid of
wound care management technology, other home health care
organizations can achieve similar results. This includes reducing
the average healing time of wounds by 27% and saving
clinicians approximately 530 days annually that would have
been spent on conducting more in-home wound care visits.
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Abstract

Background: The growing use of social media has created concerns about addiction, and thus, it is necessary to explore how
personality traits and fear of missing out (FOMO) can be utilized to predict social media addiction (SMA).

Objectives: The purpose of this study was to investigate the connection between personality traits, FOMO, and SMA in university
students in Saudi Arabia.

Methods: In this cross-sectional study, data were collected from nursing students using the shortened version of the big five
inventory, fear of missing out scale, and SMA scale from May to September 2024.

Results: The study achieved a response rate of 66.7% (414/620), finally including a total of 411 participants. The majority of
participants (247/411, 60.1%) had low FOMO scores, while SMA scores showed a different pattern, with a larger proportion
(261/411, 63.5%) of participants scoring in the moderate range. In terms of gender differences, male participants exhibited higher
levels of FOMO (t=3.86, P<.001) and SMA (t=2.51, P=.013) compared to female participants. Additionally, male participants
scored higher in neuroticism (t=3.30, P=.001) and openness (t=1.98, P=.048). Regression analysis revealed that both
conscientiousness (β=.357, P<.01) and FOMO (β=.213, P<.01) positively predicted SMA, while neuroticism (β=−.223, P<.01)
and being female (β=-.098, P<.05) were associated with lower levels of addiction. The resulting model accounted for 35.8% of
the variance.

Conclusions: The study provides evidence that conscientiousness and FOMO are positive predictors of SMA, while neuroticism
is negatively correlated with it. Moreover, male participants exhibited higher levels of both FOMO and SMA in comparison to
female participants. These findings emphasize the impact of personality traits and FOMO on SMA among university students.

(JMIR Nursing 2025;8:e71502)   doi:10.2196/71502

KEYWORDS

social media; personality; fear, neuroticism; conscientiousness; students; nursing

Introduction

The proliferation of social media has revolutionized the way
people connect and consume information. Yet, alongside the
advantages of social media, several issues have been raised
concerning its potential negative effects on a person’s well-being
[1]. Social media addiction (SMA), also described as
problematic social media use, is exemplified by extreme and
compulsive usage of social media that negatively impacts an
individual’s life. Like other forms of behavioral addictions,
SMA enmeshes a loss of control over one’s usage, social media
activities preoccupation, and continued engagement despite
adverse outcomes. Numerous studies have investigated the
determinants and outcomes of SMA [2-5]. Factors such as
personality traits, social influences, and fulfillment of
psychological needs have been implicated in the development
and maintenance of SMA [2,3]. Moreover, SMA has been
associated with a range of negative outcomes, including

impaired academic performance, diminished real-life social
relationships, and increased risk of mental health problems such
as depression and anxiety [4,5].

Fear of missing out (FOMO) refers to the apprehension or
anxiety individuals experience when they believe that others
are engaging in enjoyable activities or experiences from which
they are excluded [6,7]. Research indicates that people with
elevated FOMO have a high probability of engaging in excessive
social media use, experience higher levels of stress and anxiety,
and report lower levels of life satisfaction and well-being [7,8].
Additionally, FOMO has been linked to problematic behaviors
such as compulsive smartphone checking, which can further
exacerbate feelings of anxiety and dissatisfaction [9].

Personality traits have a considerable role in individuals’
susceptibility to FOMO and SMA. Research has identified
several personality traits that may contribute to these phenomena
[7]. For example, individuals high in neuroticism, considered

JMIR Nursing 2025 | vol. 8 | e71502 | p.31https://nursing.jmir.org/2025/1/e71502
(page number not for citation purposes)

Alshowkan & ShdaifatJMIR NURSING

XSL•FO
RenderX

http://dx.doi.org/10.2196/71502
http://www.w3.org/Style/XSL
http://www.renderx.com/


by tendencies toward anxiety and other negative emotions, may
be more prone to experiencing FOMO and engaging in excessive
social media use as a means of stress-coping strategy [7,9].
Similarly, individuals with high levels of extraversion may also
be at increased risk of developing problematic patterns of social
media use, as they may seek social validation and affirmation
through online interactions [3]. The interplay between FOMO,
SMA, and personality traits is complex and multifaceted.
Personality traits may influence individuals’ susceptibility to
FOMO and SMA, while these phenomena, in turn, may
exacerbate underlying personality vulnerabilities. For instance,
people high in neuroticism may be particularly susceptible to
developing SMA as a means of alleviating feelings of anxiety
and insecurity correlated with FOMO [9]. Few studies focus on
personality types and their relation to FOMO [7,10]. Research
suggests that neuroticism is positively correlated with FOMO,
as people with higher levels of neuroticism have a high
probability of experiencing fear, insecurity, and anxiety related
to missing out on rewarding experiences [7]. While extraversion
is typically associated with sociability and outgoing behavior,
it can also be linked to FOMO, particularly in the context of
social comparison and the desire for social validation.
Extraverted individuals may be more likely to engage in social
media use in order to stay connected with others and seek
external validation, leading to higher levels of FOMO [10].

Openness to experience reflects individuals’ receptivity to new
ideas, experiences, and perspectives. While research on the
relationship between openness and FOMO is limited, some
studies suggest that individuals high in openness may be more
motivated to seek out novel experiences and social interactions,
potentially increasing their susceptibility to FOMO [11].
Conscientiousness is characterized by self-discipline,
organization, and goal-directed behavior. Although less studied
than other personality traits, conscientiousness may play a role
in individuals’ susceptibility to FOMO, particularly concerning
academic and professional goals. High levels of
conscientiousness may lead individuals to prioritize staying
informed and connected with others, contributing to higher
levels of FOMO [10]. Furthermore, research suggests that
individuals may use social media as a means of seeking
validation and approval from others, leading to heightened
feelings of anxiety and insecurity related to missing out on social
experiences [11].

The negative consequences of SMA and FOMO on the mental
and physical health of university students were reported; studies
have shown that the extreme use of social media is linked with
symptoms of depression and poor physical activity, exacerbating
mental illness [12]. Moreover, SMA has been associated with
body image problems, because students compare themselves to
unrealistic standards, which results in body dissatisfaction, and
therefore, irrational attitudes [13,14]. SMA additionally warps
weight perception, which is concerning for the reason that it
affects students’ lifestyle [15]. Furthermore, continuous
exposure to social media may impact health behaviors, for
instance, eating habits, which can lead to negative health effects
[16]. Thus, the interaction of SMA and FOMO among university
students may destroy physical and psychological well-being.

Therefore, it is significant to explore SMA, FOMO, and
personality traits among university students, as social media
usage is progressively becoming more widespread and might
negatively affect mental health, academic performance, and
well-being. University students, as they are under the stress of
academic and social comparison, are more vulnerable to social
media impacts. Understanding how personality influences social
media use can help identify students at risk of addiction and the
ensuing mental challenges. It is vital to conduct this research
to recommend interventions that promote healthier digital habits
and improve students’ overall well-being. Moreover, among
nursing students in Saudi Arabia, little is known about the
FOMO and SMA. Thus, this study aims to explore nursing
students’ personality traits and their relation to the FOMO and
SMA in the era of rapid technology.

Methods

Site, Setting, and Design
A cross-sectional study was conducted at the College of Nursing,
Imam Abdulrahman Bin Faisal University, located in the Eastern
Province of Saudi Arabia, from May to September 2024.

Sampling
The target population for this study comprised students enrolled
in the College of Nursing. The inclusion criteria consisted of
nursing students from the first to the fifth year. Students who
had postponed their courses or withdrawn from the nursing
college were excluded. A convenience sampling method was
employed due to practical constraints, including limited access
to a comprehensive student list and time restrictions. Given that
the study aimed to explore associations rather than generalize
findings to the entire population, nonprobability sampling was
deemed appropriate. While probabilistic sampling enhances
generalizability, its implementation was not feasible within the
context of this research. The sample size was calculated based
on the Raosoft calculator [17], based on the total population of
1129 people, 95% confidence level, and 5% margin. The sample
of 287 nursing students was considered representative. Although
the calculated sample size was 287, a total of 411 students
responded to the survey, and all responses were valid.

Students were contacted via their university email by the
registration office. A research pack was sent, which included
an information sheet with detailed study information, along
with a web-link and barcode to access the study questionnaires.
A follow-up email was sent 2 weeks later to remind students to
complete the questionnaires. The questionnaires took
approximately 30‐45 minutes to complete.

Study Tools

Fear of Missing Out
The FOMO scale [7] is a self-report instrument designed to
measure individuals’ tendencies to experience FOMO on
rewarding experiences. The questionnaire consists of 10 items,
each assessing different aspects of FOMO. Respondents rate
their agreement with each item on a scale, typically ranging
from 1 (strongly disagree) to 7 (strongly agree). Example items
include “I fear others have more rewarding experiences than
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me” and “I fear my friends have more rewarding experiences
than me.” The Cronbach α coefficient for the FOMO scale has
been reported to be around .85, indicating high internal
consistency among its items. The scale validity and reliability
were measured and confirmed to be appropriate for use in Arabic
culture [18]. For this study, the Cronbach α coefficient for the
FOMO construct was calculated to be 0.757, while the
McDonald ω coefficient was determined to be 0.744.

Personality Traits
The big five personality traits were assessed using a shortened
version of the big five inventory, consisting of 44 Likert-scale
items. Participants rated their agreement on a scale from 1
(strongly disagree) to 5 (strongly agree). This inventory
encompasses five subscales: conscientiousness, extraversion,
agreeableness, openness, and neuroticism [19]. Example items
include “I see myself as someone who is talkative,” “I see
myself as someone who tends to find fault with others,” and “I
see myself as someone who does a thorough job.” Validity and
reliability assessments for the Arabic version were conducted,
revealing Cronbach α coefficients ranging from 0.84 to 0.68
across the subscales [20]. The Cronbach α for the totality of
personality traits was calculated to be 0.704, while the
McDonald ω was determined to be 0.653.

In addition, the students’ sociodemographic data were collected
using a form developed by the researchers, which included
information such as age, gender, and marital status.

SMA
The social media addiction scale [18] was employed to assess
social media usage. This scale, derived from the internet
addiction test [21], comprised 14 items tailored to gauge SMA
specifically. Respondents rated these items on a 5-point Likert
scale, ranging from strongly agree to strongly disagree, with
corresponding scores of 5 to 1. Example items include “I often
find myself using social media longer than intended” and “I
often find life to be boring without social media.” The validity
and reliability of the social media addiction scale were examined
and proven appropriate for use in Arabic culture [18]. The
Cronbach α coefficient for the SMA was 0.837, while the
McDonald ω coefficient was 0.841.

Ethical Considerations
The study received ethical approval from the Institutional
Review Board (IRB) at Imam Abdulrahman Bin Faisal
University, under approval number IRB-2024–04-475. The IRB
endorsed the study procedures and surveys prior to the initiation
of participant recruitment. The participants consisted of nursing
students from the College of Nursing at Imam Abdulrahman
Bin Faisal University. Prior to participation, students were
provided with a comprehensive information sheet that outlined
the voluntary nature of the study, as well as their right to

withdraw at any time without compromising their academic
standing or rights. Participants received a detailed explanation
of the study, including its associated risks and benefits. They
were assured that their confidentiality and privacy would be
upheld in accordance with the study’s established guidelines.
The information sheet also delineated the research objectives,
significance, and potential benefits of the study. Informed
consent was obtained from all study participants.

Data Analysis
Data were collected and analyzed utilizing SPSS (version 22;
IBM Corp) and Microsoft Excel. Categorical variables were
assessed through frequencies and percentages, whereas
continuous variables were described using means and standard
deviations. The reliability of the scales was evaluated using
Cronbach α coefficients. Differences between groups and
relationships among variables were analyzed employing t tests.
Correlation analysis was conducted to examine relationships
between various variables. To predict SMA scores, a multiple
stepwise regression analysis was conducted, incorporating
demographic variables and personality traits, specifically
extraversion, agreeableness, conscientiousness, and neuroticism,
alongside the FOMO. A P value of less than .05 was deemed
statistically significant.

Data cleaning and screening were performed utilizing SPSS
and Microsoft Excel. The response rate yielded a 66.7% rate of
participation, with a total of 414 individuals involved in the
study. One participant was eliminated due to zero variance,
indicating a lack of engagement, while 2 participants were
excluded as outliers based on Mahalanobis distance [22]. The
individual personality trait α values were as follows: 0.640 for
extraversion, 0.646 for agreeableness, 0.735 for
conscientiousness, 0.819 for neuroticism, and 0.614 for
openness. Reverse coding was applied where necessary. Both
FOMO and SMA scales were categorized into three levels based
on the calculated interval of (5 - 1)/3=1.33 [23]. The ranges
were delineated as follows: a low score was defined as falling
between 1 and 2.33, a moderate score was classified as ranging
from 2.34 to 3.67, and a high score was indicated as any value
exceeding 3.67.

Results

Table 1 presents the demographic characteristics of the 411
study participants. A significant majority of the participants
were female participants (302/411, 73.5%), with a predominant
proportion identifying as single (395/411, 96.1%). The age
distribution was relatively balanced, with 201/411 (48.9%)
participants under the age of 20 years and 210/411 (51.1%) aged
20 or older. Regarding academic standing, 194/411 (47.2%)
were first-year students, while 217/411 (52.8%) were enrolled
in other academic years
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Table . Characteristics of participants (N=411).

n (%)Variable

Gender

109 (26.5)    Male

302 (73.5)    Female

Marital status

395 (96.1)    Single

16 (3.9)    Married

Age (years)

201 (48.9)    <20

210 (51.1)    ≥20

Education level

194 (47.2)    1st year

217 (52.8)    Other years

Table 2 presents the distribution of FOMO and SMA scores
among participants. The findings indicate that a majority of
participants (247/411, 60.1%) exhibited low FOMO scores,
while 155/411 (37.7%) fell within the moderate range, and only
9/411 (2.2%) attained high scores. This distribution reflects an
overall lower prevalence of FOMO. In contrast, the analysis of
SMA scores reveals that 124/411 (30.2%) of participants scored
low, 261/411 (63.5%) were categorized within the moderate

range, and 26/411 (6.3%) achieved high scores. These results
suggest that, although most participants displayed low to
moderate levels of FOMO, a notable prevalence of SMA was
observed, with a significant proportion reporting moderate to
high levels of addiction. Additionally, participants exhibited
moderate levels of extraversion, neuroticism, conscientiousness,
and openness, while agreeableness recorded the lowest scores.

Table . Distribution of FOMO,a SMA,b and personality traits scores by frequency and percentage.

ValueVariable

FOMO, n (%)

247 (60.1)    Low (≤2.33)

155 (37.7)    Moderate (2.34‐3.67)

9 (2.2)    High (≥3.68)

SMA, n (%)

124 (30.2)    Low (≤2.33)

261 (63.5)    Moderate (2.34‐3.67)

26 (6.3)    High (≥3.68)

Personality traits, mean (SD)

3.1 (0.5)    Extraversion

2.0 (0.5)    Agreeableness

2.8 (0.6)    Conscientiousness

3.1 (0.8)    Neuroticism

2.6 (0.5)    Openness

aFOMO: fear of missing out.
bSMA: social media addiction.

The analysis demonstrates substantial gender disparities in both
FOMO and SMA. Male participants exhibited elevated levels
of FOMO (mean 2.43, SD 0.61) in comparison to female
participants (mean 2.16, SD 0.63), with a t statistic of 3.86
(P<.001). Likewise, males reported higher levels of SMA (mean

2.82, SD 0.62) than their female counterparts (mean 2.64, SD
0.65), with a t value of 2.51 (P=.013). Nevertheless, the analysis
did not identify any significant differences in FOMO or SMA
as a function of age or educational attainment (Table 3).
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Table . Group differences in fear of missing out and social media addiction by demographic variables.

SMAFOMOVariables

P valuet test (df)aMean (SD)P valuet test (df)aMean (SD)

.0132.51 (409)<.0013.86 (409)Gender

2.82 (0.62)2.43 (0.61)    Male

2.64 (0.65)2.16 (0.63)    Female

.193−1.30 (409).128−1.53 (409)Age (years)

2.64 (0.63)2.18 (0.63)    <20

2.73 (0.65)2.28 (0.64)    ≥20

.810−0.24 (409).351−0.93 (409)Education level

2.68 (0.63)2.20 (0.62)    1st year

2.69 (0.66)2.26 (0.65)    Other years

aTwo-tailed

Table 4 delineates notable gender differences in specific
personality traits. Male participants exhibited significantly
higher scores than female participants in both neuroticism and
openness. These findings indicate that gender may influence

the development of certain personality dimensions among
nursing students. Additionally, no significant differences were
detected across age groups or educational levels with regard to
any of the assessed personality traits.

Table . Group differences in personality traits by gender, marital status, age, and education level.

Education levelAge (years)GenderVariables or categories

Other years1st year≥20<20FemaleMale

3.09 (0.47)3.05 (0.47)3.08 (0.47)3.06 (0.47)3.06 (0.47)3.12 (0.46)Mean (SD)Extraversion

−0.84 (409)−0.45 (409)1.23 (409)t test (df)a

.401.656.22P value

1.99 (0.45)2.01 (0.49)1.97 (0.44)2.02 (0.49)1.98 (0.47)2.04 (0.47)Mean (SD)Agreeableness

0.39 (409)1.13 (409)1.06 (409)t test (df)a

.696.26.29P value

2.72 (0.53)2.79 (0.57)2.73 (0.54)2.77 (0.56)2.73 (0.57)2.8 (0.47)Mean (SD)Conscientious-
ness

1.22 (409)0.85 (409)1.2 (409)t test (df)

.224.397.232P value

3.11 (0.73)2.98 (0.76)3.11 (0.75)2.99 (0.74)2.98 (0.76)3.25 (0.68)Mean (SD)Neuroticism

−1.66 (409)−1.57 (409)3.3 (409)t test (df)

.098.111.001P value

2.6 (0.50)2.58 (0.51)2.58 (0.51)2.59 (0.50)2.56 (0.51)2.67 (0.48)Mean (SD)Openness

−0.39 (409)0.12 (409)1.98 (409)t test (df)

.696.908.048P value

aTwo tailed

Table 5 revealed the correlations among FOMO, SMA, and
various personality traits. FOMO exhibited a positive correlation
with conscientiousness, agreeableness, and SMA, suggesting
that individuals displaying elevated levels of FOMO tend to be
more conscientious, agreeable, and report increased social media
usage. Conversely, FOMO demonstrated a negative correlation
with neuroticism. SMA displayed positive correlations with

conscientiousness, agreeableness, openness, and extraversion,
indicating that these personality traits are associated with
heightened levels of SMA. In contrast, neuroticism was
negatively correlated with SMA, suggesting that individuals
with higher levels of neuroticism reported diminished addiction
to social media.
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Table . Correlation analysis between fear of missing out, social media addiction, and personality traits.

SMAOpennessNeuroticismConscientious-
ness

AgreeablenessExtraversionStatistical testVariables

0.3780.077−0.2370.2610.137−0.076raFOMO

<.001.117<.001<.001.005.122P value

10.160−0.3890.5000.3080.116rSMA

–b<.001<.001<.001<.001.018P value

ar: Pearson Correlation
bnot applicable

Table 6 demonstrates that the regression model significantly
predicts SMA, accounting for 35.8% of its variance (R²=0.358,
P<.001). Conscientiousness and FOMO emerged as robust
positive predictors, whereas neuroticism and female gender

were correlated with lower levels of addiction. Notably,
conscientiousness exhibited the most substantial effect among
all predictors.

Table . Multiple stepwise regression analysisa of predictors of social media addiction.

95% CI for BP valuet test (df)bβSE BBPredictor

1.248 to 2.227<.0016.977 (4, 406)—0.2491.738Constant

0.320 to 0.522<.0018.176 (4, 406).3570.0510.421Conscientiousness

0.131 to 0.302<.0014.996 (4, 406).2130.0430.217Fear of missing out

−0.268 to −0.117<.001−5.022 (4, 406)−.2230.038−0.193Neuroticism

−0.262 to −0.023.019−2.349 (4, 406)−.0980.061−0.143Gender (female)

amodel summary: R²=0.358, Adjusted R²=0.352, F (4, 410)=56.622, P<.001
bTwo tailed

Discussion

Principal Findings and Comparison With Previous
Works
The purpose of this study was to investigate the connection
between personality traits, FOMO, and SMA in university
students, with a specific focus on identifying the main predictors
of SMA. The majority of participants had low FOMO scores,
whereas SMA scores followed a different pattern, with a larger
proportion of participants scoring in the moderate range. In
terms of gender differences, male participants exhibited higher
levels of both FOMO and SMA compared to female participants.
Additionally, male participants scored higher in neuroticism
and openness. Regression analysis revealed that both
conscientiousness and FOMO positively predicted SMA, while
neuroticism and being female were associated with lower levels
of addiction.

The results of this study reveal considerable divergence between
nursing students’ SMA and FOMO scores. Although most
nursing students had low FOMO scores, implying that they do
not excessively worry about missing out on things online, more
participants had moderate SMA scores. This mirrors findings
in other countries. For instance, Turkish nursing students
reported moderate degrees of SMA, with lower degrees of
FOMO [24]. Another Turkish study did not find a significant
correlation between the use of smartphones, FOMO, and care
behavior, which implies that FOMO may not always be highly
associated with SMA among nursing students [25]. In contrast,

in China [26] and in Egypt [27], FOMO was significantly linked
to increased SMA, especially among university students,
opposite to the present findings. The study’s results can be
explained by Saudi cultural norms prioritizing close family and
face-to-face interactions, which reduce the emotional impact of
FOMO [28]. However, students still engage in social media due
to habits, stress relief, and peer pressure, leading to moderate
addiction scores [29]. Social media usage is part of life in Saudi
Arabia, and though students may not experience extreme
FOMO, they may still be affected by the flow of information
and social interaction that sites provide. Therefore, future studies
are highly recommended to explore the link between FOMO
and SMA among nursing students in different cultures.

Additionally, the study reveals gender differences, with male
participants exhibiting higher levels of both FOMO and SMA
compared to female participants. A previous study has also
confirmed a positive correlation between FOMO and SMA. For
example, Brailovskaia et al [30] found that, among 745 social
media users in Germany, male participants exhibited higher
FOMO and addiction, attributing this to their greater need for
social validation. However, Kargın et al [28] found no
significant gender differences in FOMO and internet addiction
among Turkish nursing students, while Li et al [31] reported
similar FOMO levels in both sexes in China among university
students. These differences could be attributed to cultural and
contextual factors, as in Saudi Arabia, where men may
experience more pressure to maintain a social image, potentially
explaining their higher FOMO and addiction scores compared
to women.
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Furthermore, the study’s findings indicate that male participants
scored higher in neuroticism and openness. Neuroticism is
exemplified by emotional instability and heightened sensitivity
to stress and, therefore, anxiety. Young male participants, in
particular, may have stronger emotional responses to social
media use. These emotional responses may lead them to seek
validation or manage negative emotions through social media,
which can lead to addiction. The positive relationship between
neuroticism and SMA was reported [32,33]. A study by Tekin
and Turhan [32] found that individuals with high neuroticism
are more likely to experience negative emotions on social media,
contributing to compulsive use driven by envy and jealousy.
Their tendency to overanalyze and engage in social comparison
further increases the desire for social media use, raising the risk
of addiction. Additionally, male participants with high openness
are more inclined to explore new experiences and engage with
dynamic content on social media, driven by curiosity and a
desire for trends and self-expression [3]. This ongoing
engagement can contribute to addiction-like behavior. Therefore,
further research about gender and personality traits is
encouraged.

Regression analysis revealed that both conscientiousness and
FOMO positively predicted SMA, while neuroticism and being
female were associated with lower levels of addiction. This
finding is inconsistent with a meta-analysis study by Rajesh
and Bangaiah [34], which found a negative relation between
conscientiousness and Facebook addiction. Furthermore, among
university students in Mexico, while SMA is positively
associated with neuroticism, it is negatively associated with
conscientiousness [35]. Additionally, conscientiousness,
openness to experience, and agreeableness were identified as
negative predictors of Facebook addiction among Turkish
university students [36]. Moreover, a meta-analysis found that
neuroticism was positively associated with internet addiction,
while openness, agreeableness, extraversion, and
conscientiousness were negatively associated [37]. However,
in the United States, among 337 college students, none of the
personality traits were found to have a relationship with
addiction on Facebook, Instagram, and Snapchat [38]. The
current study result can be explained by that conscientious
nursing students would use social media to stay organized or
updated and thus use it more regularly, while FOMO makes
people stay connected and not miss social life, thus increasing
addiction vulnerability. Nevertheless, neurotic nursing students
would experience negative feelings through the use of social
media, and hence reduce their use and weaken their addiction.
The lower addiction rates among female participants could
reflect more balanced and responsible use, potentially due to
different usage patterns or social norms.

Based on the results of this study, there is a vital implication
for nursing practice that needs to be considered. Students should
be directed to various social, artistic, and sporting activities that
aim to support the use of the internet for the benefit of students,
provide effective training in social communication and internet
awareness, and reduce excessive time spent in social media
environments. Psychiatric nurses working in units where primary
health care services are provided are known to have an important
role in combating addiction, and are also in a key position in
the training that will be provided to students in this area. More
research should be conducted to identify factors associated with
the severity of FOMO.

Likewise, nursing practitioners and educators should be aware
of the degree to which social media use is driven by personality
traits and how such use impacts mental health. Low
conscientiousness or high neuroticism may predispose students
to increase SMA as they seek incentives or prevent adverse
effects. Being aware of these tendencies may allow nursing
educators to provide better care for vulnerable students.
Interventions may include integrating digital well-being into
nursing education, teaching students how to balance social
media use, and promoting healthy coping strategies for
managing FOMO. By addressing these issues, nursing schools
can not only improve the overall well-being of their students
but also equip future healthcare professionals with the skills
they need to manage their mental well-being and be an example
to patients they will interact with.

Limitations
Several limitations should be acknowledged. First, the data were
collected using self-reported questions, which may introduce
bias. Second, the responses are subject to recall bias.
Additionally, the study measured SMA at a specific point in
time, without considering other temporal factors that might
influence social media use. Furthermore, the use of a
convenience sampling technique may limit the diversity of the
sample. Finally, data were gathered only from a nursing college
at one university, which may limit the generalizability of the
findings.

Conclusion
This study aimed to explore the relationship between personality
traits, FOMO, and SMA among Saudi nursing university
students. The results indicate that conscientiousness and FOMO
are positive predictors of SMA, while neuroticism is negatively
associated. Furthermore, male participants tend to have higher
levels of both FOMO and SMA than female participants. These
findings highlight the influence of personality traits and FOMO
on SMA in university students. Thus, strategies that help nursing
students in getting the optimum benefits from social media need
to be examined and implemented.
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Abstract

Background: Professionals in caring disciplines have been pivotal in advancing virtual care, which leverages remote technologies
to deliver effective support and services from a distance. Educators in these caring professions are required to teach students the
skills and competencies needed to provide high-quality and effective care. As virtual care becomes more integral, educators must
equip students in these fields with both interpersonal and technological skills, bridging traditional hands-on learning with digital
literacy. However, there is a gap in evidence exploring educators’ perceptions and experiences of teaching caring profession
students about virtual caring skills within online environments.

Objective: This study aims to better understand caring profession educators’ online teaching experiences to foster student
development of virtual caring skills and competencies.

Methods: We used a sequential explanatory mixed methods approach that integrated a cross-sectional survey and individual
interviews with educators from caring professions to better understand caring professional educators’online teaching experiences
to foster student development of virtual caring skills and competencies. The survey’s primary objectives were to examine the
various elements of existing e-learning opportunities, delve into educators’ perspectives and encounters with these opportunities,
and identify the factors that either facilitated or hindered online teaching practices to support students in developing virtual caring
skills and competencies. The individual interview guides were based on survey findings and a systematic review of the evidence
to gain deeper insights into educators’ experiences and perspectives.

Results: A total of 82 survey participants and 8 interview participants were drawn from educators in the fields of education,
medicine, nursing, and social work. Various instructional methods were used to help students develop virtual caring skills,
including reflections on learning, online modules, online discussion boards, demonstrations of remote care, and consultation with
clients. There was a statistically significant difference between educators’ level of experience teaching online and their satisfaction
with online teaching and learning technologies (P<.001) and between educators’ faculties (departments) and their satisfaction
with online teaching and learning technologies (P=.001). Participants identified barriers (time constraints, underdeveloped
curriculum, decreased student engagement, and limited access to virtual caring equipment and technology), facilitators (clearly
defined learning objectives, technology software and support, teaching support, stakeholder engagement, and flexibility), and
principles of teaching virtual caring skills in online environments (connection, interaction, compassion, empathy, care, and
vulnerability).

Conclusions: Our study identifies the barriers, facilitators, and principles in teaching virtual caring skills, offering practical
strategies for educators in caring professions. This study contributes to the growing body of educational research on virtual caring
skills by offering educator insights and suggestions for improved teaching and learning strategies in caring professions’programs.
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As educational practices evolve, future research should explore how traditionally in-person educators can effectively teach virtual
caring skills across diverse contexts.

(JMIR Nursing 2025;8:e64548)   doi:10.2196/64548

KEYWORDS

health care education; virtual care; telehealth; online teaching; mixed methods study; student; teaching; virtual caring skills;
cross-sectional survey; interview

Introduction

Background
Professionals in caring fields, including educators, physicians,
nurses, and social workers, have played a crucial role in the
ongoing development of virtual care where remote information
technologies are used to ensure quality and effective care. The
shift to virtual care has paved the way for innovative approaches
to delivering care services, such as online teaching; remote
health care and social services; and remote assistance for
individuals, families, and communities to improve their social
functioning, all from a distance. These virtual interactions
demand digital literacy skills and comfort with technology,
skills that traditionally may not have been intentionally
integrated into formal education.

As virtual caring practices become integral to care provision,
it is imperative that educators support caring profession students
in acquiring the interpersonal and technological competencies
necessary for providing virtual care. Traditionally, educators in
caring professions relied on face-to-face lectures and
seminar-style instruction with work-integrated learning
placements, where students gained hands-on skills and
collaborated with experienced educators and practicing health
professionals in settings such as K-12 classrooms, hospitals,
and counseling centers [1,2].

The shift to virtual teaching and care settings has challenged
caring profession educators to incorporate alternative strategies
for providing essential educational experiences to students [3-5]
and placed added responsibilities on caring professionals to
implement virtual care effectively in practice [2,3]. While the
literature has long emphasized the need to support educators in
meeting students’ requirements [6,7], this need has become
even more critical with the increasing prevalence of virtual care
environments [8,9].

Higher education institutions have an opportunity to re-evaluate
their approach to delivering online education in caring
professions and identify the essential technological competencies
necessary for success in today’s virtual world. Given the
significant transformation in education and care delivery, it is
imperative that caring professionals possess the requisite skills
and competencies to adapt and thrive in these new virtual
environments. However, many caring profession educators face
challenges when creating effective online learning experiences
to prepare students for new virtual work environments, including
limited bandwidth, the lack of technological devices,
unfamiliarity with technological platforms, a lack of connection
with students, and a lack of student engagement [10-13].
Learning new technologies can be cumbersome and frustrating

[14], and technical issues can disrupt interactions that typically
occur face-to-face [15-19]. These challenges underscore the
necessity for a structured, evidence-based approach to
developing and implementing educational technologies in online
teaching and learning contexts to support virtual caring skill
development [10,20-22].

The authors recently completed a systematic review from which
they identified innovative online education initiatives that
harnessed learning technologies for the education of caring
professionals and demonstrated a growing emphasis on assisting
students in cultivating effective virtual caring practices suitable
for today’s virtual environments [23]. The systematic review
[23] highlighted a pressing need for greater emphasis on
assessing and training educators to immerse students in digital
technologies, thus fostering the development of both
interpersonal and digital skills essential for delivering virtual
care. More research is needed regarding educators’ experiences
and perceptions of teaching virtual caring skills.

This Study
Adding to the limited body of literature would potentially
enhance the understanding of best practices in online instruction
to promote the development of virtual caring skills. Therefore,
we conducted this study to answer the following research
questions: (1) How do caring professions’ educators describe
the online instructional methods used that support student
development of virtual caring skills and competencies? (2) What
are caring professions’ educators’ experiences and perceptions
of online learning opportunities for helping students develop
virtual caring skills and competencies? and (3) What are the
facilitators and barriers to creating and engaging in online
teaching that supports students’ development of virtual caring
skills and competencies?

Methods

Design
We adopted a sequential explanatory mixed methods study
design [24] to gather, analyze, and integrate quantitative and
qualitative data. We used a cross-sectional survey and conducted
individual interviews to gain insights into the online teaching
experiences of educators in caring professions in supporting
students to develop virtual caring skills and competencies. The
integration of the 2 research phases became apparent when the
design of the interview guide was informed by the survey
findings, enabling us to delve deeper into the results obtained
from the survey. Furthermore, integration occurred as we used
the qualitative findings to better understand the quantitative
findings, ultimately forming interpretations from the integrated
findings.
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Sample and Participants
Voluntary participation was sought from educators in caring
professions, including education, medicine, nursing, and social
work (including those cross appointed to arts and veterinary
medicine) across a midsized research-intensive institution in
western Canada. Any self-reported educators from the
abovementioned faculties were included in the study. No
completed surveys or interviews were excluded.

Data Collection
We crafted a survey using established methods as outlined by
Rattray and Jones [25]. The survey’s primary objectives were
to examine the various elements of existing e-learning
opportunities, delve into educators’perspectives and encounters
with these opportunities, and identify the factors that either
facilitated or hindered online teaching practices to support
students in developing virtual caring skills and competencies.
The survey encompassed a combination of Likert scale,
closed-ended, and open-ended questions, covering
demographics, experiences, instructional methods, satisfaction
levels, technology use, effectiveness, and readiness. To ensure
the survey’s validity, both in terms of face and content, we
conducted a pilot study with a sample of 10 educators who did
not participate in the study. Their suggested edits were
incorporated into the survey before its dissemination.

To distribute the survey securely, we used an online platform,
Qualtrics (Qualtrics International Inc). Our recruitment efforts
spanned various channels such as email, Twitter (subsequently
rebranded as X), Instagram (Meta Platforms), and Facebook
(Meta Platforms), mirroring the methods used in prior studies
[26,27]. Completion of the survey was considered as an
indication of informed consent. In addition, we invited all survey
participants to share their email addresses if they were interested
in participating in a follow-up interview.

To gain deeper insights into educators’ experiences and
perspectives, we developed a semistructured interview guide
based on the findings from a systematic review [23] and the
responses received in the survey. We reached out to all survey
participants who provided their email addresses and conducted
interviews lasting between 30 and 60 minutes via the Zoom
(Zoom Communications) platform. Before each interview, we
confirmed oral consent, and the sessions were audio-recorded
and transcribed verbatim.

Data Analysis
The closed-ended survey responses were obtained from Qualtrics
and subsequently imported into the SPSS (version 28; IBM
Corp) statistical software package for analysis. Descriptive
statistics were calculated to summarize the characteristics of
the study sample, including factors such as age, gender, faculty
affiliation, length of time in current position, and previous
experience with online teaching and learning technologies.
Variations in data distribution were summarized and visually
presented through tables and graphical representations, following
the guidelines outlined by Polit and Beck [28]. In addition,
1-way ANOVA and Kruskal-Wallis H tests were conducted to
analyze differences in satisfaction and likelihood to use online
teaching and learning technologies in the future to support

students in developing virtual caring skills. These analyses were
conducted as deemed appropriate, following the
recommendations of Polit and Beck [28]. To enhance readability
and facilitate subsequent post hoc analyses, participant-reported
ages were collapsed into 4 categories: ≤39, 40-49, 60-59, and
≥60 years. Team members with experience in statistical analysis
met and contributed to ensure the accuracy of these findings.

For the analysis of open-ended survey responses and interview
transcripts, each was assigned a unique identifier and imported
into NVivo (version 14; Lumivero) to manage qualitative data.
Our qualitative data analysis followed a thematic approach using
an inductive process, aligning with the methods proposed by
Braun and Clarke [29] and Nowell et al [30]. To gain a
comprehensive understanding of the data, 2 researchers (LN
and SJ) independently reviewed the entire qualitative dataset.
Consensus coding was completed as both researchers coded the
same transcripts and compared results on a one-to-one basis.
Each researcher assigned sections of text to relevant codes, and
the coding was then merged and discussed. Regular monthly
meetings were held to establish and ensure a shared
understanding of initial codes.

Larger team meetings, involving all authors, were conducted
to collectively scrutinize and further refine emerging patterns
in the qualitative data, ultimately confirming the identified
themes and subthemes. Throughout the analysis process, written
memos and meeting minutes were maintained to document our
approach and decisions. Adhering to research and reporting
standards, we followed the Standards for Reporting Qualitative
Research outlined by O’Brien et al [31] when reporting this
study.

Data Integration
Integration occurred at 2 points in this study. First, the
quantitative findings were used to inform the qualitative
interview guide. Following an independent analysis of all
qualitative and quantitative data, the data were integrated using
a joint display as an analysis tool. During this analysis,
qualitative data were used to explain and corroborate
quantitative findings [32]. Quantitative findings were compared
to qualitative themes to examine similarities and differences.
Through this methodology, we were able to develop
interpretations regarding educators’perceptions and experiences.

Ethical Considerations
We obtained approval from our local Conjoint Health Research
Ethics Board (REB22-0748) to carry out this study. Educators
were offered the opportunity to join the study voluntarily, with
the assurance that their involvement in the survey would remain
anonymous and would not affect their university employment
status or career advancement. Completion and submission of
the online surveys implied consent. Before participating in
interviews, all respondents gave informed verbal consent.
Interviews were administered by a graduate student who had
no prior supervisory relationship with the participants. To protect
participant anonymity, distinct identifiers were assigned to each
participant, and the data were aggregated accordingly. No
compensation was provided to participants for participating in
this study.

JMIR Nursing 2025 | vol. 8 | e64548 | p.43https://nursing.jmir.org/2025/1/e64548
(page number not for citation purposes)

Nowell et alJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Rigor
We used several techniques to ensure the rigor of our study.
Regular team meetings provided opportunities for debriefing,
introspection, and deliberate questioning of our interpretations,
as suggested by Morse [33]. We maintained a comprehensive
audit trail that included codebooks, meeting minutes, and shared
files to document all study-related decisions, following the
guidelines proposed by Carnevale [34]. While 2 researchers
were responsible for coding all qualitative data, the broader
research team assessed and deliberated on decisions related to
themes and subthemes. We revisited the raw survey and
interview data to further validate our findings and ensure that
they authentically represented the voices of the educator
participants.

Results

Participant Demographics
A total of 82 educators started the survey, and 72 (88%)
completed the entire survey. The 10 (12%) participants who
did not complete the entire survey completed up to the final 5
survey items. We included all responses provided by participants
in our final analysis as they yielded valuable insights and
contributed to our overall study findings. Of the 82 survey
participants, 19 (23%) agreed to be contacted for a follow-up
interview of which 8 (10%) responded and completed an
interview. Table 1 provides participant demographics for the
survey and interviews.

Table 1. Participant demographics.

Interview (n=8), n (%)Survey (n=82), n (%)Demographic and demographic subcategory

Age (y)

0 (0)11 (13)<39

1 (13)25 (30)40-49

3 (38)29 (35)50-59

4 (50)16 (20)>60

0 (0)1 (1)No response

Gender

2 (25)18 (22)Men

6 (75)58 (71)Women

0 (0)6 (7)Gender diversea

Faculty

3 (38)21 (26)Education

3 (38)34 (41)Medicine

2 (25)16 (20)Nursing

0 (0)7 (9)Social work

0 (0)4 (5)Other (joint appointments)

Experienceb

3 (38)35 (43)Beginner

2 (25)24 (29)Intermediate

3 (38)23 (28)Expert

aGender diverse included gender fluid, nonbinary, queer, and individuals who prefer not to disclose. Some categories were collapsed due to the need
to maintain anonymity, particularly with small numbers in particular subcategories.
bBeginner=taught <4 online courses; intermediate=taught 5-7 online courses; expert=taught ≥8 online courses.

Quantitative Results

Overview
Educator survey respondents (n=82) indicated that a variety of
online instructional methods were used to help students develop
virtual caring skills in a select all that apply survey item (Figure
1). The most frequently reported online instructional methods
included using reflections on learning (50/82, 61%), online

modules (35/82, 43%), and online discussion boards (49/82,
60%). Educators reported using demonstrations of remote care
(23/82, 28%) and consultation with clients (21/82, 26%).
Respondents that used the option of other (7/82, 9%) described
using verbal check-ins, synchronous meetings, simulations,
social media, and flipped classrooms. Some respondents
indicated that they have not used any online instructional
methods to develop virtual caring skills (17/82, 21%).
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Figure 1. Overview of themes, subthemes, and implications.

Satisfaction With Online Teaching and Learning
Strategies
Survey participants (n=80) reported their level of satisfaction
with online teaching and learning strategies, with 71 (89%)
participants indicating that they were either satisfied or
somewhat satisfied with the approaches used in their classrooms.
However, a notable proportion, approximately 11% (9/80) of
the participants, reported dissatisfaction.

Likelihood of Using Online Teaching and Learning
Technologies
Among educators who responded to the question (n=70) about
the likelihood of using online teaching and learning technologies
to support students in developing virtual caring skills in the
future, 53 (76%) indicated that they were very likely or
somewhat likely to engage in this modality. Conversely, 17
(24%) educators responded that they were not likely to use
online teaching and learning for the development of virtual
caring skills in the future.

We conducted 1-way ANOVA tests to explore potential
differences in satisfaction and likelihood to use technology
scores among groups based on gender, age, faculty, years of
experience in current position, or experience with online
teaching and learning technologies. Table 2 summarizes the
ANOVA test results.

In the survey, an expert was defined as an educator who had
designed and taught ≥8 classes. There was a statistically
significant difference between educators’ level of experience
teaching online and their satisfaction with online teaching and
learning technologies (F2,77=11.465; P<.001), with a large effect

size (η2=0.23) [28]. A Bonferroni post hoc analysis
demonstrated that educators with expert experience with
teaching using technology reported significantly higher
satisfaction (mean 2.82, SD 0.39) compared to those at beginner
(mean 2.06, SD 0.69) or intermediate levels (mean 2.21, SD

0.59). No statistically significant difference was found between
those at beginner and intermediate levels. A statistically
significant difference was found between educators’ faculties
(departments) and their satisfaction with online teaching and
learning technologies (F4,75=5.119; P=.001), with a large effect

size (η2=0.21). A Bonferroni post hoc analysis found that
educators from the faculty of education (mean 2.75, SD 0.44)
rated their satisfaction with online teaching and learning
technologies significantly higher than faculty from medicine
(mean 2.12, SD 0.64) or nursing (mean 2.07, SD 0.70). There
were no statistically significant differences found between social
work and the remaining faculties. Notably, all other comparisons
via 1-way ANOVA tests yielded no statistically significant
results.

Through Levene tests, two 1-way ANOVA test pairings were
found to have unequal variances: (1) faculties and likelihood
of using online teaching and learning technology and (2) years
of experience and likelihood to use online teaching and learning
technology. The Kruskal-Wallis H test, a nonparametric
equivalent, was used to examine those relationships. A
Kruskal-Wallis H test demonstrated that there was a statistically
significant difference in the likelihood of using online teaching
and learning technologies and the different faculties (H4=13.44;
P=.009), with a mean rank likelihood of 52.0 for the faculty of
social work, 43.2 for the faculty of nursing, 36.8 for the faculty
of education, 34.6 for other faculties, and 27.0 for the faculty
of medicine. A pairwise comparison revealed that educators
from the faculty of social work had a significantly higher
likelihood of using online teaching and learning technologies
than the faculty of medicine when considering the Bonferroni
correction for multiple tests, P=.01. This was the only significant
relationship found in the pairwise comparison after applying
the Bonferroni correction. Kruskal-Wallis H test demonstrated
that there was no statistically significant difference in the
likelihood of using online teaching and learning technologies
and years of experience (H5=3.956; P=.56).
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Table 2. ANOVA test results.

ANOVADescriptive statisticsVariable comparison

P valueη2F test (df)Mean (SD)Participants, n (%)

.260.041.38 (2, 77)Gender and satisfaction (n=80)

2.11 (0.68)18 (23)Men

2.39 (0.65)56 (70)Women

2.17 (0.75)6 (8)Gender diverse

.820.010.31 (3, 74)Age (y) and satisfaction (n=80)

2.40 (0.52)10 (13)0-39

2.24 (0.66)25 (31)40-49

2.28 (0.80)29 (36)50-59

2.43 (0.51)14 (18)>60

.0010.215.12 (4, 75)Faculty and satisfaction (n=80)

2.75 (0.44)20 (25)Education

2.13 (0.64)34 (43)Medicine

2.07 (0.70)15 (19)Nursing

2.71 (0.49)7 (9)Social work

2.00 (0.82)4 (5)Other

.430.060.99 (5, 74)Experience (y) and satisfaction (n=80)

2.20 (0.84)5 (6)<1

2.39 (0.63)28 (35)1-5

2.43 (0.68)21 (26)6-10

2.33 (0.65)12 (15)11-15

1.80 (0.84)5 (6)16-20

2.11 (0.60)9 (11)>20

<.0010.2311.46 (2, 77)Online experience and satisfaction (n=80)

2.06 (0.69)34 (42)Beginner

2.21 (0.59)24 (30)Intermediate

2.82 (0.39)22 (28)Expert

.200.051.68 (2, 67)Gender and likelihood to use (n=70)

2.07 (0.92)14 (20)Men

2.38 (0.80)52 (74)Women

1.75 (0.96)4 (6)Gender diverse

.840.010.28 (3, 36)Age (y) and likelihood to use (n=70)

2.50 (0.55)6 (9)0-39

2.18 (0.91)22 (31)40-49

2.35 (0.89)26 (37)50-59

2.29 (0.73)14 (20)>60

.160.051.92 (2, 67)Online experience and likelihood to use (n=70)

2.11 (0.89)27 (39)Beginner

2.23 (0.81)22 (31)Intermediate

2.57 (0.75)21 (30)Expert
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Qualitative Findings

Overview
Figure 1 offers a summary of 3 overarching themes and their
associated 12 subthemes, which were identified when analyzing
the qualitative data. It also highlights potential recommendations
for supporting online teaching to enhance the development of
virtual caring skills. The subsequent sections delve deeper into
the exploration of these findings.

Barriers to Teaching About Virtual Care in Online
Environments
Educators identified several barriers that were encountered for
online teaching and learning related to the development of
virtual caring skills, including time constraints, underdeveloped
virtual caring curricular content, a lack of engagement, and
limited access to virtual caring equipment and technology.
Despite these barriers, participants often highlighted their
adaptability in addressing the needs of their students and
teaching contexts.

Time Constraints
Participants reported time constraints as a concern, citing
challenges such as the increased duration of virtual interactivity
and the need to adapt clinical experiences for online platforms.
Educators discussed time constraints as a limiting factor for
teaching duration and described the need for adjustments. One
participant shared the following:

Another barrier is always time, right?...For it not to
be just text heavy and kind of interactive, you need
time, and you don’t necessarily have that. [P6,
interview, education educator]

In some cases, the concern expressed was for students who
could not be online for extended durations:

Clinical online, it’s eight hours online. We made a
decision that was too much for the students to be
online. [P1, interview, nursing educator]

In addition to teaching time constraints, educators noted that
additional time was required when offering experiential learning
in practice:

Timing was always an issue. It seemed to take longer
to do virtual appointments than in person. [P8,
interview, medicine educator]

The shift to virtual teaching and learning spaces prompted
educators to be mindful of time constraints and their impacts.
Despite these challenges, all participants adjusted to better cater
to the needs of their students and those they would be caring
for in practice.

Underdeveloped Virtual Caring Curricular Content
Educators reported difficulties in identifying key content related
to virtual caring. As noted by a nursing educator, virtual caring
content was often missing from the curriculum due to curricular
overload:

Actually, I would say one of the things that I feel that
is missing from the clinical practice for [this context]
is the education part. We do a little bit of in the

clinical, but to do the total education...we have to do
it that way because there’s no time to include
absolutely everything. [P1, interview, nursing
educator]

Virtual caring skills and competencies were often considered a
specialized practice and were therefore not traditionally
incorporated into more generalist-focused curricula. However,
the onset of the COVID-19 pandemic made virtual care a crucial
competency for many caring professions. An educator from the
faculty of education noted how students tried to balance the
unknown of virtual care expectations with how they may be
expected to practice virtually when they graduated:

...but [students] don’t necessarily know what they’re
getting into because you’re asking them to look at an
area that is somebody else’s whole specialization,
and yet we expect all teachers to know this
information. [P3, interview, education educator]

These responses demonstrated the challenges educators faced
due to the lack of virtual caring curricular content, potentially
negatively impacting students’ ability to provide virtual care in
their future practice.

Lack of Engagement
Educators expressed concerns regarding the lack of student
engagement they encountered in online settings when teaching
about virtual care. They cited interruptions, decisions about
cameras being on or off, and struggles connecting with students
and colleagues as factors negatively impacting student
engagement levels. The online environment posed a complex
challenge, with frequent connectivity issues and interruptions.
One interview participant noted the following:

We had cats and dogs. We had children
interrupting...every time a student would come in [to
the Zoom call], the doorbell [chime] would ring and
[their] dog would go berserk. [They’d] be constantly
shutting mute on, and then have to do something about
that dog. So, [they]’d disappear from the screen and
then come back. [P1, interview, nursing educator]]

The debate over whether students should have their cameras
switched on or switched off during virtual learning was raised,
particularly in terms of establishing a sense of presence:

To providing an ethic of care is the cameras on
cameras off issue...the preference for students to have
their cameras off makes for a very difficult teaching
environment...I can’t see your face; I can’t see your
reaction. [P3, interview, education educator]

Beyond visible student presence in a virtual class, educators
also raised a concern about how virtual caring challenged their
own engagement and sensory perceptions:

I can’t sense what’s going on for them...You can’t
feel the energy in the room, right? You can’t see body
language. You can’t see nonverbal
communication...These are professions where we rely
on all of our senses. And in a virtual environment,
they’re not all there. [P6, interview, education
educator]
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One survey respondent identified the following:

I can’t see faces or check in with people who might
show signs of confusion the same way I can in person.
You can’t “read the room” online. [P23, survey,
medical educator]

Limited Access to Virtual Caring Equipment and
Technology
Educators expressed concerns about the limited access to virtual
caring equipment and technology, which had a detrimental
impact on interactivity. For one educator in medicine, the lack
of equipment was an ongoing challenge:

I would say that the interaction suffered. We struggled
with not having enough private computer space in
the hospital. We struggled with not having cameras
for the learners, and microphones, and that went on
for quite a while. [P8, interview, medicine educator]

For a nursing educator, the lack of student internet access was
a challenge in teaching virtual care and creating environments
for students to practice their virtual caring skills:

And there was one student who had to do [Zoom] on
[their] cell phone, and she was using her minutes on
her phone. It was getting too expensive. It was so
much better if [they] just didn’t use [their] cell
phone...there were other students, their internet would
go down. [P1, interview, nursing educator]

Teaching and providing virtual care in rural and remote areas
brought attention to the privilege of internet access and resources
as well as the challenges faced by clients:

There are limitations in some of the other countries
about their access to Wi-Fi…many people do not have
access to Wi-Fi at home. Therefore, the scheduling
is important. I think many centers then also have
interruptions of their Wi-Fi and are constantly on
and off, on and off, and that creates some problems
for them. And finally, there’s a few centers that the
reason for that happening is that they lose electricity.
[P5, interview, medicine educator]

Remote learning in rural areas, it all depends on
bandwidth...At the beginning, I didn’t realize the
reason why people weren’t turning their cameras
on...Tech is always a barrier...whether it’s bandwidth,
whether it’s Zoom not working, whether our own
internet. [P6, interview, education educator]

The challenges, such as lack of equipment and poor internet
accessibility, directly impacted educators’ ability to teach
students virtual caring skills and competencies. These
considerations can also be challenges in working with experts
or patients outside of the virtual classroom.

Facilitators to Teaching About Virtual Care in Online
Environments
Educators identified several facilitators for online teaching and
learning related to virtual caring skills. These facilitators
included well-defined learning objectives, supportive technology

software and assistance, effective teaching support, active
stakeholder engagement, and a commitment to flexibility.

Clearly Defined Learning Objectives
Educators brought up their awareness of key graduate
expectations, competencies, and learning objectives in both the
open-ended survey questions and interview responses. Some
educators were challenged in aligning new virtual contexts with
previously defined learning competencies:

I’ve had to reconsider how my own caring is conveyed
and recognized in different circumstances. I’ve also
begun to theorize about how caring is connected to
key graduate learning expectations and competencies.
[P66, survey, education educator]

Other participants, like this one from medicine, asserted that
the learning objectives should remain consistent despite the
shift to online learning:

I don’t think we’ve changed the learning objectives.
I think that they remain relatively constant, it’s how
you achieve them. And with the remote learning, the
remote learning has allowed the interaction, but it’s
the interaction I think that’s more important than the
virtual way of doing things. [P5, interview, medicine
educator]

Other educators spoke about how the processes of learning
caring competencies might not change in virtual contexts, but
students may struggle to see the value of acquiring virtual caring
skills:

If they [students] don’t care about something, it
doesn’t become part of a learning repertoire. Then
what you have to then wonder if you’re just covering
material for the sake of covering...it’s not enough that
I care about the ideas, I need to get them to care
about the ideas as well. [P4, interview, education
educator]

Despite the various viewpoints on how learning objectives were
achieved, there was consistent support across the participants
for the development and use of clear learning objectives related
to virtual care. Particularly for participants who had relied
previously on in-person assessments of learning objectives,
there was an intentionality to focus and be explicit on what the
learning objective was and how virtual care considerations were
necessary.

Technology Software and Support
Participants identified that possessing knowledge and
intentionally using technology and virtual caring software could
enhance the development of virtual caring skills. Others
identified the benefits of providing orientation and skill
development sessions to familiarize individuals with the use of
technology:

Some of the [online] programs demanded a lot of
interaction...so it started off with teaching people how
to do things [in the online programs]. [P5, interview,
medicine educator]
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Furthermore, survey participants asserted that ongoing technical
assistance was important to successfully integrate new
technologies into the virtual caring curriculum. One survey
participant commented on the positive advancement of
technology and its influence on education. They wrote, “The
technology has come so far that teaching online is often
equivalent to in person” (P51, survey, social work). Some of
the examples of technology use included telehealth, podcasting,
video creation, Zoom, and virtual simulations.

In one example with clinical practice, learners were actively
engaged with a particular client population online. Students
were tasked with using technology and software to interact with
the client. Experimenting with the various features of the
technology provided an additional way for students to learn
new ways to establish connections with clients:

They hear the [diagnosis], and they’re like, oh, they
can’t do anything. But they were having fun with the
little apps that turn your hair green, or give you bunny
ears, and stuff like that. So, they’re going through
and playing with all that kind of stuff. I don't even
know where half that stuff is or how they find it. But
it's hilarious and it's fun to watch. So, it becomes a
medium and a tool kind of thing. [P7, interview,
nursing educator]

It is important for students to gain a clear understanding of how
to use virtual caring technologies efficiently and effectively to
make meaningful caring connections with clients. The
perspective from both survey and interview participants
reinforced that having access to the tools was important, with
support and familiarity requiring time and resources for tool
use competency.

Teaching Support
Educators identified that various teaching supports were
necessary for fostering initial self-awareness and skill
development when teaching in virtual settings. Ongoing
development and the exchange of best practices helped build
and sustain confidence and competence in using virtual caring
technology. Many educators turned to others for teaching
support, including teaching and learning departments and teams,
or external networks to help support their personal learning
needs. Others found teaching support from within their own
faculty and professional organizations:

My colleagues and my own field professional
organization was better in terms of teaching strategies
or things to do within a lesson. [P6, interview,
education educator]

Overall, educators were motivated to seek out ways to enhance
their teaching practice of virtual caring skills.

Stakeholder Engagement
Study participants identified stakeholder support and
engagement as important to virtual caring skill development.
One survey respondent contributed that “online teaching is
forcing me to get creative...I learned to rely more on facilitating
students’ own motivation and initiative to seek community
involvement” (P40, survey, medicine educator). Educators

sought to encourage students to engage with clients in the
community to help inform their virtual caring practices. Another
survey participant indicated the importance of consulting various
stakeholders, including students and educators, regarding their
experiences with virtual caring technology by suggesting
faculties should do the following:

[Engage in] consultation with students to understand
their experiences as the end user/recipient of any
technologies used for developing caring skills;
[develop] a long-term vision/strategy for
implementing, evaluating, and updating technology;
[and link] technology use to program intent/pedagogy
so that it makes sense to teachers/learners and is not
just used for the sake of it. [P5, survey, nursing
educator]

Others highlighted the value of engaging with a range of
stakeholders, including caregivers, clients, students, and
instructors, in the virtual care setting:

We would invite the clients and the caregivers, or
whoever was in the home to set up the screen and
make sure that all of the controls were kind of off so
that we could control it. And so as long as they could
log in, we could get them into a breakout room. We
would put the student in there with them. We would
put a mentor from the [organization] in there with
them. And then as instructors, we would go into each
breakout room and just listen, make sure everything
was okay, answer any questions, and then go to the
next one and kind of wander through that way. And
it worked really well. [P7, interview, nursing educator]

Participants indicated that various stakeholders bring valuable
and diverse perspectives to virtual caring experiences and
harnessing these viewpoints can help facilitate more effective
teaching and learning about virtual care.

Flexibility
Educators identified various ways that they chose to adjust,
alter, change, or remain open to alternative ways of engaging
in their practices for teaching, learning, and providing virtual
care. The theme of flexibility emerged prominently in the survey
responses, with a focus on being flexible with students. One
survey participant emphasized the importance of “just being
open and available and allowing students to set the stage for
how they want to show up and learn and to be open if they are
finding the online approach to learning challenging” (P79,
survey, social work educator). Another perspective on flexibility
was that it “allowed for more flexible scheduling and allow(ed)
me to reach international students easier” (P15, survey, medicine
educator). The connection to students in conducting, developing,
or framing the learning space was recognized as a key element
in building the flexibility to permit learning that incorporated
virtual learning skills. This flexibility contributed to a more
dynamic and inclusive learning environment.

Principles of Virtual Care
In our analysis, we identified principles of virtual care that
reflect what educators reported as important considerations to
how they approached teaching and learning virtual caring skills.
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These principles include emphasis on connection and interaction;
compassion, empathy, and care; and vulnerability.

Connection and Interaction
Educators identified how important connections and interactions
were for teaching about and providing virtual care. This
perspective was particularly present for a nursing educator who
described how technical nursing skills were not as important as
making personal connections with the clients, which is vital
when providing virtual care:

[Students] felt that they were missing out on some of
those skills, like IV starts because obviously we didn’t
do that [in a virtual environment]. But no, those are
not the most important skills in nursing. It’s the
interaction. It’s the education...nursing is not all
about skills. [P1, interview, nursing educator]

Some educators were thoughtful in their approach to providing
students with purposeful opportunities to develop connections
with clients:

I would want to be in a different room, with my
camera off, observing the whole encounter...be the
fly on the wall...and then be able to deliver feedback
after the appointment. [P8, interview, medicine
educator]

All educators identified through the interviews that personal
connections and prioritizing interactions were desired, and even
necessary, before skill development in virtual environments.

Compassion, Empathy, and Care
Educators shared how emotional labor and intentional
considerations are required to design learning experiences
around compassion, empathy, and care, particularly in virtual
contexts. One survey respondent suggested that “students of
any caring profession know they need emotional bravery and
an ability to handle very difficult situations with empathy and
calmness even when they do not feel that way” (P34, survey,
social work educator). Participants also indicated they needed
this emotional bravery to successfully implement online teaching
and learning technologies to support students in developing
virtual caring skills. Educators acknowledged the impact and
challenges associated with emotional labor and considered their
role as educators in addressing issues like compassion fatigue:

Emotional labor and compassion fatigue...because
those aspects impact the degree to which somebody
wants to try something new or continue a practice
that used to work, that doesn’t seem to be working
now. [P3, interview, education educator]

One interview participant considered the impact of learning
activities with a focus on social and emotional learning for
individual well-being:

I also am a very active and dynamic facilitator, even
online, so I use teaching strategies that I would use
in the classroom and I get my students to actually get
up and do things if I’m talking about a social
emotional learning activity, something that’s for
wellbeing, because taking care of yourself is as
important as you know what you’re teaching, and you

will impact the wellbeing of your own students or
patients by the way you are as well. So, if I’m talking
about just a simple social-emotional piece where it
is maybe a five, four, three, two mindfulness activity,
I do it with them. [P6, interview, education educator]

Compassion, empathy, and care were viewed as important
considerations in teaching, learning, and providing virtual care.
These qualities could manifest authentically in a variety of ways,
depending on the context of the teacher, learner, or client.

Vulnerability
The theme of care extended to include a focus on educator
vulnerability and the willingness to embrace new approaches,
recognizing that things might not always go as planned.
However, this willingness by the educator required creating
safer learning and caring spaces:

In caring skills and competencies, there’s a level of
vulnerability there that you must have. And so, when
you’re starting out with online courses, you need to
build that caring atmosphere within your virtual
online environment in a way that students feel safe.

If you have a course, you have the time, and you
utilize facilitation methods that are similar to what
you are expecting them to be able to do as well, then
that’s helpful, right? I guess it comes back to that
theory practice piece. [P6, interview, education
educator]

Another participant spoke about the need to break down barriers
by creating relationships that push virtual caring efforts to meet
clients’ needs:

They [clients] put up their own barriers, to be
perfectly honest. Because if you want it, you’ll find a
way to do it. But…If you have the goal in mind that,
then all you need to do is figure out how to get there.
It’s a lot easier…I mean, create relationships. Ask
people if they want to try something. And don’t think
you can’t do it just because nobody’s done it
before...See if it works. Not everything works the first
time. Well, I know that’s why this is important too,
right? It’s like you evaluate and you figure out what
works, what doesn’t work. [P7, interview, nursing
educator]

There was a shared sense among participants that without the
educator’s sense of vulnerability and willingness to try
something new and create intentional efforts toward connection
through compassion and care, educational practice for virtual
care would not be able to move forward.

Discussion

Principal Findings
In this sequential explanatory mixed methods study [24] we
explored the experiences and perceptions of educators in caring
professions as they navigated online teaching to facilitate the
development of virtual caring skills and competencies among
students. Educators identified both barriers and facilitators to
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engaging in this mode of teaching and learning as well as
identified key principles underlying virtual caring.

Quantitative and qualitative data were integrated following
individual analysis. The most common online instructional
methods used to teach virtual caring skills were reflection, online
modules, and online discussion boards. Only 26% (21/80) of
the participants indicated that they provided experiential learning
via consultation with clients on the quantitative survey. In
qualitative interviews, participants discussed barriers to this
educational modality, such as lack of time, indicating that
providing virtual caring experiences could be less efficient than
providing in-person clinical learning. Furthermore, 21% (17/80)
of the educators indicated that they had not used online
technology to teach virtual caring skills. This was reflected in
the qualitative data when participants discussed the challenges
of fitting more content into an already crowded curriculum. As
virtual environments increase in the caring professions, it is
important that virtual caring curriculum becomes a more
permanent fixture within program curricula [35], rather than
treated as a specialty consideration that can be included if time
permits. This highlights the attention for program-level
considerations for technological literacy and use development.
It is not enough for educators to be able to use the technology
effectively and use tools in one course; instead, there is a need
to identify opportunities across a program to support the learning
and development of digital literacy and technology-use
competencies.

Educators had varying levels of satisfaction with their online
teaching and learning strategies to enhance virtual caring skills.
Less than half of the participants (34/80, 43%) indicated that
they were satisfied with their online teaching and learning
strategies, with other educators indicating that they were either
somewhat satisfied or not satisfied. Through the qualitative
survey and interview data, educators expressed frustration
regarding the lack of engagement or connection with their
students, which created difficult teaching environments.
Educators also expressed concern regarding students’ access to
technology devices and reliable internet. Bolster et al [35]
expanded this idea when discussing that clinical patients that
might have limited access to virtual caring technologies or may
lack digital literacy. In this study, the challenges discussed by
educators may have influenced their overall satisfaction with
their ability to execute effective teaching and learning strategies.
In the survey qualitative responses, those that were “satisfied”
(34/80, 43%) often cited reasons such as the smooth functioning
of technology and active student engagement. Educator and
student interactions with technology appear to be influential to
educators’ satisfaction with the teaching experience. Leaders
from across the United States emphasized the importance of
optimizing the logistics of technology when they met for a
symposium titled Crossing the Virtual Chasm: Rethinking
Curriculum, Competency, and Culture in the Virtual Care Era
[35]. They reported that the need to optimize logistics, including
providing equitable technology access and user software
training, was one of the levers that can improve virtual care
education [35].

Although educators’ likelihood to use online teaching and
learning technology was mixed in quantitative surveys, there

was notable support to develop learning objectives to enhance
virtual caring skills. Educators discussed facilitators that could
enhance the teaching and learning of virtual caring skills in
interviews. Survey respondents who identified as very likely to
use online teaching and learning technologies (37/70, 53%)
indicated via qualitative responses that teaching support through
professional development, ongoing technology assistance, and
student engagement was essential to support students in
developing virtual caring skills. Addressing challenges that arise
while teaching and learning virtual caring skills in an online
environment can be beneficial to student outcomes and
educators’ satisfaction and increase their likelihood to use such
technologies. Although higher education institutions are working
to keep up with evolving technologies, specialized attention
will be required in the virtual caring education context [35].

Surveys and interviews were undertaken with educators across
caring professions, including education, medicine, nursing, and
social work, within a research-intensive educational institution
in western Canada. Quantitative analysis revealed interesting
insights into educators’ satisfaction with online teaching and
learning strategies and their likelihood to use online teaching
and learning technologies. Overall, educators were somewhat
satisfied with the online teaching and learning strategies they
were using in their classrooms. Furthermore, they felt that they
were somewhat likely to use online teaching and learning
technology to support student learning of virtual caring skills.
Through inferential analysis, we found that educators with
experience designing and teaching ≥8 classes (considered expert
level) had statistically greater satisfaction with the teaching and
learning techniques they used in online learning environments.
This finding indicates that educators could benefit from more
experience in online teaching. This is congruent with the
findings reported by Rhode et al [7], indicating that educators
with more experience teaching in online environments had more
positive attitudes toward online teaching and learning.

In addition, we found that educators from the faculty of
education reported significantly higher satisfaction levels in
teaching virtual care in an online modality compared to their
counterparts in medicine or nursing. This may be largely due
to the longer history that education faculties may have had in
providing instruction in an online environment. This finding
highlights the importance of offering additional support and
professional development to educators in traditionally in-person
programs, enabling them to effectively meet the needs of an
increasingly online student population. In an integrative review,
Cutri and Mena [36] discuss the cultural and structural
challenges of traditionally in-person educators transitioning to
online teaching and learning, including the workload required
and readiness to transition to the online environment.
Considering these challenges, academic institutions should
consider implementing robust professional development
programs to better support faculty engaging in online teaching
and learning, ensuring optimal support for students learning
virtual caring skills.

Educators identified several barriers to online teaching and
learning related to the development of virtual caring skills,
including time constraints, underdeveloped virtual caring
curricular content, lack of engagement, and limited access to
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virtual caring equipment and technology. Time constraints may
pose a significant challenge for educators as they strive to cover
comprehensive content within limited time frames. Furthermore,
educators may struggle to find room for virtual caring skills
within their current curriculum, recognizing that to include
additional content, other content will have to be reduced or
eliminated. The underdeveloped nature of virtual caring
curricular content may result in teaching and learning practices
that lack the depth and breadth required to adequately prepare
students for the nuances of virtual care. A notable barrier to
teaching virtual caring skills in online environments, seen in
this study and the literature, is the struggle to maintain student
engagement, as online settings often hinder active participation
and interaction. Students are more likely to be engaged when
they have active learning opportunities, a positive learning
climate, and meaningful interaction with faculty and peers [37].
Furthermore, limited access to virtual caring equipment and
technology has exacerbated the challenge of teaching online
[38] and hindered caring professionals’ practical application of
virtual care concepts [39]. Addressing these barriers is crucial
to ensuring a robust and effective virtual care education within
online learning environments.

Educators in this study identified several facilitators of online
teaching and learning related to virtual caring skills, such as
clearly defined learning objectives, technology software and
support, teaching support, stakeholder engagement, and
flexibility. Clear and well-defined learning objectives play a
pivotal role in ensuring quality education, providing a road map
for both educators and students to navigate curriculum with
clarity and purpose. Adequate technology software and support
are essential facilitators, enabling seamless integration of virtual
caring skills into the online environment. Teaching support,
including resources, training, and guidance, enhances educators’
ability to effectively convey virtual caring concepts. In a
grounded theory study, Shepherd et al [40] explored medical
faculty and learner experiences regarding the learning of virtual
caring skills during the COVID-19 pandemic. Despite medical
faculty recognizing how virtual care can benefit patients, they
were reluctant to continue to teach in virtual clinics, due to
barriers at the individual, institutional, and systemic levels,
citing challenging technology platforms and a lack of
professional development as 2 of the limitations [40].
Stakeholder engagement, involving collaboration with health
care professionals, institutions, and communities, may foster a
more holistic approach to virtual care education. In addition,
flexibility in instructional methods and assessment allows for
adaptive learning experiences, catering to diverse student needs
and optimizing the acquisition of virtual caring skills in an
online setting.

Educators identified connection and interaction; compassion,
empathy, and care; and vulnerability as key considerations when
developing online teaching and learning experiences to support
students in developing virtual caring skills. Fostering meaningful
connections and interactions within the virtual learning space
is essential for educators to create engaging and supportive
learning environments. Encouraging compassionate and
empathetic attitudes is fundamental, as these qualities are at the
core of effective virtual care. Our findings mirrored the assertion

by Bolster et al [35] that connection in virtual care is an essential
component of “webside manner,” indicating the importance of
rapport building through technology. Integrating opportunities
for students to understand and express vulnerability is equally
important, as it promotes authenticity and a deeper
understanding of the human aspect of health care. By prioritizing
these elements, online educational experiences can transcend
physical barriers, providing a rich and holistic foundation for
students to develop the interpersonal skills necessary for
effective virtual caring [16,41-44].

This study is part of a larger multistudy research project intended
to provide a framework for virtual caring skill development in
higher education. This study explores the educator’s
perspectives, while another study explores the student’s
perspectives. The final integrated findings will inform a
framework to guide educators from varied professions as they
develop virtual caring curricula. By gaining educator and student
perspectives, we aim to provide a comprehensive view of core
principles, competencies, teaching methods, facilitators, and
barriers to teaching and learning virtual caring skills.

Strengths and Limitations
Our sequential explanatory mixed methods study provided a
thorough examination of caring profession educators’
perceptions of virtual caring skill development within a specific
educational institution. The inclusion of participants from
various caring professions offered diverse perspectives,
enhancing the study’s comprehensiveness. By incorporating
surveys and interviews, the research amalgamated quantitative
and qualitative data, enabling a more profound insight into
educators’ experiences and perspectives in online teaching
related to virtual care. However, it is essential to acknowledge
the study’s limitations, warranting caution in interpreting the
findings. The focus on a singular institution may limit the
generalizability of these findings to broader contexts.
Furthermore, the participant pool from a single institution may
lack diversity, potentially affecting the external validity and
transferability of findings to a more varied population. Despite
these constraints, this study lays the groundwork for exploring
virtual caring skill development, inspiring further research, and
offering potential insights for enhancing the delivery of virtual
care in educational settings.

Conclusions
Educators in caring professions require specialized knowledge
and skills to effectively teach and support students in developing
virtual caring skills and competencies. Our study highlights the
barriers, facilitators, and principles of teaching virtual caring
skills online. As we contribute to the growing body of
educational research on virtual caring skills, we share insights
from caring profession educators. Future research should
continue to explore how educators in more traditionally
in-person teaching and learning can be supported to meet
modern-day needs. In addition, more evidence is needed to
explore effective teaching and learning strategies to teach virtual
caring skills in a variety of contexts. Our findings offer practical
strategies to enhance teaching and learning within educational
programs for caring professions.
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Abstract

Background: Nurses are one of the largest user groups of the electronic health record (EHR) system, relying on its tools to
support patient care and nursing workflows. Recent studies suggested that the redesign of nursing documentation may reduce the
time spent in the EHR system and improve nurse satisfaction.

Objective: We aimed to assess nurses’ perceptions of the redesigned EHR, evaluate the impact of documentation interventions,
and identify future improvement needs.

Methods: Guided by the American Nursing Informatics Association’s Six Domains of Burden conceptual framework, this
multimethod project combined both qualitative and quantitative approaches. Registered nurses across the academic health system
were recruited via email invitations to participate in focus group discussions. The focus groups were conducted via a web conference
and ranged from 60 to 90 minutes in duration. The focus group discussions were transcribed and analyzed through thematic
analysis. The EHR vendor’s time data were used to analyze nurses’ time spent in documentation.

Results: In total, 20 registered nurses participated in the focus group discussions, and 17 nurses completed the demographic
survey; 88% (15/17) of participants had ≥3 years of EHR experience at the academic health system, and 53% (9/17) self-reported
being competent in the EHR system. The following six themes emerged: positive feedback, usability and workflow opportunities,
nuisance, training and education, communication, and time spent in the system. EHR vendor time data revealed that the time
spent in flowsheets averaged 31.11% per 12-hour shift.

Conclusions: Overall, participants reported a positive experience and that the EHR supported patient care. There are opportunities
to further reduce redundancies in documentation and implement programs that support continuous learning about EHR and health
technology tools. Specific suggestions include optimizing the oral health assessment tool. Analyzing frontline nursing perspectives
in the redesign of EHR workflows is imperative for identifying interventions that support nurses’ satisfaction with the EHR.

(JMIR Nursing 2025;8:e69651)   doi:10.2196/69651

KEYWORDS

electronic health record; nurse; documentation burden; focus group; usability; documentation

Introduction

Background
Nursing documentation is critical for high-quality patient care
and effective communication among health care professionals.
Before the implementation of electronic health records (EHRs),
clinician documentation was primarily recorded by using
paper-based methods [1]. The Health Information Technology

for Economic and Clinical Health (HITECH) Act, which passed
in 2009 in the United States, aimed to improve health care
quality and safety and encourage the efficient use of health ITs,
such as the EHR [2]. Hospitals were incentivized to implement
EHR systems, resulting in 98.3% of hospitals adopting
electronic-based systems in recent decades [3]. The increased
sophistication of EHR systems has introduced documentation
requirements and clinician decision support tools, potentially
increasing clinicians’documentation burden [4]. The American
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Medical Informatics Association (AMIA) describes
documentation burden as the stress resulting from excessive
work that is required to document in the EHR [5].

Nurses are one of the largest user groups of the EHR system
and are primary users of flowsheet tools for documentation [6].
Flowsheets are structured tools in the EHR system; they are
used to record discrete data over time and are designed in a
tabular format. Resembling a spreadsheet, each column
represents a date and time, while each row is designed to capture
selectable options or free-text values. Nurses capture
assessments and observations in flowsheets and, on average,
document 631 to 875 flowsheet data entries within a 12-hour
shift, equating to approximately 1 data entry per minute [6,7].

There is increased awareness among national government
entities and professional health care organizations across the
United States regarding the need to implement initiatives that
address EHR documentation burden. For instance, the 21st
Century Cures Act identified the following three goals for
reducing clinician burden: (1) reduce the time and effort needed
to document health information, (2) reduce the time and effort
needed to meet regulatory requirements, and (3) improve
usability [8]. Similarly, in 2021, the AMIA Task Force aimed
to reduce clinician documentation burden by 25% within 5 years
[5,9]. Additionally, the American Nursing Association’s
Principles for Nursing Documentation recommend that nursing
data entries should be meaningful and nonredundant [10].
Further, a prior study found that flowsheet redesign saved an
average of 10 minutes per shift in flowsheets [11]. Other
interventions, such as EHR optimizations and training, could
improve clinician satisfaction, and nurses show increasing
utilization of documentation efficiency tools once such tools
are available [12,13].

The American Nursing Informatics Association (ANIA)
developed the Six Domains of Documentation Burden
conceptual framework, defining the factors that contribute to
documentation burden as follows: reimbursement, regulatory,
quality, usability, interoperability/standards, and self-imposed
[14]. Nursing flowsheet documentation represents a significant
amount of the overall documentation time for nurses, making

it a prime area for burden evaluation through ANIA’s
framework.

During the COVID-19 pandemic, our academic health system
(AHS) reduced nursing flowsheet documentation by requiring
only the documentation of critical assessments. Along with
national calls to action for reducing documentation burden, this
streamlined documentation approach served as a catalyst for
the chief nursing officer, IT analysts, and nursing informatics
team to optimize the nursing digital experience across the
enterprise. We adopted a phased implementation approach to
address challenges. In 2021, nursing informatics and IT analysts
led nursing documentation enhancement workgroups with direct
care nurses across the AHS. Nurses highlighted areas of the
EHR system that were burdensome and suggested
improvements. The nursing informatics team analyzed data
from the EHR to identify flowsheet rows with minimal to low
usage rates and brought these up as discussion points during
workgroup meetings. Additionally, nursing informatics and IT
analysts conducted an analysis of the various “vascular access
device and drain” documentation groups. Cross-referencing
these documentation groups revealed opportunities to
consolidate similar documentation groups. During the
workgroup sessions, direct care nurses expressed a preference
to group and reduce the amount of “vascular access device and
drain” documentation groups. Nursing informatics and IT
analysts presented proposed changes to the steering council
(comprised of the chief nursing officer and cross-campus nursing
senior directors) for approval. Projects for implementation were
prioritized into the following three phases (Figure 1): phase 1
focused on reducing nonmeaningful nursing documentation
tasks, phase 2 involved redesigning flowsheets, and phase 3
involved consolidating and reducing similar “vascular access
device and drain” documentation groups. Throughout each phase
of the implementation, the nurse workgroup participants
contributed recommendations and served as liaisons, gathering
feedback from respective units and specialties. After the
implementation of the three phases, our AHS sought to evaluate
the project’s impact and determine if further improvements were
needed.

Figure 1. Improvement of nursing documentation experience: phased implementation and focus groups. EHR: electronic health record.

Objective
We aimed to assess nurses’ perceptions of the redesigned EHR,
evaluate the impact of documentation interventions, and identify
future improvement needs.

Methods

Setting
Our assessment, which used qualitative and quantitative
methods, was conducted at an AHS with 4 teaching hospitals

in the northeastern region of the United States; each teaching
hospital was designated as an American Nurses Credentialing
Center Magnet site. The AHS employs almost 10,000 nurses,
and it implemented the current EHR system in 2012.

Design
In our multimethod assessment, qualitative data were collected
during 5 focus group sessions. A focus group method was
chosen to evaluate the phased interventions and participants’
lived experiences with documenting in the EHR [15]. Focus
groups were selected for their ability to facilitate active
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interaction among participants and generate opinions,
suggestions, and feedback through group dynamics [16]. Our
quantitative data consisted of monthly data supplied by the EHR
vendor, which summarized the time nurses spent in the EHR
system. The system logged the time each user spent within the
EHR by tracking the time spent performing clicks, scrolls,
keystrokes, and mouse movements [17]. These quantitative data
could be divided based on EHR-related activities, such as
nursing flowsheet documentation, medication administration,
and task management.

Sample
The quality improvement project team recruited inpatient
registered nurses across the AHS through an electronic flyer.
Recruitment was performed during a pre-existing focus group
process known as “Ideas for Innovation in Nursing.” This
process provided an opportunity for nurses to share their ideas
about a given topic (ie, use of 3D printing in nursing practice).
The full-page electronic flyer was embedded in the AHS’s
monthly nursing science newsletter, which has a distribution
list of approximately 8000 nurses and provides information
about upcoming focus groups. The registered nurses who were
interested in participating in the focus groups were required to
complete the electronic registration form, which involved
selecting a preferred session date and time.

Data Collection and Analysis
The quality improvement team members (DJ, JW, DD, BD,
KEZ, and KO) met to develop open-ended questions for guiding
focus group discussions. Prior to conducting the focus groups,
DJ, JW, and DD were trained by BD and KEZ, who were
experienced in qualitative methods and focus group facilitation.
Additionally, BD and KEZ participated as comoderators in each
focus group discussion. The moderator (DJ) led the focus group
sessions, introduced the purpose and formatting of the focus
group, and facilitated the questions. The observers (JW, DD,
BD, and KEZ) used a template to document notes on and
observations of participants’ sentiments, behaviors, and
nonverbal reactions. Sessions were conducted via a web
conferencing platform. The focus group sessions ranged from
60 to 90 minutes in duration.

At the end of each focus group, participants received a link to
an anonymous survey. The survey, which was administered via
an administration platform, gathered demographic information,
self-assessments of EHR competency, and feedback specifically
about the focus group sessions. Participants’ perceived level of
EHR competency was defined by using Benner’s [18] novice
to expert theory. Benner’s [18] model was initially used to
understand how nurses develop clinical competence, but it has
expanded to evaluate EHR skills [19]. The project team
members (DJ, JW, DD, BD, KEZ, and KO) debriefed at the end
of each session to review notes, identify themes, and compare
findings from prior focus group discussions. Sessions were
recorded and transcribed by using a web videoconferencing
platform. The transcriptions were validated by the project team.
The project team members (DJ, JW, DD, BD, KEZ, and KO)

met to confirm that saturation was reached. Transcriptions were
entered into ATLAS.ti Web (version v9.4.3; ATLAS.ti Scientific
Software Development GmbH)—a qualitative data analysis
software for coding. Thematic analysis with an inductive coding
process was used to discover themes. The primary coder (DJ)
completed initial coding and developed the codebook. The
secondary coder (LG) independently reviewed and validated
the codes. The coders met to identify patterns and themes within
the data, leveraging The Six Domains of Burden conceptual
framework to organize the codes and examine the multifaceted
burden experienced by nurses [10]. All quotes were reviewed
by DJ and LG to reach consensus on discrepancies and further
refine codes.

EHR activity data regarding the time spent in flowsheets were
calculated for February 2023—the same month as when the
focus group discussions were conducted. These activity data
were time-stamped, allowing for the calculation of the time
spent specifically within that month. The average time spent in
a documentation activity was calculated as a percentage for all
nurses in the AHS system. This quantitative approach was
designed to provide context to the qualitative data. This quality
improvement project was reported in accordance with the
SQUIRE (Standards for Quality Improvement Reporting
Excellence) 2.0 guidelines [20].

Ethical Considerations
This project was undertaken as part of a quality improvement
project for evaluating nursing documentation experiences with
the EHR. The project team completed an NYU Langone Health
Institutional Review Board–approved quality improvement
self-certification. Participants voluntarily registered to take part
in the focus group discussions and were not provided with any
form of compensation. At the beginning of each focus group,
participants provided verbal agreement for sessions to be
recorded and transcribed while maintaining their anonymity.

This project was determined to not meet the criteria for human
subjects research, as guided by the NYU Grossman School of
Medicine’s Institutional Review Board policy.

Results

Participants
A total of 50 nurses responded via the electronic flyer’s
registration link. Of those, 20 participated in the focus groups,
with an 85% (n=17) response rate for the demographic survey;
3 participants declined to complete the survey. Each focus group
composition was made up of nurses from different hospitals
and units. The focus group participants’ demographic
characteristics are listed in Table 1. Of the 17 respondents, most
(n=12, 71%) were full-time employees, and the participants’
primary area of practice was inpatient units (n=10, 59%).
Further, 35% (n=6) of participants had been working at the AHS
for 3 to 5 years, 47% (n=8) had 3 to 5 years of EHR system
experience, and 53% (n=9) self-reported being competent in
the EHR system.
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Table . Focus group participants’ demographics (n=17).

Participants, n (%)Demographics

Employment status

12 (71)    Full-time

4 (24)    Part-time

1 (6)    Per diem

Area of practice

10 (59)    Inpatient (acute, intensive care unit, maternal/child)

1 (6)    Emergency medicine

4 (24)    Perioperative

2 (12)    Other

Years at academic health system

2 (12)    1‐2

6 (35)    3‐5

4 (24)    6‐10

2 (12)    11‐15

1 (6)    16‐20

2 (12)    >20

EHRa system experience (years)

2 (12)    1‐2

8 (47)    3‐5

5 (29)    6‐10

2 (12)    >10

EHR system proficiency

1 (6)    Advanced beginner

9 (53)    Competent

5 (29)    Proficient

2 (12)    Expert

aEHR: electronic health record.

Focus Group Findings

Overview
Herein, our findings are presented over the following six major
themes: positive feedback, usability and workflow opportunities,
nuisance, training and education, communication, and time
spent in the system. Quantitative analysis results for EHR
activity data regarding the time spent in flowsheets are reported
for the “time spent in the system” theme, which included
participants’ subjective descriptions of how their shift time is
spent; details of the analysis are presented in the Time Spent in
the EHR System section.

Positive Feedback

Overview of Positive Feedback

Seventeen nurses in 5 focus groups provided positive feedback
on the benefits of improved EHR workflows, including nursing
documentation task management, flowsheet documentation,

communication, and device and vendor integration. Positive
feedback included the following subthemes: safe patient care,
efficiency, and ease of use. Nurses reported positive sentiments
on the nursing documentation programs that were implemented
to improve documentation, such as the following:

The central lines....The date change row, all that I
appreciate, because we did not have that for a while,
and a lot will get lost in translation....There is a lot
of improvements especially with skin,...Central lines
catheters and drains. I appreciate all the changes
that have been done, it’s easier to just go back and
backtrack to see when the last dressing was done or
how it looked before the wound images. [Participant
15]

Safe Patient Care

Five nurses in 3 focus groups reported that the EHR system
supported safe patient care delivery. Two nurses commented
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on the ease of viewing patients’ surgical history along the
continuum of care. One participant said:

I think it’s a great system. You know, coming from
the paper charting to this...when you think about it.
How crazy that time was - I cannot imagine not
having the electronic chart....Really, it’s great. It’s
great for follow up. It’s great for care. I think it
improves health. [Participant #1]

Efficiency

Nurses commented that efficiency tools, such as the vital signs
integration and copy and paste, aid in reducing manual
documentation, resulting in less time spent in the EHR system.
For instance, a participant stated:

I find it helpful when you hook them up to the monitor
and the vitals automatically get transferred....Very
helpful for us because we see so many patients a
day....It saves us the time of having to sit there
manually inputting them. [Participant #18]

Focus group participant #1 also reported that “the more we can
integrate the better.”

Ease of Use

Four nurses appreciated the EHR task management feature and
noted that the enhancements made the workflow easier. Six
nurses expressed that the flowsheets were intuitive for
documentation and were streamlined. One said:

It’s super-duper easy. I usually take 5 minutes to
finish my baseline charting. [Participant #13]

Interdisciplinary Communication

An EHR functionality allowing secure, direct messaging
between clinicians was cited by 4 nurses in 3 different focus
groups as something that improved their clinician experience
through convenience and features such as the ability to send an
image of an electrocardiogram directly to a covering radiology
cardiology resident. The direct messaging feature was
appreciated, while workflows involving calls to unit-based
landline phones were highlighted as being particularly
disruptive. The nurses carried work-issued mobile devices,
which can be called directly. Further, a participant stated:

I mean, I love this system. Because whatever I do, we
connect with each other. [Participant #13]

Usability and Workflow Opportunities
Fourteen nurses in 5 focus groups reported usability and
workflow opportunities in the EHR. Nurses commented on the
desire for the standardization and consistency of documentation
template design. For example:

There are some things that go in alphabetical order.
And then something else will go in order of head to
toe. And then something else will go in order of like,
abnormal, abnormal, abnormal, and then normal.
And so, it feels like it changes...if it were just
consistent, I think it would be easier. [Participant #9]

Three nurses commented on the need for specialty-specific
documentation templates to support clinical workflows. One
reported:

I think the flowsheets are more catered to inpatient
nurses...for telehealth nursing we use the flowsheets
that were already in [redacted] but I think most of
the questions in there are not telehealth specific, and
also the nursing assessment is completely different
over the phone because we obviously can’t visualize
the patient. I think there’s definitely a lot of
improvement that we can go forward with
documentation in terms of telehealth. [Participant #3]

Nuisance

Redundant Documentation
Four nurses in 2 different focus groups described redundant
documentation during the admission process. The EHR
frequently prompted them for information that was elsewhere
in a patient’s chart:

It asks me to put in if the patient received their
COVID vaccination....I have to click on it but it’s
already on the storyboard. So, I think that’s just added
documentation that is unnecessary on our end.
[Participant #6]

Eight nurses reported that in some cases, documentation was
repetitive, as they had to document the same finding in several
different places within the EHR. Examples included multiple
places for documenting paper tape, skin assessments, patient
activity, and patient positioning. Nurses described how the
repetition was time-consuming and that they desired
documentation to be streamlined.

Nonmeaningful Documentation
Four nurses in 2 focus groups described nuisances related to
nonmeaningful documentation. They cited oral assessment items
that needed to be documented for all patients, irrespective of
patients’needs; verbalized emotional states; subjective findings;
and national standards, which necessitate documenting every
15 minutes. Although nurses understood the nature of hospital
protocols, they felt that some documentation was more for
“covering” oneself rather than serving an actual clinical purpose.

Training and Education
Ten nurses in 4 focus groups discussed training and education
related to the EHR. Four nurses described the learning curve
for new nurses to acclimate to the EHR system. One participant
said:

I also like the tip sheets because if you don’t do
something for quite a long time, you forget how to do
it. The tip sheets are very helpful - tell you how to
document. [Participant #4]

Two nurses reported their dissatisfaction with the EHR
optimizations and communication method. For example:

I think it’s very easy to miss those general broadcast
emails. I think just like, batching changes would
probably be most helpful. This group of changes is
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happening rather than 1 change here or 1 change
here and there’s 10 different emails about it.
[Participant #8]

Communication
Six nurses discussed how the EHR system supports
communication. Three nurses commented on the clinical mobile
device and its strengths and weaknesses particularly around
meeting patients’needs regarding their preferred language. The
clinical mobile device, which paired with a mobile app for
interpreter support, excelled at simplifying the process of
connecting to a remote interpreter:

The steps saved from when you used to call, and they
ask you what department you were calling from and
what language you needed. That saves you a few
minutes and that is priceless on its own. [Participant
#10]

Time Spent in the EHR System
Participants self-reported that 10% to 50% of their shift is spent
documenting in the EHR system, and many perceived this time
to be appropriate. The EHR vendor time data were analyzed
during the focus group period. The EHR vendor time data for
February 2023 revealed that the average EHR time spent in
flowsheets was 31.11% per 12-hour shift. In relation to the time
spent in flowsheets, one participant stated:

I would definitely say the shift assessment takes up
your biggest amount of time. You want to be thorough;
you don’t want to miss things. So, that really is the
largest amount of time. [Participant #1]

Discussion

Principal Findings
The project’s aims were to explore nursing documentation
experiences related to the EHR and evaluate how the
documentation reduction interventions impacted perceptions.
Themes included positive feedback, usability and workflow
opportunities, nuisance, training and education, communication,
and time spent in the system. Nurses perceived that the EHR
supported the delivery of safe patient care and care team
communication. Participants complimented the EHR system’s
easier flow and remarked on the general improvements. The
project revealed that while the nurses overall had a positive
experience with using the EHR system, there are further
opportunities to optimize the EHR design. The implementation
of voice recognition tools for nursing documentation supports
the capture of patient assessments in real time by reducing the
average time spent documenting by more than 2.6 minutes per
assessment [21].

The focus group participants did not describe burden from using
the EHR; rather, they noted redundant and nonmeaningful
documentation as a nuisance. Focus group participants suggested
solutions for reducing nonmeaningful documentation, such as
optimizing the oral health assessment tool and only requiring
oral health assessment documentation for ventilated and
tracheostomy patients, which aligns with the AHS’s policies
and standards. Due to this project, this enhancement request

was implemented at the AHS, with positive sentiments from
nurses. Many documentation burden reduction interventions
have shown improved satisfaction with the EHR among
clinicians [22].

The Six Domains of Documentation Burden conceptual
framework on EHR documentation burden indicates that most
health care system cultures adhere to the ideology of “if it’s not
documented, it’s not done” [10]. As a result, some nurses may
document due to perceived legal implications. Focus group
participants discussed documentation volume and the sense that
they document too much. Health care system accreditation
organizations have recognized the need to reduce documentation
burden. In 2023, The Joint Commission aimed to eliminate 14%
of standards and updated 13 standards [23]. Individual hospitals
can make impacts to address EHR documentation barriers and
reduce documentation through shared governance workgroups
that include frontline nurses [24].

The project’s findings reveal opportunities for continuous EHR
education. Per the focus group participant survey results, 47%
(8/17) of participants had 3 to 5 years of EHR experience, and
53% (9/17) of participants self-reported being competent in the
system. Some focus group participants discussed not being
familiar with efficiency tools, such as the EHR search toolbar
for quickly finding information within a patient’s chart. Training
sessions can enhance perceptions of efficiency [25]. Future
studies should explore the use of the Digital Literacy, Usability,
and Acceptability of Technology Instrument for Healthcare—a
validated instrument for evaluating frontline nurse competency
and usability with respect to the implementation of continuous
health IT learning programs [26].

The findings from the focus group discussions prompted the
project team to implement strategies that aimed to augment the
nursing documentation experience in the EHR system. To
support continuous EHR learning, the nursing informatics and
IT training teams provided nursing staff with interactive
enrichment classes that focused on nursing efficiency and
common EHR workflows. The training content was developed
based on frontline staff recommendations. The nursing
informatics and IT training teams conducted nursing wellness
fairs as drop-in opportunities during shifts to showcase EHR
efficiency and tips. Remote sessions were offered for nurses to
learn about upcoming documentation enhancements that would
improve workflow and to provide feedback. As a result of the
focus groups, the oral health assessment was optimized such
that it only displayed in the EHR for ventilated and tracheostomy
patients, rather than being required for all patients, as part of a
shift documentation assessment; this change aligned with the
AHS’s policies and standards. Additionally, efforts were made,
in collaboration with direct care nurses, to streamline and reduce
wound and skin documentation.

We acknowledge limitations related to our qualitative and
quantitative approaches. Our sample did not include nurses from
pediatric, behavioral health, or rehabilitation units. The
recruitment flyer was distributed within an email newsletter and
may not have been seen by all nurses. Further, due to this being
a quality improvement project, we could not look at individuals’
utilization patterns, and quantitative metrics were summarized
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for all inpatient nurses at the hospital. Additionally, perceived
documentation time spent in the EHR system was self-reported
by focus group participants, and the EHR vendor time data
analysis was not limited to focus group participants. Moreover,
the focus group discussions were not limited to nurses who were
employed prior to the documentation reduction interventions.
However, this group made up a small fraction of the
interviewees. Lastly, self-reported time spent documenting in
the EHR might be influenced by group conformity bias.
Participants in focus groups may be hesitant to express views
that dissent from those of the group. Future work should explore
a validated method for measuring burden [27].

Conclusion
Our focus group discussion findings suggest that the
implemented nursing documentation improvement interventions
had an overall positive impact on the nurses’ EHR experience.
As health care technology and documentation requirements
continue to advance, the EHR experience requires ongoing
evaluation. Analyzing frontline nursing perspectives in the
restructuring of EHR workflows is imperative for identifying
interventions that support nurses’ satisfaction with the EHR.
Future work is needed in supporting nurses after the EHR system
onboarding training period.

 

Conflicts of Interest
None declared.

References
1. Kang MJ, Rossetti SC, Knaplund C, et al. Nursing documentation variation across different medical facilities within an

integrated healthcare system. Comput Inform Nurs 2021 May 3;39(12):845-850. [doi: 10.1097/CIN.0000000000000736]
[Medline: 33935196]

2. Brass CT, Jackson PJ, Lake JE, Spar K, Vincent CH. American Recovery and Reinvestment Act of 2009 (P.L. 111-5):
summary and legislative history. : Congressional Research Service; 2009 URL: https://crsreports.congress.gov/product/
pdf/R/R40537/6 [accessed 2025-04-11]

3. Apathy NC, Holmgren AJ, Adler-Milstein J. A decade post-HITECH: critical access hospitals have electronic health records
but struggle to keep up with other advanced functions. J Am Med Inform Assoc 2021 Aug 13;28(9):1947-1954. [doi:
10.1093/jamia/ocab102] [Medline: 34198342]

4. Padden J. Documentation burden and cognitive burden: how much is too much information? Comput Inform Nurs 2019
Feb;37(2):60-61. [doi: 10.1097/CIN.0000000000000522] [Medline: 30730402]

5. 25x5 Documentation Burden Reduction Toolkit. American Medical Informatics Association. URL: https://brand.amia.org/
m/3aaa0f687a601441/original/25x5-toolkit.pdf [accessed 2024-06-21]

6. Collins S, Couture B, Kang MJ, et al. Quantifying and visualizing nursing flowsheet documentation burden in acute and
critical care. AMIA Annu Symp Proc 2018 Dec 5;2018:348-357. [Medline: 30815074]

7. Gesner E, Gazarian P, Dykes P. The burden and burnout in documenting patient care: an integrative literature review. Stud
Health Technol Inform 2019 Aug 21;264:1194-1198. [doi: 10.3233/SHTI190415] [Medline: 31438114]

8. Strategy on reducing regulatory and administrative burden relating to the use of health IT and EHRs. : Office of the National
Coordinator for Health Information Technology; 2020 URL: https://www.healthit.gov/sites/default/files/page/2020-02/
BurdenReport_0.pdf [accessed 2024-06-25]

9. Payne TH, Corley S, Cullen TA, et al. Report of the AMIA EHR-2020 Task Force on the status and future direction of
EHRs. J Am Med Inform Assoc 2015 Sep;22(5):1102-1110. [doi: 10.1093/jamia/ocv066] [Medline: 26024883]

10. ANA’s principles for nursing documentation: guidance for registered nurses. American Nurses Association. 2010. URL:
https://www.nursingworld.org/globalassets/docs/ana/ethics/principles-of-nursing-documentation.pdf [accessed 2024-06-21]

11. Lindsay MR, Lytle K. Implementing best practices to redesign workflow and optimize nursing documentation in the
electronic health record. Appl Clin Inform 2022 May;13(3):711-719. [doi: 10.1055/a-1868-6431] [Medline: 35668677]

12. Kang C, Sarkar IN. Interventions to reduce electronic health record-related burnout: a systematic review. Appl Clin Inform
2024 Jan;15(1):10-25. [doi: 10.1055/a-2203-3787] [Medline: 37923381]

13. Will J, Jacques D, Dauterman D, Groom L, Doty G, O’Brien K. Frequency and characteristics of flowsheet documentation
recorded utilizing documentation efficiency tools. Comput Inform Nurs 2025 Feb 1;43(2):e01232. [doi:
10.1097/CIN.0000000000001232] [Medline: 39631030]

14. Sengstack PP, Adrian B, Boyd DL, et al. The six domains of burden: a conceptual framework to address the burden of
documentation in the electronic health record. American Nursing Informatics Association. URL: https://www.ania.org/
assets/documents/position/ehrBurdenPosition.pdf [accessed 2025-04-11]

15. Smith TA, Perez JK, Friesen MA. Virtual focus groups as an answer to research during a pandemic: implications for nursing
professional development. J Nurses Prof Dev 2022;38(5):279-286. [doi: 10.1097/NND.0000000000000750] [Medline:
33935191]

16. Jayasekara RS. Focus groups in nursing research: methodological perspectives. Nurs Outlook 2012;60(6):411-416. [doi:
10.1016/j.outlook.2012.02.001] [Medline: 22464693]

JMIR Nursing 2025 | vol. 8 | e69651 | p.62https://nursing.jmir.org/2025/1/e69651
(page number not for citation purposes)

Jacques et alJMIR NURSING

XSL•FO
RenderX

http://dx.doi.org/10.1097/CIN.0000000000000736
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33935196&dopt=Abstract
https://crsreports.congress.gov/product/pdf/R/R40537/6
https://crsreports.congress.gov/product/pdf/R/R40537/6
http://dx.doi.org/10.1093/jamia/ocab102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34198342&dopt=Abstract
http://dx.doi.org/10.1097/CIN.0000000000000522
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30730402&dopt=Abstract
https://brand.amia.org/m/3aaa0f687a601441/original/25x5-toolkit.pdf
https://brand.amia.org/m/3aaa0f687a601441/original/25x5-toolkit.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30815074&dopt=Abstract
http://dx.doi.org/10.3233/SHTI190415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31438114&dopt=Abstract
https://www.healthit.gov/sites/default/files/page/2020-02/BurdenReport_0.pdf
https://www.healthit.gov/sites/default/files/page/2020-02/BurdenReport_0.pdf
http://dx.doi.org/10.1093/jamia/ocv066
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26024883&dopt=Abstract
https://www.nursingworld.org/globalassets/docs/ana/ethics/principles-of-nursing-documentation.pdf
http://dx.doi.org/10.1055/a-1868-6431
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35668677&dopt=Abstract
http://dx.doi.org/10.1055/a-2203-3787
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37923381&dopt=Abstract
http://dx.doi.org/10.1097/CIN.0000000000001232
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39631030&dopt=Abstract
https://www.ania.org/assets/documents/position/ehrBurdenPosition.pdf
https://www.ania.org/assets/documents/position/ehrBurdenPosition.pdf
http://dx.doi.org/10.1097/NND.0000000000000750
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33935191&dopt=Abstract
http://dx.doi.org/10.1016/j.outlook.2012.02.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22464693&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


17. How is user system time and behavior data measured? Epic Systems. URL: https://galaxy.epic.com/?#Browse/
page=1!68!50!100001668,100028978,100028981&from=Galaxy-Redirect [accessed 2025-04-11]

18. Benner P. From novice to expert. Am J Nurs 1982 Mar;82(3):402-407. [Medline: 6917683]
19. Everett-Thomas R, Joseph L, Trujillo G. Using virtual simulation and electronic health records to assess student nurses’

documentation and critical thinking skills. Nurse Educ Today 2021 Apr;99:104770. [doi: 10.1016/j.nedt.2021.104770]
[Medline: 33516978]

20. Ogrinc G, Davies L, Goodman D, Batalden P, Davidoff F, Stevens D. SQUIRE 2.0 (Standards for QUality Improvement
Reporting Excellence): revised publication guidelines from a detailed consensus process. Am J Med Qual 2015;30(6):543-549.
[doi: 10.1177/1062860615605176] [Medline: 26497490]

21. Mayer L, Xu D, Edwards N, Bokhart G. A comparison of voice recognition program and traditional keyboard charting for
nurse documentation. Comput Inform Nurs 2021 Aug 4;40(2):90-94. [doi: 10.1097/CIN.0000000000000793] [Medline:
34347642]

22. Sloss EA, Abdul S, Aboagyewah MA, et al. Toward alleviating clinician documentation burden: a scoping review of burden
reduction efforts. Appl Clin Inform 2024 May;15(3):446-455. [doi: 10.1055/s-0044-1787007] [Medline: 38839063]

23. Petrovic K. Reducing the burden: eliminating 168 accreditation requirements is just the start. The Joint Commission. 2023
Jan 24. URL: https://web.archive.org/web/20250120003137/https://www.jointcommission.org/resources/
news-and-multimedia/blogs/dateline-tjc/2023/01/reducing-the-burden/ [accessed 2025-04-11]

24. Donohue-Ryan MA, Peleg NA, Fochesto D, Kowalski MO. An organization’s documentation burden reduction initiative:
a quality improvement project. Nurs Econ 2023;41(4):164-175. [doi: 10.62116/NEC.2023.41.4.164]

25. Livingston K, Bovi J. Department-focused electronic health record thrive training. JAMIA Open 2022 Apr 9;5(2):ooac025.
[doi: 10.1093/jamiaopen/ooac025] [Medline: 35474717]

26. Groom LL, Feldthouse D, Robertiello G, Fletcher J, Squires A. A pilot study toward development of the Digital Literacy,
Usability, and Acceptability of Technology Instrument for healthcare. Comput Inform Nurs 2024 Dec 1;42(12):879-888.
[doi: 10.1097/CIN.0000000000001156] [Medline: 38913989]

27. Moy AJ, Schwartz JM, Chen R, et al. Measurement of clinical documentation burden among physicians and nurses using
electronic health records: a scoping review. J Am Med Inform Assoc 2021 Apr 23;28(5):998-1008. [doi:
10.1093/jamia/ocaa325] [Medline: 33434273]

Abbreviations
AHS: academic health system
AMIA: American Medical Informatics Association
ANIA: American Nursing Informatics Association
EHR: electronic health record
HITECH: Health Information Technology for Economic and Clinical Health
SQUIRE: Standards for Quality Improvement Reporting Excellence

Edited by E Borycki; submitted 04.12.24; peer-reviewed by M Lindsay, N Dobroff; revised version received 21.03.25; accepted
22.03.25; published 28.04.25.

Please cite as:
Jacques D, Will J, Dauterman D, Zavotsky KE, Delmore B, Doty GR, O'Brien K, Groom L
Evaluating Nurses’ Perceptions of Documentation in the Electronic Health Record: Multimethod Analysis
JMIR Nursing 2025;8:e69651
URL: https://nursing.jmir.org/2025/1/e69651 
doi:10.2196/69651

© Deborah Jacques, John Will, Denise Dauterman, Kathleen Evanovich Zavotsky, Barbara Delmore, Glenn Robert Doty, Kerry
O'Brien, Lisa Groom. Originally published in JMIR Nursing (https://nursing.jmir.org), 28.4.2025. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR
Nursing, is properly cited. The complete bibliographic information, a link to the original publication on https://nursing.jmir.org/,
as well as this copyright and license information must be included.

JMIR Nursing 2025 | vol. 8 | e69651 | p.63https://nursing.jmir.org/2025/1/e69651
(page number not for citation purposes)

Jacques et alJMIR NURSING

XSL•FO
RenderX

https://galaxy.epic.com/?#Browse/page=1!68!50!100001668,100028978,100028981&from=Galaxy-Redirect
https://galaxy.epic.com/?#Browse/page=1!68!50!100001668,100028978,100028981&from=Galaxy-Redirect
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=6917683&dopt=Abstract
http://dx.doi.org/10.1016/j.nedt.2021.104770
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33516978&dopt=Abstract
http://dx.doi.org/10.1177/1062860615605176
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26497490&dopt=Abstract
http://dx.doi.org/10.1097/CIN.0000000000000793
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34347642&dopt=Abstract
http://dx.doi.org/10.1055/s-0044-1787007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38839063&dopt=Abstract
https://web.archive.org/web/20250120003137/https://www.jointcommission.org/resources/news-and-multimedia/blogs/dateline-tjc/2023/01/reducing-the-burden/
https://web.archive.org/web/20250120003137/https://www.jointcommission.org/resources/news-and-multimedia/blogs/dateline-tjc/2023/01/reducing-the-burden/
http://dx.doi.org/10.62116/NEC.2023.41.4.164
http://dx.doi.org/10.1093/jamiaopen/ooac025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35474717&dopt=Abstract
http://dx.doi.org/10.1097/CIN.0000000000001156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38913989&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocaa325
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33434273&dopt=Abstract
https://nursing.jmir.org/2025/1/e69651
http://dx.doi.org/10.2196/69651
http://www.w3.org/Style/XSL
http://www.renderx.com/


Effectiveness of Patients’ Education and Telenursing Follow-Ups
on Self-Care Practices of Patients With Diabetes Mellitus:
Cross-Sectional and Quasi-Experimental Study

Mohammed Alsahli1, PhD; Alaa Abd-alrazaq2, PhD; Dalia M Fathy3,4, PhD; Sahar A Abdelmohsen5,6, PhD; Olfat

Abdulgafoor Gushgari7, PhD; Heba K Ghazy3, PhD; Amal Yousef Abdelwahed8,9, PhD
1Health Informatics Department, College of Health Sciences, Saudi Electronic University, Riyadh, Saudi Arabia
2AI Center for Precision Health, Weill Cornell Medicine-Qatar, Al Luqta St, Ar-Rayyan, PO Box 5825, Doha, Qatar
3Community Health Nursing Department, Faculty of Nursing, Kafrelsheikh University, Kafrelsheikh, Egypt
4Nursing Department, North Private College of Nursing, Arar, Saudi Arabia
5Department of Nursing Science, College of Applied Medical Sciences, Prince Sattam Bin Abdulaziz University, Wadi Aldawaser, Saudi Arabia
6Department of Medical-Surgical Nursing, Faculty of Nursing, Assiut University, Assiut, Egypt
7Public Health Department, College of Health Sciences, Saudi Electronic University, Jeddah, Saudi Arabia
8Public Health Department, College of Health Sciences, Saudi Electronic University, Dammam, Saudi Arabia
9Community Health Nursing Department, Faculty of Nursing, Damanhour University, Damanhour, Egypt

Corresponding Author:
Alaa Abd-alrazaq, PhD
AI Center for Precision Health, Weill Cornell Medicine-Qatar, Al Luqta St, Ar-Rayyan, PO Box 5825, Doha, Qatar

Abstract

Background: Information and communications technology can be used in telenursing to facilitate remote service delivery,
thereby helping mitigate the general global nursing shortage as well as particular applications (eg, in geographically remote
communities). Telenursing can thus bring services closer to end users, offering patient convenience and reduced hospitalization
and health system costs, enabling more effective resource allocation.

Objective: This study aims to examine the impact of patients’ education and telenursing follow-ups on self-care indicators
among patients with type I and type II diabetes mellitus (DM).

Methods: In phase I, a cross-sectional descriptive analysis was conducted to evaluate the self-care practices of 400 patients
with DM at Kafr El Sheikh University Hospital in Egypt. In phase II, a pretest-posttest experiment was applied with a selected
group of 100 patients purposively recruited from phase I due to their low self-care practice knowledge to ascertain the impacts
of a 4-week intervention delivered via telenursing. They were reminded via telephone follow-up communication of the importance
of adhering to recommendations on physical activity, nutritional intake, and the management of blood sugar (ie, insulin). Data
collection was undertaken using a structured quantitative questionnaire, encompassing sociodemographic characteristics, medical
symptoms and history, and knowledge of DM. Paired t test analysis was applied to study pre- and postintervention self-care
behaviors.

Results: Participants had a mean age of 49.7 (SD 11.5) years. More than one-third received their DM diagnosis over a decade
previously (135/400, 33.8%) and were obese (147/400, 36.8%). Almost half (176/400, 44%) received insulin, and the majority
had cardiac disease (231/400, 57.7%) and the DM symptom of elevated blood sugar levels while fasting (365/400, 91.3%). A
relatively high score of DM knowledge was reported (255/400, 63.7%). Males exhibited significantly lower knowledge levels
(102/200, 51%) compared to females (153/200, 76.5%; P<.001). The intervention was effective in improving knowledge of DM
(t99=30.7, two-tailed; P<.001), self-care practices (t99=53.7, two-tailed; P<.001), and self-care skills (t99= 47, two-tailed; P<.001)
among patients with DM.

Conclusions: The emergent evidence suggests that patients’ education and telenursing follow-ups have the potential to improve
self-care behavior in patients with DM. The delivery of frequent nursing reinforcement via telenursing enables improved
self-management while contemporaneously reducing the need for patients to visit clinical settings (ie, improving patient condition
and reducing net health system costs). The outcomes of this research underscore the need to integrate telenursing within conventional
care for DM, and more research is needed to longitudinally assay its efficacy and sustainability over the long term and in different
clinical and geographical contexts.

(JMIR Nursing 2025;8:e67339)   doi:10.2196/67339
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Introduction

Diabetes mellitus (DM) is a chronic metabolic disorder
characterized by elevated blood glucose levels resulting from
defects in insulin secretion, insulin action, or both. Insulin is a
hormone produced by the pancreas that regulates blood sugar
levels and facilitates the uptake of glucose into cells for energy.
There are 3 main types of DM (type I DM, type II DM, and
gestational DM), each with etiological and pathological
characteristics. Type I DM is a condition of the autoimmune
system, arising from the lack of functioning beta cells generating
insulin. Type II DM is more common and is generally
attributable to lifestyle attributes and nutritional factors (eg,
sedentary behavior and high sugar consumption), albeit genetic
predispositions are also instrumental. Gestational DM occurs
during pregnancy and typically resolves after delivery, although
it increases the mother’s risk of developing type II diabetes later
in life.

DM poses a significant threat to the safety of hundreds of
millions of people worldwide, with disconcertingly escalating
prevalence. It is estimated that 643 million people will be
diagnosed by 2030, rising to 783 million by 2045, up from 537
in 2021 [1]. This estimated increase can be associated with
global population growth and the rising prevalence of diabetes
due to unhealthy lifestyle-related factors and aging populations.
The prevalence is significantly higher in certain regions,
including the Middle East, where more than 70 million people
are currently affected by DM. According to the International
Diabetes Federation, Egypt ranks ninth globally for DM
prevalence. In early 2020, there were approximately 8.85 million
people with DM in the country, representing a prevalence rate
of 15.2% [2].

DM entails direct costs in itself, and it also entails secondary
costs related to interlinked conditions (which may themselves
be causative or reciprocally exacerbated by DM). DM is often
associated with complications such as vision impairment and
blindness, cardiovascular diseases, and kidney failure and may
require foot amputation [3]. In order to mitigate the more serious
impacts of the condition and enable patients to have a better
quality of life, DM must be managed with a strong autonomous
role of patients themselves, including consistent adherence to
practices recommended for self-care, such as frequent
monitoring of their blood glucose levels, appropriate nutritional
intake, recommended levels of physical activity, and medication
compliance [3].

While patients tend to be aware of the imperatives associated
with such positive behaviors, they commonly struggle to
implement them in their daily lives, especially as metabolic
disorders and DM itself commonly arise from a knowing lack
of compliance with positive behaviors (ie, the general public
typically knows that eating large amounts of processed sugar
and having a sedentary lifestyle will predispose them to DM,
yet they continue to indulge in such behaviors, leading to or
exacerbating diabetes) [3]. In low-income countries, research

has consistently shown that a large proportion of patients with
DM typically adhere to negative self-care, essentially
manifesting poor control of their glycemic index and a
commensurately elevated propensity toward serious resultant
issues [4,5].

The accelerating development and adoption of many useful
technological solutions in health care services over the last 2
decades have led to greatly expanded opportunities for the more
effective management of chronic illness, including DM.
Telenursing, which is defined as the use of technological
channels (eg, telephone or video calls) to provide nursing
services to individuals in remote locations, has offered ways in
which to reduce the distance between health care services and
patients, as well as reducing the need for some patients to attend
traditional care venues (thereby reducing pressure on limited
resources) [6]. Its obvious advantages include increasing health
providers’ interaction with service users, including for symptoms
monitoring and educating service users without expensive and
burdensome face-to-face clinical appointments.

Telenursing fundamentally increases the ability of health care
professionals to deliver services remotely, which has obvious
implications for more frequent monitoring of patient symptoms
and escalating interventions where appropriate, with
personalized assistance for service users in the comfort of their
homes and everyday lives [7]. As DM management is
particularly sensitive to general lifestyle factors, the telenursing
paradigm can be particularly useful to extend the reach of health
care providers to give patients with DM additional support and
encouragement in their daily lives, especially with engagement
for reminders and follow-up on particular issues [7].

It should be noted that telenursing benefits encompass important
clinical outcomes in addition to practice expedience in
communication; the more frequent and direct communication
engendered by telenursing formats enables increased patient
adherence to medication, self-care, and other outcomes, which
intrinsically comprises improved quality of care and contributes
to optimized patient prognosis [8]. A systematic review found
that telenursed patients displayed statistically significant
enhancement in their glycemic control, with 0.5% reduced
HbA1c (glycated hemoglobin A1c) levels over half a year,
alongside decreased BMI in some studies that effectively
leveraged “combined” interventions [9].

Additionally, telenursing mitigates the burden placed on health
services by obviating in-person (face-to-face) attendance at
traditional care delivery venues, which is especially valuable
in resource-constrained contexts, such as low-income countries
or remote geographical regions [10]. In areas suffering from a
dearth of conventional health care resources, telenursing offers
essential care delivery channels for patients with DM, preventing
the escalation of patients’ conditions and reducing net health
care costs (eg, timely telenursing interventions can reduce the
need for hospital admission) [11].
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Among the particular services that can be enhanced by
telenursing, limited research has explored its potential to play
a role in improving DM patients’capacity to undertake self-care
practices. It appears to offer notable advantages, but differing
results have been found in practice, with some studies reporting
tangible positive outcomes, and others identifying substantive
barriers in terms of technological issues and the stakeholder
engagement, which can hamper the long-term sustainability of
telenursing services [8]. A recent narrative review of 18
randomized controlled trials (RCTs) and 5 quasi-experimental
studies worldwide concerning telenursing for DM care reported
that a telenursing intervention of weekly telenursing contact
over 3 months achieved no significant influence on BMI or
weight loss, while a 6-month telenursing program attained no
significant differences in either BMI or HbA1c [8]. A systematic
review of adherence to medication regimens among patients
with DM found that there was no study that had reported
consistent improvement due to telenursing [12]. Such negative
findings are contrary to expectations, given the potential promise
of telenursing; thus, further studies are needed to ascertain
telenursing impacts on self-care practices among patients with
DM in numerous different and varied health care settings.

This study seeks to fill this research gap by ascertaining the
impacts of patients’ education and telenursing follow-ups on
self-care practices among patients with DM at an Egyptian
tertiary hospital. Using a single-group pretest-posttest design
and cross-sectional analytical approaches, this research sought
to evidence telenursing’s scope to enhance self-care practices,
thereby improving the quality of care and outcomes for patients
with DM. The outcomes can guide practice in clinical contexts
and advance emerging studies on digital health solutions for
the management of chronic diseases, especially DM. The
insights gained from this research are particularly important in
considering the intervention impacts to improve self-care
practices among patients with DM, especially for contexts where
conventional care is limited or hard to access.

Methods

Study Design
This 2-phase study encompassed a cross-sectional assessment
of self-care (phase I) and a single-group quasi-experimental
pretest-posttest design to assess the impacts of telenursing
education on patients’ knowledge, skills, and self-care (phase
II).

Study Setting
The research setting was the outpatient clinic for diabetes care
at Kafr El Sheikh University Hospital. This is the main diabetes
care hub for the whole governorate. The sessions for patient
education were delivered in specially allocated locations within
the clinic, and the phase II follow-up interventions were
delivered remotely using WhatsApp or SMS text messages.

Sampling

Inclusion Criteria
To be eligible for the study, participants had to (1) be adult
patients with a diagnosis of DM for at least 1 year, (2) be aged

between 18 and 65 years, (3) have access to and the ability to
use a smartphone, (4) have HbA1c level greater than 7, and (5)
express interest in and willingness to participate in the study’s
interventions. Patients were excluded if they had psychological
illnesses, speech or hearing impairments, or failed to respond
to mobile phone contact for 2 weeks.

Sample Size and Sampling Technique
For phase I, clinical records for outpatients during 2020 were
analyzed. The outpatient clinic records for the year 2020 were
reviewed to determine the patient population. Using the Roasoft
calculation program with a 50% response rate, a 95% CI, and
a 5% margin of error, the required sample size was calculated
to be 384. In order to attain more robust data, we purposively
selected 400 eligible patients who met the inclusion criteria
(above), comprising 200 males and 200 females.

The preliminary analysis of the data collected in phase I showed
that 255 (63.7%) of 400 patients were categorized as having
poor knowledge and poor self-care practice. Based on the
inclusion criteria, a purposive sample of 100 patients was
selected for phase II, focusing specifically on those with the
lowest scores in both knowledge and self-care practices, as they
were identified as the patients most in need of educational
intervention.

Data Collection Tools

Sociodemographic and Medical Data Questionnaire
This tool gathered data on sociodemographic features such as
age, educational level, and marriage status, and clinical attributes
such as time since diabetes diagnosis, presence and type of
comorbidities, fasting blood glucose levels, and BMI.

Knowledge Assessment Questionnaire
Participants’ knowledge about DM (hereinafter “knowledge”)
was gathered using 23 open-ended questions divided into 8
categories: basic knowledge about diabetes and its complications
(10 questions), treatment regimens (3 questions), physical
exercise (2 questions), the importance of follow-up visits (2
questions), dietary patterns (2 questions), foot care (2 questions),
bad habits that worsen the disease (1 question), and sources of
knowledge (1 question). Responses were scored using a system
where correct and complete answers received 5 marks, correct
but incomplete answers received 4 marks, incomplete answers
received 3 marks, incorrect answers received 2 marks, and
answers of “don’t know” received 1 mark. Each subsection
score was averaged, with total knowledge scores ranging from
23 to 115 marks. Scores were then classified into poor
knowledge (less than 60%, ≤69 marks) and fair knowledge (60%
or more, ≥70 marks).

Self-Care Practices Questionnaire
This questionnaire focused on self-care practices among patients
with DM and covered 43 different practices, which were
categorized into 6 areas: nutritional practices and adherence to
the DM dietary regimen (12 practices), practices related to
medication regimen (5 practices), practices related to glucose
monitoring (6 practices), practices related to physical activity
(8 practices), practices to avoid complications (6 practices), and
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practices related to foot care (6 practices). The self-care practices
were assessed using a 3-point Likert scale, where responses
were rated as “always” (2 marks), “sometimes” (1 mark), and
“rarely” (0 marks). Scores for each subsection were summed,
and the total scores were classified into 3 categories: poor
practices (less than 60%), fair practices (60% to <75%), and
good practices (75% or more).

Self-Care Skills Checklist
The researchers used the self-care skills checklist in phase II to
evaluate participants’ practical self-care skills through direct
observation. This assessment focused on 3 key tasks: preparing
and injecting insulin (comprising 9 and 7 steps, respectively)
and testing glucose levels in urine (9 steps). Conducting direct
observations and assessments postintervention enhanced
objectivity, providing a more reliable evaluation compared to
patients’ subjective self-ratings. The checklist used a 3-point
scoring system for each step: 3 points for correctly performed
steps, 2 points for incorrectly performed steps, and 1 point for
steps not performed. Subtotal scores for each skill were
calculated, and participants’ performance was categorized as
either satisfactory (≥60%) or unsatisfactory (<60%) based on
the total score for each individual skill and the overall score.

Language of Data Collection Tools
Questionnaires in this study were used to accommodate the
linguistic and practical needs of the participants and researchers.
All questionnaires, except the self-care skills checklist, were in
Arabic to ensure clear and effective communication with the
study participants, who are native Arabic speakers. Delivering
the questionnaire in their native language facilitated accurate
comprehension of the questions and reliable responses,
minimizing the risk of misinterpretation. The self-care skills
checklist was in English, as it was designed for and completed
by the researchers, all of whom possess a high level of
proficiency in English. Using English for the
researcher-administered questionnaire allowed for precision in
recording and interpreting data while maintaining consistency

with standard scientific and academic conventions. This
dual-language approach ensured that both participants and
researchers could engage effectively with the study materials,
optimizing the validity and reliability of the data collected.

Piloting and Validation
The developed tools were validated by a panel of experts from
the Faculty of Nursing at Kafr El-Shiekh University. The panel
consisted of 5 experts: 2 professors of medical-surgical nursing,
1 professor of medicine from the Faculty of Medicine, 1 assistant
professor, and 1 lecturer of medical-surgical nursing from the
Faculty of Nursing. The tool underwent both face and content
validity assessments. The content validity focused on evaluating
the clarity, appropriateness, applicability, wording, and
comprehensiveness of the tool. To assess the internal consistency
of the tool, the Cronbach α test was used. The results showed
a Cronbach α of 0.78 for the knowledge assessment
questionnaire, 0.8 for the reported self-care practice scale, and
0.88 for the diabetic self-care practice checklist. The same group
of experts also validated the scientific content of the educational
program.

After incorporating the experts’ recommendations, the
questionnaire was pilot tested. The pilot study was conducted
over 3 weeks and included 10% (40/400) of the sample size (40
patients with DM in phase I and 10 patients in phase II). The
purpose of the pilot study was to evaluate the clarity,
applicability, and comprehensiveness of the tools and to assess
the feasibility of the study process. Based on the findings from
the pilot study, necessary modifications were made, such as the
omission or addition of certain questions, to enhance the content,
improve simplicity and clarity, and ensure the tools were concise
and focused. The patients who participated in the pilot study
were excluded from the main study sample.

Data Collection Process
Data collection spanned approximately 6 months, from January
2022 to the end of June 2022, and consisted of 2 phases as
shown in Figure 1.
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Figure 1. Data collection process.

Phase I

The researchers first visited the diabetic clinic to discuss the
research objectives and methods with nursing leaders. During
this visit, they coordinated meetings with potential participants
and identified private spaces for conducting interviews and
delivering the initial intervention sessions. A sample of 400
patients with DM, meeting the previously described inclusion
criteria, was selected to explore their knowledge of DM and
self-care practices. Potential participants were informed about
the study’s purpose and invited to participate if they were
interested in receiving the intervention. Data collection took
place for those who agreed to participate, with each interview
lasting between 15 and 30 minutes (approximately 10‐14
participants were interviewed per day, one-on-one).

Participants were grouped according to their outpatient
appointments, and the educational intervention sessions were
conducted in groups ranging from 10 to 15 members. Sessions
were held daily, excluding Fridays, with each session lasting
30‐40 minutes. Each session began with a welcome and
icebreaker, followed by an explanation of the session’s
objectives and topics, and concluded with a recap and time for
participants to ask questions. The sessions ended with an open
discussion, allowing participants to address any clarifications,

and handouts related to the content were distributed for
participants to read at their convenience.

Phase II

As mentioned earlier, a purposive sample of a hundred patients
from phase I was selected to undergo phase II. Participants
underwent telenursing reinforcement of the educational
intervention content from phase I via calls, SMS text messages,
WhatsApp messages, videos, and voice notes. This was
undertaken over 4 weeks (details of this intervention are
provided in the following section). One month after the
telenursing reinforcement, a posttest assessment was carried
out at the outpatient clinic in Kafr Elshiekh Hospital. During
this assessment, patients were interviewed to evaluate their
knowledge, reported self-care practices, and self-care skills.

Intervention

Intervention Design
The intervention in this study was developed by the researchers,
all of whom were diabetes nursing specialists, to enable patients
with DM to enhance their self-care practices in response to the
needs of patients. The intervention included educational sessions
and telenursing follow-ups as described below.

JMIR Nursing 2025 | vol. 8 | e67339 | p.68https://nursing.jmir.org/2025/1/e67339
(page number not for citation purposes)

Alsahli et alJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Educational Sessions
The researchers delivered 6 educational sessions to the 400
participants in phase I at Kafr El Sheikh University Hospital’s
outpatient diabetes clinic. The educational sessions were held
daily, excluding Fridays, with each session lasting 30‐40
minutes. The educational sessions involved 3 theoretical and 3
practical sessions on diabetes. Specifically, the theoretical
sessions covered essential topics such as basic knowledge of
DM and its management (including medical treatment, physical
exercise, dietary management, foot care, follow-up, and lifestyle
habits that exacerbate the disease). The practical sessions
focused on promoting healthy lifestyles (eg, dietary practices
and physical exercises) and self-care practices (eg, insulin
preparation and injection, glucose testing in urine, blood glucose
monitoring, medication schedules, prevention of complications,
and foot care practices).

To reinforce the learning experience, the educational content
was compiled into a booklet distributed to participants after the
sessions, serving as a reference for the information provided.
A variety of pedagogical methods were used during the sessions,
including practical demonstrations, abstract lectures, group
discussions, and role-playing activities. These diverse teaching
styles were designed to accommodate different learning
preferences and build participants’ confidence and adherence
to the intervention. Additionally, visual aids such as images,
physical models, and PowerPoint presentations were used to
enhance understanding and engagement throughout the sessions.

Telenursing Follow-Up
During phase II, 100 participants were purposively selected for
a 4-week telenursing follow-up. This intervention aimed to
reinforce the educational content provided in phase I and support
patients in adopting effective self-care practices. The follow-up
schedule included daily 10‐15-minute calls in the first week,
twice-weekly calls in the second week, and weekly calls in the
final 2 weeks. These personalized interactions focused on
revisiting the educational material and addressing any questions
or challenges faced by the participants.

During the follow-up period, participants received daily health
education through various channels, including SMS text
messages, WhatsApp messages, voice notes, and videos, all of
which reiterated the information provided in the educational
booklet. To further encourage adherence to self-care practices,
daily reminders and audio recordings were sent to prompt
actions such as blood glucose self-assessment, medication
compliance, foot care, physical activity, and following the
recommended diet plan. The content of the telenursing follow-up
was meticulously developed by the researchers, drawing on
insights from phase I, evidence-based diabetes self-care
guidelines, and input from diabetes nursing specialists and
clinical researchers. This ensured the content was accurate,
culturally relevant, and aligned with the specific needs of the
participants.

Statistical Analysis
Data collection, coding, and analysis were undertaken using
SPSS (version 20, IBM Inc). Mean and SD values were used

to report continuous data (with independent sample t testing to
compare group differences) and frequency and percentage values
for categorical data (with chi-square and Fisher exact probability
tests to determine intervariable relationships). Pretest-posttest
differences were determined using paired sample t tests and the
McNemar test, indicating binary categorical variables’ changes
following the intervention. The robustness of the contingency
table analyses was assured using Monte Carlo simulations. The
application of these methods of statistical analysis affirmed
cross-comparison results’ reliability and mitigated risks of
erroneously rejecting null hypotheses, as presented in the
following section. After adjustments, a P value of ≤.05 was
assumed to indicate statistical significance.

Ethical Considerations
Kafr El Sheikh University granted ethical approval for this study
(KFIRB200-9). Studied patients gave verbal consent to taking
part after full disclosure of the nature and scope of the research
and their rights, including their ability to decline to take part or
to subsequently withdraw without any consequences for their
health care services or statutory rights. They were assured of
their right to confidentiality, and that all data are reported
anonymously in this study, with coding. All participants were
informed that the data related to their participation would only
be used for the current research purpose as per ethical guidelines
for participant protection.

Results

Overall Findings
As described in the following subsections, significant
shortcomings were discovered in participants’ knowledge and
skills at baseline, especially for female patients. The results
after the intervention revealed significant enhancements in
self-care practice and knowledge scores (P<.001). All of the
patients were able to ascend from “unsatisfactory” to
“satisfactory” scores in relation to skills for DM self-care,
underscoring the efficacy of the intervention in enabling patients
to achieve improved self-management of DM.

Sociodemographic Characteristics
The total studied sample comprised 400 people with DM, who
had a mean age of 49.7 (SD 11.5) years. As shown in Table 1,
the largest cohort (143/400, 35.7%) was aged 55‐65 years,
while over a fifth (86/400, 21.5%) each were aged 35‐44 and
45‐54 years. The vast majority of patients resided in family
residences (399/400, 99.7%) and were married (325/400,
81.3%). A large minority (149/400, 37.2%) reported being
illiterate, while almost a third (130/400, 32.5%) cited secondary
school as their highest educational level and a negligible
proportion (12/400, 3%) reported being university-educated.
Females were significantly more likely to be illiterate (108/200,
54%) than males (41/200, 20.5%; P<.001). Furthermore, a
negligible proportion (1/200, 0.5%) of male participants were
unemployed, while none of the female participants were
employed.
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Table . Participants’ sociodemographic characteristics.

P valueχ 2 aTotal (N=400)Female (n=200)Male (n=200)Variables

<.0014.6Age (years), n (%)

58 (14.5)16 (8)42 (21)    29‐34

86 (21.5)45 (22.5)41 (20.5)    35‐44

86 (21.5)46 (23)40 (20)    45‐54

143 (35.7)74 (37)69 (34.5)    55‐64

27 (6.8)19 (9.5)8 (4)    65‐72

49.7 (11.5)52.3 (11.1)47.1 (11.4)    Mean (SD)

.19.2Marital status, n (%)

11 (2.7)3 (1.5)8 (4)    Single

325 (81.3)155 (77.5)170 (85)    Married

64 (16)42 (21)22 (11)    Widowed

.317b-Living alone?, n (%)

1 (0.3)1 (0.5)0 (0)    Yes

399 (99.7)199 (99.5)200 (100)    No

<.00159.2Education, n (%)

149 (37.2)108 (54)41 (20.5)    Illiterate

80 (20)39 (19.5)41 (20.5)    Literate

29 (7.3)8 (4)21 (10.5)    Preparatory

130 (32.5)43 (21.5)87 (43.5)    Secondary

12 (3)2 (1)10 (5)    University

<.001c-Work status, n (%)

199 (49.7)0 (0)199 (99.5)    Working

201 (50.3)200 (100)1 (0.5)    Not working

aTwo-tailed.
bP value for Living alone? is based on Fisher exact test.
cP value for Work status is based on Monte Carlo exact test.

Clinical Characteristics
As Table 2 shows, one-third (135/400, 33.8%) of patients in
this study received their DM diagnosis over 10 years previously,
and the majority (231/400, 57.7%) had the comorbidity of
cardiac disease. Concerning the latter condition, males (82/200,
41%) were significantly less likely to have it than females
(149/200, 74.5%; P<.001). Almost half (176/400, 44%) of

patients just received insulin treatment, while almost a quarter
(93/400, 23.3%) additionally received oral hypoglycemic
medications. The vast majority of patients exhibited elevated
blood glucose (365/400, 91.3%), and most were overweight
(146/400, 36.5%) or obese (147/400, 36.8%); females were
disproportionately more prone to obesity (135/200, 67.5%) than
their male counterparts (12/200, 6%).
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Table . Participants’ medical symptoms.

P valueχ 2 aTotal (N=400), n (%)Female (n=200), n (%)Male (n=200), n (%)Medical data

<.00122.8Disease onset (years)

70 (17.5)42 (21)28 (14)<1

83 (20.7)49 (24.5)34 (17)1‐5

112 (28)64 (32)48 (24)5‐10

135 (33.8)45 (22.5)90 (45)10+

Other chronic diseases

<.0015.9168 (42)51 (25.5)117 (58.5)None

<.0014.2231 (57.7)149 (74.5)82 (41)Cardiac disease

.5411.725 (6.2)6 (3)19 (9.5)Hypertension

.8140.512 (0.5)2 (1)0 (0)Renal disease

.8850.53 (0.7)1 (0.5)2 (1)Rheumatic disease

.9240.19 (2.2)4 (2)5 (2.5)Liver disease

<.00128.2Type of diabetes treatment regimen

131 (32.7)66 (33)65 (32.5)Oral hypoglycemic
drugs

176 (44)69 (35.5)107 (53.5)Insulin

93 (23.3)65 (32.5)28 (14)Both

Commitment to follow-up schedule

N/AN/Ab400 (100)200 (100)200 (100)Always

.6620.83Fasting blood glucose

2 (0.5)1 (0.5)1 (0.5)Below normal

33 (8.2)19 (9.5)14 (7)Normal

365 (91.3)180 (90)185 (92.5)Above normal

<.00194.2BMI

107 (26.7)28 (14)79 (39.5)Normal

146 (36.5)37 (18.5)109 (54.5)Overweight

147 (36.8)135 (67.5)12 (6)Obese

aTwo-tailed.
bN/A: not applicable.

Baseline Knowledge Scores
In terms of knowledge, the majority (255/400, 63.7%) exhibited
poor knowledge at baseline, albeit this was significantly less
pronounced among males (102/200, 51%) than females
(153/200, 76.5%; P<.001), as shown in Table 3. About half
(98/200, 49%) of male participants had “fair” knowledge, while

less than a quarter (47/200, 23.5%) of females did.
Consequently, the outcomes underscore major differences in
baseline knowledge among males and females, especially
concerning comprehension of appropriate DM management
practices, as affirmed by results on actual practices (discussed
below), indicating the necessity of specific educational
interventions targeted to females.

Table . Baseline diabetes mellitus knowledge.

P valueχ 2Total (N=400), n (%)Female (n=200), n (%)Male (n=200), n (%)

<.00128.1Knowledge level

255 (63.7)153 (76.5)102 (51)    Poor (<60%)

145 (36.3)47 (23.5)98 (49)    Fair (≥60%)
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Baseline Self-Care Practices
At the beginning of the intervention, most patients (248/400,
62%) exhibited inadequate baseline self-care practices, albeit
this was significantly lower among males (96/200, 48%; P<.001)
than females (152/200, 76%), as shown in Table 4. “Good”
practices for self-care were only reported among 24% (48/200)
of males and 8% (16/200) of females. The lowest adherence

was noted for blood glucose monitoring (316/400, 79%),
physical exercise (296/400, 74%), and the prevention and
management of acute complications (268/400, 67%). Critical
shortfalls in self-care behaviors were thus observed, especially
with regard to females, which indicates that more targeted
interventions are needed to enhance essential self-care among
female service users (in addition to the general need for
improved self-care among DM patients in general).

Table . Pretest self-care practice scores.

P valueχ 2Total (N=400), n (%)Female (n=200), n (%)Male (n=200), n (%)

<.00135.2Total practice score

64 (16)16 (8)48 (24)Good (≥75%)

88 (22)32 (16)56 (28)Fair (60‐74%)

248 (62)152 (76)96 (48)Poor (<60%)

Intervention Impacts on DM Knowledge
Table 5 demonstrates that the intervention achieved significant
enhancements of patients’ DM management knowledge for all

studied domains (P<.001). The biggest improvements were seen
concerning physical exercise knowledge, which saw a mean
increase of 6.6 points, and tangible improvements were seen in
knowledge of dietary choices and regimens of treatment.

Table . Mean of diabetes mellitus knowledge scores before and after the intervention (n=100).

P valuet testbMean changeaScore, mean (SD)Knowledge domains

PostinterventionPreintervention

<.00131.828.240.3 (7.4)12.1 (3.7)Basic knowledge about

DMc

<.0019.54.310.5 (1.5)6.2 (1.9)Treatment regimen

<.00137.478.2 (1.9)1.2 (0.5)Physical exercise

<.00121.90.85.8 (0.4)5 (0)Importance of follow-
up visits

<.00122.93.56.5 (1.2)3 (1.3)Dietary knowledge

<.00125.62.43.8 (0.6)1.4 (0.6)Foot care knowledge

<.00123.51.73.8 (0.5)2.1 (0.5)Knowledge of bad
habits increasing DM
severity

<.00130.742.271.8 (13)29.6 (3.9)Total knowledge score

aMean change = Posttest score – Pretest score.
bTwo-tailed paired sample t test.
cDM: diabetes mellitus.

Intervention Impacts on Self-Care Practices
As shown in Table 6, the applied intervention achieved
statistically significant enhancements of practices for self-care
for all studied domains (P<.001). Mean increases of 8.15 points

each were attained for the practices of “foot care” and “blood
glucose monitoring,” with a more modest increase in exercise
practices of 3.45 points. These outcomes indicate that the
intervention successfully improved participants’ self-care
behaviors for improved DM management.
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Table . Mean of self-care practice scores before and after the intervention (n=100).

P valuet testbMean changeaScore, mean (SD)Practice domains

PostinterventionPreintervention

<.00140.412.821.2 (2.3)8.4 (2.2)Nutritional practices

<.00155.44.77 (0)2.3 (0.6)Treatment regimen ad-
herence

<.00136.98.710.3 (2.5)1.6 (0.9)Monitoring of blood
glucose level

<.00155.110.414.2 (1.1)3.8 (1.7)Physical activities

<.00121.9510.2 (1.2)5.2 (2)Practices to avoid
complications

<.00136.98.710.3 (2.5)1.6 (0.9)Foot care practices

<.00153.739.159.9 (7)20.8 (4.5)Total practice score

aMean change = (Posttest score – Pretest score)/Pretest score.
bTwo-tailed paired sample t test.

Intervention Impacts on Self-Care Skills
Significant improvements were seen following the intervention
in patients’ self-care skills, as shown in Table 7. Every
participant went to “satisfactory” postintervention from
“unsatisfactory” at baseline (400/400, 100%; P<.001), as
reflected in the baseline scores for insulin preparation (mean
12.3, SD 2.1), self-injection (mean 11.8, SD 2.5), and glucose

testing (mean 10.5, SD 1.9) increasing to 25.4 (SD 3), 24.8 (SD
2.8), and 23.5 (SD 2.4), respectively. These results underscore
the effectiveness of the intervention to empower patients with
prerequisite DM management skills, demonstrating the efficacy
of practical instruction and reminders and reinforcement via
telenursing, with the possibility of scalability for different and
varied populations.

Table . Level of self-care skills before and after the intervention.

P valueχ 2 aPostinterventionPreinterventionSelf-care skills

<.00147Insulin preparation
(n=58), n (%)

0 (0)58 (100)    Unsatisfactory

58 (100)0 (0)    Satisfactory

<.00147Insulin injection (n=58), n
(%)

0 (0)58 (100)    Unsatisfactory

58 (100)0 (0)    Satisfactory

<.00151.9Urine glucose testing
(n=100), n (%)

0 (0)100 (100)    Unsatisfactory

100 (100)0 (0)    Satisfactory

aMcNemar test for related groups.

Discussion

Main Outcomes

Summary of Key Findings
This study on patient education and telenursing impacts
concerning self-care practices among DM patients produced
statistically significant outcomes, encompassing quantifiable
improvements in skills, knowledge, and practices. Consequently,
the intervention was effective in improving DM
self-management and mitigating risks, as described below.

Improved DM Knowledge
The intervention resulted in patients with DM attaining
significantly improved DM knowledge, especially concerning
physical exercise, nutrition, and compliance with treatment. A
more in-depth understanding of physical exercise was reflected
in the postintervention increase in mean knowledge about
physical exercise (and its impact on blood glucose) by 6.6 points
[13]. This was striking, as education for patients with DM often
lacks sufficient attention to physical exercise, despite its
fundamental place in managing blood glucose and avoiding
DM complications [13]. Improved knowledge scores concerning

JMIR Nursing 2025 | vol. 8 | e67339 | p.73https://nursing.jmir.org/2025/1/e67339
(page number not for citation purposes)

Alsahli et alJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


regimens and nutrition were also significant, and these outcomes
are essential for the strategy of managing diabetes.

The intervention analyzed in this research effectively addressed
existent educational needs among DM patients, offering them
accurate and clear information they could apply, via easy-to-use
formats (eg, SMS text messages, telephone calls, and
WhatsApp). The ease of access enabled patients to effectively
manage their conditions, which was particularly useful for the
subset recruited for phase II, due to their particularly poor
knowledge and self-care determined in the preliminary
assessment. Although individual needs of specific patients were
not targeted by the studied intervention, it was directed to
commonly identified barriers and needs among patients requiring
such services, offering scope for genuine enhancements in
patients’ outcomes and self-care behaviors.

Improved Self-Care Practices
Self-care practices significantly increased participants’ scores
for practices following the intervention, including monitoring
blood glucose, undertaking appropriate foot care, and physical
exercise. For monitoring blood glucose and foot care,
participants achieved a mean improvement of 8.15 points each,
highlighting the efficacy of the intervention in terms of
encouraging positive practices to avoid long-term complications
and deteriorating health conditions, including serious ones
commonly affecting patients with DM due to a dearth of
appropriate self-care (eg, neuropathy and foot ulcers) [14].
Physical exercise-related self-care practices also yielded an
improvement of 3.45 points, showing more likelihood of
undertaking exercise after the intervention. This addresses a
core aspect of the management of diabetes, enhancing sensitivity
to insulin and lowering the risk of cardiovascular damage [15].

Improved Self-Care Skills
The effects of the intervention on participants’ self-care skills
were substantial; all 100% (400/400) had “unsatisfactory” skills
preintervention, and 100% (400/400) had “satisfactory” skills
after it, in terms of preparing and injecting insulin and testing
glucose in urine. This demonstrates the potentially remarkable
effectiveness of patient education and telenursing follow-ups
to enable patients with DM or other serious conditions to more
proactively improve and maintain positive skills and behaviors,
thereby improving their health outcomes (and substantially
reducing costs for health systems).

Relation to Existing Literature
The outcomes of this study affirm those of the broader literature
on positive telenursing impacts on the management of chronic
diseases, such as DM [6,16]. Previous studies have extensively
demonstrated particular impacts of telenursing in terms of
enhanced engagement and medication adherence among patients,
which ultimately contribute to improved prognosis [17,18]. This
research contributes to the literature by presenting how a holistic
telenursing intervention combining educational with skills-based
content delivered via modern telecommunications (eg,
WhatsApp messages) can facilitate major breakthroughs for
patients in terms of increased self-care practices and DM
management knowledge. This notably goes beyond most
DM-related research, which tends to prioritize fundamental

biomedical indicators of telenursing effectiveness (eg, HbA1c

and BMI), without commensurate attention to the holistic
dimensions of DM care and self-management for patients (eg,
exercise) [8,19].

Implications for Practice and Research
The intervention used in this research achieved notable benefits
for patients, offering broader potential impacts for health
practice and studies. For practitioners, the outcomes of this
study affirm the effectiveness of patient education and
telenursing follow-ups to improve diabetes care services, and
personalized support and education delivered remotely via
modern technologies, which are increasingly ubiquitous, can
enlarge patient access to education and improve medication and
healthy behavior adherence. Such impacts reduce demand for
conventional clinical resources and avoid the escalation of
negative DM-related conditions, thereby improving quality of
care (ie, patient health and satisfaction) while achieving
maximum resource deployment efficiency for health systems,
which is essential for contexts with limited resources (eg, in
low-income countries or remote geographical areas).

This research suggests that the effectiveness of patient education
and telenursing follow-ups can be enhanced by adopting a
patient-centered approach that addresses specific gaps in skills
and knowledge among particular patient groups or individual
patients. A personal paradigm considering each patient’s
particular requirements, as applied in this study, can enable
patient education and telenursing follow-ups to offer its full
benefits, reducing net costs on conventional health care
resources, especially for chronic and serious conditions requiring
improved self-management by patients, such as DM. In terms
of implications for research, this study leaves open the
requirement to investigate longitudinal effects of patient
education and telenursing follow-ups to see if the advantages
for self-care practices and DM knowledge recorded after a few
weeks in this research can be sustained over time, and the extent
to which they affect health indicators over the longer term (eg,
reduced rates of DM complications and improved glycemic
control). Furthermore, the cost efficiency of patient education
and telenursing follow-ups in various potential applications can
be compared to enable policy development to optimally deploy
such initiatives for the maximum benefits. Finally, future studies
should consider conducting 2-arm RCTs to compare patient
education and telenursing follow-ups with standard care.
Research involving diverse populations would also help
determine the broader applicability of this approach.
Additionally, integrating mobile health applications with
automated reminders could enhance communication and patient
adherence, potentially improving self-care related outcomes.

Limitations
The foremost limitation of this study pertains to its reliance on
patients’ own self-perceived and rated performance for some
of the tools used, which is obviously subject to various forms
of bias (including social desirability bias concerning self-care
practices when reporting data in health care contexts).
Furthermore, it was not possible to objectively measure patient
indicators outside of clinical settings, including their exercise
habits, nutrition, and blood glucose levels; such data would
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have offered improved, robust proof concerning the positive
impacts of the intervention.

The used design, with a single group and pretest-posttest format,
precludes the use of a control group, which consequently reduces
the confidence with which observed changes can be solely
attributed to the intervention. It should also be remembered that
many patients in real clinical contexts lack access to the internet,
smartphones, etc, due to socioeconomic and geographical
barriers and digital literacy, which can affect the applicability
of this and other interventions, undermining the equity of
telenursing care. The single setting from which participants
were recruited is also an issue that reduces generalizability. It
is advised that researchers use objective methods of measuring
patients’ clinically relevant data in studies of their self-care
behaviors, use control groups, and recruit participants from
multiple contexts in order to generate more generalizable
feedback about patient needs and the efficacy of interventions.
Researchers should also always consider accessibility issues,
including with regard to the use of digital technologies to deliver
care.

Conclusions
The results affirm that an appropriately designed educational
telenursing intervention can achieve significantly improved

patient knowledge, self-care practices, and skills among patients
with DM. Delivered via numerous modern methods of
telecommunication, the intervention was successful in targeting
essential issues in DM management to prevent complications,
including monitoring blood glucose, physical exercise, and
appropriate care for the foot. These results buttress calls for
telenursing inclusion in conventional care for patients with DM,
especially in contexts where conventional resources are not
optimally accessible for all patients. This study’s outcomes
highlight the potential of patient education and telenursing
follow-ups as an effective and scalable intervention to enable
improved self-care practices, skills, and knowledge for patients
with DM. The statistically significant enhancements
demonstrated by this research support the use of patient
education and telenursing follow-ups to help address the
expanding costs of diabetes care, especially in contexts with
limited resources. Nevertheless, more studies are required to
ascertain whether the outcomes of this study are similar across
different service user populations and to assay the long-term
clinical and economic sustainability of education and telenursing
solutions for such care.
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Abstract

Background: The digitalization of health care in Germany holds great potential to improve patient care, resource management,
and efficiency. However, strict data protection regulations, fragmented infrastructures, and resistance to change hinder progress.
These challenges leave care institutions reliant on outdated paper-based workflows, particularly for patient data transmission,
despite the pressing need for efficient tools to support health care professionals amid a nursing shortage and rising demand for
care.

Objective: This paper aims to analyze Germany’s care transition record (CTR) and CTR transmission process as part of transition
management and suggests improvements toward a seamless digital solution.

Methods: To understand the current challenges of manual CTR transfers, we used a mixed methods approach, which included
a web-based questionnaire with nursing professionals, field observations, business process model and notation modeling, semantic
and frequency analysis of CTR entries, and user story mapping.

Results: A web-based questionnaire involving German nursing professionals (N=59) revealed considerable delays in patient
care due to manual, patient-transferred CTRs. Of the 33 usable responses (n=33), 70% (n=23) of the respondents advocating for
digital transmission to improve efficiency. Observations (N=11) in care facilities (n=5, 45%) and a hospital (n=6, 55%) confirmed
the high administrative burden, averaging 34.67 (SD 10.78) minutes per CTR within a hospital and 44.6 (SD 20.5) minutes in
care facilities. A semantic analysis of various CTRs (N=4) highlighted their differences and complexity, stressing the need for
standardization. Analyzing a new CTR standard (care information object CTR) and manually mapping an existing CTR to it
showed that the procedure was ambiguous, and some associations remained unclear. A frequency analysis of CTR entities revealed
which were most used. In addition, discussions with care staff pointed out candidates for the most relevant entities. On the basis
of the key findings, a stepwise transition approach toward a road map proposal for a standardized, secure transfer of CTRs was
conceptualized. This road map in the form of a user story map, encompassing a “CTR transformer” (mapping of traditional CTRs
to a new standard) and “care information object CTR viewer/editor” (in short, CIO-CTR viewer and editor; a new standard for
viewing, editing, and exporting), shows a possibility to bridge the transition time until all institutions fully support the new
standard.

Conclusions: A future solution should simplify the overall CTR transmission process by minimizing manual transfers into
in-house systems, standardizing the CTR, and providing a secure digital transfer. This could positively impact the overall care
process and patient experience. With our solutions, we attempt to support care staff in their daily activities and processes until
nationwide state regulations are implemented successfully, though the timeline for this remains uncertain.

(JMIR Nursing 2025;8:e60810)   doi:10.2196/60810
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Introduction

Digitalization in Health Care in Germany
Digitalization has emerged as a transformative force across
various sectors, fundamentally altering organizational operations
and service delivery. Health care is one sector benefiting
significantly from digitalization as it can support patient care,
resource management, and overall efficiency [1,2].

The growing shortage of qualified nursing personnel and the
rising number of people needing care signify the need for more
efficient, high-quality processes and tools to support health care
professionals. Digital solutions offer a pathway to address these
challenges by automating administrative tasks, improving
communication between health care providers, and freeing up
valuable time for direct patient care [3-5]. In Europe, policy
makers, researchers, and health care practitioners are working
to enhance health care infrastructure and promote
interoperability to foster more efficient and coordinated care
[6]. However, in Germany, the digital transformation of health
care remains slow and faces significant obstacles [3,7,8].

Stringent data protection regulations for the processing of
personal data (eg, the European Union’s General Data Protection
Regulation [GDPR] and Germany’s Patient Data Protection
Act, derived from the GDPR [9]) and fragmented technical
infrastructures combined with the resistance to change make it
difficult to integrate new tools or adjust existing processes
[7,10]. In addition, the lack of a unified digital strategy further
hinders the seamless implementation of digital health solutions
[7,10].

Ultimately, the complexity of implementing digital solutions
in the German health care system stems from balancing
innovation with regulatory compliance, data security, and
protecting patient privacy.

Care Transmission Process in Germany
A critical challenge within health care digitalization is ensuring
the seamless transition of patient information between health
care institutions. Paper-based workflows, still prevalent in many
facilities, often cause delays and data loss during the transfer
process due to the lack of standardized formats and the inability
to share data in time.

Our research focuses on streamlining parts of the care transition
record (CTR) transmission process to address this issue. The
project’s goal is to improve the transfer of patient data across
care institutions, which currently suffer from time-consuming
manual data entry, format inconsistencies, and delays in the
arrival of crucial patient information.

State of the Art

Health Care Data Exchange
A security-conformant approach for digital transfer is the use
of a dedicated health data (transfer) network. In Europe, such
a service must be conformant to the GDPR, that is, legal
compliance (ensuring data privacy and security), patient data
control (data consent management for patients), data security
(only access by authorized users, protection against breaches),
and interoperability (fostering data exchange between different
health care providers across various platforms) [9].

The telematics infrastructure (TI) is Germany’s digital health
data network designed to connect all health care providers,
enabling the exchange of medical data across institutions [11].
It integrates various applications to streamline communication
between health care entities such as physicians, hospitals, and
pharmacies.

A specific way to exchange health data within a health data
network is via an electronic health record. An electronic health
record represents the digital version of a patient’s medical
history maintained over time by health care providers. It includes
key clinical data relevant to patient care, such as medical history,
diagnoses, medications, treatment plans, immunization dates,
allergies, radiology images, and laboratory results. It is possible
to share the patient data with other health care stakeholders,
including the patient [12,13].

Several countries have made significant progress in this area,
for example, the electronic patient dossier from Switzerland
[14,15], electronic health record (Elektronische Gesundheitsakte)
from Austria [16], MyKanta from Finland [17,18], and Mon
espace santé from France [19]. They offer structured consent
management for patients, meet the high security standards of
the European Union, and foster interoperability by using the
standard Fast Healthcare Interoperability Resources Health
Level 7 (HL7), for exchanging electronic health care data.

The implementation of Germany’s electronic patient record
(ePA) [20] is progressing; however, it faces challenges. Many
health care providers are not yet integrated, and patients must
manually upload data. Technical and privacy issues, including
interoperability concerns and strict data protection laws,
continue to hinder broader adoption and use [21,22].

Another component within the TI is Kommunikation im
Medizinwesen (KIM). It is a communication service with which
health data can be exchanged directly by care providers, such
as via email [23]. Nationwide implementation of the TI has
been slow due to interoperability challenges. Adoption has
lagged, primarily due to concerns over complexity, costs, and
workflow disruptions. Health care professionals are hesitant to
fully transition to digital tools because of these technical
difficulties and the perceived burden of TI integration. There
are 2 model projects in Germany [24,25] piloting and evaluating
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the TI and including components (eg, KIM and ePA).
Unfortunately, no detailed evaluation reports have been
published yet.

Standardization of Health Care Data
Standardization is a significant aspect that can improve the
transfer of patient data in terms of reducing potential manual
data entry and format inconsistencies. Standardizing CTRs is
a potential possibility for improving the CTR transmission
process. In Germany, 2 subsequent projects have focused on
this issue: the first project is the ePflegebericht.

The ePflegebericht Project (electronic nursing report) began in
2002 when the Network for Continuity of Care in the Osnabrück
Region [26] developed the concept for an electronic nursing
report [27]. Insights from testing this software and its transition
forms were gathered in a project under the patronage of the
German Nursing Council starting in 2006. These insights were
generalized beyond local use, placed in an international context
[28], and aligned regionally and nationally [29]. The result was
then submitted for approval as an HL7 standard [30].

The ePflegebericht served as a data exchange format for sharing
information between care facilities and hospitals. It is based on
the HL7 Clinical Document Architecture standard described in
the study by Flemming et al [31]. The study validated the HL7
Clinical Document Architecture–based ePflegebericht and
confirmed that it could cover all relevant nursing data compared
with 114 paper-based nursing summaries used by 806 health
care facilities in Germany. The ePflegebericht provided a
comprehensive structure for transferring nursing information,
demonstrating its applicability during care transitions. It
improved the transmission of nursing data compared to
paper-based methods, adding details such as social and homecare
information, leading to more holistic documentation.
Technically, advancements such as reusable templates were
also introduced. These updates led to the relaunch of the
ePflegebericht, with slight modifications, and in 2019, it was
again up for approval.

The introduction of the ePflegebericht marks a significant
advancement in the standardization of CTRs in Germany. A
nationwide initiative aiming to develop a standard format for a
variety of health-related documents (ie, medical information
objects [32]) used the ePflegebericht as a foundational model
f o r  t h e i r  C T R  f o r m a t :  P f l eg e r i s c h e s
Informationsobjekt-Überleitungsbogen (PIO-ULB). In this
paper, the authors refer to the PIO ULB as care information
object (CIO) CTR. This initiative was commissioned by the
German government and overseen by the Gesetzliche
Krankenversicherung Spitzenverband (central representative
body of the statutory health and nursing care funds in Germany),
and the mio42 GmbH (organization that develops medical
information objects on behalf of the National Association of
Statutory Health Insurance Physicians [Kassenärztliche
Bundesvereinigung]). Furthermore, it involved the collaboration
of the Deutscher Berufsverband für Pflegeberufe eingetragender
Verein (DBfK; German Professional Association for Nursing
Professions eingetragender Verein), and the Deutscher Pflegerat
eingetragender Verein (German Nursing Council eV) [32].

CIO-CTR uses HL7 Fast Healthcare Interoperability Resources
datasets, as described in the publication by mio42 GmbH [33],
and was completed by the end of 2022. However, there is still
uncertainty regarding the swift implementation of this new
standard, primarily due to the financial and human resource
challenges faced by health care software manufacturers who
must adapt their existing products to comply with the
specification, which spans approximately 2000 pages (XML
code), as shown in mio42 GmbH [34]. The CIO-CTR will be
effective at the beginning of 2025 [34] but without legal
obligation for software manufacturers to implement it.

Objectives
This paper aims to analyze and address the challenges of the
CTR transmission process in Germany. On the basis of a review
of the current situation and possible approaches, a road map
toward a fully digital, seamless solution is to be proposed. The
overall goal is to improve the transfer of patient care data across
care institutions.

Methods

Several methods were used to assess the satisfaction of nursing
staff in the context of patient data transfer in care facilities in
Germany. These include the creation of a web-based
questionnaire, conducting field observations and contextual
inquiries, business process model and notation (BPMN)
modeling, semantic and frequency analysis of existing CTRs,
and user story mapping. The findings are presented in this paper.

Web-Based Questionnaire
A web-based survey was conducted to identify challenges and
preferences related to the CTR transmission process. The survey
targeted nurses, nursing assistants, and trainees working in
ambulatory, acute inpatient (eg, hospitals), or long-term care
settings familiar with the CTR process. Participation was
solicited through various channels, including the Bavarian State
Ministry of Health and Prevention and the professional networks
of project members. Due to a low initial response rate, the survey
period was extended, and multiple reminders were issued. Using
LimeSurvey, the survey ran from February 11, 2022, to April
30, 2022.

The questionnaire, developed iteratively by the project team
(developers; care managers; and ethical, legal, and social issue
experts), was based on literature and included custom questions
and items from the validated Copenhagen Psychosocial
Questionnaire tool [35]. Copenhagen Psychosocial
Questionnaire items covered 12 domains, such as
sociodemographic information (eg, gender, age, and work
setting). Additional items focused on the experience with CTR
creation and transmission, error rates, and attitudes toward
digitalization. The 24-item questionnaire primarily used 4-point
Likert scales, supplemented by nominal, metric scale, and
open-ended questions. Respondents could opt out at any time,
and all data were anonymized. A pretest with 7 participants
from 2 independent institutions (implementation and nursing
sciences) identified several structural and technical issues, which
were addressed in a second pretest round. The same individuals
tested the final version and did not reveal any issues.
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Data analysis was conducted using SPSS (version 28.0.0.0;
IBM Corp). Responses to open-ended questions were
categorized using Microsoft Excel, and the data were checked
for erroneous entries before being analyzed, focusing on
descriptive statistics.

Field Observations and Contextual Inquiries

Overview
Field observations and contextual inquiries were conducted in
a hospital and inpatient care facilities to understand the CTR
transmission process thoroughly. These methods focused on
the activities of care staff in their natural work environments,
providing foundational insights for process modeling and
research. The CTR transmission process in this study refers to
all activities involved in creating a CTR at the sending facility
and integrating it into the in-house system at the receiving
facility, including the use of computer equipment, work tools,
and telephone calls, while accounting for potential confounding
factors. The observations aimed to clarify whether staff entered
all data from the CTR at once or alternated between tasks.

Field Observation
Field observation, a qualitative research method, involves
systematically observing participants in their natural settings
to collect rich, contextual data on behaviors, interactions, and
the surrounding environment [36]. An observation protocol was
established to ensure consistency across sites and sessions,
focusing on key areas such as activities performed, use of aids
(eg, software and hardware), how information was handled and
transferred, and any special features or abnormalities.
Unobtrusive observation techniques were used to minimize
observer effect, and detailed field notes were recorded, capturing
both activities and nonverbal cues.

Contextual Inquiry
Contextual inquiry, a user-centered design method, was used
to observe participants in their natural work environments while
engaging in informal conversation to ask questions or clarify
processes. This approach provided a deep understanding of the
context in which tasks were performed and the challenges faced
by users [37,38]. These inquiries, which were conducted
primarily in participants’ offices, allowed researchers to ask
questions during task performance, facilitating an exploration
of thought processes and decision-making, particularly with
complex systems.

Execution
The observations and inquiries were conducted by 2 researchers,
one with a medical background and the other specializing in
user-centered design, ensuring comprehensive documentation
and minimizing potential biases. The field observations and the
contextual inquiries followed the same protocol. Thematic
analysis [39] was applied to the data, with the researchers
collaboratively reviewing and coding field notes to identify
relevant patterns that informed the process modeling. In less
formalized care facility environments, contextual inquiries were
preferred, with researchers assuming an apprentice role to ask
clarifying questions without disrupting workflows.

The observations were restricted to on-site care staff and did
not include patients or external personnel (eg, patient transport).
Observations occurred between 2020 and 2022, with no specific
temporal or spatial restrictions within the facilities. Each
observation was planned for 1 hour each.

Ethical Considerations
All studies adhered to ethical guidelines, and informed consent
was obtained from participants. All data were anonymized. No
incentives were offered. Ethics approval for the study was
granted by the joint ethics committee of the Universities of
Bavaria (GEHBa-202107-V-028).

BPMN Modeling of CTR Transmission Process
BPMN is an established and widely used graphical
representation for modeling business processes. It is a standard
developed by the Object Management Group (OMG) and has
been adopted as an International Organization for
Standardization (ISO) standard.

In BPMN, a process is represented as a sequence of activities
or events, ordered in a flow that can be split or merged using
gateways, directing the flow into one or multiple paths. Due to
its simplicity, business process managers have widely used this
standard in many application domains. Despite not being
explicitly designed for clinical processes, BPMN has proven
its value in the health care domain, allowing an
easy-to-understand representation of clinical processes [40,41].

Semantic Analysis of CTRs
Semantic analysis is a good approach to extract and interpret
the meaning of terms and sentences in detail. In the discipline
of computer science, it is a fundamental component of natural
language processing [42,43].

For semantic analysis, CTRs (empty and filled with fictive
patient data) from cooperation facilities (n=4) were analyzed
and compared in detail to better understand their structure,
similarities, and differences. For clarification of any questions
(eg, exact meaning, relevance, or scope of a specific category
or word and overall comprehension), 1 meeting per facility with
care staff was held. Given the semistructured to unstructured
nature of the CTRs, it was critical to determine which data
elements hold the same or different information compared to
another facility. The meetings (n=4) lasted approximately 60
minutes.

Afterward, the CTRs were mapped to the new CIO-CTR
standard. For this, the CTR entries were subdivided into entities
and values and afterward mapped with pen and marker to the
new standard format CIO-CTR.

Frequency Analysis of CTR Entities
Frequency analysis [44] is a method used to determine how
often specific elements occur within a dataset, both in absolute
terms and as a proportion of the total data. In this study,
frequency analysis was applied to assess the occurrence of
individual CTR entities to determine which pieces of
information are most included. This helped inform the design
of the proposed digital solution, ensuring that it prioritizes the
most frequent CTR entries.
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User Story Mapping
User story mapping [45] is a user-centric bottom-up technique
used to outline a product or product feature. The output, known
as a story map, provides a global view of the product, detailing
the steps a user takes to achieve a specific outcome. This method
helps prioritize tasks, identify dependencies, and adapt to
changes.

Story maps are organized along 2 dimensions: the backbone
(horizontal axis), which represents the user’s activities step by
step, and the release dimension (vertical axis), which defines
the scope of the product and its various stages of development.
A commonly used format for user stories is the
role-feature-reason format: “As a <user>, I want to <feature>
so that <value>” [45]. While a story backlog lists user stories
in isolation, user story mapping provides a structured, global
view of the entire application, fostering a common understanding
between developers and stakeholders. This method also
encourages communication, helping to eliminate
misunderstandings early in the development cycle.

In the story mapping workshop, results from previous
requirement analysis—including user feedback, product vision,
and initial process modeling—are used to create actionable user

stories. The key objectives of the workshop included
understanding the user’s perspective, identifying potential gaps,
prioritizing, and release planning.

In total, 2 workshops were conducted, involving a total of 7
participants. These participants were part of the core research
project team, bringing diverse expertise from various disciplines:
health care (n=2, 29%), computer science (n=3, 43%), design
(n=1, 14%), and IT security (n=1, 14%). All 7 (100%)
participants attended both workshops, ensuring continuity and
consistency in the discussions and decisions.

Results

Web-Based Questionnaire
A total of 59 participants participated in the web-based survey
to determine the experiences and needs of nursing professionals
regarding care transition reports, of which 35 (59%) met the
inclusion criteria. Of the 35 participants, 2 (6%) did not finish
the survey, resulting in 33 usable datasets. In Table 1, specific
sociodemographic information about the participants is provided.
An overview of the systems or software used is also provided
in Table 2.

Table 1. Sociodemographic information of participants (n=33).

Participants, n (%)Characteristics

Gender

22 (67)Women

10 (30)Men

1 (3)Nonbinary

Age group (y)

2 (6)18-24

13 (40)25-34

7 (21)35-44

8 (24)45-54

3 (9)>55

Care setting

2 (6)Short-term care (outpatient)

28 (85)Acute inpatient care (hospital)

3 (9)Long-term care (care facility)

Federal state (within Germany)

32 (97)Bavaria

1 (3)Berlin
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Table 2. Information about the system or software used.

Participants, n (%)Information

System or software used for the creation of CTRsa

20 (61)I use software

4 (12)I do not know

5 (15)I use a paper form

3 (9)I use a paper form and software

1 (3)Not specified

Specific software used

16 (49)ORBIS (by Dedalus)

1 (3)C&S

1 (3)SAP

1 (3)Sic Pflegeassistent (by CGM SYSTEMA SIC)

1 (3)SnapAmbulant (by euregon)

1 (3)Sorian

12 (36)Not specified

aCTR: care transition record.

The high percentage of female participants (22/33, 67%) reflects
the well-established predominance of women in nursing. The
concentration of participants in the 25 to 34 age group suggests
that the web-based survey may have been more appealing or
accessible to younger adults. In addition, during the COVID-19
pandemic, care professional faced more stress and work, which
might have led to a discouragement of answering a questionnaire
that does not benefit their daily work.

The overwhelming representation of acute inpatient care (28/33,
85%) indicates a strong representation of hospitals in the
questionnaire.

Of all the federal states in Germany, approximately all
participants were from Bavaria (32/33, 97%) and only very few
from Berlin (1/33, 3%). The overall overwhelming
representation from Bavaria is probably due to the location of
the research team, indicating that the recruiting efforts were
particularly successful in this region despite numerous efforts
to reach other care facilities and hospitals.

The results of the system or software used (Table 2) show that
most (20/33, 61%) participants used software to create CTRs.
Only 15% (5/33) of the participants used the paper form. Most
(16/33, 49%) of the participants used the software ORBIS,
reflecting the very high percentage of participants from
hospitals, as ORBIS is a hospital information system. Sorian
(1/33, 3%) is also a hospital information system. The other
software listed (C&S, SAP, Sic Pflegeassistent, and Snap
Ambulant) are documentation software used in the care facilities
setting, which underlines the variety of software used.

Additional findings from the web-based questionnaire revealed
that the CTRs were mainly transferred via the patient (27/33,
82%). This means that in these cases, the nurse gave the CTR
to the patient as a printout, and the patient or the relatives were
responsible for ensuring that it reached the next care facility.

As a result, the nursing staff at the receiving facility has limited
time to fully prepare for the patient in advance. Preparations
and admission begin once the patient arrives at the facility,
which can lead to waiting times. This is consistent with the
results from the field observations that were conducted. The
remaining 18% (5/33) transferred the CTR via fax, patient file,
or telephone.

This gives the nursing staff more time to prepare for the patient,
for example, preparing for isolation, special therapy treatment,
or similar. According to the survey, the manual transfer of the
CTR into the in-house system takes an average of 45 minutes,
and 61% (20/33) of care staff perceived the transfer process as
time-consuming. Manual transfer means that the care
professional copies the information from the printout using their
hand (typing on the keyboard) and transfers it to their care
software. This step is necessary to add further information to
the patient file, for example, information from patient
conversations and decisions on care measurements.

This process can be time-consuming, as the care staff alternates
between referring to the printout and typing the information
into the system. During that time, confounding factors such as
telephone ringing, colleagues, or technical issues can arise,
prolonging the process.

Due to the use of different software in various facilities, the
information is often displayed or organized differently, resulting
in additional work.

Regarding the digital transmission of CTRs (cross-institutional
dispatch and automatic integration into the in-house system),
most (23/33, 70%) participants expressed no concerns. However,
30% (10/33) of them raised issues, such as concerns about
possible threats to patient data protection (4/33, 12%). Most
(24/33, 72%) respondents hope digital CTR transmission will
reduce administrative effort. Some (18/33, 55%) participants
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indicated that they favored the standardization of CTRs because
standardization of CTRs would result in relevant information
being found more quickly in the future. On the basis of the
responses, the primary consideration in developing a new
solution should ensure, for example, that receiving, sending,
and creating a CTR is less time-consuming for nurses than in
the current process.

All (33/33, 100%) participants stated that CTR standardization
would help them a lot as the CTRs they work with are usually
different in structure and semantics.

Concerning the essential information in CTRs, all (33/33, 100%)
participants agreed that patient information, medication, aids,
and last bowel movement are considered to be very relevant
regarding a potential standardization of CTRs. Finally, their
opinion on automatic data integration was asked; they were
curious as to whether something like this is possible so that they
do not need to copy and paste information manually.

Field Observations and Contextual Inquiries

Field Observations
The observations focused on the receiving side of the CTR, that
is, the creation of a CTR in the in-house primary system. This
means that the scenario of a receiving facility was always
observed. This focus on the receiving facility was agreed upon
through collaboration with the facilities due to the COVID-19
pandemic, as stricter visitor restrictions prevented parallel

observation in both the sending and receiving facilities. In all
cases, the transfer of a patient was announced in advance.

The observation occurred from the moment the nurse sat down
at their computer to either create the patient case or fill it in. At
the hospital, the cases are already created by the administration
and contain information that is necessary for billing but does
not influence the nursing documentation any further. One nurse
was observed during every observation, but it was not
necessarily every time the same as it depended on their schedule.
While at the hospital, both field observations and contextual
inquiries were conducted; only contextual inquiries took place
in the care facility.

The results of field observations at University Hospital
Augsburg (UHA; n=6) in 2020, showed a high administrative
time burden for nurses (refer to Table 3 for the CTR
transmission process). Manual recording of CTRs resulted in
an average time expenditure of 34 minutes. The observations
showed that the CTRs were not sent in advance but arrived with
the patient. While entering the data into their in-house system,
the care staff mentioned that they could not prepare adequately
for the patient in advance (eg, by preparing medications and
nursing aids). The field observation also showed that the nursing
specialist endures many interruptions while entering the CTR
(relatives, colleagues, physicians, telephone, patients, or
emergency calls), forcing them to switch between different tasks
very often. Therefore, the nurse had to refocus on the CTR
repeatedly.

Table 3. Overview of care transition record (CTR) transmission process observations at the hospital.

CTR present
(print)

Resource used for
transferring data

Type of interruptionsInterrup-
tions, n

SoftwareObservation dura-
tion (min)

Observa-
tion

PresentComputer and tele-
phone

Relatives, telephone, colleagues, physician,
and missing information

5ORBIS501

PresentComputer and tele-
phone

Telephone and missing information3ORBIS252

PresentComputer and tele-
phone

Relatives, telephone, colleagues, and ambu-
lances

5ORBIS403

PresentComputerColleagues, physician, telephone, and pa-
tients

4ORBIS454

PresentComputerPhysician1ORBIS255

PresentComputerEmergency calls and colleagues3ORBIS236

There was no direct association between observation duration
and the care need of a patient; rather, it depended on the overall
setting, for example, completeness of the available information,
number of interruptions, and the length of the CTR.

The CTRs encountered in the field observations were all from
different nursing homes with different lengths (approximately
12 and 30 pages). The information is primarily unstructured,
that is, free text. Structured elements were primarily areas with
checkboxes.

During the observations, many of the observed nurses
complained that the manual transfer of the CTR was
time-consuming. After the observation, the care staff were asked
additional questions regarding the relevance of a digital CTR

process, the most important information to be transferred, and
their opinion about the fully automatic integration of the CTR
data into the in-house system. The questions were open ended
and digitally documented by the observer. In terms of relevance,
all participants (n=6) said that the early, preferably digital,
transfer of the CTR would hold immense value. It would help
them to prepare in advance and obtain, for example, missing
information and medication beforehand. It would reduce their
administrative workload. In total, 3 (50%) of the 6 participants
stated that the current process is frustrating as patients are often
transferred before the weekend without medication, physician’s
notes, or aids. Without these things, they have to come up with
makeshift solutions to care for the patients over the weekend.
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After conducting the field observations at the hospital, it became
evident that specific questions remained unanswered and could
not be answered fully in the follow-up discussion. These
questions were about the specific functionalities of the software
used and also specific work-arounds that were conducted by
the care staff but not remembered after the observation.
Therefore, one additional contextual inquiry was conducted.

Contextual Inquiries
Contextual inquiries (n=5) were conducted in 2021-2022 at 2
care facilities and UHA (Table 4). The results of the contextual
inquiries provided valuable insights into the observation
duration, the confounding factors, and the aids used. For most
observations, documents about the patient (eg, physician’s letter,
medication plan, and CTR) were available as printouts. These

were either sent with the patient or faxed to the referred
institution. The latter could occur during registration or after
inquiries about missing CTRs or information. The duration of
4 complete observations in care facilities and 1 hospital
(excluding observation 2 because no input happened) averaged
47 minutes. In observation 2, it took 33 minutes to determine
that no CTR was present, and it could not be sent from the
sending facility. However, this required the nurse to make
internal and external phone calls. She also needed to delegate
procurement tasks to colleagues in the facility (eg, ask
colleagues to check if the CTR might not be in the facility after
all). In other cases, the CTR was handed out to the patient upon
discharge but was not necessarily available right after the patient
arrived at the receiving facility when the data were entered into
the system.

Table 4. Overview of care transmission record (CTR) transmission process contextual inquiries, care facilities, and hospital. Care facilities are divided
into facility 1 (CF1) and facility 2 (CF2).

CTR present
(print)

Resource used for transfer-
ring data

Type of interruptionsNumber of inter-
ruptions

SoftwareObservation
duration
(min)

FacilityObserva-
tion

PresentComputer, smartphone,
telephone, pen, and fax

Telephone, colleagues, and
technical problems

1Connext Viven-
di NG+PD

55CF11

Not presentComputer, smartphone,
telephone, and fax

No CTR present0None used33CF22

PresentComputer, smartphone,
telephone, paper, and pen

Telephone and colleagues5Connext Viven-
di NG+PD

78CF13

PresentLaptop, paper, and patientNone2ORBIS20Hospital4

PresentTelephone, paper, and penTelephone3Sic Pflege-assis-
tent

37CF25

All nurses involved in the contextual inquiries noted that the
transfer process was time-consuming, particularly if they needed
to retrieve missing information and also because they had to
refocus on CTR data input due to interruptions.

Another interesting observation was that the nurses at the care
facilities combined information from the CTR, physician’s
letter, medication plans, and the initial interview with the patient
and entered these in free-text fields.

After the contextual inquiries, the same questions were asked
as in the field observations. The nurses responded very similarly.

Comparing the average observation duration of all care facilities
(excluding observation 2 because no input happened) with the
hospital shows that the care staff requires approximately 56
minutes in the care facilities and only 20 minutes at the hospital.

BPMN Modeling

Overview
On the basis of the findings of the observations, BPMN models
were created to better understand the various CTR activities
(creating, sending, and receiving). These were discussed with
the respective facility and detailed in the previous publication.
After discussion, it was determined that the process models of
the 2 care facilities can be combined into 1 process, as the
activities are identical. Furthermore, the models were divided
into different lanes, making it easier to understand which

activities are manual and which are software based
(human-computer interaction).

Transfer Process From Care Facility to Hospital
The process starts with the patient’s need to be transferred (see
Figure 1, Create and Send [Care Facility]). The nurse at the care
facility creates a CTR, prints it, and usually hands it to the
patient. Then, the patient arrives at the hospital, and the nurse
at the hospital opens the patients’case file (see Figure 1, Receive
and Process CTR Hospital). Afterward, she checks if the CTR
printout is available and whether it is complete and error free
(referring to the content of the CTR). Patients’ case file is a
digital file that contains the basic information of the patient for
billing. As these files are prepared by the administration upon
arrival of the patient, the care staff do not need to prepare those
themselves.

If the CTR is complete and error free, she transfers the CTR
into the hospital information system, prints the CTR in its
specific structure, and files the CTR manually. After this, the
CTR is processed, and the process is complete. If the CTR is
unavailable, the nurse calls the sending care facility. The request
is then processed there. If a CTR is missing, the sending facility
creates a CTR, prints it, and sends it via fax to the hospital.
Next, the nurse checks the document (eg, the correct CTR for
the patient). After that, the CTR is transferred into the hospital
information system, printed, and manually filed. Then, the
process is complete.
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Figure 1. Process modeling: care transition record (CTR) data transfer from the care facility to the hospital. CIS: case information system; HIS: hospital
information system.

Transfer Process From Hospital to Care Facility
A patient is transferred from the UHA (Figure 2) to a care
facility. At the UHA, the nurse creates a CTR, prints it, and
hands it to the patient. Upon arrival of the patient (now called
resident), the nurse at the care facility logs into their care
information system and checks if the resident has a printed CTR.
If so, they start transferring the CTR into the system. Afterward,
they print the document in a proprietary file format and file it
manually, then the process is complete.

If the CTR is unavailable, the nurse requests it from the UHA
via phone. In the UHA, the request is checked and processed.
A CTR is created, printed, and transferred via fax. Upon receipt
of the missing CTR, the nurse checks whether it is the correct
CTR for the resident and verifies its completeness and validity.
If there is missing or incorrect information, the nurse requests
the missing information either from the UHA via telephone or
directly through the resident or relatives (this option does not
exist in the process at the hospital). After the arrival of the
missing information, the nurse starts transferring the CTR, prints
it from the care information system, and manually files it. The
CTR is processed, and the process is complete.
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Figure 2. Process modeling: care transition record (CTR) data transfer from hospital to care facility. CIS: case information system; HIS: hospital
information system.

Semantic Analysis of CTRs
A total of 4 CTRs of cooperation facilities were analyzed
regarding their structures, similarities, and differences. The
analysis highlighted their different structures (eg, bowel
movement on the front page or second or third page) or different
wordings (eg, movement or mobility). The analysis and
follow-up meetings with care staff revealed that this makes it
challenging to work with CTRs effectively, as some of the most
important fields are located at the end of the report. The
meetings also revealed that the CTRs from the hospital are
typically shorter (≤8 pages) and hold more structured
information (checkboxes) than free-text fields. In comparison,
CTRs from the care facilities are usually longer (≤20 pages)
and include more free-text fields. The front pages of each
analyzed CTR are shown in Figure 3, showcasing their different
structure.

In the next step, a semantic analysis, including the mapping of
CTRs to the new CIO-CTR standard, was conducted. This was
done by assigning parts of the CTR to the data structure of the
CIO-CTR (Figure 4). The green box represents a CIO-CTR
resource, the white box represents the specification of the
resource, and the red box represents the information of the CTR.

Throughout the process, it was realized that the mapping often
cannot be done straightforwardly. There were some entities (eg,
diagnosed diseases, deafness, aphasia, and limited vision) that
could not be assigned to a single field in the CIO-CTR. This

was mainly because some of the resources of the CIO-CTR
format were too similar to each other. Most of the issues with
overlapping assignability were resolved by further study of the
CIO-CTR standard and discussion with the research team. For
uncertain cases, meetings with mio42 GmbH (originator of the
format) were held. Decisions regarding mappings were then
based on their feedback. Nevertheless, in some cases, an
assignment was still not possible. There was no resource element
that provided information about whether the patient or resident
had been transferred within a facility (internal; transmission,
eg, within a hospital from one to another department) or outside
(external; transmission from another facility).

Furthermore, some fields in the CIO-CTR are implemented as
free-text fields, which makes unambiguous, error-free mapping
difficult.

An excerpt of the mapping of site-specific CTRs of 2 facilities
to the new standard CIO-CTR is shown subsequently. Mapping
1 focuses on the CTR of the UHA (Figure 5), and mapping 2
focuses on the CTR of 1 care facility (Figure 6). The visuals
illustrate the overall complexity and difficulty of mapping each
entity correctly. In mapping 1, it was possible to assign 147
(99.3%) of the 148 information objects from CTR to the
CIO-CTR; in mapping 2, it was only possible to map 114
(91.2%) of the 125 information objects.

This raises the question of what should be done with the
information that could not be mapped. One possibility would
be to add it to the free-text fields.
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Figure 3. First page of care transition records (CTRs) from one hospital (1) and 3 care facilities (2-4).

Figure 4. PDF care transition record (CTR) on the right with a free-text field (A, red rectangle) mapped to corresponding resources on the left (B, black
and green rectangle, C).
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Figure 5. Mapping 1: excerpt of the mapping of a care transition record (CTR) of the University Hospital Augsburg to the care information object
(CIO) CTR standard (1 of the 6 pages). The X shows that one piece of information could not be mapped.

Figure 6. Mapping 2: excerpt of the mapping of a care transition record (CTR) of a care facility to the Pflegerisches Informationsobjekt (PIO) standard
(1 of the 4 pages). The X shows that two pieces of information could not be mapped.

Frequency Analysis of CTR Entities at UHA
The occurrence of individual data entities in 204 CTRs of UHA
and 54 CTRs from care facilities was analyzed to find out their
frequencies. As comparable field entries are needed for
processing, only the CTRs of UHA were used for subsequent
processing, as this dataset was the biggest.

An entity is understood as a single piece of information
represented in the CTR by its input field.

On the basis of these results, a percentage for each entity was
computed (entity is filled or not filled), and a frequency range
was created (commonly used, occasionally used, and rarely

used). These ranges estimate the frequency of entities in the
nursing transition process and are shown as follows: (1) 100%
to 50%: commonly used entities, (2) 49% to 25%: occasionally
used entities, and (3) 24% to 0%: rarely used entities

The results of each entity were presented to care staff (n=2) at
UHA who are involved in the CTR process for discussion. An
extract of the results is presented in Table 5. It is important to
note that the frequency analysis was limited to data that did not
include personal information about patients (eg, date of birth,
primary care physician, contact options, and religious
affiliation), as the UHA anonymized the CTRs before further
processing. However, during the discussion, the nursing staff
stated that all personal data could be classified as very relevant.
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Table 5. Extract from the frequency analysis from University Hospital Augsburg care transition records (N=204).

Frequency, n (%)

Very relevant (100%-50%)

201 (98.5)Ability of self-body care

198 (97.1)Orientation ability

197 (96.6)Dressing

195 (95.6)Medication: reference to physician’s letter

190 (93.1)State of consciousness

188 (92.2)Nutrition

179 (87.7)Mobility

177 (86.8)Presence of pain

167 (81.9)Main diagnosis

149 (73.0)Last bowel movement

121 (59.3)Items brought along (suitcase)

115 (56.4)The degree of care

Relevant (49%-25%)

69 (33.8)Nursing-relevant secondary diagnoses

68 (33.3)The location of the pain

58 (28.4)The special features of the care process

Less to not relevant (24%-0%)

23 (11.3)Medication: reference to a medication plan

19 (9.3)Free-text field about pain

17 (8.3)Seamless request (yes or no)

3 (1.5)Pastoral care requested (yes or no)

1 (0.5)Aids ordered and their retailers

Items brought along

23 (11.3)Valuables

22 (10.8)Insurance card

5 (2.5)Identification

0 (0.0)Patient passport

Although the information about the main diagnosis (167/204,
82.3%), state of consciousness (190/204, 93%), and nutrition
(188/204, 92%) occurs with high frequency in the dataset, their
placement in the paper-based CTR is inadequate, as they appear
relatively late in the document.

Another finding is that bowel movement is rated as an essential
piece of information (149/204, 73%), but 55/204 (27%) do not
include it in the CTR.

Medication information was also expected to be present more
frequently; however, because this information is usually
included in the physician’s letter rather than in the CTR, the
occurrence was only 11% (23/204).

Regarding items brought along, many selection possibilities
were given in the UHA’s CTR. Valuables (23/204, 11%) and
insurance cards (23/204, 11%) had the highest frequency among

them. However, no additional information about the individual
items could be provided.

User Story Mapping
There were 2 workshops conducted, involving a total of 7
participants. These participants were part of the core research
project team, bringing diverse expertise from various disciplines:
health care (n=2, 29%), computer science (n=3, 43%), design
(n=1, 14%), and IT security (n=1, 14%). All 7 (100%)
participants attended both workshops, ensuring continuity and
consistency in the discussions and decisions. During the first
workshop (hybrid, due to COVID-19 restrictions), participants
used both physical materials (paper and whiteboards) and digital
tools (Zoom [Zoom Communications] and chat) to record
potential user stories. The process involved writing down ideas
and then engaging in a collaborative card-sorting exercise to
discuss and prioritize these stories. A whiteboard was used to
document the structured user journey, which was shared with
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online participants via camera, ensuring everyone had equal
access to the visual information.

Between the first and second workshops, participants had
approximately 2 weeks to reflect on the identified user stories
and their potential impact on the development process. This
period allowed the team to refine their understanding and
prepare for the next stage of discussion, which focused on a
stepwise implementation plan (release planning).

The second workshop was conducted entirely online using the
tools Zoom and Miro. Miro is an online collaborative platform
developed by RealtimeBoard Inc. The participants had time to
share their reflections on the previous work, discuss it, and

refine their understanding of the user journey. Afterward, the
participants focused on creating release stages to guide the
upcoming development. They collaboratively designed the user
story map due to the workshops, which was continuously refined
throughout the project. The final result, a road map proposal,
can be seen in Figure 7. The Backbone section describes the
backbone and the proposed solution’s release stages.

In Figure 7, four release stages are shown on the left and divided
into 4 colors to provide a better division throughout the user
stories. Some story cards do not have color, as they apply to
multiple release stages. The subsequent sections describe the
use dimensions, backbone, release stages, and implementation
scenarios.

Figure 7. Final user story mapping with 4 release stages (on the left). Colors are used to better distinguish between the stages. Some story cards do not
have color, as they apply to multiple stages. AI: artificial intelligence; CIO: care information object; CTR: care transition record; KIM: Kommunikation
im Medizinwesen.

Backbone
The horizontal axis of the user story map shows the main
activities that have to be performed sequentially to achieve care
data exchange between facilities. These activities are referred
to as epics and are listed in the top row of Figure 7. The user
stories concretize the epics. One activity (translating CTR in
target format) has to be performed only in an intermediate
release stage, and it becomes obsolete as soon as all facilities
use the standardized target format.

Release Stages
A brief overview of all 4 release stages can be seen in Figure
7. A description of each stage is given in the subsequent
sections.

Release Stage 1: Use of CTR in PDF Format
The first release requires the least implementation effort but
already meets one basic requirement: timely, digital transfer
via the TI. The functionality is limited to conventional CTRs,
typically in PDF format. This release requires both the sending
and receiving care facilities to be connected to the TI. As usual,
the sending facility creates a CTR in its facility-specific layout

and transmits it using the KIM service. The receiving facility
can then retrieve the CTR from its KIM mailbox.

Release Stage 2: Creation of CIO-CTR via Editor
At the beginning of a transition process to the new standardized
CIO-CTR format, few or no in-house systems will support the
new standard. To remain independent from software
manufacturers, a dedicated software module that can create,
read, and edit CTRs in the new format (“CIO-CTR editor”)
would be beneficial. Nurses could use this editor to create
CIO-CTRs and send them to the receiving institution via KIM.
Particular emphasis should be placed on the user-centered design
of the interface, particularly regarding the structure of the input
options and how information is compiled. This could serve as
a blueprint for later implementation in the proprietary software
systems.

Release Stage 3: Automatic Creation of CIO-CTR Based
on PDF
Another, more complex way to create and transfer a CTR in the
new standard format is to transform the conventional, proprietary
CTR using an automatic artificial intelligence (AI)–based tool.
On the basis of the previous analysis of CTRs, it can be assumed
that most CTR data will be unstructured and provided in PDF

JMIR Nursing 2025 | vol. 8 | e60810 | p.90https://nursing.jmir.org/2025/1/e60810
(page number not for citation purposes)

Mess et alJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


format. A transformer service could analyze this structure using
AI and extract text sections with an optical character recognition
module. The extracted content is then mapped to the CIO-CTR
format. This approach would be relevant if a receiving facility
is already capable of processing CIO-CTRs but receives a
nonstandardized CTR via KIM. With a transformer, the new
CTR-CIO format can be generated and imported with little extra
effort.

Release Stage 4: Automatic Export and Import of
CIO-CTR
In this final stage, the care staff can create a CTR in the in-house
system, export it as a CIO-CTR, and transfer it via the TI. After
receiving the CIO-CTR, the receiving facility can then integrate
it directly into their in-house system. The benefit is that neither
a transformer service nor a separate editor would be needed,
resulting in the least effort for the care staff. This requires the
software manufacturers of the various care and medical
information systems to fully support the new CIO-CTR format;
however, it is unclear when this will happen.

Discussion

Principal Findings
Despite years of efforts toward digitalization in health care in
Germany, our research shows that the creation and transmission
of CTRs remain highly time-consuming, averaging 34.67 (SD
10.78) minutes at hospitals and 44.6 (SD 20.5) minutes in care
facilities (findings from observations).

Semantic Interoperability of CTRs Between Institutions
As health care systems transition toward digital formats, it
becomes increasingly important to enable different institutions
to exchange, understand, and use the transmitted data
seamlessly. From the perspective of nursing science, discharge
management has long been recognized as a crucial aspect of
patient care. Efficient discharge processes ensure that patients
receive continued care, reduce readmission rates, and improve
overall patient outcomes. The CIO-CTR standard, introduced
in December 2022, marks a significant step toward a fully digital
exchange of CTR data. However, our study reveals that this
progress has been hampered by a lack of widespread
implementation and resistance. Because the CIO-CTR is not
legally binding and the necessary updates are resource intensive
for software manufacturers, they prefer to concentrate on more
urgent issues. Thus, we propose an iterative, stepwise
implementation approach that could gradually improve the
situation.

Iterative Implementation Approach
The user story map with the resulting release stages offers a
step-by-step approach toward a seamless digital solution. As
the overall issue is complex, changes cannot be expected
simultaneously at all ends. A quick, early solution is the mere
digital transfer of CTRs in existing, proprietary formats via a
digital infrastructure (stage 1). For this, the institutions only
have to be connected to the health data network (TI), as they
are obliged by law in Germany by July 1, 2025 (according to
§341 (8) SGB V [46]) and a KIM account is set up. Sending

CTRs in the institutions’ traditional formats does not require
them to have updated software that can read or export the new
CIO-CTR format. At this stage, the time-consuming manual
data transfer into the in-house systems is still required. The goal
is for all software systems in all institutions to directly import
and export CTRs in the new format, and for all the information
to be integrated automatically into in-house systems (stage 4).
During a transition time, when only some of the systems can
process CTRs in the new format, certain incompatibilities will
occur, which we want to address with interim solutions: the
CIO-CTR viewer or editor (stage 2) and the CTR-transformer
(stage 3).

For stage 1 (data transfer via TI), we accompany and assist our
cooperating partner institutions in installing the necessary
infrastructure to connect to the TI. In this regard, we plan to
offer experience reports, which could lower the entry hurdle,
particularly for care facilities.

For stage 2, we are developing an open-source software where
CIO-CTRs can be created, viewed, and edited. This has several
benefits: (1) developing an editor with a concrete suggestion
for a user interface visualizing the CIO-CTR standard provides
a figurative basis for discussion between developers, care
professionals, and regulatory institutions; (2) bridging the gap
for continuous digital transfer if not all institutions support the
new digital standard; and (3) serving as a blueprint for software
manufacturers who want to implement the new CIO-CTR.

Stage 3 introduces an automated process to convert CTRs from
proprietary formats (eg, scanned PDFs) into the CIO-CTR
format, using AI-based mapping. This solution is applicable
when an institution that can process CIO-CTRs but receives a
nonstandardized CTR. Of course, this automatic transfer would
have to be reliable, and creating such a component would be
complex, as many different proprietary formats exist, and as
seen in the semantic mapping, a direct transfer is not possible
in all cases.

Stage 4 represents the most desirable solution. Nurses would
be able to work with an improved process without manual
transfer of CTR data, potentially leading to a minimization of
disruptions. The primary responsibility for implementing the
CIO-CTR falls on system manufacturers. To facilitate this
transition, the manufacturers could actively be supported by
providing a reference implementation for the new standard, for
example, conducting workshops and organizing related events.
This collaborative effort would support a smooth and efficient
integration of the CIO-CTR into existing systems while
minimizing the burden on health care providers.

Contributions
Our research used an iterative, user-centered methodological
approach to develop a road map that helps overcome the current
challenges in the CTR transmission process in Germany. This
road map offers a practical, phased approach toward digital
solutions, particularly valuable in settings where full-scale
adoption of digital standards is not yet feasible. It provides
health care providers with a flexible pathway to transition toward
digital care processes without requiring immediate, costly
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system changes. This road map is more than the mere definition
of a new format; it supports gradual digital integration.

Future Implications and Work
If the adoption of digital standards remains voluntary and lacks
regulatory support, the duration required to establish a standard
data format is likely to be prolonged. Without more vigorous
regulatory enforcement and widespread buy-in from all
stakeholders, the vision of seamless care transitions may remain
out of reach. Therefore, future efforts must focus not only on
technological solutions but also on fostering collaboration
between regulators, software providers, and health care
institutions to ensure the long-term success of health care
digitalization.

Our current solution uses KIM as a means of transport within
the TI. As soon as the ePA is more widely adopted in Germany,
an exchange of the CTR via this means might be preferable over
KIM. Future work has to investigate this further.

Limitations
The COVID-19 pandemic posed significant challenges for data
collection, particularly in gaining access to cooperative facilities.
The necessary planning and multiple postponements due to
visitor restrictions limited our ability to observe the complete
care transition process.

The pandemic may have also introduced a selection bias in our
web-based questionnaire. Nurses facing higher technical barriers

or those under significant stress due to pandemic-related
demands may have been less likely to participate, which could
skew the findings toward participants who were more technically
adept or had fewer pandemic-related pressures.

Furthermore, the sample size of the web-based questionnaire
(n=33 usable datasets), while offering valuable qualitative
insights, limits the generalizability of our findings.

Our study used a qualitative research approach to gain in-depth,
context-specific insights. The combination of field observations,
contextual inquiries, and questionnaire data from hospital and
care facilities provided a rich understanding of the practical
barriers and opportunities in transitioning to digital CTR
processes. The relatively small sample sizes for field
observations (n=6) and contextual inquiries (n=5) were sufficient
for this research’s detailed, exploratory nature but could limit
the robustness of the conclusions.

Conclusions
A future solution should simplify the overall CTR transmission
process by minimizing the manual transfers into the in-house
systems, standardizing the CTR, and providing a secure digital
transfer. Doing so could positively impact the overall care
process and patient experience. With our suggestion for a
stepwise solution, we attempt to make the complex task feasible,
ultimately supporting care staff with their daily activities and
processes.
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Abstract

Background: Older adults manage multiple impacts on health, including chronic conditions and adverse external events. Smart
homes are positioned to have a positive impact on older adults’ health by (1) allowing new understandings of behavior change
so risks associated with external events can be assessed, (2) quantifying the impact of social determinants on health, and (3)
designing interventions that respond appropriately to detected behavior changes. Information derived from smart home sensors
can provide objective data about behavior changes to support a learning health care system. In this paper, we introduce a smart
home capable of detecting behavior changes that occur during adverse external events like pandemics and wildfires.

Objective: Examine digital markers collected before and during 2 events (the COVID-19 pandemic and wildfires) to determine
whether clinically relevant behavior changes can be observed and targeted upstream interventions suggested.

Methods: Secondary analysis of historic ambient sensor data collected on 39 adults managing one or more chronic conditions
was performed. Interrupted time series analysis was used to extract behavior markers related to external events. Comparisons
were made to examine differences between exposures using machine learning classifiers.

Results: Behavior changes were detected for 2 adverse external events (the COVID-19 pandemic and wildfire smoke) initially
and over time. However, the direction and magnitude of change differed between participants and events. Significant
pandemic-related behavior changes ranked by impact included a decrease in time (3.8 hours/day) spent out of home, an increase
in restless sleep (946.74%), and a decrease in indoor activity (38.89%). Although participants exhibited less restless sleep during
exposure to wildfire smoke (120%), they also decreased their indoor activity (114.29%). Sleep duration trended downward during
the pandemic shutdown. Time out of home and sleep duration gradually decreased while exposed to wildfire smoke. Behavior
trends differed across exposures. In total, two key discoveries were made: (1) using retrospective analysis, the smart home was
capable of detecting behavior changes related to 2 external events; and (2) older adults’ sleep efficiency, time out of home, and
overall activity levels changed while experiencing external events. These behavior markers can inform future sensor-based
monitoring research and clinical application.

Conclusions: Sensor-based findings could support individualized interventions aimed at sustaining the health of older adults
during events like pandemics and wildfires. Creating care plans that directly respond to sensor-derived health information, like
adding guided indoor exercise, web-based socialization sessions, and mental health–promoting activities, would have practical
impacts on wellness. The smart home’s novel, evidence-based information could inform future management of chronic conditions,
allowing nurses to understand patients’ health-related behaviors between the care points so timely, individualized interventions
are possible.

(JMIR Nursing 2025;8:e69052)   doi:10.2196/69052
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Introduction

Background and Significance
The older adult population is rapidly growing, with 95% of
persons aged 60+ managing a chronic condition and 80%
managing 2 or more [1]. These same older adults are also
experiencing more external events with the potential to impact
self-management of their chronic conditions, such as wildfire
smoke and COVID-19. Standard approaches to managing
chronic conditions do not typically account for the impact of
external events. Innovative technological approaches that (1)
operate across diverse settings, (2) support a learning health
care system, and (3) incorporate a social determinants of health
(SDOH) lens are essential to enhance self-management of health
conditions and support aging in place. Vulnerable populations
often experience greater effects of external events due to reduced
resources [2-4]. Besides managing chronic health conditions,
80% of U.S. older adults face income insecurity [5], reducing
their capacity for self-management of the impacts of external
events. For example, they may not be able to travel to a location
with better air quality during a wildfire or to less crowded spaces
during a pandemic.

Identifying specific behavior changes in response to external
events presents opportunities for early nursing interventions. If
behavior and health changes emanating from such events can
be detected and understood, then smart homes could support
automated upstream interventions like personalized activity
cues and health education. Our prior work and that of others
noted changes in health behavior that occurred during one such
external event, the COVID-19 pandemic [6,7]. Similarly, people
experienced changes and complications during wildfire season.
The risk and extent of wildfires in the Pacific Northwest have
doubled in recent years [8]. These increasingly large and intense
wildfires are causing a spike in unhealthy pollutants, posing
health risks to millions of people, and confining many older
adults to their homes each summer [9]. Prior research observed
that while particulate matter (PM2.5) and ozone (O3) were raised
primarily outdoors, acetonitrile and benzene were also elevated
indoors during fires [10-14]. Evidence is mounting that
neighborhood-level exposure to particulate matter adds to the
risk of health decline [15,16], crossing the blood-brain barrier
and causing neural inflammation [17].

This work is based on larger studies in which we model behavior
from passive sensors to detect and react to changes in
physiological and cognitive health. Because sensors were placed
in participant homes before events such as wildfires and the
pandemic shutdown took place, we monitored behavior before
and during these events. Participants reported behavior changes
and health issues that were related to these events. The goal of
this work was to analyze sensor data to detect, quantify, and
analyze these changes. Our data analysis hypotheses were:

1. Changes in behavior will be observed between nonevent
and event time periods.

2. The amount and type of behavior changes will differ based
on parameters such as prior health conditions, age, and
demographics.

3. Initial behavioral changes in response to the event may
differ from those that emerge as the event persists.

The intended outcome of the work is to suggest possible
interventions that prevent unhealthy behavior changes and
mitigate the health impact of such external events.

Prior Work
Researchers have observed changes in health during events that
force more indoor activity, such as the COVID-19 lockdown
and wildfire-driven poor air quality. For example, Krendl et al
[18] and Burke et al [19] found these events to be associated
with higher amounts of depression and loneliness based on
individual self-report. However, Balki et al [20] noted that some
of these health impacts are mitigated by individual factors such
as gender and education. These types of events also spark
changes in behavior. These include changes in nighttime and
daytime sleep patterns, as observed by Gupta et al [21] Salfi et
al [22] found that for some groups these behaviors change at
first and then ease back to pre-event behavior, while other
groups experience greater behavior change as the event
continues. Their study confirmed the role of social determinants
of health on behavior change during the pandemic.

While passively monitoring and modeling human behavior has
become achievable with ambient and wearable sensors [23,24],
little work has used sensors to capture behavior patterns and
changes during external events like a pandemic or wildfire
smoke to determine health impact and support. Collecting such
data was particularly challenging during the pandemic when
study participants could not be visited in person. However, a
few projects were successful in assembling and assessing related
data. In particular, Rajkumar et al [25] plotted movement levels
inside 3 homes to visualize changes in the areas of the home
that were frequented based on motion sensor reports. Leese et
al [26] monitored driving and computer use over 5 months to
quantify the decrease in driving distance and increase in time
spent on the computer. The work reported in this study is based
on longitudinal data from multiple studies collected in the homes
of older adults with significant health risks before and during
external events. This offers a unique opportunity to analyze
behavior change from passive, continuous sensor observations.

Table 1 positions this study in comparison with prior work. As
shown in the table, researchers have investigated the impacts
of wildfire smoke and COVID-19 lockdowns on behavior,
though none of these have investigated multiple events. Most
of the study mechanisms rely on self-reports provided through
digital surveys. One exception is the work of Ceolotto et al [27],
who analyzed wastewater during the pandemic to quantify
changes in the use of prescription drugs, nicotine, and alcohol.
The work that is closest to our study is that of Rajkumar et al
[25], which analyzed data from motion sensors to visualize
social isolation for 3 homes during the COVID-19 pandemic.
In comparison with these prior studies, we use longitudinal
sensor data to compare pre-event and mid-event behavior.
Performing this analysis for multiple event types (wildfire smoke
events and pandemic lockdown events) facilitates comparison
of behavior impact between diverse adverse external events.
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Table . Summary of related studies.

Collection mechanismBehaviorEventStudy

Survey, air monitorsPersonal perceptionsWildfire smokeStewart [28]

Survey, phone or web-based activityDepression, time at homeWildfire smokeBurke [19]

SurveySmoking, alcohol, nutrition, sleepCOVID-19Hu [29]

SurveySleepCOVID-19Salfi [22]

SurveySleepCOVID-19Gupta [21]

Survey, social networkDepressionCOVID-19Krendl [18]

Survey, car computerCar, computer useCOVID-19Leese [26]

WastewaterMedicine, caffeine, nicotine useCOVID-19Ceolotto [27]

Motion sensorsIsolationCOVID-19Rajkumar [25]

Motion sensors, door sensors,
weekly telehealth with self-report
or nurse observation

Sleep, time out of home, activity
level

Wildfire smoke, COVID-19This paper

Methods

Participants
Participants were community-dwelling adults (n=39) recruited
from the Pacific Northwest region of the United States through

advertising and involvement in prior studies. Inclusion criteria
were living independently in their own home, having an internet
connection, and the ability to communicate in English. Of the
participants, 37 were older adults (70+ years), and 2 were
healthy younger adults (<35 years) included for comparison.
Participant characteristics are summarized in Table 2.

Table . Summary of participant information.

ConditionsEducation (years),
mean (SD)

GenderAge (years), mean
(SD)

Event and age

COVID (n=13)

Healthy19.50 (2.12)1 male; 1 female23.5 (4.95)<35 years

COPDa (1), asthma (1),
diabetes mellitus (2),

CHFb/AFibc (4), coro-
nary artery disease (2),

HTNd (5), arthritis (3),
stroke (2), obesity (2),
macular degeneration
(3)

16.75 (1.83)2 male; 9 female83.82 (6.11)70+ years

Smoke (n=28)

Mild cognitive impair-
ment (3), HTN (1),
COPD (1), cancer (1)

17.50 (2.38)7 male; 13 female; 8
not reported

91.10 (5.89)70+ years

aCOPD: chronic obstructive pulmonary disorder.
bCHF: congestive heart failure.
cAFib: atrial fibrillation.
dHTN: hypertension.

Data Collection

Overview
Ambient sensors were placed in each participant’s home and
continuously collected data for a minimum of 1 year while
residents performed their regular daily routines. In total, 2 types
of sensor units were used: passive infrared motion detectors
combined with ambient light sensors were placed on ceilings
in each functional area (2‐4 sensors per room) to monitor
movement and light levels. Additionally, magnetic units with

door sensors and ambient temperature sensors were placed on
external doors and kitchen or bathroom cabinets to monitor door
usage and temperature changes.

Registered nurses conducted weekly telehealth visits for the
duration of the study. Participants were asked, “How has your
health been over the last week? Did you experience any changes
in your health? If so, what changed?” Narrative summaries were
recorded each week of participants’ self-reported health status
and nurses’ observations. Blood pressure, heart rate, oxygen
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saturation, and pain level were also recorded weekly. These
data informed the machine learning analytics.

Event Groups
For this data analysis, we selected homes with 1 resident and
no pets to focus on behavior change for 1 participant in each
home and reduce noise. When behavior is analyzed in homes
with multiple residents, the sensor data reflect the collective
behavior of everybody in the home. Without attributing behavior
to specific residents in such a group setting, direct comparisons
cannot be easily made between single-resident and multi-resident
homes. Additionally, we restricted our analysis to homes that
included multiple days of data collection before the events and
during events. The homes were grouped based on 2 event types:
1 set of 13 homes (COVID) collected sensor data before and
during the COVID-19 pandemic lockdowns. Reflecting a second
event, a set of 28 homes (smoke) collected data before and
during times with poor air quality due to wildfire smoke.

In the COVID group, we analyzed data from March 17, 2020,
through May 21, 2020, during which the region followed a
stay-at-home protocol. For baseline comparison, we analyzed
an equivalent number of season-matched days from the previous
year. In the smoke group, we analyzed time periods containing
at least 2 consecutive days with an air quality index >100
(indicating the air quality is unhealthy or hazardous) and an
equivalent number of baseline days with air quality index ≤50
(indicating good air quality) during the same month. None of
the COVID and smoke dates overlapped. In total, 2 of the homes
collected data in both conditions and are included in both
analyses. Additionally, we removed dates in which the
participant was outside the home more than half the day. Sensor
performance was routinely monitored, and sensors were
removed from analysis if their performance was not reliable. In
a few instances, all sensors failed to report information for a
given date. When this occurred, we removed the date from
consideration. In total, we analyzed 1990 days for the COVID
group and 1568 days for the smoke group.

Digital Behavior Markers
We defined a collection of digital markers that could be
extracted from ambient sensor readings and used to describe
daily behavior. The markers describe sleep, time out of the

home, and activity level. These behavioral categories are
reported to be influenced by poor air quality and pandemic
shutdowns [21,22,30-33]. These behaviors in turn impact
physiological and psychological well-being, particularly for
individuals managing chronic health conditions [34-39].

In this analysis, nighttime sleep is detected between 9pm and
7am when motion sensor readings are ≥5 minutes apart and the
most-recently sensed location of the resident is the bedroom. If
there are >2 contiguous motion sensor readings outside the
bedroom, the state is considered awake. If the awake state is
surrounded by sleep in the same evening, the awake state is a
sleep interruption rather than the end of the night’s sleep.

The motion sensors combined with the door sensors define when
a participant is out of the home. Specifically, if the person’s
most recent state was awake, >20 minutes elapsed between
motion sensor readings, and the most recent sensor readings are
from an external door or door area, the person is considered out
of the home until >2 sensor readings occur inside the home.

Finally, activity level is estimated by the normalized count of
motion sensor readings occurring when the participant is home.
The number of sensors inside a person’s home varies depending
on the size of the residence and the number of rooms. To
accommodate the resulting differences in sensor quantity and
density, all markers that rely on a motion sensor count are
normalized with a standard scaler based on each person’s daily
motion sensor counts.

Figure 1 shows a plot of motion observed in 1 home during the
prepandemic shutdown (left) and during the pandemic shutdown
(right). In this plot, where each ring signifies a distinct day, we
can observe some of the changes that were sensed between these
times. Black regions indicate a lack of motion sensor readings.
Before the shutdowns, black occurred throughout the day when
the resident was out of the home and throughout nighttime sleep.
During the shutdown, the number of daytime outings is greatly
reduced. Furthermore, while sleep can still be detected at night,
the person is more restless at night, with the black regions being
replaced by more magenta and cyan periods. To analyze changes
in these characterizing behaviors, we define the digital markers
for each day as follows: sleep duration = the time spent in bed
between the night’s first and last detected sleep (Textbox 1).
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Figure 1. Radial plots for 1 home showing activity level by time of day; 1 ring per day. (Left) Prepandemic behavior and (right) pandemic shutdown
behavior. Colors indicate an increasing amount of motion from black (little or no motion) to yellow.

Textbox 1. Definition for digital markers for each day

• Sleep duration: the time spent in bed between the night’s first and last detected sleep.

• Sleep efficiency: following recommendations by the National Science Foundation [40], this is defined as the nighttime ratio of sleep time to time
spent in bed.

• Sleep restlessness (normalized): the number of motion sensor readings that are generated while the person is asleep.

• Time out: time spent outside the home.

• Activity level (normalized): the number of motion sensor readings generated divided by the time spent at home.

Data Analysis
We apply an interrupted time series (ITS) analysis to assess the
impact of an event that disrupts an ongoing time series [41].
Behavior markers Xt are collected for each day, t. This marker
sequence forms a time series that is interrupted by an event, E:

(1)X−3,X−2,X−1,(E),X+1,X+2,X+3

ITS allows us to perform a counterfactual analysis, estimating
what would have happened to a person’s behavior if the event
had not occurred. In ITS, this is done by projecting the pre-event
behavior trend (the counterfactual) into the postintervention
trend. We perform segmented regression analysis to examine
changes in level and trend over time, both before and during
the event, allowing us to estimate its effect. We estimate the
trend before the event, the immediate impact of the event, and
the trend after the event, controlling for age, gender, and
education. Where the results of the counterfactual analysis are
not consistent across participants, we generate participant
phenotypes using k-means clustering (k=3) and report statistics
for individual groups.

Additionally, we use a machine learning classifier to predict if
a set of behavior markers belongs to the nonevent or event
group. This analysis captures nonlinear relationships and
complex interactions between the variables to determine whether
the event caused clear, measurable differences between the
periods. For this analysis, we employ a random forest classifier

with 100 trees and report results based on 5-fold
cross-validation. We also use the classifier to quantify and rank
the markers for their importance in distinguishing between
nonevent periods, COVID periods, and wildfire smoke periods.
Using random forests to promote interpretability of machine
learning algorithms is a highlight of the method that has been
explored by other researchers to predict events such as
hospitalization among older adults [42]. Features are ranked by
the Gini impurity (GI) measure, which guides the construction
of the decision trees in the random forest.

Ethical Considerations
This study was approved by Washington State University
Institutional Review Board (IRB#15412). Studies from which
data were collected for this secondary analysis were also
reviewed and approved by the Institutional Review Board at
Washington State University. All data were anonymized before
performing analyses. Participants voluntarily consented after
receiving information about the study and verbalizing their
understanding. Participants’ data were confidentially linked
during their participation in the study and unlinked upon
completion. After completing the study, participants received
a US $250 gift card.

Results

Tables 3 and 4 summarize the ITS analysis results for
COVID-19 and wildfire smoke events, showing differences in
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the type, degree, and direction of behavior changes between the
2 events. Similarly, Figure 2 shows the values of the markers
as a function of the day in the time series before and during
each event, though these values are aggregated over the entire
sample. Before the pandemic shutdown, behavior markers
remained stable, with changes of less than 0.08%. In contrast,
the immediate impact of the event was more pronounced. Sleep

duration increased slightly, while sleep restlessness showed a
significant rise of 946.74%. Sleep efficiency remained relatively
constant, but indoor activity decreased by 38.89%. As expected,
time out of the home reflected the largest change, decreasing
from 5.97 hours daily to an average of 2.17 hours, a statistically
significant reduction.

Table . Results of interrupted time series analysis applied to daily behavior markers for the COVID-19 event (n=13). Model strength is reported as F
test scores; sleep duration and time out of home are reported in seconds. Results are summarized for pre-event baseline (initial), trend before the event
occurred (pre-event trend), impact on the first day of the event (immediate impact), and trend from the beginning to the end of the monitored event
(long-term trend). Results are further broken down by gender.

Long-term trendImmediate impactPre-event trendInitialF testVariable

P valueValueP valueValueP valueValueP valueValueP valueF score
(df)

Sleep duration (seconds)

<.001–1.96.9822.00<.0014.00<.00128,900<.00111.96 (3,
9)

Total

<.001–0.47.69–451.64<.0014.24<.00129,070<.00112.84 (3,
9)

Female

.870.48.74–476.21.860.24<.00129,030<.00113.78 (3,
9)

Male

Restlessnessa

<.0010.00<.0010.762<.001–6.65e-05.047–0.09<.0016.58 (3, 9)Total

.28–2.00e-03<.0011.11<.001–7.00e-05<.001–0.18<.00110.59 (3,
9)

Female

.613.00e-04.990.00.09–5.00-04.130.14.102.064 (3,
9)

Male

Sleep efficiencyb

.750.00.970.00<.0010.00<.0010.79<.00145.93 (3,
9)

Total

.28–7.00e-05.380.03<.0012.00e-04<.0010.78<.00153.37 (3,
9)

Female

<.0012.00e-04<.001–0.14<.0018.35e-05<.0010.87<.00149.83 (3,
9)

Male

Activity levelc

.880.00.27–0.21<.0010.00<.0010.54<.00125.17 (3,
9)

Total

.0031.10e-03.002–0.61.001–6.07<.0010.52<.00112.37 (3,
9)

Female

.0010.00.040.67.18–4.00e-04<.0010.47.201.534 (3,
9)

Male

Time out (seconds)

<.00126.00<.001–13,700<.001–6.00<.00121,500<.00114.55 (3,
9)

Total

.078.05.03–5330<.001–9.88<.00122,090<.00120.84 (3,
9)

Female

<.00144.31<.001–30,130<.00118.36<.00119,090.013.77 (3, 9)Male

aNumber of motion sensor readings that are generated while the person is asleep.
bNighttime ratio of sleep time to time spent in bed.
cNumber of motion sensor readings generated divided by the time spent at home.
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Table . Results of interrupted time series analysis applied to daily behavior markers for the wildfire smoke event (n=30). Model strength is reported
as F test scores; sleep duration and time out of home are reported in seconds. Results are summarized for pre-event baseline (initial), trend before the
event occurred (pre-event trend), impact on the first day of the event (immediate impact), and trend from the beginning to the end of the monitored
event (long-term trend). Results are further broken down by gender.

Long-term trendImmediate impactPre-event trendInitialF testVariable

P valueValueP valueValueP valueValueP valueValueP valueF score (df)

Sleep dura-
tion (sec-
onds)

.01–1.95.28–1652.49.69–0.17<.00130,860<.00146.51 (3,
24)

    Total

.14–1.48.58–977.25.98–0.02<.00130,790<.00124.78 (3,
24)

    Female

<.001–2.79.52–1214.66.200.77<.00128,320<.00133.15 (3,
24)

    Male

Restless-

nessa

.130.00.29–0.18.0010.00.060.15.013.83 (3, 24)    Total

.479.00e-05.61–0.11.03–2.00e-04.170.15.102.06 (3, 24)    Female

.071.00e-04.24–0.16<.001–1.00e-04.140.11.0084.04 (3, 24)    Male

Sleep effi-

ciencyb

<.0010.00.13–0.06.640.00<.0010.92<.001123.50 (3,
24)

    Total

<.001–8.53e-05.60–0.02.774.56e-06<.0010.92<.00149.83 (3,
24)

    Female

<.001–1.00e-04.30–0.06.824.11e-06<.0010.87<.00171.55 (3,
24)

    Male

Activity

levelc

.490.00.65–0.08.940.00.460.07.710.46 (3, 24)    Total

.29–1.00e-04.390.19.042.00e-04.30–0.12.211.53 (3, 24)    Female

.102.00e-04.27–0.26.26–8.22e-05.260.15.241.41 (3, 24)    Male

Time out
(seconds)

.16–2.00.461969.250.86<.00126,180.221.48 (3, 24)    Total

.650.84.561916.770.34<.00127,640.013.77 (3, 24)    Female

.002–5.10.154676.0072.78<.00122,280<.0017.89 (3, 24)    Male

aNumber of motion sensor readings that are generated while the person is asleep
bNighttime ratio of sleep time to time spent in bed.
cNumber of motion sensor readings generated divided by the time spent at home.
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Figure 2. Trend lines for the markers across event occurrences and participants. The x-axis of each plot indicates the date in the time series and the
y-axis indicates the mean value of the marker at that point in the sequence.

The overall impact of events is relatively consistent when we
consider participants by gender, though a few differences are
noted. Specifically, female participants experienced more of a
long-term decrease in sleep duration and sleep efficiency during
the COVID-19 lockdown. They also decreased their activity
level at the beginning of the event, though it did increase as the
event continued. Additionally, male participants experienced a
greater impact of the event in terms of decreased time out of
the home, though this time increased more than for the women
as the pandemic continued.

Unlike the COVID-19 shutdown, none of the immediate
behavior changes were significant when wildfire smoke began.
Participants decreased their sleep duration by 5.36% and sleep
efficiency by 6.52%, but sleep appeared to improve in quality,
with a 120% decrease in restlessness. Indoor activity decreased
by 114.29%, while time out of the home increased by 7.52%,
an average of 32.82 additional minutes a day.

Postevent trends also revealed notable differences. During the
pandemic, sleep duration initially increased but gradually
declined over time, while time out of the home, though initially
reduced, gradually rose over the 66-day shutdown. In contrast,
during extended periods of wildfire smoke, both “time out of
the home” and “nighttime sleep duration” gradually decreased.

Differences between gender subgroups were largest for time
spent out of the home. At the beginning of wildfire smoke
events, male participants spent more time out of the house. As
the poor air quality continued for multiple days, however, this
group significantly decreased their time spent out of the home
each day.

Behavior changes due to wildfire smoke were neither large nor
statistically significant. However, some participants reported
experiencing health and behavior changes during these times.
To determine whether results vary between subgroups, we used
k-means clustering (k=3) to identify participant phenotypes.
The results, shown in Figure 3, highlight some important
differences. Clusters 0 and 2 show minor behavior differences:
cluster 0 exhibits a slight increase in time spent out of the home,
while cluster 2 shows a slight increase in activity level and
decrease in sleep efficiency. In contrast, participants in cluster
2 exhibit more pronounced changes, with a 182.93% increase
in sleep restlessness (P=.002) and a 176.14% decrease in activity
level (P=.06).

To assess the predictive nature of event behaviors, we examined
the random forest predictions and the results are summarized
as follows. Accuracy was 0.68 for classifying a participant as
COVID, no COVID, smoke, or no smoke; 0.72 for classifying
as positive (COVID or smoke) versus negative (no COVID, no
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smoke); 0.76 for predicting COVID versus no COVID; and
0.71 for predicting smoke versus no smoke. For comparison,
expected accuracy using a random classifier was 0.25 for the
4-class case and 0.50 for the 3 binary classification tasks.
Because we analyze an equal number of pre-event and mid-event
days, these class distributions are balanced. As a result, we use
predictive accuracy as the performance metric. The results
indicate that all behavior predictions were significantly more
accurate than random guessing (P<.001). While the difference

in behavior between prepandemic and postpandemic periods
was the most predictable, behavior differences between smoke
and no-smoke periods were also highly predictive. We ranked
the behavior markers by their predictive value for each event.
The most predictive marker was time out of the home (GI=.108),
followed by sleep restlessness (GI=.078), sleep efficiency
(GI=.071), activity level (GI=.068), and sleep duration
(GI=.050). Features were ranked in this order for all the
prediction tasks.

Figure 3. Phenotypes of smoke impact on participant behavior. Plots show the difference of the behavior marker mean for each participant between
the event (smoke) period and the nonevent period. Cluster sizes are (cluster 0: n=7, cluster 1: n=11, cluster 2: n=10).

Discussion

Principal Findings
Sensor data represent a new form of “informatics evidence”
that supports informatics triage—a future requirement for
home-based health technologies. These data provide objective
evidence to inform decision support tools and clinical judgments.
Aligned with value-based care ideals [43], information derived

from smart home sensors can help prevent (re)hospitalizations
and reduce unnecessary emergency room visits, promoting
overall health and extending independence through health
maintenance support. However, for smart home data to
meaningfully reflect the impacts of external events on older
adults or to predict health risks, we must understand how routine
behaviors change with exposure. This study provides evidence
that ambient sensing reliably captures exposure-related
behaviors. The selected digital markers and analysis offer insight
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into how exposures are behaviorally expressed when older adults
are in their home, where they are arguably their most authentic
selves.

Discerning behavior changes by type, degree, and trend is
essential. Changes from baseline (nonevent) to new (event)
behavior may involve variations in activity frequency, timing,
duration, or location. Clinically relevant findings included
restlessness during sleep and reduced time spent outside the
home, both associated with heightened health risks. Poor sleep
quality is associated with increased risk for all-cause
cardiovascular mortality [44]. Decreased physical activity and
social interaction increase the risk for poor mental health [45],
dementia [46], cardiovascular disease, and cancer care outcomes
[44]. As a result, clinicians commonly rely on knowledge of
such behavior trends for clinical decision-making.

Objective, real-time evidence of key behavior changes creates
opportunities for impactful, low-cost interventions, such as
activity cueing [47,48], as well as community-level interventions
addressing social determinants of health. For example, older
Asian immigrants experienced unique needs during the
pandemic lockdowns where, besides managing their health,
they also managed an associated external event related to Asian
hate [49], leading many older Asian Americans to remain at
home for safety purposes. Behavior changes detected from the
smart home digital markers we illuminate here could assist
clinicians and community-based organizations in prioritizing
and mobilizing community health workers among their
constituents [50]. Indeed, discrimination reported by older Asian
Americans during the pandemic resulted in unhealthy behavior
changes, which could be investigated using similar methods
[51].

Case Exemplar
One compelling case exemplar from our study is Anna
(pseudonym), an 80‐90-year-old female who lived alone during
the pandemic due to recently becoming widowed. She
experienced significant mental and physical decline soon after
the lockdown began. She reported “feel[ing] isolated” and
increasingly “tired” and “worried” and informed her doctor
about feeling short of breath and fatigued. Medical tests were
inconclusive. We posit that the clinical team may have benefited
from knowing that her sleep duration over 3 months had
decreased 1.3%, her sleep restlessness increased 13.9% and
efficiency decreased 3.7%, and her time spent out of the home
decreased 27.5%—all derived from the digital markers and
methods in this study.

Based on these findings and follow-up interviews, the clinical
research team determined Anna was likely lonely and needed
more social interactions. With her permission, we reached out
to community leaders who implemented regular check-ins,
including home visits, group walking outdoors, and group
puzzling over a web-based platform. Anna responded positively
to these interventions, later reporting “feeling better.”

Integrating Ambient Sensor Information for a
Learning Health Care System
A learning health care system could greatly benefit from
in-home ambient sensor informatics, which provide insights

into the impacts of external events on individuals and
populations. Such systems rely on continuously available,
objective data to adapt and improve [52]. Smart homes could
play a pivotal role by systematically collecting real-time
evidence to support clinical decision-making and enhance care
effectiveness. By unobtrusively assessing and updating
information about patients between care points, the system
enables an iterative feedback loop of assessment and
intervention, fostering continuous learning and improvement.
Additionally, sensor-derived data empower the health care
system to address social determinants of health, promoting
equitable outcomes for individuals facing external challenges,
especially for those already affected by factors like race, gender,
age, and income level, which can exacerbate health risks.
Adding other opportunities for collecting whole life-space data
by including smart watches or other wearables could improve
understandings of behavior changes associated with adverse
external events. Data from these devices also requires new
analytic methods that machine learning is suited to address.
Upstream interventions are key to mitigating these risks and
improving health equity for these individuals [53]. Objective
data and metrics that reveal behavior changes related to external
events can help the health care system better address these
disparities, allowing targeted individualized care planning based
on observed behaviors, ultimately supporting more equitable
health outcomes. Sensor-derived information could be used to
plan individualized support such as guided indoor exercise
programs for older adults unable to leave their home who are
also showing less overall daytime activity, or digital mental
health support for persons showing increased restless sleep
patterns and reporting anxiety, or web-based socialization
opportunities to reduce loneliness.

A learning health care system could greatly benefit from
in-home ambient sensor informatics, which provide insights
into the impacts of external events on individuals and
populations. Such systems rely on continuously available,
objective data to adapt and improve [52]. Smart homes could
play a pivotal role by systematically collecting real-time
evidence to support clinical decision-making and enhance care
effectiveness. By unobtrusively assessing and updating
information about patients between care points, the system
enables an iterative feedback loop of assessment and
intervention, fostering continuous learning and improvement.
Additionally, sensor-derived data empower the health care
system to address social determinants of health, promoting
equitable outcomes for individuals facing external challenges,
especially for those already affected by factors like race, gender,
age, and income level, which can exacerbate health risks.
Adding other opportunities for collecting whole life-space data
by including smart watches or other wearables could improve
understandings of behavior changes associated with adverse
external events. Data from these devices also require new
analytic methods that machine learning is suited to address.
Upstream interventions are key to mitigating these risks and
improving health equity for these individuals [53]. Objective
data and metrics that reveal behavior changes related to external
events can help the health care system better address these
disparities, allowing targeted individualized care planning based
on observed behaviors, ultimately supporting more equitable
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health outcomes. Sensor-derived information could be used to
plan individualized support such as guided indoor exercise
programs for older adults unable to leave their home who are
also showing less overall daytime activity, or digital mental
health support for persons showing increased restless sleep
patterns and reporting anxiety, or web-based socialization
opportunities to reduce loneliness.

A learning health care system could greatly benefit from
in-home ambient sensor informatics, which provide insights
into the impacts of external events on individuals and
populations. Such systems rely on continuously available,
objective data to adapt and improve [52]. Smart homes could
play a pivotal role by systematically collecting real-time
evidence to support clinical decision-making and enhance care
effectiveness. By unobtrusively assessing and updating
information about patients between care points, the system
enables an iterative feedback loop of assessment and
intervention, fostering continuous learning and improvement.
Additionally, sensor-derived data empower the health care
system to address social determinants of health, promoting
equitable outcomes for individuals facing external challenges,
especially for those already affected by factors like race, gender,
age, and income level, which can exacerbate health risks.
Adding other opportunities for collecting whole life-space data
by including smart watches or other wearables could improve
understandings of behavior changes associated with adverse
external events. Data from these devices also requires new
analytic methods that machine learning is suited to address.
Upstream interventions are key to mitigating these risks and
improving health equity for these individuals [53]. Objective
data and metrics that reveal behavior changes related to external
events can help the health care system better address these
disparities, allowing targeted individualized care planning based
on observed behaviors, ultimately supporting more equitable
health outcomes. Sensor-derived information could be used to
plan individualized support such as guided indoor exercise
programs for older adults unable to leave their home who are
also showing less overall daytime activity, or digital mental
health support for persons showing increased restless sleep
patterns and reporting anxiety, or web-based socialization
opportunities to reduce loneliness.

Concerns of Older Adults
Privacy, cost, safety, security (data, identity, and health), and
reliability are concerns that older adults associate with smart
home health monitoring [54-57]. Older adults have indicated
they want to be watched over but not watched [58]. In addition,
technologies offering specific health assistance are more
desirable than ones that generally monitor and capture data
about behaviors and activities unrelated to an older adult’s
diagnosis [59,60]. All technologies collecting continuous data
aiming to support aging in place require designs that support
and embody the ethical principles of autonomy, the right to
self-determination, justice, and health equity [61,62].

Limitations and Future Research
A limitation of this work is the use of a convenience sample of
data collected before and during the COVID-19 and wildfire
smoke events. Expanding the sample to include greater

heterogeneity (race, gender, or socioeconomic status) and
representation from more geographic regions would support
more generalizable results and potentially identify additional
clusters of behavior changes. Sociodemographic factors likely
influence behavioral responses to adverse events. Due to the
small convenience sample, we were unable to determine the
differential impact of sociodemographic factors. Additionally,
health data for the case exemplar relied on participant recall,
which may be subject to bias and recall error.

This study is further limited by variations in sensor density
across participant homes. The number of sensors that were
analyzed varied between homes, based on home size and sensor
fidelity. While data were normalized to account for these
differences, the results could be refined if the numbers were
uniform across the sample. We also recognize the inherent
limitations of smart home sensors, which capture broad
behaviors like navigation patterns and door usage but may miss
finer behaviors, such as specific gestures. The confinement of
sensors to indoor settings also excludes activities performed
outside the home, potentially biasing conclusions. Integrating
ambient sensors with wearables and other IoT sources could
enhance the breadth and detail of behavior markers. Future
research could examine the effects of other external events on
older adults’ health, such as migration, economic and policy
implications, and the impacts of advances in artificial
intelligence.

In this study, we focused on markers that reflect time spent on
activities of interest. Future studies may consider additional
markers that consider the time of day and location for these
markers and integrate new markers into the collection.

Conclusions
Older adults are increasingly exposed to adverse external events
like wildfires. Exposure can lead to behavior changes, putting
them doubly at risk. Smart homes offer an innovative solution,
affording opportunities for upstream interventions supporting
more equitable health outcomes and providing continuous data
for the learning health care system. Findings from this study
show that the COVID-19 pandemic and the United States Pacific
Northwest wildfires impacted community-dwelling older adults’
behaviors with a change in time spent out of the home as the
most predictive digital marker, followed by sleep markers,
overall activity levels, and the duration of time spent on
activities. Findings offer a new type of evidence to support
clinical decision-making that considers the context of social
determinants of health, like social factors related to the pandemic
and exposure to poor air quality.

The rising frequency of external events, combined with the
widening gap between available caregivers and the growing
population of older adults needing care [63], poses a global
gerontological humanitarian challenge. These events disrupt
daily routines for older adults, potentially worsening their health
and limiting their independence. Smart homes are
well-positioned to help bridge this gap by collecting and
leveraging in-home ambient sensing data. Further exploration
of ambient sensor data integration into clinical decision support
tools and the learning health care system is essential. Innovations
like these could provide families and health care teams with
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timely, actionable information that enables person-centered care and supports interventions that promote health equity at scale.
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Abstract

Background: Patients with post-COVID-19 continue to experience lingering physical and psychological symptoms, requiring
coordinated and continuous care. Addressing these needs is essential, especially in resource-limited settings.

Objective: The objectives of this paper are to study the issues and needs, as well as the nursing and continuous care systems
for residents living with COVID-19, to design and develop a database system, develop continuous care guidelines, and evaluate
the effectiveness of the database system for continuous monitoring and care for residents living with COVID-19 in Nakhon
Pathom Province, Thailand.

Methods: Participatory action research was used to engage stakeholders and guide the development process.

Results: A total of 375 patients and family members affected by post-COVID-19 symptoms reported that symptoms persisted
for approximately 6 months, with common symptoms including persistent cough and easy fatigue. These patients experienced
reduced access to health care services, relying mainly on symptomatic treatment at local facilities and using telehealth nursing
systems. They expressed a need for continuous care support from 50 professional nurses and village health volunteers. As a result,
health care guidelines for post-COVID recovery were developed, comprising 5 core components: (1) self-care through digital
information retrieval, (2) care via telehealth nursing systems, (3) physical health care services postrecovery, (4) mental health
services postrecovery, and (5) continuous care for referral in case of postrecovery incidents. These guidelines were used to design
a database system for continuous monitoring and care, which was evaluated as highly effective (mean 4.51, SD 0.59).

Conclusions: This research highlights the critical need for a proactive and comprehensive approach to managing post-COVID-19
care in Nakhon Pathom Province. By developing and implementing a database system for continuous monitoring and care, along
with clear guidelines, the study effectively addresses the ongoing needs of individuals recovering from COVID-19. The integration
of technology, along with continuous care provided by professional nurses and village health volunteers, has been shown to be
highly effective in improving the quality of care. The findings suggest that adopting these strategies, along with implementing
supportive policies on data management and communication systems focused on home visits, will significantly enhance health
service management and better prepare the region for future public health challenges.

(JMIR Nursing 2025;8:e65310)   doi:10.2196/65310

KEYWORDS

post-COVID-19 symptoms; continuous care; database system; COVID-19; care; nursing; care management; Coronavirus; case
study; needs; nurse; design; develop; database system; continuous monitoring; participatory research; Thailand; Asia; Asian;
cough; fatigue; recovery; quality of care
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Introduction

Background
As of October 1, 2022, the COVID-19 pandemic has transitioned
from a global pandemic to an endemic disease. According to
the latest data from the Department of Disease Control, the
global number of confirmed cases from December 2019 to
October 2021 reached 224,423,325, with 65,446 currently
hospitalized and 4,963,653 cumulative deaths. In Thailand, from
April 2021 to October 2022, there have been 4,660,878
cumulative cases, 2616 new cases, and 32,828 cumulative
deaths. Specifically, in Nakhon Pathom Province, from April
2021 to October 2022, there have been 83,004 cumulative cases,
30 new cases, and 802 cumulative deaths [1,2]. These statistics
show a declining trend in infections; however, there is still no
clear report on the long-term effects on those who have
recovered from COVID-19.

It is well known that the impact of the COVID-19 pandemic
has caused rapid and severe shock, significantly affecting the
global economy to the greatest extent in 150 years. The
pandemic has impacted tourism for no less than 6 months,
resulting in a loss of income exceeding 250 billion baht [3,4].
Despite the reopening of the country and the resumption of
tourism, the economic recovery is still in progress and uncertain.
The future trajectory of the pandemic and its long-term effects
on those infected remain unclear.

Based on the experience in designing health service systems,
nursing systems, and continuing care for at-risk populations
and those infected with COVID-19 over the past 3‐4 years,
the Faculty of Nursing at Nakhon Pathom Rajabhat University
has found that the establishment of a database system to monitor
the symptoms of at-risk individuals and patients with COVID-19
under the university’s rapid response system still lacks a
comprehensive database system to support care within Local
Quarantine Centers, Home Isolation, and Community Isolation.

Due to the spread of COVID-19, the health service system has
not yet identified suitable methods for living and adapting to
the ongoing presence of infectious diseases. There has been no
planning or design of a system to access medical care and
develop health care guidelines for COVID-19 patients to ensure
they can correctly and safely manage their initial care.
Additionally, there is no established guideline for postrecovery
care for patients returning to normalcy after recovering from
COVID-19 to ensure they can resume their normal work
activities.

Based on initial interviews, information on people recovering
from COVID-19 in Nakhon Pathom over the past 3‐4 years
indicates that no agency has monitored the symptoms of those
who have recovered, tracked their postrecovery lifestyle, or
followed up on long COVID symptoms. Additionally, there has
been no data collection on vaccination for people who had
COVID-19. This group has been informed that they would
develop immunity after infection, leading to a lack of follow-up
booster vaccinations.

Given this situation, there is a significant opportunity to design
a health service system that includes nursing and continuous

care for people living with COVID-19 in Nakhon Pathom. This
system should leverage health technology, as the majority of
the population now has greater access to technology for health
promotion and treatment. It should also include plans to support
measures for preventing further outbreaks or new epidemics.
This approach would address health maintenance, disease
prevention, social distancing, and the adoption of new lifestyle
behaviors to live safely with COVID-19.

Therefore, the research team recognizes the importance of
addressing these issues and has undertaken the development of
a work plan for managing nursing systems and continuous care
for people living with COVID-19: A Case Study of Nakhon
Pathom Province. This plan aims to examine the nursing and
continuing care management work plan for individuals living
with COVID-19 in Nakhon Pathom Province and to explore
the effectiveness of integrated care approaches, including
telehealth and community-based services, by improving access
to services, enhancing the care, and providing nursing for
patients with post-COVID-19 both at home and within the
community. To enhance access to services and improve the
quality of care and nursing for post-COVID-19 patients at home
and in the community, the following steps are necessary:
screening: implement self-assessment tools for evaluating the
risk and symptoms post-COVID-19 recovery; tracking and
tracing: monitor and record follow-up data by community health
service units; surveillance system: establish a system for ongoing
observation and reporting; and information transfer system: use
health technology to ensure seamless data transfer and
communication. By implementing this comprehensive plan, the
goal is to prepare the community in Nakhon Pathom to live with
COVID-19, ensuring high-quality care and support through the
effective use of health technology.

Research Purpose
The purpose of this article is (1) to study the issues, needs, and
systems of nursing and continuous care for people living with
post-COVID-19 in Nakhon Pathom Province; (2) to design and
develop a database system for continuous monitoring and care
of individuals with post-COVID-19 in Nakhon Pathom Province;
(3) to develop guidelines for the continuous care of patients
recovering from post-COVID-19 in the community in Nakhon
Pathom Province; and (4) to evaluate the effectiveness of the
database system for continuous monitoring and care of
individuals with post-COVID-19 in Nakhon Pathom Province.

Conceptual Framework
The study is guided by 2 key conceptual frameworks that
provide a theoretical basis for the research and the development
of the health care system. These frameworks were selected based
on their relevance to the goals of the study and their ability to
provide a comprehensive approach to managing nursing and
continuous care for patients with post-COVID-19.

Transitional Care or Transaction Model
The Transitional Care or Transaction Model model [5]
emphasizes the importance of continuous care during transitions
between health care facilities and home. It focuses on ensuring
that patients receive consistent, high-quality care throughout
the different stages of their recovery. The model includes three
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stages: (1) pretransition: the period before the patient leaves the
hospital, where the focus is on preparing the patient for the
transition to home care; (2) midtransition: the actual transition
period, where the patient moves from the hospital to home or
another care setting; and (3) posttransition: the period after the
patient has returned home, where the focus is on ensuring that
the patient continues to receive the care they need to recover
fully.

Each stage of the transition requires attention to 4 critical
factors:

Information: ensuring that accurate and relevant information is
provided to both patients and caregivers. This includes providing
clear instructions on medication, follow-up appointments, and
any other aspects of the patient’s care plan.

Communication: using effective communication strategies to
keep all stakeholders informed and involved. This includes
regular updates to the patient’s care team, as well as clear
communication with the patient and their family.

Support: offering immediate support to patients and their
families as they navigate the health care system. This includes
providing access to resources such as social workers, financial
counselors, and other support services.

Time: allowing sufficient time for each stage of the transition
to be completed successfully. This includes ensuring that the
patient has enough time to adjust to their new care setting and
that any necessary adjustments to their care plan are made
promptly.

The continuous care concept for patients with post-COVID-19
also applies. The primary care behavioral health model by Reiter
and team [6] includes the following components: access to
health information: ensuring patients and providers have access
to relevant health data; health management: efficiently managing
health care processes and resources; health coordination:
coordinating care among different providers and services;
teamwork: facilitating collaborative efforts among health care
teams; budget responsibility: managing financial resources
effectively; supporting health information technology: using
technology to support and enhance health information; and
service quality and safety: ensuring high standards of care and
safety for patients.

The researchers analyzed, connected, and supported the 2
conceptual frameworks within the context of Nakhon Pathom
Province, leading to the design of a database system for data
transfer, management, and continuous care for individuals with
COVID-19 in the area. The research process involved surveying
the situation, issues, and needs of the nursing and continuous
care system from the perspectives of professional nurses, public
health officials, and patients with post-COVID-19, as well as
the general public. This resulted in a practical database system
for data transfer, management, and continuous care, which
includes the following: information: providing accurate and
useful data; communication: using effective communication
methods; support: offering timely support as needed; and time:
ensuring appropriate and sufficient time for processes. The
system addresses health management, coordination, teamwork,
and budget responsibility, aiming to ensure safety in daily life.

Methods

Study Design
This research uses a research and development approach with
3 stages.

Stage 1
Study the problems and needs: this stage investigates the current
issues and needs of the nursing and continuous care system for
individuals with post-COVID-19 in Nakhon Pathom Province.

Stage 2
Design, develop, and test: this stage is to design and develop
the database system for continuous monitoring and care of
individuals with post-COVID-19 in Nakhon Pathom Province.
Subsequently, we synthesized the data from the system to create
guidelines for continuous care for patients with post-COVID-19
in community settings within the province.

Stage 3
Evaluate the effectiveness: we aimed to assess the effectiveness
of the database system for continuous monitoring and care of
individuals with post-COVID-19 in Nakhon Pathom Province.

Research Area
The research area is Nakhon Pathom Province.

Population
The included population was patients and families who have
had COVID-19 within the past year and have recovered for at
least 3 months, residing in Nakhon Pathom Subdistrict, Mueang
Nakhon Pathom District, Nakhon Pathom

In the Province, there were a total of 15,117 people. Among
them, professional nurses, public health officials, and directors
of the community health promotion hospitals in the Mueang
District area of Nakhon Pathom Province were included, totaling
50 people.

Sampling
The sample group was selected using Krejcie and Morgan’s
(1970) formula with a 5% margin of error from the total
population. For patients and families who have had COVID-19,
the sample size is 375 people. For professional nurses, public
health officials, and directors of community health promotion
hospitals in the Mueang District of Nakhon Pathom Province,
all 50 individuals were selected.

Tools of Research
This study used questionnaires as the primary data collection
tool and adopted both qualitative and quantitative methods:

Stage 1 used qualitative tools, which include focus group
guidelines; interview guidelines; questionnaire for note-taking;
and analysis guidelines and participatory observation.

Stage 2 used the findings from stage 1 to develop a database
system for continuous monitoring and care of individuals with
post-COVID-19 in Nakhon Pathom Province, which includes
system design. We also developed a data management system
that collects and stores information on computers and through
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internet-based databases. Moreover, for data synthesis, we
applied matrix-based comparative analysis principles to
synthesize the collected data; and created guidelines using the
synthesized data to establish guidelines for continuous care of
patients with post-COVID-19 in community settings within
Nakhon Pathom Province.

Stage 3 involves evaluating the effectiveness of the database
system for continuous monitoring and care of individuals with
post-COVID-19 in Nakhon Pathom Province. This stage uses
quantitative tools by creating a custom questionnaire: developing
a specifically designed questionnaire to assess the effectiveness
of the database system. This tool will gather quantitative data
on how well the system performs in terms of functionality,
usability, and overall impact on patient care and management.

The quantitative tool used is a questionnaire designed for data
collection, which underwent review by experts in various fields:
nursing experts, continuous care nursing experts, epidemic
nursing experts, and database system development experts. A
total of 3 experts reviewed the questionnaire for content validity,
resulting in an Index of Item-Objective Congruence of 0.98.
Following the revision of the content based on their feedback,
the revised tool was tested for reliability with a sample group
of 30 individuals similar to the actual target sample. The
reliability analysis of the questionnaire, specifically designed
for patients who have had COVID-19 and their families, yielded
a content validity index of 0.91.

Qualitative tools included note-taking forms, analysis guides,
participatory observation, focus group and interview guidelines,
and workshop protocols. Content validity was confirmed by
experts, with a Content Validity Index of 0.90 for the nurse or
public health questionnaire and 1.00 for interviews with hospital
directors, ensuring tool reliability.

Data Collection
Data were collected with 2 years of follow-up in 3 steps as
follows.

Step 1
Step 1 involves studying the problems and needs of the nursing
and continuous care system for individuals with COVID-19 in
Nakhon Pathom Province. The focus group involves examining
the situation, identifying issues, and determining requirements
from a total of 375 participants. The qualitative data are
synthesized to create a comprehensive map of the issues and
needs of the nursing and continuous care system for individuals
with COVID-19 in Nakhon Pathom Province. The summarized
results will inform and guide the development process in step
2.

Step 2
In step 2, the researchers designed a database system for
continuous monitoring and care of individuals with COVID-19
in Nakhon Pathom Province using data from step 1. This
involved developing the system with technology through 4
datasets: information, communication, support, and time. The
goal is for the community health promotion hospitals in Nakhon
Pathom to use the database system for data transfer, management
planning, and continuous care, enabling individuals in Mueang

District, Nakhon Pathom Province, to lead live safe and stable
lives while managing their condition. The system design also
incorporated measures from the Personal Data Protection Act.

Test and pilot the database system: Tests and trial runs of the
database system will be conducted for continuous monitoring
and care of individuals with COVID-19 in Nakhon Pathom
Province. This involves evaluating the system’s functionality,
usability, and effectiveness in real-world scenarios to ensure it
meets the needs of managing and supporting the affected
population.

Develop guidelines for continuous care: The researchers used
the analysis results from step 1, combined with relevant data
from additional research, to create guidelines for the continuous
care of patients with post-COVID-19 in community settings
within Nakhon Pathom Province. This involved synthesizing
the information to establish practical and effective care practices
tailored to the needs of the local population.

Step 3
Step 3 involves evaluating the effectiveness of the database
system for continuous monitoring and care of individuals with
COVID-19 in Nakhon Pathom Province.

The evaluation will involve a sample group consisting of
professional nurses, public health officials, and Directors of
Community Health Promotion Hospitals. In total, 50 individuals
from the Mueang District of Nakhon Pathom Province will be
involved in assessing the system’s performance and
effectiveness.

Summarize the effectiveness of the database system: The data
on the performance and effectiveness of the database system
for continuous monitoring and care of individuals with
COVID-19 in Nakhon Pathom Province will be compiled and
analyzed. This includes evaluating how well the system meets
its objectives and supports patient management.

Develop recommendations and user manual: Recommendations
will be provided based on the evaluation findings and a
comprehensive user manual for the database system will be
prepared. The manual will guide users on how to effectively
operate the system and integrate it into their continuous care
practices for individuals with COVID-19 in Nakhon Pathom
Province.

Ethical Considerations
This research has received ethical approval from the Human
Research Ethics Committee of Nakhon Pathom Rajabhat
University, with approval numbers 047/2565-047/2566.
Participants in the research are free to withdraw from providing
information or participating in activities at any time during the
data collection process. They can also withdraw from the
research process altogether if they are uncomfortable with using
the data or engaging in the activities.

Data Analysis
In steps 1 and 2, the analysis focuses on understanding the
problems, needs, and continuous care system for individuals
with COVID-19 in Nakhon Pathom Province. This involves
process analysis, content comparison, interpretation,
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summarization, transcription, categorization, synthesis of
sentences, and validation: triangulating data by cross-checking
findings from multiple sources and methods to ensure accuracy
and reliability. This approach ensures a comprehensive and
reliable analysis of qualitative data.

In step 3, which involves evaluating the effectiveness of the
database system for continuous care of individuals with
COVID-19 in Nakhon Pathom Province, the analysis focuses
on descriptive statistics, percentages, frequency distribution,
mean and SD. These statistical methods help summarize and
interpret the quantitative data collected during the evaluation
of the database system, providing insights into its effectiveness
and performance.

Results

Phase 1: The Problems and Needs of the Nursing and
Continuous Care System for Individuals With
COVID-19 in Nakhon Pathom Province
The results of phase 1 revealed 5 key issues regarding the health
care system and continuous care needs for the public living with
COVID-19 in Nakhon Pathom province.

Issues With Health Care Service
When the rapid antigen test results are positive, patients receive
management to enter the health care system according to the
hospital’s primary health care promotion unit in the area they
reside. However, some individuals do not access the service
system, instead focusing on self-care using principles of isolation
from family members and primarily treating themselves with
herbal remedies.

“Long wait times for service, being ill without income,
recovered but symptoms persist.” After recovering, issues arise
due to reflections that the patient group accessing hospital
services receives care at the provincial hospital, undergoes
hospital checks after staying at the field hospital for 10 days,
then returns home for 4 days of continued care at the local health
promotion hospital via line group reporting and community
health volunteers. Friends and neighbors help report symptoms
through line groups and report complications or additional
symptoms, with the hospital sending medication to take.

To address the needs for care and nursing following recovery
from COVID-19, the following steps are recommended:

Facility preparation: Local service facilities should prepare beds
for bedridden patients or elderly individuals recovering from
COVID-19. This includes setting up systems for meal delivery
in the area to facilitate convenience during isolation.

Continued follow-up: There should be continuous monitoring
and follow-up after recovery from COVID-19. It is crucial to
advise individuals to maintain their health and provide education
on self-care, particularly regarding monitoring symptoms such
as fatigue and shortness of breath post-COVID.

Vaccination guidance: Guidance should be provided regarding
vaccination. It’s important to emphasize that vaccination against
COVID-19 and influenza can strengthen immunity and prevent

re-infection with COVID-19. This also reduces the risk of
transmitting the virus again in the community.

These measures aim to ensure comprehensive care and support
for individuals postrecovery, promoting their well-being and
reducing the likelihood of recurrence or complications related
to COVID-19.

The issue of providing health information and preparing health
data for patients with COVID-19 should be led by health care
professionals in the area, especially professional nurses, public
health officials, and community health volunteers. They should
serve as information leaders for self-care among patients with
COVID-19. Communication channels should emphasize
awareness through voice messaging systems and community
outreach via TV, Facebook, and the internet. Information should
be obtained from local health authorities, neighbors, family
members, hospitals, and local health promotion hospitals. This
ensures that individuals receive clear and adequate information
on self-care and COVID-19 prevention efforts.

Communication strategies appropriate during various
stages—awareness, illness, recovery, and reintegration into
society—include discreet doctor notification via phone to contact
health services upon symptoms or diagnosis. During illness,
nurses may inquire daily for the initial treatment group,
approximately 10‐15 days, while those self-treating with
family monitor health, consumption, and home isolation
postrecovery. Initially worried about social acceptance
post-COVID, more recently adjusting, radio communication
shares self-care after diagnosis and primary care treatments

The key support factors during illness, recovery, and
postreintegration into society include increased family
caregiving, mutual encouragement among friends, and
involvement from doctors, nurses, and relevant officials. Family
members, community health volunteers, and local health
authority representatives play pivotal roles in communication
and primary care. Spouses, children, and extended family
members provide assistance during isolation, particularly for
COVID-19 cases or households with elderly members requiring
separate care, ensuring continuous support.

The issue concerning the timeframe after recovering from
COVID-19 spans approximately 1 week to 6 months, with
varying durations of symptoms for each individual. Some may
experience symptoms for up to 15 days, isolating from
household members for about 10‐15 days due to fear of social
stigma and concern about others’ perceptions of ongoing illness.
They separate their food and personal items, use a separate room
for rest, meals, and medication, and gradually return to normal
life after recovery. However, lingering symptoms such as cough,
fatigue, and underlying health conditions persist.

Phase 2 Outcomes: Development and Design of a
Database System for Continuous Monitoring and Care
for Residents Living With COVID-19 in Nakhon
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Pathom Province, Specifically for Patients With
Post-COVID-19 in Community Settings

Dataset for Developing a Continuous Monitoring and
Care Database System for Residents Living With
COVID-19
Part 1: General information, which includes household member
general information, information related to household head,
characteristics of occupations, household security information,
household environmental management information, health
information, and communication information.

Part 2: Continuous care management data, which include chronic
diseases, persistent symptoms after recovering from COVID-19
1 year later, and health care guidelines for the population after
recovering from COVID-19.

Part 3: Management outcome data. Analyzing data from parts
1 and 2 to analyze the outcomes resulting from comprehensive
management efforts as follows:

• CODE_PC1 : Seeking health knowledge and management
post-COVID-19

• CODE_PC2 : Risk control and safety post-COVID-19 by
telenursing

• CODE_PC3: Self-care post-COVID-19
• CODE_PC4: Self-control psychological health

post-COVID-19
• CODE_PC5: Satisfaction with referral care post-COVID-19

Health Care Guidelines for the Population After
Recovering From COVID-19

Guidelines for Self-Care
Using digital resources related to COVID-19 includes
recommending the use of apps, websites, and information from
health promotion hospitals to provide information on COVID-
19 infection; recommend vaccination information; and advise
on using apps and websites related to COVID-19 for village
health volunteers.

Guidelines for Managing COVID-19 Remotely Through
Telenursing Systems
These guidelines include the following: providing consultation
and advice via phone by community health promotion hospitals;
organizing remote educational activities on self-protection, hand
hygiene, wearing masks, and updated information on COVID-19
for patients, families, and communities; conducting remote
disease management and nursing activities by health care
experts; and assessing and screening post-COVID symptoms,
interpreting rapid antigen test results, managing medications,
and monitoring respiratory symptoms.

Guidelines for Providing Post-COVID-19 Physical
Health Care Services
These guidelines include the following: annual health check-ups,
particularly chest X-rays and disease screening; home visits by
community health volunteers; remote home care services by
community nurses or public health professionals; providing
advice on self-care through purchasing medications and
treatments from pharmacies, medical clinics, and nursing clinics

in the area; and organizing campaigns to encourage vaccination
against COVID-19 and influenza.

Guidelines for Providing Mental Health Services
Postrecovery From COVID-19
These guidlines are used for providing services to assess and
screen for depression and offering mental health counseling
through hotline services.

Continuous Care Guidelines for Referral in Case of
Emergencies Postrecovery From COVID-19
These guidelines include the following: arranging services for
severe symptoms or emergencies providing remote nursing
services for continuous treatment information dissemination.

The outcome is the database of results from the continuous care
management of COVID-19 infection 1 year postrecovery.

Phase 3: Evaluate the Effectiveness of the Database
System for Continuous Monitoring and Care of
Individuals With Post-COVID-19 in Nakhon Pathom
Province
The researchers implemented a database system for continuous
monitoring and care for the public affected by COVID-19 in
Nakhon Pathom Province. They evaluated its effectiveness
among 50 health care professionals, including registered nurses,
public health officers, and directors of sub-district health
promotion hospitals in Mueang District, Nakhon Pathom
Province. The overall effectiveness was found to be at the
highest level (mean 4.51, SD 0.59), with the highest performance
specifically in data security (mean 4.59, SD 0.57). Following
closely was the capability to perform tasks effectively (mean
4.53, (SD 0.56).

Discussion

Principal Findings
This study aimed to develop a nursing and continuous care
management work plan for individuals living with COVID-19
in Nakhon Pathom Province, focusing on identifying needs,
designing an integrated database system, and evaluating its
effectiveness. The findings highlight significant challenges in
the health care service system, including limited access to care,
reliance on self-treatment, and the persistence of
post-COVID-19 symptoms. In response, a comprehensive care
model was designed to address gaps in service delivery through
the use of digital technologies, community-based care strategies,
and structured follow-up mechanisms. The final phase
demonstrated the system’s high level of effectiveness in practice,
particularly in data security and task performance, as evaluated
by health care professionals. Results showed high overall
effectiveness (mean 4.51, SD 0.59), with data security rated
highest (mean 4.59, SD 0.57), followed by task performance
(mean 4.53, SD 0.56). This confirmed the system’s capacity to
support sustainable, technology-enabled post-COVID care at
the community level.

Based on the situation of health care and continuous care
systems for the public living with COVID-19 in Nakhon Pathom
Province, it was found that symptoms persist approximately 6
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months postinfection. According to Davis et al [7] for the
majority of respondents (>91%), the time to recovery exceeded
35 weeks. Common post-COVID symptoms include persistent
cough and fatigue, consistent with studies by Thekgungsakdakul
et al [8] and Ruengsong et al [9]. However, other research
suggests that patients with COVID-19 may have an increased
risk of developing respiratory diseases, and the risk increases
with the severity of infection and reinfection [10].

There is also evidence of anxiety and social withdrawal, echoing
findings by Tongtaeng and Sisawang [11], which highlight
significant psychological impacts such as depression that
necessitate evaluation following COVID-19 infection
management protocols [12]. This research defines
self-management outcomes in mental health post-COVID
symptom onset.

From the study findings, it was observed that patients
experiencing post-COVID symptoms have reduced access to
treatment services at local facilities and increasingly rely on
telehealth systems for care. They still require support from
professional nurses and community health volunteers for
continuous care. Consequently, the research analysis proposes
health care guidelines for the public following recovery from
COVID-19, consisting of five key strategies: (1) self-care
guidance through digital information access related to
COVID-19; (2) management of COVID-19 via telehealth
nursing systems; (3) physical health care services postrecovery;
(4) mental health care services postrecovery; and (5) continuous
care guidelines for referral cases reported after recovery. The
integration of telehealth systems has played a critical role in

enhancing nursing care during the COVID-19 pandemic. Prior
studies have demonstrated that telemedicine not only supports
effective monitoring of patients with COVID-19 while
minimizing transmission risks but also contributes to the
continuity and quality of care delivery [13,14].

These align with the findings of Thongnopakun et al’s [15]
study on knowledge and attitudes towards patient follow-up
among community health volunteers before and after training,
indicating significant differences. They also follow the
guidelines of the Medical Research and Technology Evaluation
Institute [16], emphasizing self-care and receiving services from
local health units or seeking telemedicine advice if symptoms
persist beyond 2 months to consult specialized physicians for
developing health care strategies for patients experiencing
post-COVID symptoms, including the studies of Chugamnern
et al [17], which emphasize the importance of evaluating data
from patients’ families and communities, thereby reflecting the
importance and necessity of designing a continuous care tracking
database system for the public living with COVID-19 to improve
service provision in the future.

Suggestions
A network for emergency care or urgent assistance among local
volunteers and the health service network to prevent diseases
should be established.

Health service units should establish policies on data
management for health service leaders, communication systems
to develop a continuous care system focusing on home visits,
and support management to care for patients with post-COVID
or patients with other epidemic diseases.
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Abstract

Each year, nursing informatics researchers contribute to nursing and health informatics knowledge. The year 2024 emerged as
yet another year of significant advances. In this editorial, I describe and highlight some of the key trends in nursing informatics
research as published in JMIR Nursing in 2024. Artificial intelligence (AI), data science, mobile health (mHealth), and the
integration of technology into nursing education and practice remain key research themes in the literature. Nursing informatics
publications continue to grow in number. A greater number of AI and data science articles are being published, while at the same
time, mHealth and technology research continues to be conducted in nursing education and practice contexts.

(JMIR Nursing 2025;8:e74345)   doi:10.2196/74345
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Introduction

The year 2024 proved to be a revolutionary year for nursing
informatics and JMIR Nursing. Nurses, technology practitioners,
and researchers who design, develop, and implement
technologies used by nurses and nursing informatics specialists
are moving forward in the field of study we know as nursing
informatics. In 2024, we saw nursing informatics researchers
focus on several key areas, namely artificial intelligence (AI),
data science, and mobile health (mHealth), as well as integrating
technologies into nursing practice and education. In this year’s
year-in-review editorial, I describe and highlight some of the
key nursing informatics research themes published in JMIR
Nursing and review 2024’s published articles, using a thematic
approach [1]. Findings from the review of the articles revealed
many trends that I describe in more detail below.

Artificial Intelligence

Over the past year, several articles were published that assessed
the current state of the science of AI in nursing; the design of
AI algorithms; and the effectiveness of AI’s implementation in
nursing contexts, such as hospital, community, and long-term
care settings. Researchers have investigated the implications of
applying AI to lifestyle monitoring in long-term care [2],
detecting behavioral disorders [3], identifying depression [4],
patient monitoring (eg, movement monitoring for continence
care, sleep, and chronic conditions) [5], and supporting nurses’
decision-making [6]. AI-supported technologies, such as robots
[7] and chatbots [8], have also been studied and evaluated for
their use by nurses in varying care contexts. Other researchers
have begun the process of examining AI’s integration into
nursing education. Here, there has been an impetus to identify

what is important and how to effectively integrate these
technologies into nursing education [9].

Data Science

Data science emerged as a key theme in the nursing informatics
research. The development of data models and the analysis of
nurse-generated data were considered by researchers as key to
supporting nurses’ decision-making in hospital [10], long-term
care [11], and community settings [12]. This nursing informatics
research aimed to conceptualize and develop electronic health
record data models for nurses [13]. Researchers used data-centric
approaches to understand and improve nursing workload
measures, understand nurses’and patients’ sentiments regarding
COVID-19 [14], collect and present data used in the remote
monitoring of patients with COVID-19 [12], and identify patient
resources [15]. This research led to new findings that focused
on optimizing nursing practice [10-19].

Ethics and Privacy

Key research areas of concern for nurses who use AI and data
science–centric approaches included ethical [19] and privacy
considerations [16] associated with using technology. Software
testing remained an important aspect of nursing informatics
practice to ensure the quality and safety of technologies used
in health care [17].

Nursing Education

Nursing education remained an important theme in the literature
[20,21]. The influence of AI on nursing education reflected the
need for nurse educators and educational researchers to
understand the impacts of these technologies upon nursing
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education [18]. The role of digital tools and their integration
into undergraduate and graduate nursing education were
explored [18]. Digital tools used by practicing nurses were
studied by researchers [18,19,22]. Here, nurses’ use of
multimedia tools to support patient education in cardiac care
was a research highlight that emerged [22], and we saw an
increase in the number of papers that focused on virtual care in
the context of nursing education [20,21].

mHealth Apps, Tablets, and the Internet

The development of mHealth apps for patients and nurses
remained strong [23,24]. Peterson and colleagues [22] studied
the effects of a gratitude exercise mindfulness app on neonatal
intensive care nurses. Shiyab et al [5] examined nurses’ use of
mHealth apps for chronic conditions. Togo et al [25]
investigated the effects of mindful breathing using a tablet on
nervous system function and sleep. Nurses continued to study
mobile apps, software, and devices to determine their influence
on patient and nursing outcomes [5,23,24,26,27]. Nurse
researchers continued to spearhead mHealth app design and
improvements in design, with the aim of improving outcomes.
Lastly, nurses evaluated new approaches to finding services on
the World Wide Web [15].

In summary, nursing informatics research in 2024 extended our
knowledge in the areas of AI and data science. Mobile apps,
tablet use, the use of the internet, the integration of nursing
informatics into nursing education, and the design of digital
tools for nurses and patients continue to be important areas of
research.

Future Research Directions

Nursing informatics research in 2024 advanced in several key
areas, including research on the design and use of mobile devices
(eg, mHealth tools and tablets) and software apps in the context
of nursing practice, education, and administration. In addition
to this, several advances in the design and development of data

analytics and AI algorithms by nurses have emerged to support
and enhance nursing practice. Of importance is the need to study
how these technologies can effectively and safely be integrated
for use by nurses in acute care, long-term care, and home care
settings. Future research will need to focus on how technologies
are implemented and incorporated into nurses’work and patient
care, so that there is a strong cognitive-sociotechnical fit
between nurse information processing activities, the physical
work of nurses, the technologies that are used by nurses, and
the patients they care for [1,28,29]. To address these emerging
issues in nursing informatics, there is a need to expand funding
at the intersection of nursing informatics and AI, data analytics,
and mHealth, and research funding extensions need to be made
for understanding how these critical new technologies can be
added to nursing education and practice [30].

JMIR Highlights

JMIR Nursing also advanced in 2024. JMIR Nursing is now
indexed in MEDLINE, PubMed, PubMed Central, Directory
of Open Access Journals (DOAJ), Scopus, Sherpa Romeo,
CINAHL, and the International Academy of Nursing Editors
(INANE) directory of nursing journals. More importantly, in
2024, JMIR Nursing’s CiteScore rose to 5.2, placing the journal
in the 88th percentile. JMIR Nursing is now a Q1 journal for
general nursing.

Conclusion

The focus on nursing informatics and emerging technology
trends in the field of nursing is proving that technology’s
influence upon nursing practice is growing and needs continuous
research and support. Nursing informatics researchers and those
who study nurses using technology continue to lead the way
forward, influencing nursing and health care around the world.
Future research directions will need to focus on the integration
and incorporation of new and emerging technologies into
nursing practice, education, and administration.
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Abstract

Background: The health care sector faces a projected shortfall of 10 million workers by 2030. Artificial intelligence (AI)
automation in areas such as patient education and initial therapy screening presents a strategic response to mitigate this shortage
and reallocate medical staff to higher-priority tasks. However, current methods of evaluating early-stage health care AI chatbots
are highly limited due to safety concerns and the amount of time and effort that goes into evaluating them.

Objective: This study introduces a novel 3-bot method for efficiently testing and validating early-stage AI health care provider
chatbots. To extensively test AI provider chatbots without involving real patients or researchers, various AI patient bots and an
evaluator bot were developed.

Methods: Provider bots interacted with AI patient bots embodying frustrated, anxious, or depressed personas. An evaluator bot
reviewed interaction transcripts based on specific criteria. Human experts then reviewed each interaction transcript, and the
evaluator bot’s results were compared to human evaluation results to ensure accuracy.

Results: The patient-education bot’s evaluations by the AI evaluator and the human evaluator were nearly identical, with minimal
variance, limiting the opportunity for further analysis. The screening bot’s evaluations also yielded similar results between the
AI evaluator and human evaluator. Statistical analysis confirmed the reliability and accuracy of the AI evaluations.

Conclusions: The innovative evaluation method ensures a safe, adaptable, and effective means to test and refine early versions
of health care provider chatbots without risking patient safety or investing excessive researcher time and effort. Our patient-education
evaluator bots could have benefitted from larger evaluation criteria, as we had extremely similar results from the AI and human
evaluators, which could have arisen because of the small number of evaluation criteria. We were limited in the amount of prompting
we could input into each bot due to the practical consideration that response time increases with larger and larger prompts. In the
future, using techniques such as retrieval augmented generation will allow the system to receive more information and become
more specific and accurate in evaluating the chatbots. This evaluation method will allow for rapid testing and validation of health
care chatbots to automate basic medical tasks, freeing providers to address more complex tasks.

(JMIR Nursing 2025;8:e63058)   doi:10.2196/63058

KEYWORDS

artificial intelligence; patient education; therapy; computer-assisted; computer; understandable; accurate; understandability;
automation; chatbots; bots; conversational agents; emotions; emotional; depression; depressive; anxiety; anxious; nervous;
nervousness; empathy; empathetic; communication; interactions; frustrated; frustration; relationships

Introduction

Faced with a projected shortfall of 10 million health care
workers by 2030 [1], the health care sector urgently requires
innovative solutions to sustain patient care and education.

Artificial intelligence (AI) automation in low- to mid-level tasks
like patient education and initial therapy screening emerges as
a strategic response to mitigate this shortage, reallocating
medical staff to higher-priority tasks [2,3].
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The advent of advanced multimodal large language models
(LLMs) such as GPT-4 introduces a paradigm shift, promising
scalable, cost-effective chatbot solutions, which are particularly
helpful for tasks that require the provider to interact with the
patient [4]. GPT-4 and similar models offer a more dynamic,
conversational approach, tailoring information to individual
patient needs with minimal logistical or financial overhead for
health care institutions. This technological evolution promises
not only to fill the imminent workforce gap but also to enhance
the quality and accessibility of health care services, leveraging
AI’s capacity for on-demand, personalized patient support [4-7].
It has been reported that LLMs have the cognitive capacity to
role-play the character as portrayed in the dialogue prompt [8].
Shao et al [9] showed that GPT-3.5 can be used to score the
believability of LLM role-playing. Finally, Yang et al [10]
pointed to the high potential that medical chatbots have in
clinical settings, while Gilbert et al [11] warned of the need to
extensively test health care chatbots.

However, current methods of creating and evaluating early-stage
health care bots face steep development costs due to the high
level of human involvement in each phase of the development
process. In this study, we present a novel, bot-driven method
of developing, testing, and evaluating automated health care

chatbots. At the center of this strategy is the use of the LLM as
an “evaluator agent” to iteratively review and provide feedback
on the dialog between the health care bot being evaluated and
a set of “digitally simulated patients” also role-played by the
LLM. This approach provides a fully automated system that
will not only reduce the amount of time and effort required to
develop the chatbots but also provide a feasible way to
continuously monitor the performances of health care chatbots
in different clinical settings.

Methods

Study Design
This study introduces a novel bot-driven method to evaluate
the abilities of LLMs in health care tasks. In this approach,
LLMs were configured to perform as a patient-education bot,
a pretherapy screening bot, patient bots, and evaluator bots. The
patient bots simulated distinct emotional personas—depressed,
anxious, and frustrated—to test the adaptability and competency
of the provider bots. The evaluator bots assessed the interactions
based on predefined criteria. Results from the AI evaluations
were cross-referenced with human expert reviews for accuracy
and reliability (Figure 1).

Figure 1. Interaction and evaluation methodology for the patient-education bot and the initial screening bot. Includes a list of all the different bots
used. AI: artificial intelligence; ENACT: Enhancing Assessment of Common Therapeutic Factors.

Setup
To demonstrate the system, 2 AI provider bots were developed
using GPT-4 in collaboration with an experienced oncology
nurse and a licensed cognitive behavior counselor. One provider
bot emulated a patient-education nurse, delivering medical
information with clarity and empathy. The second bot acted as
a mental health therapist, modeled on acceptance and
commitment therapy and mindfulness practices, to provide
nonpharmacological mental health support.

AI patient bots, also developed using GPT-4, were programmed
to represent 40-year-old male patients with lung cancer with 1
of 3 emotional personas: depressed, anxious, and frustrated. In
total, 30 patient bots (10 per persona) were created, with each
provider bot engaging in 30 interactions. The patient bots’
responses were unique due to GPT-4’s stochastic generation
processes, even with consistent prompts.

Evaluator bots were created for each provider bot to assess their
performance based on predefined criteria, offering scores and
qualitative feedback. These AI-generated evaluations were
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subsequently reviewed by human experts in relevant fields to
ensure validity.

Once the evaluator bots reviewed each provider-patient
transcript, human experts in each field reviewed the transcripts,
scored the interaction using the same criteria as the GPT-4 bots,
commented on the provider’s overall performance, and then
reviewed the evaluator bot’s assessment.

The patient-education bot was reviewed by the same pediatric
hematology-oncology nurse who helped create the
patient-education approach, while the pretherapy screening bot
was reviewed by a PhD in IT psychology as well as by the
cognitive behavior counselor (Figure 2).

Figure 2. Outline of the bot-bot interactions and evaluations. API: application programming interface.

Prompting
To ensure that the bots adhered strictly to their designated roles
while mitigating unwanted behaviors, explicit, role-specific

instructions were incorporated into their prompts. This design
approach balanced general AI capabilities with task-specific
requirements, ensuring consistent and contextually appropriate
responses (Figure 3).

Figure 3. Chatbot architecture. LLM: large language model.
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Patient-Education Bot Prompting
The patient-education bot was designed to emulate the role of
a “patient-education nurse” tasked with educating patients with
cancer about medical vocabulary, procedures, and treatment
options. The bot was prompted with detailed instructions,
emphasizing clarity, empathic expressions in communication,
and a patient-centered approach. The following guidelines were
incorporated into its prompt: (1) adopt a teaching role tailored
to patients with limited medical knowledge; (2) provide accurate,
comprehensive explanations of medical terms and procedures
in simple, relatable language; (3) exhibit empathy and warmth
while refraining from making medical recommendations outside
the scope of a patient-education nurse; and (4) ensure
consistency in tone and responsiveness to patient questions
while maintaining a clear boundary of professional role.

Screening Bot Prompting
The screening bot was designed to act as a “therapist”
specializing in supporting patients with cancer dealing with
fear, anxiety, depression, or other stress-related conditions. The
prompt emphasized its role in fostering emotional well-being
and therapeutic rapport. Key instructions included (1) respond
as a therapist practicing nonjudgmental support, inspired by
principles from acceptance and commitment therapy and
mindfulness practices; (2) reduce patient stress by validating
emotions, exploring coping mechanisms, and encouraging hope
for change; (3) avoid clinical diagnostic language or prescribing
treatments, focusing instead on promoting self-reflection and
stress management strategies; and (4) engage the patient through
open-ended questions and supportive dialogue, tailored to the
specific emotional state of the patient persona.

Patient Bot Prompting
The patient bots were modeled to represent 3 distinct emotional
personas—anxious, depressed, and frustrated—and were
designed to simulate real-life patient interactions. Each patient
bot was assigned the role of a 40-year-old male patient with
lung cancer undergoing treatment. Detailed persona-specific
instructions were included to guide their interactions:

• Persona-specific emotional states:
• Anxious persona: Expresses uncertainty and seeks

detailed explanations.
• Depressed persona: Exhibits low engagement and

responds with shorter, less optimistic answers.

• Frustrated persona: Displays irritability and impatience
in responses.

• Respond consistently with the designated persona’s
characteristics throughout the dialogue.

• Do not use or understand high-level medical terms unless
explicitly explained by the provider bot.

• For the patient-education bot interactions:
• Frame responses as questions about unclear

cancer-related terms, procedures, or treatments.

• For the screening bot interactions:
• Actively participate in therapy sessions, responding to

the therapist bot’s efforts to reduce stress while
maintaining the persona’s emotional tone.

Evaluator Bot Prompting
Evaluator bots were designed to act as “supervisors,” assessing
the interactions between a provider and a patient. They evaluated
transcripts based on a scoring scale (1=poor and 3=excellent)
tailored to the respective provider bot’s role.

For the patient-education bot, the following five criteria
(maximum score: 15) were used: (1) medical information
accuracy, (2) clarity and simplicity of explanations, (3)
expressions of empathy and warmth, (4) explanation of purpose
or importance of procedures, and (5) adherence to professional
role boundaries.

For the screening bot, fourteen criteria (adapted from the
Enhancing Assessment of Common Therapeutic Factors tool
[12]; maximum score: 42) were used: (1) verbal communication:
open-ended questions, summarization, and clarification; (2)
relationship building; (3) exploration and normalization of
emotions; (4) expressions of empathy and warmth; (5)
assessment of functioning and life evaluation; (6) exploration
of social support; (7) incorporation of coping mechanisms; (8)
evaluation of recent life events; (9) assessment of mental health;
(10) collaborative goal-setting; (11) promotion of realistic hope
for change; (12) use of simple, jargon-free language; (13)
problem-solving steps and processes; and (14) integration of
feedback.

Criteria unsuitable for chatbot interactions, such as nonverbal
communication, were excluded with detailed reasons listed in
Table 1.

Table . List of Enhancing Assessment of Common Therapeutic Factors (ENACT) factors removed with the reason for their removal.

Reason for removalENACT factor

Therapist is a chatbot and therefore cannot display body language.Nonverbal communication and active listening

Therapist is a chatbot and therefore has no real experiences to disclose.Therapist self-disclosure

Patient has cancer; therefore, physical, alcohol, or drug issues would need
to go through their oncologist.

Alcohol or drug and physical problems

Patient and therapist are chatbots; therefore, all sessions are assumed to
be individual and one-on-one with no family involvement.

Involvement of family members or caregivers

Therapist and patients are chatbots, so all conversations are assumed to
be confidential and private.

Confidentiality promotion

For this study, patient chatbots were assumed not to have violent or suicidal
tendencies.

Assessment of harm to self, harm to others, developing a collaborative
response plan
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Provider-Patient Interactions
Each provider bot engaged in 30 unique conversations,
distributed evenly across 3 patient personas: anxious, depressed,
and frustrated (10 conversations per persona). Conversations
were facilitated through an application programming interface
designed to streamline the flow of interactions. Each
conversation consisted of 20 interactions, defined as 10 turns
exchanged between the provider bot and the patient bot.

To simulate concise and realistic clinical exchanges, both
provider and patient bots were programmed with the following
parameters: a temperature setting of 0.7 (to ensure balanced
creativity and consistency), Top P: 1, frequency penalty: 0, and
presence penalty: 0. The token limit was removed to avoid
interruptions, and each conversation was capped at 10
conversational turns to maintain brevity and clinical relevance.
The resulting transcripts from these conversations were reviewed
by evaluator bots using predefined criteria and subsequently
cross-validated by human experts to ensure the reliability and
validity of the evaluations.

Provider Bot Validation
A 2-step validation process was conducted. First, evaluator bots
assessed the provider bots based on predefined criteria,
generating scores and qualitative feedback. These results were
then reviewed by human experts, a pediatric oncology nurse for
the patient-education bot and a cognitive behavior counselor
and PhD in IT psychology for the screening bot, using the same
criteria used by the evaluator bots to ensure consistency and
reliability.

Evaluator Bot Validation
Evaluator bots graded each interaction transcript based on
predefined criteria, producing quantitative scores and qualitative
comments. Human experts then reviewed the same transcripts,
blind to the evaluator bot’s results, and provided their own
scores for comparison. The experts then reviewed the bots’
evaluations to ensure that a consistent and reliable evaluation
was carried out by the evaluator bot.

Statistical Analysis
Descriptive analyses were performed to evaluate interaction
characteristics, including word count and sentiment trends.
Cronbach α analysis was used to assess the reliability of
evaluation criteria across evaluators. Differences in responses
between GPT evaluators and human experts were analyzed
using the Kruskal-Wallis test. ANOVA was used to identify
significant variations in provider bot responses to different
patient personas. All analyses were conducted using SPSS
(version 24.0; IBM Corp).

Ethical Considerations
We did not have any human participants or animal subjects and
therefore did not need to go before an ethics board.

Results

Evaluation of the Patient-Education Bots by AI and
Human Evaluators
The patient-education bot, evaluated by both AI and human
evaluators, exhibited remarkably consistent performance across
interactions with patient bots displaying frustrated, depressed,
and anxious personas. The patient-education bot consistently
provided accurate medical information, as validated by an
experienced oncology nurse, and delivered clear explanations
that were fully understood by patient bots, with no instances of
confusion reported. Specifically, the AI evaluator assigned
perfect or near-perfect mean scores of 15 (SD 0.00), 14.9 (SD
0.31), and 15 (SD 0.00), respectively, while the human evaluator
echoed these assessments with similarly high mean scores of
14.9 (SD 0.31), 14.9 (SD 0.31), and 15 (SD 0.00), respectively.
The AI evaluator described the patient-education bot to have
“... demonstrated excellent skills in providing education and
support to the patient. The information provided was accurate,
comprehensive, and clearly articulated, catering to the patient’s
understanding. The nurse exhibited great empathy and warmth
throughout the interactions, which significantly contributed to
patient comfort, trust, and engagement. The nurse did not
overstep their boundaries by making specific medical
recommendations, respecting the role of the patient’s treatment
team. Overall, the nurse demonstrated exceptional
patient-education skills.”

A singular point of contention arose from the AI evaluator’s
interpretation of the patient-education bot potentially
recommending treatments beyond its scope. The AI evaluator
stated that the nurse could benefit from “being cautious and
mindful to avoid being perceived as providing personalized
treatment suggestions.” This was later clarified as a
misunderstanding, attributing the issue to the AI evaluator’s
scoring framework rather than the patient-education bot’s
performance.

The patient-education bot was described by the human evaluator
to be “correct” and “well-organized and explained,” but the
bot’s “[constant expression] of empathy” was reported to “[feel]
a bit mechanical.” It was noted that this bot would “likely be
helpful, as it can repeatedly explain medical concepts on behalf
of medical staff members who do not always have enough time
for explanations.”

Evaluation of the Screening Bot by AI and Human
Evaluators
The average AI evaluator bot’s scores for the pretherapy
screening bot when interacting with the frustrated, depressed,
and anxious patient bots, respectively, were 40.1 (SD 1.28),
40.3 (SD 1.05), and 40.7 (SD 1.15), of a total possible score of
42. Across all 3 patient bots, the lowest scoring criterion was
the evaluation of realistic hope for change, which had an average
score of 2.53 out of 3 (SD 0.51). Human expert evaluators
corroborated the AI evaluation results. The average human
evaluator scores of the screening bot when interacting with the
frustrated, depressed, and anxious patient bots, respectively,
were 37.5 (SD 0.84), 37.6 (SD 0.96), and 36.9 (SD 2.60) for
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the first reviewer and 36.8 (SD 1.31), 36.9 (SD 1.10), and 36.2
(SD 2.09) for the second reviewer.

The AI evaluator, under the impression it was assessing a
human, reported that the pretherapy screening bot excelled in
maintaining effective communication, building a warm
relationship, and demonstrating empathy. The evaluator bot
identified several strengths of the screening bot, stating that it
“... provides a warm and empathetic attitude and responds
likewise to the patient’s negative reactions and feelings and
leads the conversation naturally.” The most common areas for
improvement mentioned in the final comments were
“exploration of prior successful coping strategies and providing
more explicit encouragement for feedback.”

Human evaluators similarly concluded that the pretherapy
screening bot excelled in “... [communicating] clearly,” building
a “warm and empathetic” relationship, and “[leading] the
conversation naturally.” The screening bot reportedly could
improve upon “exploring prior coping strategies and patient
history a little more deeply” and was occasionally reported to
be too informational or talkative. It was reported to “[pass] to
the next topic too quickly (possibly due to its large list of
duties—which the therapist was prompted to do).” Overall, the
human reviewers suggested that “the bot is useful for initial
consultations—the AI fluently checks for components of the
initial step of counseling.” Furthermore, it was noted that “a
more detailed score standard is required for the evaluator bot’s
prompt.”

Statistical Analysis Result

Patient-Education Bot
For the patient-education bot, the evaluation scores from both
AI and human evaluators were remarkably consistent, showing
minimal variance. This uniformity limited the opportunity for
further analysis, as the lack of significant differences between
evaluator scores precluded more detailed statistical comparisons.

Screening Bot
The Kaiser-Meyer-Olkin and Bartlett sphericity test results
indicate that the Kaiser-Meyer-Olkin value of 0.714 suggests
that the sample is suitable for factor analysis, and the
significance probability of Bartlett sphericity test is less than
.001, indicating that the correlation between variables is
significant. The results of the communality analysis show that
all variables have a communality of 1, indicating that all
variables explain the extracted factors well. The 5 extracted
factors explain 66.327% of the total variance of the variables.

Significant findings from the ANOVA analysis indicate notable
variations in group responses across several key evaluation
criteria for the screening bot. This variability suggests that
specific factors or treatments have a meaningful impact on
participant responses, reflecting their efficacy or relevance in
different contexts. Verbal communication (open-ended
questions, summarization, and clarification) demonstrated a
highly significant difference between groups (P<.001),
suggesting that the approach to verbal communication
significantly affects the responses. Assessment of functioning
and life evaluation exhibited one of the highest significances

(P<.001), pointing to the critical role this factor plays in
differentiating responses among groups. Exploration of the
patient’s social support network also showed a highly significant
difference (P<.001), indicating a strong effect of social support
exploration on participant responses. Assessment of mental
health highlighted the most substantial difference between group
means (P<.001), underscoring the importance of mental health
assessment in eliciting varied responses. Evaluation of recent
events in the patient’s life and evaluation of realistic hope for
change both showed significant differences between groups
(P<.001 for the former and P<.001 for the latter), suggesting
these areas notably influence responses.

Other significant areas include relationship building and
exploration, interpretation, and normalization of emotions, with
P values of .004 and .002, respectively, indicating noticeable
effects on the responses, albeit less pronounced compared to
the areas mentioned earlier. Nonsignificant findings were
observed in the expression of empathy, warmth, and genuineness
and collaborative goal-setting and managing patient’s
expectations, with P values of .36 and .28, respectively. These
results suggest that variations in group responses to these criteria
might not be significantly influenced by the tested factors,
potentially due to inherent similarities in the implementation
or perception of these aspects.

The use of easy-to-understand vocabulary and integration of
feedback, giving advice, and recommendations showed moderate
significant differences (P=.04 and P=.02, respectively),
indicating that these areas have a discernible but varied impact
on participant responses.

The detailed ANOVA analysis underscores the nuanced impact
of different therapeutic communication and evaluation strategies
on participant responses. It highlights the areas where specific
approaches significantly influence outcomes, offering insights
into the effectiveness of various therapeutic and communicative
techniques.

The ANOVA results highlight the variability in how different
groups responded to the questions. Significant P values (P<.05)
indicate that the groups do not share the same mean response
to a question, suggesting that the factor or treatment being tested
influences the responses. The strength of this effect varies
among the questions, as evidenced by the range of F values and
P values.

Discussion

Principal Findings
Overall, the insights gained from this research suggest that AI
health care chatbots can be developed, tested, and validated
within a relatively short time frame using the 3-bot system. The
results of the 3-bot evaluation system suggest that this method
can prove valuable for extensive testing of early-stage health
care chatbots. The patient bots are able to mimic patient dialogue
and provide a platform for the provider bots to output their
responses, while the evaluator bot is able to comb through the
interaction transcripts and flag any potentially inappropriate
responses, greatly reducing the amount of work for researchers.
Furthermore, this 3-bot system is highly customizable and can
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be adapted to fit the needs and cultural norms required by the
developers. It is also highly scalable, as the basic requirements
to perform the 3-bot evaluations are a computer system and
access to an LLM. Performing more iterations of an evaluation
only requires a marginal amount of researcher effort, and
performing multiple, different evaluations can be accomplished
simultaneously, given the computer system has enough
processing power.

This study introduces a novel AI-powered health care chatbot
validation system featuring 3 types of AI bots—provider,
patient, and evaluator. This 3-bot AI system represents a novel
methodology not previously explored in existing literature,
extending beyond the importance of validation discussed by
Bohr and Memarzadeh [2] in AI’s rise in health care, which did
not delve into the conversational capabilities between different
AI systems in clinical simulations. To our knowledge, our
method of testing and evaluating the performance of AI health
care provider bots by having them interact with other patient
bots and then reviewing the transcripts with an evaluator AI bot
has never been reported before.

In our study, we created 2 health care provider bots as examples
to demonstrate our system, a patient-education bot and a mental
health screening bot. The provider bots were intricately designed
to replicate the roles traditionally held by human health care
providers, addressing the urgent need for scalable and effective
patient care solutions highlighted by Patel et al [13]. These bots
are intended to support the health care workforce, which,
according to the World Health Organization, is expected to face
a significant shortfall [14]. By automating routine tasks, these
AI systems could alleviate some of the burdens placed on human
staff, allowing them to focus on more complex and sensitive
care activities. Already, several health care chatbots are in
development, including those designed to answer patient
questions and provide mental health therapy [14,15].

However, provider chatbots such as these still require extensive
testing, traditionally done by enrolling patients as subjects,
which negatively affects the speed and resource cost of
developing these tools while running the risk of exposing the
patients to unvalidated AI. Therefore, we created 3 types of AI
patient bots with personas as examples to test our provider bots.
In designing the patient bots, we drew inspiration from Fortin
et al [16], who emphasize the importance of personalized and
empathetic care in treatment outcomes. In previous studies,
various digital patient bots were reported in medical education.
In our study, the patient bots were imbued with diverse
emotional and psychological states to test the adaptability and
responsiveness of the provider bots in a controlled, yet realistic
environment, simulating real-life patient interactions.

Comparison to Prior Work
These current methods require great human input during the
iterative testing and evaluation phases, which requires
researchers and developers to invest significant time and effort.
In contrast, using the 3-bot validation method removes the need
for separate human responders and human evaluators, greatly
streamlining the initial testing and evaluation process and
focusing work efforts on areas of the evaluated bot that require
improvement.

Until now, bot-bot interactions were manually reviewed by
human experts, which greatly slows the validation process.
Current methods of evaluating health care chatbots include a
human reviewer reviewing the health care chatbot’s performance
against a grading standard as seen in Lechien et al [17] and
Goodman et al [18], a human reviewer grading the health care
chatbot’s performance against another pre-established chatbot
as seen in Aljamaan et al [19], or a mix of the methods, as seen
in Huang et al [20].

In this study, we created 2 AI evaluator bots to demonstrate the
feasibility of using them as first-line evaluators in addition to
human experts. The role of the evaluator bots was crucial in
objectively assessing the quality of interactions between provider
and patient bots, ensuring adherence to predefined criteria. This
evaluation process mirrors the necessity of validation for AI
systems before clinical application as emphasized by
Kretzschmar et al [21]. By comparing the evaluations conducted
by AI evaluator bots with assessments from human experts, we
ensured the feasibility of our system, further grounding the
study in rigorous scientific methodology. To date, AI bots have
been used to review text messages and academic manuscripts,
but this is the first study to review dialogue between 2 bots for
the purposes of evaluation.

Limitations and Future Directions
While promising, this study has limitations that warrant
consideration. First, the evaluation criteria used were relatively
limited in scope, which may not have captured subtle differences
in performance between AI and human evaluators. Future
research should incorporate more comprehensive and granular
criteria to enable more nuanced evaluations.
Retrieval-augmented generation could further enhance the
evaluator bots by enabling them to cross-verify provider bot
responses against dynamic, vetted information sources, thereby
increasing the accuracy and reliability of evaluations.

Second, the patient bots were prompted using relatively concise
instructions due to the practical constraints of maintaining
response speed. This may have limited the complexity and
variability of their responses, potentially underrepresenting the
breadth of emotions and behaviors seen in real-world patients.
Future studies should explore more elaborate prompting
strategies or advanced techniques like retrieval-augmented
generation to overcome this limitation.

Third, the study used prioritized examples of clinically relevant
patient personas (anxious, depressed, and frustrated), chosen
for their significance in addressing common and challenging
scenarios in clinical practice. While these personas are a high
priority for an initial evaluation, they do not fully represent the
diversity of patient interactions.

Finally, biases inherent in LLMs may have influenced the
results, despite efforts to standardize demographic inputs across
all patient bots. Nonessential demographic details were excluded
to minimize biases related to race, political affiliation, sexual
orientation, or socioeconomic status. Nonetheless, future
research should explore the use of specialized LLMs with
controlled training datasets to further mitigate such biases.
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Conclusions
We underscore the successful development and implementation
of a novel 3-bot evaluation system. This system, consisting of
provider bots, patient bots, and evaluator bots, represents a

pioneering approach to testing and validating AI functionalities
without the need for real patient interactions. Our findings offer
a practical solution and set a benchmark for future AI-driven
health care services, providing a direction for subsequent
research and development efforts.
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Abstract

Background: This review investigates the relationship between artificial intelligence (AI) use and the role of nurses in patient
care. AI exists in health care for clinical decision support, disease management, patient engagement, and operational improvement
and will continue to grow in popularity, especially in the nursing field.

Objective: We aim to examine whether AI integration into nursing practice may have led to a change in the role of nurses in
patient care.

Methods: To compile pertinent data on AI and nursing and their relationship, we conducted a thorough systematic review
literature analysis using secondary data sources, including academic literature from the Scopus database, industry reports, and
government publications. A total of 401 resources were reviewed, and 53 sources were ultimately included in the paper, comprising
50 peer-reviewed journal articles, 1 conference proceeding, and 2 reports. To categorize and find patterns in the data, we used
thematic analysis to categorize the systematic literature review findings into 3 primary themes and 9 secondary themes. To
demonstrate whether a role change existed or was forecasted to exist, case studies of AI applications and examples were also
relied on.

Results: The research shows that all health care practitioners will be impacted by the revolutionary technology known as AI.
Nurses should be at the forefront of this technology and be empowered throughout the implementation process of any of its tools
that may accelerate innovation, improve decision-making, automate and speed up processes, and save overall costs in nursing
practice.

Conclusions: This study adds to the existing body of knowledge about the applications of AI in nursing and its consequences
in changing the role of nurses in patient care. To further investigate the connection between AI and the role of nurses in patient
care, future studies can use quantitative techniques based on recruiting nurses who have been involved in AI tool
deployment—whether from a design aspect or operational use—and gathering empirical data for that purpose.

(JMIR Nursing 2025;8:e63335)   doi:10.2196/63335

KEYWORDS

artificial intelligence; AI; nursing practice; technology; health care; PRISMA

Introduction

Background
The science and engineering field of artificial intelligence (AI)
is concerned with the theory and application of creating systems

that display the traits we identify with intelligence in human
behavior [1]. The years 2000 to 2015 saw an upward trend in
the growth of AI. With dramatic revolutions influenced by both
ideas and methodologies, the progress of AI has promoted the
development of human civilization in our day and age. However,
due to its interdisciplinary nature and rapid expansion, AI is a

JMIR Nursing 2025 | vol. 8 | e63335 | p.132https://nursing.jmir.org/2025/1/e63335
(page number not for citation purposes)

Al Khatib & NdiayeJMIR NURSING

XSL•FO
RenderX

mailto:g00091914@aus.edu
http://dx.doi.org/10.2196/63335
http://www.w3.org/Style/XSL
http://www.renderx.com/


discipline that is challenging to fully comprehend and is getting
more and more flexible from the standpoint of reference
behavior [2].

The previous decade was defined by AI, and the upcoming one
will most likely also be defined by it. Systems that exhibit
intelligent behavior by analyzing their surroundings and acting
with some autonomy to accomplish predetermined goals are
referred to as AI systems. Greater accuracy is needed to have
relevant and fruitful discussions on AI because it encompasses
so many different methodologies and circumstances. Arguments
regarding straightforward “expert systems” that serve advising
functions, for instance, must be separated from those about
sophisticated data-driven algorithms that make conclusions
about specific persons automatically. Similarly, it is crucial to
distinguish between arguments regarding hypothetical future
advancements that may never materialize and those regarding
actual AI that already has an impact on society today including
the nursing practice [3].

Numerous ideas, including computing, developing software,
and transmitting data, are built on AI. Machine learning (ML),
deep learning, natural language processing (NLP), voice
recognition, robots, and biometric identification are examples
of technologies that use AI. AI is used in a wide range of
industries, including the health care, industrial, and automotive
sectors as well as corporate organizations. AI also provides
several benefits that help it become increasingly popular across
numerous industries. AI-powered machines are accurate and
efficient, can do many tasks at once, and their work costs less
than a human’s. However, there are other issues with AI that
make it difficult to use. Technology, security, and data issues
are common with AI, and if users do not comprehend the system,
mishaps may occur. The expanded use of AI has changed several
industries by improving organizational effectiveness and
enabling data security [4].

AI in nursing is revolutionizing the field by enhancing patient
care, improving efficiency, and reducing the workload on nurses.
AI-powered tools and applications enable real-time monitoring
of patient’s vital signs, predicting potential health deteriorations,
and providing alerts for immediate intervention. AI algorithms
can analyze large volumes of patient data to assist in accurate
diagnosis and personalized care plans [5]. Moreover, AI chatbots
and virtual assistants support administrative tasks, such as
scheduling and documentation, allowing nurses to focus more
on direct patient care [6]. By automating routine tasks and
providing decision support, AI empowers nurses to deliver
higher quality care with greater precision and efficiency [7].

Research Rationale and Aim
The rationale behind this research is to investigate how the
increasing use of AI in health care affects the role of nurses in

patient care. As AI technologies become more integrated into
health care systems, understanding their impact on nursing
practice is crucial. AI’s applications, ranging from clinical
decision support to operational improvements, promise to
transform various aspects of health care, including nursing. By
examining whether AI has led to changes in the nursing role or
is likely to do so, this research aims to provide insights into how
these technologies influence nursing responsibilities and
practices. The aim of this review is to explore the evolution of
AI as a technology through its various developmental phases.
In this systematic literature review, we examine the different
applications and deployments of AI in the nursing field. The
primary research question addressed is “How will AI transform
the role of nurses in patient care?”

Research Significance
The review offers important perspectives on how AI is
transforming the roles and duties of nurses in patient care. This
understanding is essential for adapting nursing education,
training, and practice to align with evolving technological
advancements. By identifying how AI impacts nursing roles,
the research can guide the effective implementation of AI tools
in health care settings. It highlights the importance of involving
nurses in the development and deployment of AI technologies
to ensure that these tools enhance rather than disrupt nursing
practice. The findings can inform health care policies and
training programs by emphasizing the need for ongoing
professional development and support for nurses as they
integrate AI into their workflows. This ensures that nurses are
prepared to leverage AI effectively while maintaining high
standards of patient care. The study contributes to the existing
body of knowledge on AI in health care and sets the stage for
future research. It opens avenues for quantitative studies and
empirical data collection to further explore the relationship
between AI and nursing roles, providing a foundation for
evidence-based practice and decision-making. Overall, this
research is important for its potential to enhance the
understanding of AI’s impact on nursing practice, guide effective
technology integration, and shape the future of nursing education
and policy.

Methods

Overview
A well-defined review protocol (Textbox 1) was established at
the outset of the research to guarantee that the review process
is transparent, reproducible, methodical, and provides a clear
roadmap for conducting and reporting the review.
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Textbox 1. Systematic literature review protocol.

• Title: confirm a clear, descriptive title for our systematic review.

• Background: explain the rationale behind this research, why it is needed, and its significance. In addition, define the main research aim and
research question of the systematic literature review.

• Eligibility criteria: define what was included and excluded from the review inclusive of the search time frame.

• Information sources: list the database searched for academic sources and the gray literature used.

• Search strategy: detail the search terms used and justification of their use.

• Study selection: describe the process for screening that involved reviewers and selecting studies.

• Data extraction and analysis: define the data extraction process and the outcome of data analysis.

This paper presents the findings of a thorough analysis and
critical assessment of the pertinent literature using systematic
database-searching approaches. The critical assessment in this
systematic literature review involves evaluating study quality,
relevance, biases, findings synthesis, and implications. This
systematic review draws information from credible industry
sources as well as published, peer-reviewed English language
papers. To comprehend the development of this idea, we
consulted trustworthy industry publications known as “gray
paper” and the Scopus database covering the last 33 years (ie,
1991-2024). A total of 53 sources comprised of 50
peer-reviewed academic articles, 1 conference proceeding, and
2 reports were included in the research.

After completing a bibliographic analysis, a suitable keyword
search strategy was chosen, such as “AI applications in nursing,”
and the search was restricted to the previously specified time
frame. On the basis of the outputs of the Scopus database, which
have been used in this study to build the various bibliometric
maps, bibliometric networks were created using the VOSviewer
program (Centre for Science and Technology Studies). After
exporting the sophisticated Scopus-based search results to the
VOSviewer program, a network visualization was created, as
shown in Figure 1, to show how the authors in this area are
related to each other through publications on this subject.

Figure 1. Most countries with research subject “artificial intelligence applications in nursing”—network visualization.

In the network visualization illustrated in Figure 1, the United
States, followed by China and the United Kingdom, has been
publishing journals about AI applications in the field of nursing,
demonstrated by the weight of those countries’ representation.
Furthermore, the links between those circles indicate that the
relatedness of the journals in terms of cocitation links also
illustrates that other countries’ journal publications relied on
the US publications. A VOSviewer mapping was then done
using “AI applications in nursing” as the keyword.

This has prompted the expansion of the search keywords; Table
1 represents a series of search strings focusing on various aspects
of AI and its applications, particularly in nursing and related
technologies. Alongside, the rationale for each search string is
provided along with the number of academic journals found for
each. Each search string is designed to capture specific facets
of AI to ensure a comprehensive and inclusive exploration of
relevant literature. By using these specific search strings, the
research ensures a thorough and targeted review of the literature
across different aspects and applications of AI, with a special
focus on health care and nursing.
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Table 1. Search string in the Scopus database (N=2870).

Results, n
(%)

JustificationSearch string

164 (5.71)This broad search term is used to gather general information and foundational literature

on AIa, which will provide a broad understanding and context for more specific searches.

“AI” AND “technology” AND “in” AND
“nursing”

226 (7.87)This phrase search ensures that both terms are explicitly present, helping to find more
specific and relevant documents that discuss AI in a detailed manner.

“Artificial” AND “Intelligence” AND “ap-
plications” AND “in” AND “nursing”

162 (5.64)This search string targets the literature that explores the application and impact of AI
technologies specifically within the field of nursing, ensuring relevance to health care.

“AI” AND “use” AND “in” AND “nursing”

105 (3.65)By including these terms, the search focuses on technological advancements and their
practical uses in the nursing profession, broadening the scope beyond just AI.

“Nursing” AND “AI” AND “applications”

6 (0.20)This search string aims to find the literature on the historical development and various
methodologies within AI, providing context and background on how AI approaches have
changed over time.

“Evolution” AND “of” AND “Artificial”
AND “Intelligence” AND “Approaches”
AND “in” AND “nursing”

620 (21.60)Symbolic AI is a specific paradigm within AI research. This search will help identify
works focused on this particular approach, which is crucial for understanding different
AI methodologies.

“Symbolic” AND “AI” AND “Approach”

2 (0.06)Data-driven AI approaches, including MLb and neural networks, are fundamental to
modern AI. This search focuses on the literature that discusses these data-centric
methodologies.

“Data-Driven” AND “AI” AND “Ap-
proach” AND “in” AND “nursing”

10 (0.34)AGIc represents a more advanced and comprehensive form of AI. This search will help
identify research on AGI, exploring its potential and challenges.

“Artificial” AND “General” AND “Intelli-
gence” AND “Approach” AND “in” AND
“nursing”

230 (8.01)This search string is designed to find specific case studies and examples of how AI is
being applied in nursing, providing practical insights and real-world applications.

“Artificial” AND “Intelligence” AND “ap-
plication” AND “in” AND “nursing”

1 (0.03)The Rothman Index is a specific tool used in health care. This search targets the literature
on its use and effectiveness in assessing patient acuity and risk, relevant for AI applications
in patient monitoring.

“Rothman” AND “Index” AND “Use” AND
“for” AND “Patient” AND “Acuity” AND
“and” AND “Risk”

104 (3.62)Social or companion robots are an emerging area within AI and robotics. This search
aims to find the literature on their use, particularly in providing care and support in health
care settings.

“Social” AND “robots” AND “use” AND
“in” AND “nursing”

105 (3.65)Telerobots are used for remote operations, which can be highly relevant in health care
for tasks such as remote surgery or patient care. This search focuses on this specific
technology.

“TeleRobots”

256 (8.91)NLPd is a key area within AI, crucial for developing systems that can understand and
process the human language. This search targets the literature on NLP, which has substan-
tial applications in health care communication and data analysis.

“Natural” AND “Language” AND “Process-
ing” AND “in” AND “nursing”

13 (0.45)RPAe is a form of business process automation technology based on AI. This search
string is aimed at finding the literature on how RPA can be applied in health care operations
and administration.

“Robotic” AND “Process” AND “Automa-
tion” AND “in” AND “nursing”

208 (7.24)ML is a core component of AI. This search aims to gather comprehensive literature on
ML techniques and their applications across various domains, including health care.

“Machine” AND “Learning” AND “use”
AND “in” AND “nursing”

658 (22.92)AI is driving significant changes in health care by automating tasks, supporting decision-
making, and transforming traditional nursing functions. The focus on “role” and “trans-
formation” highlights how nurses’ responsibilities are evolving due to AI integration,
requiring new skills and altering patient care practices. These keywords enable a targeted
exploration of the evolving landscape of nursing in the context of AI-driven health care.

“nurse” AND “role” AND “transformation”

aAI: artificial intelligence.
bML: machine learning.
cAGI: artificial general intelligence.
dNLP: natural language processing.
eRPA: robotic process automation.
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Data Collection and Analysis

Academic Search

The inclusion and exclusion criteria are presented in Textbox
2.

Textbox 2. Inclusion and exclusion criteria.

Inclusion criteria

• Empirical studies, conference proceedings, and reports

• Papers with clear research questions and objectives on the application of artificial intelligence in the field of nursing

• Time period: from 1991 to 2024 (ie, 33 years)

• Papers published in the English language

Exclusion criteria

• Conceptual papers, editorials, academic book sections, and literature reviews

• Industrial sectors other than health care

• Publications before 1991

• Other languages

Data Selection

Overview
Information from all the 401 references was compiled in a soft
copy folder. These references were independently reviewed by
the main author, who selected the final list of papers to be
analyzed. The first author examined the articles’ topics and
content and used our criteria for inclusion and exclusion of
material to eliminate papers whose research questions were not
fully aligned with the scope of this review. The second author
upheld the main author’s decision to exclude the resource from
the study. The inclusion criteria are the characteristics that must
exist to be included in this study, while the exclusion criteria
are those characteristics that disqualify a data source from
inclusion in the paper, which leads to the identification of 50
relevant journals published between 1991 and 2024.

Gray Literature Search
With regard to searching supplementary sources, it was
imperative to expand the search radius to include official

newspapers and reliable industry sources because the topic of
this study is a prominent issue in industry trends. These sources
capture the expert opinions of subject matter experts and produce
additional information from trustworthy sources such as the
European Parliamentary Research Service and National Bureau
of Economic Research. Pertinent supplemental sources were
found as a result, and the study report examined them all.

The critical assessment of the included studies was conducted
through a self-rating process by 2 authors. Each author
independently reviewed and appraised the quality of the studies
based on predefined criteria relevant to the study designs,
including risk of bias, methodology, and relevance to the
research question. The 2 authors then compared their ratings,
and any discrepancies were discussed and resolved through a
consensus. This self-rating approach was used to streamline the
evaluation process while ensuring consistency in the appraisal.

Furthermore, Table 2 provides a summary of the selected data
in the systematic review literature by type.

Table 2. Systematic review analysis summary by type.

Values, n (%)Reference type

50 (94)Journal article

1 (2)Conference proceeding

2 (7)Report

Thematic Analysis
The study made use of secondary data sources; these resources
offer details on the numerous ways AI is being used in nursing
and how this is changing the role of nurses. The collected
material was examined using a thematic analysis approach. The
information gathered from the literature study was carefully
reviewed by 2 independent reviewers and categorized in

accordance with the primary themes and supporting themes that
surfaced. Common patterns, trends, and important discoveries
must be found to comprehend the connection between the
findings. The primary themes that were identified from the
literature are mapped in Figure 2.

This methodology was consistently applied throughout the paper
and the results produced will be discussed in the subsequent
section.
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Figure 2. Primary and secondary themes in the systematic literature review. AI: artificial intelligence.

A thematic analysis was conducted explicitly designed to assess
the impact of AI on the role of nurses. The use of the keyword
“nurse role transformation” triggered an extensive review of
the relevant literature, where we systematically screened for
statements or data points related to the interaction between
nurses and AI-based technologies. For example, we examined
whether articles explicitly discussed shifts in task allocation,
automation of routine functions, or changes in decision-making
responsibilities. Furthermore, we used a matrix systematization
process where each identified AI technology was mapped
against the roles and responsibilities traditionally held by nurses,
as well as any newly emerging roles due to the technology’s
integration. This allowed us to systematically capture how AI
is transforming the scope of nursing practice, such as by
enabling nurses to focus more on patient-centered care while
AI systems manage data analysis or administrative tasks.

In the Results section, we expanded on this by introducing a
subtheme explicitly titled “roles of nurses and role
transformation.” This subtheme synthesized case studies and
literature findings that demonstrated specific examples of role

shifts, such as how AI-assisted diagnostic tools are enabling
nurses to participate more actively in clinical decision-making
or how AI-driven administrative systems reduce the clerical
burden on nurses. These shifts were categorized into functional
changes (such as delegation of monitoring tasks to AI systems)
and strategic changes (such as enhanced involvement in
decision-making processes due to AI’s real-time data processing
capabilities).

This systematic approach clarifies the origin of our conclusions,
making it explicit that role transformation insights were derived
from both the literature and our thematic analysis, supported
by the matrix framework developed during the study.

Results

Results of Data Collection
The outcome of the journal searches yielded 2870 results, out
of which 401 sources were shortlisted to be analyzed further,
as demonstrated in Figure 3 and elaborated further in the
subsequent section.

JMIR Nursing 2025 | vol. 8 | e63335 | p.137https://nursing.jmir.org/2025/1/e63335
(page number not for citation purposes)

Al Khatib & NdiayeJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 3. The systematic article selection process for this review.

Evolution of AI Approaches

Wave 1: Symbolic AI Approach
Expert systems and symbolic AI are 2 terms used to describe
the initial wave of early AI approaches. In this case, human
specialists develop exact rule-based processes, or “algorithms,”
that a computer may use to decide how to respond intelligently
to a particular circumstance. A variation of this strategy called
fuzzy logic allows for varying degrees of confidence in a
scenario, which is helpful for capturing intuitive knowledge
and enabling the algorithm to make wise judgments in the
presence of numerous, uncertain, and interconnected factors.
In contexts with rigorous rules and variables that are clear-cut
and measurable, which do not vary significantly over time,
symbolic AI performs well. These techniques may seem old,
yet they are still used today [3].

Wave 2: Data-Driven AI Approach
The second wave of AI consists of more modern, “data-driven”
methodologies that have advanced quickly over the past 2
decades and are primarily to blame for the present rebirth of
AI. These do away with the first wave AI’s reliance on human
specialists by automating the learning of algorithms. Artificial
neural networks (ANNs) are modeled after how the brain
functions. The translation of inputs into signals that are then
sent across a network of synthetic neurons to produce outputs
that are seen as reactions to the inputs. ANNs can handle
increasingly complicated issues by adding additional neurons
and layers. An ANN with several layers is simply referred to

as deep learning. ML is the process of changing a network so
that its outputs are seen as useful or intelligent answers to its
inputs. By using evolutionary concepts to produce slow
improvements in huge populations of ANNs or by making
gradual changes to individual ANNs, ML algorithms may
automate this learning process [3].

Wave 3: Artificial General Intelligence Approach
The third wave of AI is a hypothetical term for potential future
waves of AI. First and second wave approaches are referred to
as “weak” or “narrow” AI in that they can act intelligently in
just certain contexts and issue domains, whereas “strong” or
“general” AI refers to algorithms that can act intelligently across
a variety of contexts and problem domains. With existing
technology, such artificial general intelligence is not feasible
and would need paradigm-shifting development. Advanced
evolutionary techniques, quantum computing, and brain
emulation are a few possible strategies that have been
considered. Although self-explanatory and contextual AI may
have modest goals compared to other futuristic AI types, their
potential influence and implementation challenges should not
be understated [3].

AI Applications in Nursing
There is still much to learn about the innovative and intricate
challenges surrounding AI. For health care businesses to best
serve patients and physicians, AI must be fully used [8]. In
subsequent sections, we have discussed examples of AI
applications in nursing.
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Rothman Index Use for Patient Acuity and Risk
The level of acuity and risk of a patient are both reflected by
the Rothman Index. The electronic medical record (EMR) data
connected to 26 variables, including 11 graphically represented
nurse evaluation measures, are used to determine scores. The
introduction of the Rothman Index was accompanied by doubts
regarding its accuracy and dependability in delivering results
that could be put into practice. At first, there was not enough
peer-reviewed research on the technology to persuade nurses
and other professionals that the outcomes would improve patient
care. The capacity of nurses to affect patient care is crucial, as
evidenced by a recent study indicating that the Rothman Index’s
performance is positively impacted by nurses’ evaluation data
[9].

Social or Companion Robots
Social robots are made to react to human interactions in a way
that makes them human. Sophia (Hanson Robotics) is an
illustration of a social robot designed as a companion for older
adults that shows the possibility of technological developments
to enhance how robots operate. Robots are being developed by
researchers all across the world to enhance therapeutic
telemedicine applications, reduce suicide rates, and more. The
role of nurses in providing care will evolve as robots learn to
carry out nursing tasks such as ambulation support, vital sign
assessment, drug administration, and infectious disease
procedures. According to research, nonnursing chores and
activities take up between 8% and 16% of nursing time. With
robot assistance, nurses will be able to reclaim this time and
devote it to patients more. Does this imply that nursing is
doomed to extinction? Absolutely not; in fact, the exact reverse
is happening. Robots created and used for patient care and older
adults’ assistance are being developed by nurses. Nurses can
receive assistance from the robots at the bedside or in the
community [9].

Telerobots
Telerobots can support health care professionals who are at
“high risk for infection due to routine patient contact, handling
of contaminated materials, and challenges associated with safely
removing protective gear.” Furthermore, telepresence robots
support nurse-led treatments for the promotion of healthy
lifestyles and the management of chronic illnesses by combining
an initial in-home visit to launch the health care program with
subsequent remote telehealth visits made at the patient’s home.
Data are gathered on participant health outcomes as well as the
robot intervention’s usefulness and pleasure [9].

NLP Approaches
A language is a system of rules or a collection of symbols that
are integrated and used to express ideas or disseminate
information. NLP serves users who lack the time to learn new
languages or become proficient in their current ones because
not all users have a strong background in machine-specific
language. In actuality, NLP is a branch of linguistics and AI
whose goal is to enable computers to comprehend assertions
and words spoken in human languages. It was developed to
make the user’s job easier and to fulfill their desire to speak to
a computer in natural language. It can be divided into 2

categories: natural language generation and natural language
understanding, which progresses the task of understanding and
producing the text [10]. In nursing, NLP assists in nursing
practice and decision-making. Using NLP, it is possible to
analyze nursing records, spot patterns and trends in patient care,
and gain knowledge that will enable nurses to give patients
more individualized and effective treatment [11].

Robotic Process Automation
Robotic process automation (RPA) is a method that uses robotics
as a set of techniques for the operation and use of automata (ie,
robots) in the execution of multiple tasks in place of humans as
the standard, method, or system. RPA results in the automatic
execution of administrative, scientific, or industrial tasks. RPA
tools are a set of methods intended to enhance productivity by
automating and minimizing the number of repetitive jobs. The
inclusion of AI algorithms and techniques to the use of RPA
enhances the accuracy of the execution of automated procedures
[12].

ML Algorithms
The study of algorithms and statistical models that computer
systems use to carry out a particular task without being explicitly
taught is known as ML. There are several daily-use programs
that incorporate learning algorithms. One of the reasons a
web-based search engine like Google works so well every time
it is used to search the internet is because of a learning algorithm
that has mastered the art of ranking websites. These algorithms
are used for several different tasks, including data mining, image
processing, and predictive analytics. The major benefit of ML
is that once an algorithm understands how to use data, it can
carry out its task autonomously [13].

The study of ML considers how to automatically generate
reliable predictions from complicated data. It is strongly tied to
contemporary statistics, and in fact, statisticians have contributed
many of the most brilliant concepts in ML (eg, the lasso, trees,
and forests). However, the ML community has been more
focused on the single objective of maximizing predictive
performance, in contrast to statisticians who have frequently
concentrated on model inference—that is, knowing the
parameters of their models (eg, testing on individual coefficients
in a regression). “Out-of-sample” tests, which assess how well
a model trained on 1 dataset would predict fresh data and serve
as the benchmark for the whole ML discipline [14].

Application Case Studies

Overview
Relevant case studies and examples from the literature were
used to highlight the involvement of nurses in the identified AI
applications or tool deployments and to assess whether there is
a change or anticipated elimination to the role of nurses in
patient care. These case studies focused on certain types of AI
applications that are tied to certain activities carried out by
nurses as part of their core patient care role. The following
examples were selected due to their applicability, importance,
and contribution to the comprehension of the study’s subject.
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Rothman Index Use
The Specialized Workforce for Acute Transport (SWAT) team
of nurses trained in critical care, advanced cardiovascular life
support, and trauma care at Yale New Haven Hospital is a
real-world example of using the Rothman Index technique.
When signs point to a patient’s condition deteriorating, they
immediately receive alerts on their mobile phones. The SWAT
team looks through the EMR, evaluates the patient as needed,
and works together with clinical nurses and other medical
personnel on pertinent areas of treatment. SWAT nurses identify
as “a second pair of eyes” in their own description. The index’s
information came from widely available nursing literature.
Given that the index is updated in real time from the EMR,
timely submission of nurse assessment data is essential for the
computation and value of the index score [9].

Social or Companion Robots
Sophia is an illustration of a social robot designed as a
companion for older adults that shows the possibility of
technological developments to enhance how robots operate.
Sophia had a refurbishment in 2018 that included movement
features, and she is currently the first robot to be granted
citizenship in a nation (ie, Saudi Arabia) [9]. The next generation
of social robots with cutting-edge AI is the LOVOT robot. The
social robot LOVOT was well received by most patients with
dementia. LOVOT exhibited beneficial impacts, improved
communication, and promoted social engagement. Although
LOVOT had no appreciable benefits on social well-being, it
provided individuals with a break from daily living. Following
their interactions with LOVOT, some residents experienced
emotional overstimulation. The social robot was embraced by
medical specialists and nurses, who saw LOVOT as a new tool
for working with patients with dementia as a supporting tool
and not as a replacement of the care provider’s role [15].

A major factor in concentrating on the older adults is AI. It can,
for instance, strengthen the bonds between older adults and their
relatives or care teams. Furthermore, an AI chatbot can converse
with the older adult without any difficulties and may remind
them of important dates, such as medication intake and medical
exams. Many of the AI smartphone apps available now have
the ability to screen wellness data in a less intrusive manner,
including daily activity, food, and, shockingly, older adults
lifestyle choices. In certain situations, it could be helpful to
anticipate and, thus, prevent any potential hypertension or
irregular heart rate. In essence, robotic “pets” are also helping
to improve patient attention while also assisting in the battle
against emotions of loneliness. One such model, called Tombot,
is a small, dog-like device designed to relieve anxiety in patients
with dementia. Its head movements, appearance, and swinging
tail are remarkably similar to those of the genuine dog, giving
owners the impression that they have their own pet to truly
concentrate on. The care of the older adults is one of the
problems that low-income nations are experiencing. The global
shift of older populations has worsened the shortage of trained
people in the older adults health care context. Given that the
number of older people worldwide is predicted to almost treble
in the next 3 decades, there may be a greater need for older adult
care [16].

Telepresence Robots
Health care professionals who are at “high risk for infections
due to routine patient contact, handling of contaminated
materials, and challenges associated with safely removing
protective gear” are the focus of Tele-Robotic Intelligent
Nursing Assistant, a remote-controlled robot, at Duke University
Pratt School of Engineering and School of Nursing. Noting that
Tele-Robotic Intelligent Nursing Assistant is 20 times slower
than a nurse, it presently completes around 60% of the preset
nursing tasks in the nursing simulation laboratory where it is
being evaluated. Results from individuals getting telehealth
coaching from home reveal that patients and clinicians alike
find satisfaction in the mix of live face-to-face interventions
and robotic telehealth visits. Designing meaningful treatments
that can take use of new technology requires the nurse to have
a key part in the development and execution of telehealth robots
[9].

Inpatient rooms at the nonprofit, tertiary, 958-bed Cedars-Sinai
Hospital in Los Angeles, California, are equipped with Alexa
robots created by Amazon to serve as virtual nurse aides. To
support patients with their daily routines, Alexa fulfills the
monotonous activities performed by nurses. She also assists in
answering medical queries and reminds patients to take their
pills on time [17].

NLP Use
The most commonly used AI functions in studies of AI-related
nursing activities were profiling and prediction, followed by
assessment and evaluation. Virtual reality teaching interventions
and learning successes were beneficial to nurses because they
provided a safe learning environment with the possibility of
multiple tries, overcoming challenges, the ability to consolidate
knowledge, and professional efficacy [18]. Furthermore, the
use of chatbots improves student learning compared to
traditional teaching techniques [19], acting as supporting tools
to nursing educators rather than eliminating the entirety of their
role.

NLP is used by triage nurses to register and categorize patients
based on their speech. When conducting triage activities,
RMIS-AI is quicker than using the manual input approach,
which decreases the time it takes to register patients and classify
them. To address the existing level of subpar sensitivity and
accuracy provided by nurses, technological augmentation is
necessary [20].

Primary care nurses are faced with increasing demands from
patients who have wounds from a variety of sources. Both nurses
and patients can benefit from a chatbot that provides information
properly verified on the basis of evidence. By providing
instructions on the suggested wound dressing techniques for
each type of wound, BOTCURATIVO, a chatbot, seeks to assist
nonspecialists in the management of wounds. A reasonable
degree of content validity was attained by the script that was
created and implemented into the chatbot prototype. The
chatbot’s usability was seen as being good, which increased the
device’s credibility. Noting that regardless of their specialty,
the nurse will always undertake wound management tasks [21].
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Most people lack the medical knowledge necessary to
investigate or understand the severity of their conditions or
symptoms. In this regard, NLP is essential to health care. These
chatbots gather health information from patients, analyze it, and
recommend actions to patients based on more pertinent
knowledge of their physical conditions. Health care chatbots
similar to NOVA—a virtual nursing assistant driven by AI—are
helpful in the medical field because they help patients and point
them in the direction of the right resources. When consumers
or patients look up answers to inquiries they have about their
health on the internet, chatbots are more helpful. A user of this
program may text requests for health care and may receive
pertinent health advice in return. A chatbot can provide medical
information, including illness symptoms and treatment options.
Patients receive professional guidance in real time, and their
personal and medical data are kept in a database for future
research. The number of AI-powered health care apps has
significantly increased recently. Consequently, there are shorter
wait times in offices, which saves money and energy. Patients
may be helping in their own place and at their own speed while
learning medical knowledge. User input is received by the
system via text or speech data. The system interprets the input
data. The virtual nursing help system may be accessed by the
user who can also send an inquiry to it. The output that the
system produces is a list of user symptoms and suggested
diagnoses. In the area of virtual nursing help, the suggested
system serves as the user’s personal assistant. The created bots
are useful for keeping track of patient information. The
technology can also help numerous people at once [22].

In MobiGuide, the role of nurses in creating, providing, and
assessing eHealth-based services was examined with an
emphasis on atrial fibrillation home monitoring. To obtain
suggestions, warnings, and reminders about drugs and measures
that they should conduct, patients were given smartphones and
electrocardiogram sensors. This mobile decision support system
was regularly updated by a backend system. Health care
professionals are supplied patient data so they may view it and
take appropriate action. With their participation in the design
of the caregiver interface, responsibility for the enrollment phase
(ie, including patient training), daily data checks, triage of
patient concerns, and patient interviews about their experiences
with the system, nurses play a key role in such settings [23].

The Smart Wearable Physiological Signal Measurement
Integration System is used in home care, nursing homes, and
other health care settings to continuously monitor their patients’
vital signs, which enables nurses to see early warning indicators
of deterioration and take quick action to stop unfavorable
outcomes. When a patient exits a specified area or when vital
signs suggest an emergency, the system may notify the care
providers, improving patient safety in nursing homes and home
care settings [24].

The development of indoor positioning technology has made it
feasible to track the movement of mobile medical equipment
within a hospital ward, including patient monitors and
electrocardiography devices. Nurses can quickly detect and
locate a gadget with the help of an item tracking system,
particularly while they are getting ready for a medical procedure
or shift change. Given that nurses typically have a heavy

workload, it would be ideal to give them access to a well-liked
mobile app with an intuitive search interface that they can use
on a regular basis. To help with this, DBOS, a dialogue-based
object query system, offers voice and text inquiry services to
nurses while mimicking a genuine discussion with users through
the chatbot interface of the Line messaging app [25].

The accurate assessment of pain in the neonatal intensive care
units is essential due to the high prevalence of painful
experiences. Video-based assessment of neonatal pain could be
reliably used, as confirmed by the high intrarater and interrater
reliability between direct observation and the video-based
assessment, as well as the AI method-based performance
evaluation, even with various disturbances in real-world neonatal
intensive care units. Video-based assessment is viable for
neonatal pain assessment in a clinical setting, and the extent of
neonatal pain can be evaluated remotely in real time, which can
better identify and treat it and thus improve the neonatal pain
condition. Video-Based Neonatal Pain Assessment can reduce
the stressful surroundings of a clinical setting, the contextual
noise, and other elements that could shift the focus of the
trainees from the rating. There has been an increasing interest
in using ML methods for understanding human behavioral
responses to pain based on the analysis of facial expressions,
crying sounds, and body movement. Several automated methods
have been introduced to automatically assess infants’pain based
on behavioral or physiological pain indicators analysis. Using
AI-based neonatal pain assessment, the nursing staff can also
use these recordings to judge the pain level by observing the
painful procedure video in the nurse station and taking timely
intervention measures, which could greatly reduce the bedside
observation time and improve work efficiency [26].

Robotic Process Automation
Patients with diabetes mellitus face a 15% to 25% lifetime risk
of developing diabetic foot ulcers (DFUs). Monitoring and
assessing DFUs for complications and healing progress is
essential, and this was traditionally performed using manual
measurements. A past study compared conventional
measurement methods with an AI-powered mobile application
for wound imaging, the CARES4WOUNDS (C4W) system
[27]. The length and breadth of the wound were the major
characteristics measured. C4W measures had good intra- and
interrater reliability compared to standard wound measuring.
The C4W was a helpful tool for keeping track of DFU wound
healing, yet it did not eliminate the role of wound care nurses.

Machine Learning
In 1 in 8 to 10 cases where primary care physicians and nurse
practitioners used AI, they made better diagnoses, suggesting
the potential for raising the standard of dermatologic treatment.
The diagnoses showed improvements of 10% and 12% for
primary care physicians and nurse practitioners, respectively,
indicating a significant positive impact [28].

For long-term patient care, Vitalerter has developed a program
that combines advanced biosensors and deep learning to provide
contactless and continuous vital sign monitoring, as well as
cloud-based early warning protection services. Some of the
standout features of these systems are accurate body movement

JMIR Nursing 2025 | vol. 8 | e63335 | p.141https://nursing.jmir.org/2025/1/e63335
(page number not for citation purposes)

Al Khatib & NdiayeJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


analysis, continuous heart and respiratory rate monitoring, and
contactless detection of patients moving out of bed. In the event
of an adverse event, the system will automatically sound an
alarm to remind nurses to take immediate action and lower the
risk of falls, pressure sores, and septicemia [29].

Converting pediatric nursing diagnoses into a digital format and
adding them to a case base to evaluate how well the prototype
handled these cases allowed for case comparison, retrieval,
adaptation, and indexing. Therefore, this study offers a
computational tool for the health sector that makes use of
case-based reasoning, an AI method. While case-based reasoning
is merely another paradigm for problem solving, what sets it
apart from other AI approaches is how it differs from them.
Rather than relying just on a general understanding of the issue
or creating connections between problem descriptions and
conclusions, this paradigm can use specific information from
past experiences or real problem situations. It is acknowledged
that using nursing care systematization necessitates that nurses
develop a variety of abilities and adhere to theoretical support
to enhance decision-making. Decisions should then be discussed
with the patient whenever feasible. The application of these
records or technology in various clinical health situations, in
which observations about the care needs of patients accompany
the decision-making process about the care provided, assists in
the subsequent evaluation of the outcomes that are obtained

with professional intervention. In this way, it is known that the
nursing care systematization collaborates to provide safe, logical,
and effective nursing care. Organizing the administration of
nursing care and assisting nurses in making decisions is also
predicated on ensuring patient safety at various care levels [30].

Table 3 summarizes the thematic analysis and links the
respective case studies outlined in this research paper.

On the basis of the themes outlined from the literature review,
81% (13/16) of the AI applications within the nursing fields are
in the proof-of-concept phase, with 19% (3/16) of those
deployed demonstrating a positive impact on the nursing role
within the patient’s journey with the United States leading the
way in such research and developments. Furthermore,
applications that would enhance or streamline the nurses’ role
seem to be focused on the treatment stage, followed by 25% on
posttreatment care (ie, recovery). Noting that the applications
cover various aspects of the nursing activities from diagnosis,
treatment, wound management, education, and training to
triaging.

Multimedia Appendix 1 [1-53] provides a clear summary of
our systematic review by analyzing 37 sources in terms of key
findings, methodology, sample size, potential biases, and
validity. This is to ensure the robustness and reliability of the
conclusions drawn from the systematic review.
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Table 3. Outcome of the thematic analysis.

StatusNursing involvementNameAIa application in nursing and country

Rothman Index

Operationally deployedTreatmentRothman IndexUnited States (Yale New Haven Hospital)

Social or companion robots

Operationally deployedPosttreatment care (ie, recovery)LOVOTSaudi Arabia

POCbPosttreatment care (ie, recovery)TombotUnited States

Telepresence robots

POCTreatmentTRINAcUnited States (Duke University Pratt
School of Engineering and School of
Nursing)

Operationally deployedTreatmentAlexaUnited States (Cedars-Sinai Hospital)

NLPd

POCTriageRMIS-AIUnited States

POCNurse education and trainingBOTCURATIVOUnited States

POCDiagnosisNOVA-a virtual nursing assistantUnited States

POCPosttreatment care (ie, recovery)MobiGuideUnited States

POCPosttreatment care (ie, recovery)Smart Wearable Physiological
Signal Measurement Integration
System

United States

POCTreatmentDBOSe, a dialogue-based object
query system

United States

POCTreatmentVB-AIf NPAUnited States

RPAg

POCWound managementCARES4WOUNDS system, Tet-
suyu

Singapore

Machine learning

POCDiagnosisArtificial intelligence aidUnited States

POCTreatmentVitalerter vital sign monitoringUnited States

POCTreatmentCBRhUnited States

aAI: artificial intelligence.
bPOC: proof of concept.
cTRINA: Tele-Robotic Intelligent Nursing Assistant.
dNLP: natural language processing.
eDBOS: dialogue-based object query system.
fVB-AI: video-based artificial intelligence.
gRPA: robotic process automation.
hCBR: case-based reasoning.

Roles of Nurses and Role Transformation
The integration of AI technologies into health care has
significantly transformed the roles of nurses, shifting their focus
from routine tasks to more advanced and patient-centered care
[6]. AI systems automate many traditional nursing
responsibilities, such as monitoring patient vitals, data entry,
and medication management, allowing nurses to prioritize
clinical decision-making, patient education, and emotional

support. This role transformation not only enhances the
efficiency of health care delivery but also enables nurses to
engage more deeply in patient care by using AI as a
collaborative tool [31]. AI-driven systems support clinical
decision-making, triaging, and diagnostic processes, leading to
improved patient outcomes and job satisfaction among nurses
[32]. Table 4 provides an overview of how AI can transform
nursing roles across various functions.
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Table 4. Traditional nurse role versus artificial intelligence (AI)–driven role transformation.

Academic referenceImpact on patient careExample of AI technology
involved

AI-driven role transformationTraditional nurse role

Ross et al [37]Frees up nurses’ time for more
personalized, hands-on patient
care and reduces error risk
through automation

AI-based monitoring sys-
tems (eg, wearable sensors

and IoTa devices)

AI takes over continuous moni-
toring, alerting nurses only when
intervention is needed

Monitoring patient vital
signs

Zou and Schiebinger
[33]

Reduces administrative burden,
allowing nurses to focus on di-
rect patient care

AI-enabled EHR systems

with NLPc
AI automates data entry, stream-

lining the EHRb updating process

Data entry and record
keeping

Ng et al [38]Enhances the role of nurses as
educators, helping patients under-
stand diagnoses and treatments

AI diagnostic tools (eg, im-
age analysis for radiology
and pathology)

Nurses assist in AI-driven diag-
nostics, focusing more on patient
interaction and explaining results

Routine diagnostic proce-
dures

Shang [39]Reduces medication errors and
ensures timely administration,
allowing nurses to focus on pa-
tient observation

Automated dispensing sys-
tems and AI-driven dose
calculators

AI systems manage medication
scheduling, and dosing, with
nurses overseeing AI-generated
plans

Medication administra-
tion

Govindaraj et al [40]Increases efficiency in patient
care and enhances the accuracy
of triage decisions

AI-powered triage systems
(eg, in emergency depart-
ments)

AI aids in triaging by prioritizing
patients based on real-time data,
allowing nurses to focus on high-
priority cases

Patient triage and assess-
ment

El-Kareh and Sittig
[41]

Empowers nurses to contribute
more significantly to clinical de-
cision-making and patient care
planning

AI-based decision support
systems (eg, IBM Watson

and AI in ICUd for risk pre-
diction)

Nurses collaborate with AI sys-
tems that provide real-time deci-
sion support based on predictive
analytics and historical data

Clinical decision support

Li et al [42]Enhances the nurse’s ability to
deliver personalized health edu-
cation and counseling based on
real-time insights

AI-driven patient education
platforms (eg, AI chatbots
and personalized health
apps)

AI tools provide nurses with real-
time personalized health data to
tailor patient education more ef-
fectively

Health education and
counseling

Rony et al [43]Enhances leadership roles, allow-
ing nurses to take on a superviso-
ry role and focus on mentorship
and training

AI systems for task delega-
tion and workflow automa-
tion

Nurses oversee AI-driven work-
flows and ensure that AI-generat-
ed protocols are followed, focus-
ing more on clinical mentorship

Supervision of junior
staff

Rippon et al [44]Improves the accuracy of wound
assessment, reduces manual
checks, and improves patient
outcomes

AI-based wound care imag-
ing systems (eg, predictive
models for healing times)

AI tools help nurses monitor
wound healing through image
analysis and predictive algo-
rithms

Wound care and manage-
ment

Jack et al [45]Optimizes discharge planning
and postdischarge care, reducing
the likelihood of readmissions

AI-driven discharge plan-
ning tools

AI assists in generating discharge
plans, predicting postdischarge
risks, and automating referrals to
follow-up care systems

Patient discharge plan-
ning

Robert [9]Allows nurses to prioritize emo-
tional support and patient commu-
nication over routine tasks

AI-powered administrative
assistants (eg, scheduling
systems, automated commu-
nication)

AI systems can handle adminis-
trative tasks, enabling nurses to
spend more time on patient emo-
tional support and communica-
tion

Emotional support and
communication

aIoT: Internet of Things.
bEHR: electronic health record.
cNLP: natural language processing.
dICU: intensive care unit.

Recent studies support these findings, showing that AI systems
can help optimize workflows, reduce administrative burdens,
and allow nurses to contribute more meaningfully to clinical
care. Health care AI tools, such as predictive analytics and
automated documentation systems, have been shown to improve
patient outcomes while minimizing the risk of human error in
routine tasks [33,34]. Moreover, AI-based decision support
tools in critical care environments enable nurses to make

informed decisions quickly, positively impacting patient care
quality [35]. These advancements are particularly evident in the
transformation of nursing roles, as evidenced in a thematic
analysis of health care AI implementations [36].

Critical Assessment of the Literature
The literature collectively covers a broad spectrum of AI
applications, ranging from technical reviews and policy
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implications to specific domains such as health care and nursing.
The mix of older foundational papers and recent studies provides
both historical context and insights into current advancements.
Practical and policy-oriented papers enhance the literature by
addressing real-world applications and implications of AI.
However, some biases were identified, particularly in policy
reports like the one by Boucher [3], which reflect institutional
viewpoints. The focus on health care and nursing in several
papers could skew the overall perspective toward these fields.
In addition, journals with lower impact factors might have less
rigorous peer review processes, potentially affecting research
quality.

The synthesis of findings indicates a strong direction toward
integrating AI in various fields, particularly health care and
nursing. There is a clear emphasis on the transformative
potential of AI, along with discussions on challenges and ethical
considerations. Comparative studies and reviews highlight the
advantages and limitations of different AI approaches,
suggesting the need for context-specific solutions. The quality
and diversity of the studies imply that AI is a rapidly evolving
field with significant interdisciplinary impacts. Practical guides
and policy reports emphasize the need for continuous education
and ethical considerations in AI deployment. The focus on health
care underscores AI’s potential to improve patient outcomes,
though it also highlights the importance of rigorous evaluation
and context-specific applications.

In conclusion to this section, the systematic literature review
provides a comprehensive overview of AI, balancing theoretical
foundations, recent advancements, practical applications, and
policy implications. While some sources may carry biases or
lack depth in certain areas, the collective insights offer valuable
guidance for understanding AI’s multifaceted impact as outlined
in Multimedia Appendix 2 [1-53].

AI in Nursing From a Theory and Management
Perspective
Numerous theoretical and managerial contexts have debated
the use of AI in health systems in general and in tasks associated
with the nurses’ role in particular. As an overarching theoretical
viewpoint, nurses will continue to provide direct patient care
due to nuances in human behavior. The ability to incorporate
new tools and technology will be required of nurses. As
technology is being incorporated into nursing programs’
curricula, the nursing profession is evolving. Thus, from a
management viewpoint, nurses will continue to integrate the
data produced by AI tools. They will need to have the skills to
incorporate AI findings into evidence-based practice while
combining that knowledge with nursing expertise [9].

Despite limitations in identifying numerous pieces of the
literature that address the impact of deploying AI, given that
many tools and techniques are in project or testing stages, our
research contributes to current discussions on contextualized
research.

Through this systematic literature review, we attempted to
establish a foundation to identify the existing studies from the
context emic perspective. By encouraging the research
community to focus on “optimal allocation of effort between

exploitation and exploration,” looking at theoretical
contributions from the periphery will progress management and
organization science [46]. We encourage academics to perform
empirical studies for the benefit of advancing literature in this
arena. From a practical perspective, physicians, nurses, ML
scientists, and hospital and clinical executive administrators
when designing their clinical pathways could use this research
when designing their treatment plans [47]. Furthermore,
academics in the field of medicine, nursing, paramedics, hospital
executive administration, patient access, and information
technology will benefit from this systematic review as it allows
them to build on the existing relevant literature.

Discussion

Principal Findings
The evolution of AI in nursing has transitioned from early
symbolic AI, using rule-based algorithms and fuzzy logic, to
modern data-driven approaches such as ML and ANNs and is
now exploring hypothetical future waves such as artificial
general intelligence. AI applications in nursing include the
Rothman Index for patient acuity and risk assessment, social
robots such as Sophia and LOVOT for older adults’
companionship, telerobots for remote patient interaction, and
NLP for enhancing decision-making and patient communication.
RPA and ML are used to automate repetitive tasks and improve
diagnostic accuracy, while AI-powered tools such as chatbot
assistants and wearable monitoring systems assist in patient
care and safety. Case studies demonstrate AI’s role in
supporting, rather than replacing, nursing functions, enhancing
efficiency, and allowing nurses to focus more on direct patient
care. The success or failure of the medical AI solution will
depend on how closely system architects collaborate with
real-world nurses in health care fields, as they are needed to
work closely together to assess and evaluate which technologies
will be prioritized for development [17].

Inadequate evaluation, careless supervision, a lack of
fundamental nursing knowledge, a lack of service awareness,
and unlawful activity by nursing personnel are all contributing
factors to poor nursing care. Inadequate evaluation forces
nursing staff members to advance their own skills, be able to
analyze certain nursing conditions, and act quickly to take
timely, scientifically sound action. Poor nursing is also largely
caused by a lack of thorough inspection by nursing staff.
Individuals who make nursing errors because of inadequate
nursing knowledge should enhance their own skills and training.
Ultimately, the nursing profession is a service sector. The
essential spirit of service is required when treating patients. It
is imperative that corresponding services are rendered
completely in compliance with industry standards, and any illicit
activities are forbidden. To address this, the use of AI alone
will not mitigate those issues; instead, the health care facility’s
relevant departments must develop a mechanism to penalize
slack investigation and prevent the recurrence of such
unfavorable circumstances [48].

Methodological Approach Limitations
The limitations of our systematic literature review
methodological approach include potential publication bias;
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additionally, the quality and relevance of included studies can
vary, impacting the overall reliability of the findings. The search
strategy may also be limited by the databases and sources
selected, potentially missing relevant literature elsewhere.
Furthermore, the exclusion of non–English language studies
might introduce language bias. Finally, the subjective nature of
data extraction and thematic analysis can lead to inconsistencies
and affect the validity of the conclusions.

Future Directions and Recommendations
Due to research that is still in the early stages of development
and the considerable variation in AI types and situations, AI
used in health care and nursing care is still a developing practice
with minimal evidence. AI in nursing becomes a crucial
component of health care delivery in general and nursing
practice in particular. There is still a great deal of room for
advancement with these systems in terms of ensuring not only
the professional autonomy of nurses but also better access to
sources of health information to maximize their use in
multitasking, to cover the greatest number of factors that may
affect the patient, environment, clinical practice, and various
medical services. Additional research is required to determine
how previous research findings using AI-based systems with
virtual reality or simulated scenarios can be applied to real-world
clinical nursing practice or to examine how these AI-based
support systems may enhance patient safety and help nurses in
specific clinical settings [28]. A blueprint of nurse involvement
in the deployment of AI-based systems and applications can act
as a guiding reference and is an area that is worth further
research and exploration.

AI has become a game-changing technology that is transforming
several industries, the health care industry most notably. It is
essential for diagnosing uncommon genetic diseases,
streamlining patient care in mental health clinics, supporting
clinical judgment, and revolutionizing pathological research.
However, the growing use of AI in health care also raises
difficult moral, practical, and legal questions, especially in light
of the General Data Protection Regulation framework in Europe.
The significance of understanding data owner rights and
developing moral guidelines for AI use in medical applications,
particularly nursing, is another area for future research.
Comprehending the ethical discussion around AI helps health
care and nursing professionals create moral AI procedures for
practice and assists in navigating the complex landscape of
AI-driven health care regulations, ethical issues, and data
protection [49]. AI presents several risks, particularly in the

context of deep reinforcement learning–based mobile robot
assistants. Ensuring safety in environments where humans and
robots interact is crucial, especially when autonomous mobility
robots rely on deep reinforcement learning for navigation and
decision-making. This is particularly important in health care
settings, where hospital patients using these AI-driven mobility
assistants may face potential hazards that require careful
evaluation and mitigation [50]. Therefore, there is an opportunity
to further research the risks associated with the use of AI in
nursing.

Conclusions
To fully benefit from AI technology, nurses will need to develop
their ability to collaborate with data scientists. Although
computer science and nursing are two separate fields, knowledge
and skill transfer between the two is crucial as technology
develops so that nurses may learn to interpret the data. In the
future, nurses will play the role of coaches who will assist people
in managing their health and achieving better results. The
provision of touch and building connections with patients are
the foundations of the nursing profession and their role in patient
care, and they will never be fully replaced by AI tools or robots,
especially when collecting medical information, such as heart
monitoring, urinalysis, and range-of-motion analysis [9].

As emerging AI technologies take over some of the jobs that
nurses already do, nursing will be impacted. Although
technology will alter the way nurses spend their time providing
patient care, nurses will still be required. The nurse will acquire
new ways of thinking about and processing information; they
will become information integrators, health coaches, and
providers of human care, assisted by AI technologies rather than
being replaced by them [9]. Current research and
implementations demonstrate the effectiveness and promise of
AI in nursing practice. However, they do not eliminate the need
for field supervision and emotional support from humans [51].
Therefore, and to answer the research question, “Will AI change
the role of nurses in patient care?” based on the outcome of this
literature review, the answer is “yes” with a varying extent
depending on the AI tool in use by the nursing professionals.

Interest in incorporating AI into nursing practice will not go
away, although its technological potential is not well understood.
It is highly recommended that academic institutions and
professional associations implement suitable educational and
training initiatives. It is imperative that nurses enhance their
comprehension of fundamental AI and its integration into
nursing practice [52].
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Abstract

Abstract: This research letter discusses the impact of different file formats on ChatGPT-4’s performance on the Japanese
National Nursing Examination, highlighting the need for standardized reporting protocols to enhance the integration of artificial
intelligence in nursing education and practice.

(JMIR Nursing 2025;8:e67197)   doi:10.2196/67197
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Introduction

Numerous generative artificial intelligences (AIs), exemplified
by all versions of ChatGPT [1] and Llama [2], have been
developed using large language models and evaluated in health
care, particularly in nursing education [3,4], successfully passing
national nursing examinations in several countries [5,6].
Generative AIs are evolving to handle multimodal information,
including text and images [1]. However, previous evaluations
have not assessed the impact of file formats [5,6].

Prompts, particularly long ones, can affect response accuracy
owing to potential context loss or exceeded token limits [7-9].
In this study, we hypothesized that the file format attached to
prompts could affect the results of nursing research that uses
generative AI and aimed to evaluate its impact on ChatGPT-4’s
performance on the Japanese National Nursing Examination.
The findings of this study would be useful for improving the
quality of reports on future nursing research that uses generative
AI.

Methods

Ethics Approval
This study did not require ethical approval or informed consent,
as the data analyzed were obtained from a published database
from the Ministry of Health, Labour and Welfare.

Generative AI Model
We used the original, unmodified GPT-4 (gpt-4‐1106-preview,
accessed March 2024) without additional training, tuning, or
data. ChatGPT, launched by OpenAI in 2022, with GPT-4
released in March 2023, is currently widely used.

Input Data
The dataset included all 50 basic knowledge questions from the
2023 Japanese National Nursing Examination, along with 190
general questions. The passing standard for these basic
knowledge questions was approximately 80%. ChatGPT-3.5
has consistently failed to meet this standard [4], leading us to
consider whether performance might vary based on file format.
Questions were prepared in TEXT (.txt), DOCX (.docx), PDF
(.pdf), and IMAGE (.jpg) formats and in a format that directly
described all questions in the prompt (PROMPT-ONLY format).
Although other formats, including CSV, JSON, XML, and
Markdown, could be used to present questions and choices, we
excluded them to maintain consistency and focus on more
common formats.

Prompt Engineering
The prompts for each file format are summarized in Textbox
1.
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Textbox 1. Prompts provided to ChatGPT-4. The files (mentioned at the end of the prompt for TXT, DOCX, PDF, and JPG formats) were made
viewable via OpenAI’s application programming interface (API) function: ASSISTANT (type = retrieval).

<Prompt for PROMPT-ONLY format>

You are an expert in the field of nursing. Answer the given questions briefly and numerically. {Question number}. {Question}. Options: (1) {Option
1}, (2) {Option 2}, (3) {Option 3}, (4) {Option 4}

Example: 1. Which vessel sends blood from the fetus to the placenta in the fetal circulation? Options: (1) Common
carotid artery, (2) Pulmonary artery, (3) Umbilical artery, and (4) Umbilical vein.

<Prompt for TXT, DOCX, PDF, and JPG formats>

You are an expert in the field of nursing. Answer briefly and numerically all questions given by the file.

Data Analyses
Prompts for all formats were processed for 100 iterations each;
the median and IQR of the percentage of correct answers were
calculated. Differences among the percentages of correct
answers by the attached file format were compared using the
Kruskal-Wallis test and Dann-Bonferroni test. Statistical
analyses were performed using Python (version 3.11.4) with
the pandas (version 1.5.3) and matplotlib (version 3.7.1)
libraries.

Results

The median percentages of correct answers were 92% (IQR
64%‐94%), 92% (IQR 92%‐94%), 94% (IQR 94%‐96%),
87% (IQR 86%‐90%), and 26% (IQR 20%‐30%) for
PROMPT-ONLY, TEXT, PDF, DOCX, and JPG formats,
respectively. The differences between the attached formats were
statistically significant in all pairs (P<.01) except for the
PROMPT-ONLY versus TEXT and PROMPT-ONLY versus
DOCX pairs (Figure 1).

JMIR Nursing 2025 | vol. 8 | e67197 | p.152https://nursing.jmir.org/2025/1/e67197
(page number not for citation purposes)

Taira et alJMIR NURSING

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Performance evaluation of ChatGPT-4 on the Japanese National Nursing Examination by the attached file format. Outliers, shown as dots,
are values below Q1 – 1.5 or above Q3 + 1.5 in the IQR.

Discussion

ChatGPT-4’s performance on the Japanese National Nursing
Examination varied significantly across file formats. The best
performance was observed with PROMPT-ONLY, TEXT, and
PDF formats (median scores >92%), followed by DOCX (87%),
and the worst performance was with JPG (26%). The
PROMPT-ONLY format exhibited a larger IQR and more
variability than TEXT, PDF, and DOCX formats. JPG’s poor
performance highlights a significant limitation of generative
AI, which excels at processing digital text but struggles with
interpreting text from images. This “visual comprehension” gap
has critical implications for AI applications involving nondigital
text sources. The variability in PROMPT-ONLY performance
may reflect reduced accuracy with longer prompts [7,8].

Therefore, to prepare for a future where generative AI is
integrated into nursing practice and education [10], it is crucial
to understand the interaction between humans and generative

AI, including the impact of input file formats. Additionally, it
is essential to report the following aspects in a standardized
manner:

• Name and version of the generative AI model
• Presence of additional training, tuning, or knowledge

transfer
• Prompt design and attached file formats
• Response generation parameters, including the number of

iterations, temperature settings, and maximum token count
• Execution environment (if applicable)

However, as we only examined ChatGPT-4’s performance on
the Japanese National Nursing Examination and the impact of
major file formats, investigations on other formats and AI
models are warranted. Particularly, evaluating the performance
of AI that specializes in image processing and image formats
other than JPG and expanding the evaluations to include national
nursing examinations in other countries and clinical questions
in practice will be important in future research.
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