JMIR NURSING Kitamura et al
Original Paper

An Expert Knowledge Algorithm and Model Predicting
Wound Healing Trends for a Decision Support System
for Pressure Injury Management in Home Care Nursing:
Development and Validation Study

Aya Kitamura'*, PhD; Aruto Ando®*, MHS; Gojiro Nakagami?, PhD; Hiromi Sanada’®, PhD

lDepartment of Gerontological Nursing, Ishikawa Prefectural Nursing University, Ishikawa, Japan

2Department of Gerontological Nursing and Wound Care Management, Graduate School of Medicine, The University of Tokyo, Tokyo, Japan
3Ishikawa Prefectural N ursing University, Kahoku-city, Japan

*these authors contributed equally

Corresponding Author:

Hiromi Sanada, PhD

Ishikawa Prefectural Nursing University
Gakuendai 1-1

Kahoku-city 929-1210

Japan

Phone: 81 76-281-8400

Email: sanadah@ishikawa-nu.ac.jp

Abstract

Background: Home-visiting nurses have difficulty selecting appropriate pressure injury (PI) management despite using
clinical practice guidelines in various home-visiting settings. Clinical decision support systems can help home-visiting nurses’
decision-making.

Objective: This study aimed to develop a care algorithm reflecting the expertise of a wound expert nurse and a predictive
model for the change of PI severity to inform home-visiting nurses to receive actual consultation.

Methods: First, an existing algorithm was modified by semistructured interviews with a certified wound expert nurse. Case
information was input into both base and high-expertise algorithms, which provided care recommendations across 9 fields: (1)
pressure relief; (2) nutritional management; (3) shear relief; (4) moisture management; (5) wound dressing use; (6) care for
physical factors including bone prominence, obesity, joint contractures, and periwound edema; (7) care for systemic disorder;
(8) selection of wound dressings, ointments, and negative pressure wound therapy; and (9) wound cleansing. An expert
interviewee assessed the high-expertise algorithm’s recommendations on a 5-point scale, comparing them to the base algorithm
and their own clinical judgment. To measure the algorithm’s applicability, agreement proportions were calculated as the
number of vignettes where the care recommendation was considered appropriate or total number of vignettes. To measure the
algorithm’s alignment, improvement proportions were calculated as the number of vignettes where the care recommendation
improved or total number of vignettes excluding vignettes when the existing and high-expertise algorithm both showed an
appropriate recommendation. Expected healing levels were evaluated by a 4-point scale where 4 indicates the high-expertise
algorithm can “much improve” the case. Second, predictive distributions of changes in DESIGN-R 2020 score, PI severity
score, were estimated with a hierarchical Bayesian model. The best model determined using training data (n=42) calculated
coverage probabilities of 90% prediction interval in test data (n=34). The coverage probability of a 90% prediction interval
was defined as follows: the number of times when actual scores were within the 90% prediction interval or the number of
assessments when the prediction was conducted.

Results: The agreement proportions were 0.92 (33/36), 0.75 (27/36), and 0.89 (32/36) for each round. The improvement
proportions were 0.73 (8/11), 0.25 (3/12), and 0.76 (13/17), respectively. The expected healing level was 2.67, 3.00, and 3.25,
respectively. Coverage probabilities of 90% prediction interval in the test data were 0.67 (4/6), 0.83 (5/6), 0.86 (6/7), and 0.80
(8/10), respectively.
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Conclusions: This study developed an algorithm reflecting the expertise and a model to estimate predictive distributions of
changes of DESIGN-R 2020 score for developing clinically applicable clinical decision support systems for home-visiting

nurses providing appropriate PI management.

JMIR Nursing 2025;8:¢65716; doi: 10.2196/65716
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Introduction

Pressure injury (PI) is a localized damage to either the skin
or the underlying tissue, or to both, caused by pressure and
shear [1] and has various negative impacts on patients and
the health care economy [2,3]. Although prevention is the
most important for PIs, nurses must select the most appro-
priate management for early healing when a PI occurs. As
home health care has become highly developed, home-visit-
ing nurses are increasingly faced with managing more severe
PIs. In hospitals, PIs are managed without worsening because
of the standardized care environment, the presence of wound
specialists, and the appropriate application of clinical practice
guidelines. On the other hand, in home care settings, the
care environment is diverse, and accessibility to specialists
is limited, making it difficult to implement the standardized
care recommended by the guidelines. There, it is difficult to
heal severe PIs at home. In fact, the proportion of severe
PIs extending beyond the dermis was 38.8% in home-visiting
settings compared with 20.1% in university hospitals in Japan
[4]. As a result, home-visiting nurses who are not specialized
in PI management have difficulty determining appropriate
care because clinical guidelines of PI management do not
provide a specific recommendation to each case [1,5]. In this
situation, there is a high need for consultation with specialists.
Sood et al reported that preexisting wound treatment was
altered in 64% of cases when home-visiting nurses consulted
wound experts [6]. However, the number of experts who can
provide knowledge is not always sufficient in some countries
and regions. While there are more than 2500 certified wound,
ostomy, and continence (WOC) nurses in Japan, approxi-
mately 90% belong to hospitals, especially those with many
beds [7]. The fact that the utilization proportion of the public
payment system, in which a WOC nurse visits a PI patient’s
home together with a home-visiting nurse, is <5% indicates
the difficulty of home-visiting nurses to undergo consultation
from a WOC nurse [8]. Although telemedicine or telenurs-
ing can improve accessibility for expertise [9] and patient
outcomes [6,10], the high prevalence of PIs in home care
settings, ranging from 3.3% to 11.1% [11], makes it difficult
to provide consultation for all cases requiring specialized
management.

This study focused on a clinical decision support sys-
tem (CDSS) to address this challenge. A CDSS provides
assessment and care recommendations based on individ-
ual patient characteristics to support decision-making [12].
Although few studies have reported the effect of the CDSS
on PI management [13,14], it could help determine care
strategies, especially for less experienced nurses [14].
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Knowledge-based CDSSs are designed based on clini-
cal practice guidelines and consolidated expert opinions.
Evidence is essential, but its coverage is narrow. Expert
opinions also lose flexibility in the consensus method.
Therefore, existing CDSS recommendations are often
immature and unacceptable to nurses, especially in diverse
home-visiting settings [15]. In contrast, expertise covers not
only knowledge from previous studies but also considerations
for clinical situations and patient preferences [16]. It indicates
that reflecting an expert nurse’s expertise to an existing
care algorithm may make the CDSS mature and clinically
applicable. However, such a CDSS has not been developed.

Additionally, a CDSS needs to inform home-visiting
nurses that consultation from an expert nurse is needed when
the CDSS algorithm cannot address the patient’s management
appropriately as a fail-safe mechanism. The appropriateness
of the CDSS for the patient is indicated by comparing the
actual healing progress of the wound with the expected
healing progress under expert consultations. While many
previous studies have predicted the healing trajectory of PIs
by point estimation [17-20], distributional estimation is more
informative in determining how much worse the wound is
than predicted. Xu et al [21] modeled the healing trajectory
using a generalized linear mixed model but did not use
information that experts generally consider, such as wound
location, status, or the patient’s general condition. A review
of previous studies found no studies that used PI location or
patient characteristics to estimate the predictive distribution
of PI healing.

The goal is to develop a CDSS with 2 features: (1) a
care selection algorithm that reflects the expertise of PI
experts and (2) a fail-safe system that informs nurses whether
they should receive an actual consultation. As the first step,
we have conducted 2 studies: the development of a care
algorithm that reflects the expertise of a wound expert nurse
(Study I) and a predictive model that estimates the predictive
distribution of the changes in PI severity score (DESIGN-R
2020) [22,23] with patients’ information (Study II).

Methods
Study |

Outline

First, a base care algorithm and an optimal expert were
selected to develop an algorithm reflecting PI management
expertise. Next, semistructured interviews were conducted
with the expert nurse about the algorithm’s content. During
the interviews, the interviewee was asked to review the
base algorithm. The researcher (AA) modified it to make a
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high-expertise algorithm based on the interviewee’s com-
ments. Finally, the researcher (AA) verified that the high-
expertise algorithm reflected the expertise of the interviewees
better than the base algorithm. This process was conducted
in 3 rounds using PI clinical vignettes. The algorithm was
modified based on the interviewee’s feedback at the end of
each round.

This algorithm was developed for PI care of nonterminally
ill older patients at home to promote wound healing. Since
the pathophysiology of PIs in the lower extremities is more
complicated than that in other parts of the body, PIs in the
lower extremities were excluded from this study.

The base and high-expertise algorithms were implemen-
ted as a system that automatically outputs care recommenda-
tions in response to the input information with Python 3.9.7
(Python Software Foundation, USA).

A Base Algorithm

As if-then rules and flowcharts are easy for health care
professionals to understand and reflect expertise intuitively,

Figure 1. Care algorithm for pressure injury. PI: pressure injury.
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we adopted an algorithm composed of these as the base
algorithm. Among several care algorithms for PI management
using flowcharts [24-26], this study selected the algorithm
developed by Sanada [24] as a base algorithm. We selected
this algorithm because it extensively describes nursing skills
to be performed based on the causes of PI development and
delayed wound healing.

The base algorithm was developed with the evidence and
multiple expert opinions obtained by a consensus method in
2003 [27]. The algorithm improved PI healing compared to
the control group in a hospital in an observational study, and
after that, it was modified by applying to actual cases [27].
As shown in Figure 1, the algorithm consists of lists of PI
locations and symptoms, sublists of causes of PI occurrence
or delayed healing, and care flowcharts corresponding to
the items in the sublists. When a nurse inputs information
about the location and symptoms of the patient’s PI into the
algorithm, a corresponding sublist of causes of PI occurrence
or delayed healing and flowcharts to select appropriate care
are proposed to the user.

Input ) Assessment mmm) Care recommendations
Location of the PI Causes of coceyx P10 e Flowchart 14: How to prevent fecal incontinence
y P
OSacrum EBad posture in sittin Flowchart 10 Care recommendation
P 2
z [ dl
[ Coceyx OHead of bed elevation #1 [ systemic Care
. - . : *+ Control the dimrheal stool control,
I:ITr_ochdntcr in a steep angle : & + without i dietizn oo diahe contrl
Ollium [@Fecal incontinence Flowchart 14 s D score -::I:‘i]\;z::"i:l;ou S ey
ORib OUrinary incontinence 6 or of PI #2
o... a... less d2 or more
Bristol with undermining #3
y risto Local care
Symptoms of the PI Causes of slough tool scal il  Diaper with regalar pad not for disrrhea and skin
Olrregular shape Einsufficient cleansing Flowchart 25 stool scale #4 | _ o conontoabsord soh siool
. . * Use only one stool pad and one diaper. Do net apply
OlInflammation Olnsufficient “ a more than two-of cach,
o 2 or more without = Put the catheter on a syringe and flush the
Olncrease of exudate debridement T D score " yndermining undermining thoroughly with normal saline solution.
OEschar [u] of PI #5 « Apply a semi-permeable film dressing to cover the
T dressing.
B’Sh)ugh T — + Apply a water-repellent eream 10 the aren of the skin
. bt where stool adheres at cach diaper change or apply a
o... wilh undermining #6

Interviewee and Interviewer

The base algorithm was updated and modified to fit the
situation of the current PI management in home care settings
by interviews with a WOC nurse. A WOC nurse with a
high level of expertise in PI management was recruited as
an interviewee. The interviewee had >30 years of clinical
experience and was capable of providing consultation on
hard-to-heal PI management at home care settings in a
previous study [9]. The interviewer attended approximately
10 PI consultations with the interviewee and appropriately
interpreted the interviewee’s consultations. Furthermore, the
interviewer had received training in interviewing from a
qualitative research expert beforehand. Both the interviewee
(HS) and the interviewer (AA) were members of the authors.

https://nursing . jmir.org/2025/1/e65716

< liquid skin coating once a day.

Development and Verification of a Care
Algorithm

Development of a Care Selection Algorithm
Based on a Review of the Base Algorithm

Semistructured interviews were conducted with the inter-
viewee. The interviewee reviewed the lists, sublists, and
flowcharts of the base algorithm and reported any points
she considered inappropriate for PI management in older
patients at home. The interviewer modified the base algorithm
according to the interviewee’s remarks. The interviewer
continued the interview until there were no unclear points in
the interviewee’s comments.

Test and Modiification of the Care Algorithm
Using Clinical Vignettes

The purpose of this process was to test how well the
high-expertise algorithm developed in the previous process
reflected the expertise of the interviewee, using PI clinical
vignettes including PI photographs. First, the information of
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the case of PIs was input into the base and high-expertise
algorithms. Both algorithms output care recommendations in
9 fields: (1) pressure relief; (2) nutritional management; (3)
shear relief; (4) moisture management; (5) wound dress-
ing use; (6) care for physical factors including bone prom-
inence, obesity, joint contractures, and periwound edema;
(7) care for systemic disorder; (8) selection of wound
dressings, ointments, and negative pressure wound therapy;
and (9) wound cleansing. These 9 fields were selected
based on expert opinion. For instance, “Pressure relief”
was included because PIs arise from sustained pressure,
making this the most critical aspect of PI management.
Likewise, “Moisture management” was incorporated because
the skin becomes fragile under conditions such as incon-
tinence, leading to maceration, which can significantly
affect PI healing. The interviewee compared both outputs
and evaluated the recommendations by the high-expertise
algorithm on a 5-point scale: (0) both base and high-expertise
algorithms perfectly agree with one’s thoughts, (1) worse than
the base algorithm, (2) as bad as the base algorithm, (3) better
than the base algorithm, and (4) better than the base algo-
rithm and perfectly agrees with one’s thought. This proce-
dure was performed in multiple vignettes, and the researcher
(AA) calculated the agreement and improvement proportions.
We treated that high similarity between the algorithms and
the expert’s thoughts indicated the good performance of
the algorithm because this study aimed to develop a care
algorithm reflecting the expert thoughts.

The agreement proportion was defined as (the number
of vignettes where score=0, 3, 4 or the total number of
vignettes), and a higher number indicates better clinical
applicability of the high-expertise algorithm. The improve-
ment proportion was defined as (number of vignettes where
score=3, 4 or number of vignettes where score=1, 2, 3, 4) and
indicated the closeness of the high-expertise algorithm to the
interviewee’s thoughts. If the score was O for all vignettes in 1
field, the improvement proportion of the field was defined as
“NULL.” The evaluations were conducted in 3 rounds. After
rounds 1 and 2, the interviewer asked about the disagreement
between the high-expertise algorithm and the interviewee’s
thoughts. The high-expertise algorithm was modified again
based on her comments.

Finally, the interviewee rated the level of expected healing
when all recommendations from the high-expertise algorithm
were applied to the PI on a 4-point scale: (1) worsens, (2)
stagnates, (3) improves, and (4) much improves. The score
was rated once per vignette.

Details of Clinical Vignettes

The clinical vignettes for the test were devised by research-
ers based on records of the first assessment in which
the interviewee provided consultations with nurses for PI
management. In these records, patients were in home care
or immediately after hospitalization, and their detailed records
were available. If there were multiple PIs in 1 patient, the
wound with the highest severity was used for the clinical
vignettes. These records were collected when home-visit-
ing nurses consulted the WOC nurse for Pls that did not
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show healing progress despite >2 weeks of management
by home-visiting nurses. Cases in which a patient or their
family expressed withdrawal of consent, PI was at the lower
extremity, or there was no record to determine information
were excluded. The vignettes were randomly assigned so that
each round had the same number of cases.

Study Il

Outline

The authors determined predictors that are effective in
estimating a predictive distribution of changes in the
DESIGN-R 2020 score between assessments when an expert
provides consultations [22,23]. Additionally, we developed a
predictive model based on the selected predictors. DESIGN-R
2020 is a tool for evaluating PIs based on 7 parameters: depth,
exudate, size, inflammation or infection, granulation tissue,
necrotic tissue, and pocket size. The DESIGN-R 2020 score
shows the sum of the 6 items, excluding depth. A higher score
indicated a more severe PI with a longer healing time.

Data Source

Among records of the assessments in which the interviewee
provided consultations with home-visiting nurses for PI
management in a previous study [10], information on patients
with d2 or deeper PIs was used in Study II. Multiple PIs
in 1 patient were included as different PIs. Cases in which
a patient or their family expressed withdrawal of consent,
PI was in the lower extremity, consultations were conducted
only once, and there was no record to judge predictors were
excluded. The data were split into training and test data at
a ratio of 80:20. To demonstrate the time robustness of the
prediction model, 20% of the cases with longer follow-up
periods were selected as test data.

Determining Predictors in Hierarchical
Bayesian Model

Method Choice

Considering that the object is distribution estimation and the
effect of predictors can vary for each individual, a hierarch-
ical Bayesian regression model (HBR) was selected. The
HBR is a method used to explain the distribution of a
target variable assuming that the effect of predictors follows
different distributions for each individual. Unlike generalized
linear mixed models, HBR can estimate a posterior predictive
distribution of target variables for which normality cannot be
assumed, such as changes in DESIGN-R 2020 score. We used
the HBR because it accounts for variability at both the patient
and lesion levels and allows incorporation of prior knowl-
edge, providing robust estimation even with limited data.
By explicitly modeling uncertainty and hierarchical structure,
the approach enables patient-specific predictions and can be
updated as new data become available. The Markov chain
Monte Carlo MCMC) with the No U-Turn Sampler [28]
was used to estimate the parameters. MCMC sampling was
performed using the C++ compiler in Stan [29] and R [30].
The number of chains was set to 3, and 40,000 sampling
iterations were performed after 10,000 warmups from the
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marginal posterior distribution per chain. Convergence of
the MCMC samples to a stationary distribution was deter-
mined by the Gelman-Rubin R-hat statistic [31] and visually
checking the trace plots.

Predictors

The predictors were as follows: the number of days from
the latest assessment to the next assessment (DurationFor-
Next) and its squared value, the number of days from the
first assessment to the latest assessment (DurationFromDay0)
and its squared value, DESIGN-R 2020 score at the first
assessment and latest assessment, DESIGN-R 2020 subscale
at the latest assessment, PI risk assessment factor items
[32] (ability to change posture on bed, ability to maintain
posture in chair, abnormal bony prominence, joint contrac-
ture, malnutrition, skin wetness, skin fragility [edema or skin
tear]), and comorbidities (dementia, diabetes, liver disease,
cardiovascular disease, cerebrovascular disease, respiratory
disease, and cancer). Details of care were not used because
there were no records to precisely determine them. Since
the DESIGN-R 2020 subscales are classified as “Large”
(severe) and “Small” (mild) based on their scores [22,23],
the predictors were binarized as dummy variables according
to the classification. For example, if the E score was 6, it was
converted to “large” E, and if the E score was 1 or 3, it was
converted to “small” e. When the E score was 0, both dummy
variables were treated as 0.

Model Design

Let DESIGN-R 2020 score for a PI i at day ¢ be y{*), and the

i
changes in the DESIGN-R 2020 score after s days from day ¢
bedgt’ S). Then, we designed the HBR as follows:

A =yt -y = f (Xi(t’s))
(9 = x5 40
9~ Normal(O, 02)

[1 s 52 x0 .. xg)]

B~ MultiNormal(/,_t)ﬁ, ZChol)

15 = | Hinterceps Mg, Mo, -+, | OF

T
[/'{intercept’ Mp, MBaMB, 5 " Hp,,, ]

where

X i(t’s) is a vector of predictors at day ¢.

B; is a parameter vector depending on PI i.

el-(t’ %is an error term following a normal distribution with

mean 0 and variance o2.
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Mg is a hierarchical mean parameter vector of a multivari-

ate normal distribution S; follows. ,(75 expresses the fixed
effects of predictors.

Ycnol 18 a Cholesky factor of the variance-covariance
matrix of a multivariate normal distribution 3; follows.

Since dl([’ 9 was often negative, logarithmic transformation

for dl(t’s) was not conducted. The prior distributions of the
parameters were set as follows:

o~ Normal+(0, 100)

Mg, Maakp, Mg, ~ Normal(O, 1)

HMintercept ~ Normal(o, 10)
) —
Zchol = diag (fﬁ) * Qchol

_)
gﬁ = {Intercept’ {[s’s; {ﬁszs {ﬁl’ {ﬁk ~ Student_t+(4, 0, 1)

Qchol ~ LkjCorr(4)

where

— —
{p is a hierarchical variance parameter vector of §;. ¢z

expresses the random effects of predictors.

Qo is a Cholesky factor of the correlation matrix that
follows the Lewandowski-Kurowicka-Joe distribution [33]
with a shape parameter of 4.

Predictor Selection

Predictors that improve the fitness of the data when added
to the base model were determined in the training data. The

base model was set as a model that predicts dl(t’s)with only

s, that is, DurationForNext. Then, the base model was set
to My, and the model with s and another predictor p was
set to M p- Subsequently, the posterior probabilities [34] of
M, for M, were calculated for all p under the assumption
that the prior probabilities of M, and M, are equal. Poste-
rior probability represents the probability that M, is closer
to the true model compared to M,. We selected all predic-
tors whose posterior probability was >0.95 and developed
a predictive model with all combinations of the selected
predictors. The combination with the highest log marginal
likelihood was regarded as the candidate for the best model.
After 5 repetitions of determining a candidate of the best
model in 80% of the randomly separated training data, log
marginal likelihoods were calculated for the candidates in
all training data. The model with the highest log marginal
likelihood in the 5 candidates was determined to be the best
model. The log marginal likelihoods were the mean value
of 5 approximations computed by bridge sampling using the
Warp-III method [35] with R package “bridgesampling” [36].
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Validation of the Best Model Using Test Data

The changes in the total DESIGN-R 2020 score from each
assessment to the next assessment were predicted using the

e d

test data with the best model. {z at the first prediction was set
to 0. We calculated a coverage probability of 90% prediction
interval to verify the performance of the predictive model.
The coverage probability of a 90% prediction interval was
defined as follows: the number of times when actual scores
were within the 90% prediction interval or the number of
assessments when the prediction was conducted. If this value
is close to 0.9, it supports the possibility that the best model
can estimate the changes in DESIGN-R 2020 score.

Ethical Considerations

This study was approved by the Ethics Committee of the
Graduate School of Medicine, the University of Tokyo (No.

Figure 2. Flowchart showing process of inclusion. PI: pressure injury.
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2021277NI). All patients were provided with the opportunity
to opt out of the study. All data were handled in a manner that
ensured participants could not be individually identified. No
honoraria or other forms of compensation were provided for
participation in this study.

Results
Study |

A total of 12 clinical vignettes were used in this study (Figure
2). Figure 3 represents a detailed example of care recommen-
dations based on the high-expertise algorithm. The sample
size was 4 in all rounds. The results of the high-expertise
algorithm test are listed in (Tables 1 and 2).

Records of 24 patients, 34 Pls, 130 assessments were
obtained in the previous study

Study |

Excluded: 12 patients
Lower extremity Pl 5
Insufficient record: 7

l+—

Study Il

Excluded: 16 Pls
Lower extremity PI: 8
Only once assessment: 5
Missing data: 3

>

Included: Case reports of
12 patients

Included: Records of
18 Pls, 76 assessments

l

Assigned to training:
14 Pls, 42 assessments

Assigned to test:
4 Pls, 34 assessments

The means of agreement proportion were 0.92 (33/36), 0.75
(27/36), and 0.89 (32/36) for each round, and the means of
improvement proportion were 0.73 (8/11), 0.25 (3/12), and
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0.76 (13/17), respectively. The mean expected healing scores
were 2.67,3.00, and 3.25, respectively.
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Figure 3. Examples of care recommendation outputs.

Wound appearance
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Input == Assessment == Care recommendations

List of locations ) Location: Sacrum (lower side) 1. Head elevation

nsm",:.((mmi?% mmmmmm"""“ —s Call the flowchart for head elevation (Field: shear relief)

DSacrum (around) DOsSitting position Care mmnd‘_mm“: .

Ollium (anterior) DOContamination by fecal i = Use a mattress with an anti-shear function (such as a double-layer air-cell mattress)

I:|Ill.rn {pusmmr ac by urinary i » Operate the bed according to the following procedure

Coccyx (butterfly-shape) 1.Raise the bed from the foot side.

UOom (linear-shape) Symptoms: Round shape 2 After head-up, pull the back out.

DCoccyx (wedge-shape) Cause of Pl occurrence : 3 After head-down, place the patient in a supine position.

Dlischial tubcrosiy DPosition that presses the location * Ifthe patient stays in a 30-deqree head-of-bed after a head-up of 45 deqrees or

ggg:der trochanter :lu-med ea again. Use a small

DSpine e - o=l e T e e T e e
DPosture support device is in contact with the wound the time to two hours or less. When repositioning by him/herself, use a special
DOMany sheets or diapers sliding sheet.

List of symptoms. ORedness or induration around the wound that matches « If a sitting posture is possible, do so.

gﬂnmd shape gauze or dressings *Usea uyuremane foam dressmg with sﬂcone oil on lhe oulsme to reduce friction

Imegular shape 5 ] ate '

Oinflammation uomu-nam or dlesdngu paekocl Inude Ine pocket - e drass

Oincreased exudate DOCleansing is not orisi | ot

OEschar Qe by fecal i w o .

lough ac ination by urinary 2. Cleansing is not performed or is insufficient

DOSoft and dark necrotic tissue = — Call the flowchart for wound cleansing (Field: wound cleansing)
Symptoms: Slough

OMembranous necrofic iSSUe  Cause of delayed healing: Care recommendations:

ﬂl'[hhe‘alli]hlf granulation Rinsufficient wound cleansing = Cleans the wound bed and periwound skin 10-20 cm from the wound edge with

G ’ Dinapprophiate oi s of d g £0ap.

I:I.khealmy granulation (local) Unhealthy gr ion | ) » To remove biofilm and prevent reqrowth_the wound should be cleansed with

U&emse—lite nulation Cause of delayed healing: sufficient water using a shower bottle to apply pressure to the wound bed and inside

DOGranulation ats::ama DOPosition that presses 1hu loc.ahon the pocket,

DOExpanding wound size Qunuse of p ubion 1 « To remove biofilm, necrofic tissue. crusts, keratinized tissue, and other debris that

OThickened wound edges : ke N (bed) aﬁed healln mtens deanse the would bed wnh a sponge brush of cloth if

OMacerated wound edges [wﬁeelc;ulr} L - 2 of or i 2

ng‘T ""“-';:: bed ’ DAt detiee o R e Rt e (e ] . Sham dehrldement WA scissor of utreaonic cleamng should be useu if possible,

anl I‘(m"'“"'i nd) ) DOMany sheets or diapers = Since bmﬁlm may agqgregate at the wound edges and wound bumps. apply pressure

DPocket (pinhole-like) DORedness or induration around the wound that maiches I l h' he w A

OStagnant pocket size gauze or dressings Bre IS @ : : ale €

DOExpanding pocket size DOHead side elevation of 45 degrees or more pocket draln it by hltng me gaT.lent‘s bct_l[

QIMisalignment of posture after posifion change
DFriction at position change or moving
OMisalignment of posture in sitting posture
DOFriction when the patient operates a wheelchair
DOuse of tiﬂnfedalis

- Clean and dr_[ Ihe skln before anp_l',:mg the wound ckessmg and apply moisturizer

3. Low energy or protem mtake ]
— Call the flowchart for nutritional management (Field: nutritional management)

Dinapp or dressing Care recommendations:
OWetness by fecal incontinence = 30-35kcal/ka/day. protein 1.5q/ka/day by diet or enteral nutrition (upper limit
a by urinary i 2.0 day). Patients who cannot take orally should consult a physician.
DOWetness by sweating ; .
GLow energy or profein intake = = - -
Symptoms: Pocket (all-round)

e e P oontalnng or cullagen @ghde—mnlalnmg sugglemems aﬂer mnrrmllg the

Head side elevation of 45 degrees or more
OMisalignment of posture after position change
DOFriction at position change or moving
DOMisalignment of posture in sitting posture
DFriction when the patient operates a wheelchair
@ The bony prominence matches the wound
DOLocse wound edge skin causing skin fo move and

indicafion.
4 The bony prominence matches the wound
—Call the flowchart for physical factors (Field: physical factors)
Care recommendations:

= Create a temporary bony prominence to prevent the original bony prominence from
coming into contact.
= Create an area that is higher than the pressure injury so that pressure is not applied

e to the wound.
Pl 1.Apply skin protectant to both sides of the bony prominence.
oc ir by fecal i e 2 Place a layer of highly resilient urethane foam or gel over the skin protectant to
oc inafion by urinary create a temporary bony prominence.

3.Fix with hypoallergenic adhesive tape.
Underlines indicate care recommendations modified by Study |.

Table 1. Result of the test of the modified algorithm with clinical vignettes: the agreement proportions.

Round 1 Round 2 Round 3

Fields (n=4) (n=4) (n=4)
Pressure relief 0.75 (3/4) 1.00 (4/4) 1.00 (4/4)
Nutritional management 1.00 (4/4) 1.00 (4/4) 0.75 (3/4)
Shear relief 1.00 (4/4) 0.75 (3/4) 1.00 (4/4)
Moisture management 0.75 (3/4) 1.00 (4/4) 0.75 (3/4)
Wound dressing use 1.00 (4/4) 1.00 (4/4) 1.00 (4/4)
Care for physical factor 1.00 (4/4) 1.00 (4/4) 1.00 (4/4)
Care for systemic disorder 0.75 (3/4) 0.75 (3/4) 0.75 (3/4)
Selection of wound dressings, ointments, and negative pressure wound therapy  1.00 (4/4) 0.25 (1/4) 0.75 (3/4)
Wound cleansing 1.00 (4/4) 0.00 (0/4) 1.00 (4/4)
Total 0.92 (33/36) 0.75 (27/36) 0.89 (32/36)
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Table 2. Result of the test of the modified algorithm with clinical vignettes: the improvement proportions.

Kitamura et al

Round 1 Round 2 Round 3

Fields (n=4) (n=4) (n=4)
Pressure relief 0.50 (1/2) NULL NULL
Nutritional management 1.00 (1/1) 1.00 (1/1) 0.67 (2/3)
Shear relief NULL 0.50 (1/2) 1.00 (3/3)
Moisture management 0.50 (1/2) NULL 0.5(1/2)
Wound dressing use NULL 1.00 (1/1) NULL

Care for physical factor 1.00 (1/1) NULL NULL

Care for systemic disorder 0.00 (0/1) 0.00 (0/1) 0.50 (1/2)
Selection of wound dressings, ointments, and negative pressure wound therapy 1.00 (3/3) 0.00 (0/3) 0.75 (3/4)
Wound cleansing 1.00 (1/1) 0.00 (0/4) 1.00 (3/3)
Total 0.73 (8/11) 0.25 (3/12) 0.76 (13/17)
Study i PIs were assigned to the training data, and 34 records from 4

Characteristics and DESIGN-R 2020 Score

Changes

A total of 76 assessment records from 18 PIs were included
in the eligible data (Figure 2). A total of 42 records from 14

Table 3. Characteristics of pressure injuries included in Study II.

PIs were assigned to the test data. The characteristics of the
patients and PIs are presented in Table 3.

Characteristics Training (n=14) Test (n=4)
Days of follow-up, mean (SD) 294 (17.3) 81.2(23.3)
Age (y) 794 (8.4) 85.0(9.3)
Sex (female), n (%) 6 (43) 4 (100)

Pressure injury location, n (%)

Sacrum 5(36) 3(75)
Coccyx 31 1(25)
Others 6 (43) 0(0)
Pressure injury risk factor, n (%)
Ability to change posture on bed 9 (64) 3(75)
Ability to maintain posture in chair 9 (64) 3 (75)
Abnormal bony prominence 6 (43) 1 (25)
Joint contracture 5(36) 1(25)
Malnutrition 8 (57) 2 (50)
Wet skin 6 (43) 1(25)
Vulnerable skin (edema) 4(29) 2 (50)
Vulnerable skin (skin tear) 6 (43) 1(25)
Disease, n (%)
Dementia 5(36) 3 (75)
Diabetes 31 0(0)
Liver disease 2 (14) 0 (0)
Cardiovascular disease 2(14) 2 (50)
Cerebrovascular disease 5(36) 1(25)
Respiratory disease 2 (14) 0(0)
Cancer 2 (14) 0(0)

The mean follow-up periods were 294 (SD 17.3) days
and 81.2 (SD 23.3) days for the training and test data,
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respectively. Changes in the DESIGN-R 2020 scores for each
case are shown in Figure 4.
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Figure 4. Transitions of DESIGN-R 2020 score.
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Determination of the Best Model

The predictors included in the best model and its candi-
dates developed with the training data, and the log marginal
likelihoods of the model are shown in Table 4.

Table 4. Selected predictors and log marginal likelihood in the best model.

Dataset Predictors included in the best model in each dataset Log marginal
likelihood

Fold 1 Age, DurationForNext, (DurationForNext)z, (DurationFromDayO)2 96.143

Fold 2 Age, DurationForNext, (DurationForNext)z, (DurationFromDayO)2 103.128

Fold 3 Age, DurationForNext, (DurationForNext)z, DurationFromDayO0, (DurationFromDayO)2, DESIGN-R2020 score 110.225
at the first assessment

Fold 4 Age, DurationForNext, (DurationForNext)z, (DurationFromDayO)z, DESIGN-R2020 score at the first 100.325
assessment

Fold 5 Age, DurationForNext, (DurationForN ext)z, (DurationFromDayO)z, DESIGN-R2020 score at the first 110.698
assessment

All training data  Age, DurationForNext, (DurationForNext)z, DurationFromDayO, (DurationFromDayO)z, DESIGN-R2020 score 116.874
at the first assessment

#Each fold was composed of 80% of the data randomly selected from all the training data.
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The best model included age, DurationForNext and its
squared value, DurationFromDay0Q and its squared value,
and DESIGN-R 2020 at the first assessment scores. Predic-
tors in the candidates of the best model in each fold did
not completely match, whereas all candidates included age
and (DurationForNext)? in addition to DurationForNext. The
Gelman-Rubin R-hat statistics of all parameters in the best
model were less than 1.1, and the traceplot indicated that the

Kitamura et al

MCMC samples were well mixed. A summary of marginal
—
posterior distributions of o, ,L_tg, ¢ g of the best model is shown

in Table 5. The posterior mean, which is the mean of samples
from marginal posterior distributions, of the hierarchical
mean parameter of age and DESIGN-R 2020 at the first
assessment score was 0.05 and —0.10, respectively.

Table 5. Summary of marginal posterior distribution of hierarchical parameters in the best model®.

Parameter Mean parameter ( ub), mean (SD) Variance parameter (‘(;b), mean (SD)
DurationForNext -0.55(0.44) 0.17 (0.12)
(DurationForNext)? 0.02 (0.02) 0.01 (0.01)
DurationFromDay0 -0.52 (0.22) 0.26 (0.15)
(DurationFromDay0)2 0.02 (0.01) 0.01,(0.01)
Age (y) 0.05(0.11) 0.04 (0.02)
DESIGN-R 2020 score at the first assessment —-0.10 (0.13) 0.13 (0.09)
Intercept 391 (8.11) 0.97 (0.83)

2DurationForNext; the number of days from the latest assessment to the next assessment, DurationFromDay0; the number of days from the first

assessment to the latest assessment.

bThe expected a posterior estimation and its standard deviation of samples.

Prediction With the Best Model

Coverage probabilities of the 90% prediction interval among
the 4 PIs in the test data were 0.67 (4/6), 0.83 (5/6), 0.86
(6/7), and 0.80 (8/10), respectively. The mean of these
coverage probabilities was 0.79 (23/29). An example of the
comparison between the actual DESIGN-R 2020 scores and
that of 90% predicted intervals in the test data is shown in

Figure 5. In this patient, the predictions made from Day O to
Day 35 included the score at the next assessment in the 90%
prediction interval, and the 90% prediction interval for Day
56 did not include the Day 72 score. The worsening of the
infection at the time of the last assessment (Day 72) resulted
in a 9-point increase in the DESIGN-R 2020 score, which was
a rare case under expert nurse consultation.

Figure 5. An example of a 90% prediction interval for 1 patient in test data calculated in the best model.
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Discussion

Principal Results

The goal is to develop a CDSS that guides home-visit-
ing nurses on appropriate care based on a high-expertise
algorithm reflecting a thought of a PI expert and a predictive
model that estimates the predictive distribution of the changes
in DESIGN-R 2020 to inform nurses whether consultation
from an actual expert nurse is needed. This unique idea
can develop a CDSS that provides more appropriate care
recommendations for patients who require expert wound
management in home care settings. Study I developed an
algorithm by modifying an existing algorithm with the
interviewee’s expertise. In Study II, the predictive distribution
of changes in the DESIGN-R 2020 score can be reasona-
bly estimated using the patient’s age and DESIGN-R 2020
score at the first assessment, and the prediction model was
successfully developed.

In Study I, the test of the high-expertise algorithm was
designed based on the CDSS validation procedure presen-
ted by Rodriguez-Gonzdlez et al [37]. In this study, the
referee was the interviewee, and the interviewer prepared
the information for the test cases. The referee then judged
the closeness of the outputs of the base and high-exper-
tise algorithms to her judgment. Since algorithms should
also be assessed quantitatively [38], the closeness and
the level of expected healing in the high-expertise algo-
rithm were investigated quantitatively. Furthermore, the test
could be regarded as a member check from a qualitative
research perspective. Since the base algorithm was devel-
oped in 2003, the content of modifications included not
only the unique expertise of the interviewee but also the
present clinical knowledge. However, we did not distinguish
between expertise and evidence because expertise includes
the evaluation of evidence and new knowledge [39]. Based
on these efforts, the process of algorithm modification was
considered internally valid.

In Study I, the agreement and improvement proportions
were lower in Round 2 compared with Rounds 1 and 3,
particularly for “(8) selection of wound dressings, ointments,
and negative pressure wound therapy” and “(9) wound
cleansing.” Wound dressings and wound cleansing were
areas in which the high-expertise algorithm introduced many
modifications compared with the base algorithm. In Round 1,
relatively few PIs had wound characteristics relevant to these
items, whereas in Round 2, many PIs with such characteris-
tics were included, which likely resulted in lower proportions.
After further refinements following Round 2, the algorithm
was able to provide appropriate recommendations even for
PIs with these characteristics in Round 3. The results in
Study I showed that the recommendations of the high-exper-
tise algorithm were 75%-92% consistent with the intervie-
wee’s thoughts. Since generally guidelines are applicable
to only about 60%-95% of patients [40], the agreement
proportions indicate the high clinical applicability of the
developed algorithm. On the other hand, the improvement
proportion was not stable. For example, the low improvement
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proportion for nutritional management indicates that the
care recommendations related to nutrition did not contribute
substantially to PI improvement. In home care settings, it
is often difficult to obtain detailed nutritional information
or to modify patients’ diets. The system can be further
improved by adding more cases. Also, we excluded vignettes
where both the base and high-expertise algorithms provided
appropriate recommendations when calculating improvement
proportions because it allowed us to focus on clinically
meaningful changes rather than diluting the effect with
unchanged cases. However, excluding the vignettes may have
slightly inflated the observed mean improvement. In addition,
the high expected healing level of 3.25 on a 4-point scale
suggests that the algorithm developed in this study has the
potential to contribute to PI improvement. By referring to
care recommendations based on this algorithm, nurses may be
able to provide more effective PI management compared to
assessments and care decisions made solely by nurses.

In Study II, we created a model to predict changes in the
DESIGN-R 2020 score, while previous studies have predicted
a change of wound area or length of wound edge. Although
the DESIGN-R 2020 score is the sum of the integer values
of 6 subscales making the changes discrete, it includes the
pathophysiology of PIs such as infection and necrotic tissue.
Nurses select appropriate care based not only on wound size
but also on the pathophysiology of PIs, such as infection and
necrotic tissue. Because the DESIGN-R2020 score reflects
both of these aspects, using changes in this score as the target
variable is reasonable. The sampling was appropriate because
MCMC samples from the best model were converged to a
stationary distribution and the Gelman-Rubin R-hat statistics
of all parameters were less than 1.1, indicating adequate
convergence.

In addition to predictors related to time, DESIGN-R 2020
score at the first assessment and the patient’s age were
included in the best model. It is noteworthy that the hierarch-
ical mean parameter of age in the best model showed that
the PIs of older patients were more likely to heal slightly
sooner. As all the PIs in this study were hard to heal, it
is possible that younger patients had some barrier in their
general condition, or the care environment was not compara-
ble to that of the older patients. The posterior mean of the
hierarchical mean parameter of DESIGN-R 2020 score at the
first assessment in the best model was negative. This may
suggest that a PI diagnosed as severe at first assessment may
take longer to heal, even if the causes of delayed healing
were resolved by expert consultation. Unlike in a previous
study [18], the location of the PI was not included, because
all the PIs in this study were in the trunk or greater tro-
chanter and not in the lower extremities. The best model
did not include predictors related to comorbidities or PI risk
assessment factor items. These factors may not have affected
the healing progress, as they were appropriately addressed
by expert nurse consultation. The mean coverage probability
of 90% prediction interval was 0.79, which indicates that
the model underestimated uncertainty. It means that predic-
ted intervals are narrower than they should be. While this
indicates that the best model still has room for improvement,

JMIR Nursing 2025 | vol. 8 165716 | p. 11
(page number not for citation purposes)


https://nursing.jmir.org/2025/1/e65716

JMIR NURSING

this may adequately estimate the distribution of changes in
DESIGN-R 2020 scores at a clinically acceptable level for a
longer range than a duration of training data. Other predictors,
such as the cause of PI development and delayed healing, and
materials used in PI care may improve the performance of the
model, allowing for more patient-specific predictions. Also,
accessibility to health care resources could also be considered
because health care delivery is sometimes difficult in rural
areas.

The incorporation of nurse expertise through interviews
could also be applied to other chronic disease management
domains, such as diabetes and heart failure, where recom-
mendations may support care decisions related to patient
self-care education, symptom management, and reporting of
abnormalities to physicians. An ethical challenge includes the
protection of patient privacy, while a practical challenge may
arise from the greater diversity of lifestyle factors compared
with PI management, which could make it more difficult to
develop a highly accurate CDSS.

Limitations

The small sample size and low variety of PIs may limit
both performance and generalizability of the algorithm and
the predictive model. Since the expected healing level is
determined by 1 expert in Study I, it is not clear how
other experts assess the expected healing level for this care
algorithm. In addition, we did not split the records from the
same PIs into training and test data because they involved
the same patient characteristics, and care recommendations
vary not only according to the condition of the PIs but also
depending on patient characteristics. This may have led the
algorithm to perform well for patients with similar conditions.

Kitamura et al

Study II employed comorbidities reported by home-visit-
ing nurses as predictors that reflect the general conditions
indirectly. However, it may have included diseases already
well controlled to a level that did not affect the general
condition. Hence, the effect of the general condition on PI
healing may have been underestimated, and using predictors
that directly represent the general condition, such as HbA,
and SpO,, may improve the model.

Future research should include a prospective evaluation of
the high-expertise algorithm in real-world clinical settings.
In particular, the effectiveness of the algorithm could be
assessed through the monitoring of DESIGN-R 2020 scores,
while safety should be evaluated using indicators such as
hospitalizations due to PI worsening and the incidence
of PI infections. Such a study would provide important
evidence regarding the ongoing clinical utility and safety
of the algorithm and inform further refinements for broader
implementation.

Conclusions

This study was conducted as the first step in the develop-
ment of a CDSS for home-visiting nurses in PI manage-
ment. We developed an algorithm that reflected the expert’s
knowledge in the existing algorithm and showed that the
high-expertise algorithm was clinically applicable and close
to the wound expert’s thoughts. It also determined predictors
effective for predicting changes in DESIGN-R 2020 score of
PI in home care settings and developed a model to calcu-
late the prediction distribution. This enables the CDSS to
inform nurses that it cannot address the patient’s management
appropriately as a fail-safe mechanism.
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