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Objective:Having a wound decreases patients’ quality of life and brings uncer-
tainty, especially if the wound does not show a healing tendency. The objective
of this study was to develop and validate amodel to dynamically predict time to
wound healing at subsequent routine wound care visits.
Approach: A dynamic prediction model was developed in a cohort of wounds
treated by nurse practitioners between 2017 and 2022. Potential predictors
were selected based on literature, expert opinion, and availability in the rou-
tine care setting. To assess performance for future wound care visits, the model
was validated in a new cohort of wounds visited in early 2023. Reporting fol-
lowed TRIPOD guidelines.
Results: We analyzed data from 92,098 visits, corresponding to 14,248 wounds
and 7,221 patients. At external validation, discriminative performance of our
developed model was comparable with internal validation (concordance statis-
tic = 0.70 [95% confidence interval 0.69, 0.71]), and the model remained well
calibrated. Strong predictors were wound-level characteristics and indicators
of the healing process so far (e.g., wound surface area).
Innovation:Going beyond previous prediction studies in the field, the developed
model dynamically predicts the remaining time to wound healing for many
wound types at subsequent wound care visits, in line with the dynamic nature
of wound care. In addition, the model was externally validated and showed sta-
ble performance.
Conclusion: The developed model can potentially contribute to patient satisfac-
tion and reduce uncertainty around wound healing times when implemented
in practice. When the predicted time of wound healing remains high, practi-
tioners can consider adapting their woundmanagement.
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INTRODUCTION

Clinical problem addressed

Having a wound decreases patients’
quality of life1 and brings a lot of
uncertainty, especially if the wound
does not show a healing tendency.
Most wounds heal without complicati

ons and go through four successive
phases: hemostasis, inflammation, pro
liferation, and remodeling.2 Nume
rous factors can interfere with this
process, resulting in the formation of a
hard-to-heal or chronic wound. A chr
onic wound is defined as a wound that
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does not follow an orderly and timely reparative pro-
cess to produce anatomical and functional integrity
within a period of 3 months.3 As the population ages
and the prevalence of chronic diseases increases in
many regions of the world, the number of wounds
requiring specialized, long-term care is growing. A
reliable prognosis of the remaining time to wound
healing could help reduce uncertainty for patients
and help with planning and care management.4

Background

Within wound care research, the number of stud-
ies that investigate artificial intelligence methodolo-
gies for the prediction, diagnosis, and management
of chronic wounds has strongly increased in recent
years.5 Various prediction models have been devel-
oped to differentiate between probable uncompli-
cated wound healing and complicated wound
healing based on clinical characteristics. Most mod-
els were aimed at wounds of a specific etiology such
as burns,6 diabetes,7–12 venous ulcers,9,13,14 and
wounds occurring after trauma or surgery.15

Recently, a model was developed that incorporates
genetic information in addition to clinical variables
for the prediction of diabetic foot ulcer healing.16

Three models have been developed for a more
general range of wound etiologies on large, multi-
center datasets in the United States.17–19 These
included classification models such as (penalized)
logistic regression and regression trees to predict
the probability of a wound being healed within a
certain time frame (e.g., 4, 12, or 15 weeks) after
the initiation of treatment. The models showed a
reasonable-to-good apparent discriminative per-
formance (area under the curve ranging from 0.71
to 0.85), where wound-level characteristics such as
area, depth, location, and etiology were found to
contribute most to predictive performance.17,18

None of these studies explicitly reported on model
calibration, nor did they include an external vali-
dation, and they did not account for loss to follow-
up or death before the outcome could be observed.
Furthermore, two of the models did not consider
the dynamic nature of wound care. A recent review
of wound risk prediction models concluded that
there is a lack of validated wound risk prediction
models and implementation remains difficult.20

Recently, systems for electronic medical records
(EMRs) have been developed and implemented
specifically for use by wound care organizations,21

including systems in the Netherlands.22 In such
systems, patient characteristics and wound obser-
vations are recorded during routine wound care
visits by nurse practitioners. Many of these charac-
teristics are important for wound risk prediction.18

Besides their role in treatment planning and man-
agement, the use of such systems provides real-
world data on healing wounds in large cohorts,
enabling the development of high-quality dynamic
wound risk prediction models for routine care.

Objective

The objective of this study was to develop and
validate a dynamic prediction model for time to
wound healing at routine wound care visits. We
specified three model aims:

(1) The model should include characteristics
that are currently recorded in the EMR at
each care visit so that implementation of
the model in routine practice is feasible.

(2) The model should be applicable to acute
and chronic wounds from a diverse range of
wound etiologies.

(3) The model should be able to dynamically
predict remaining time to wound healing at
the first visit and subsequent visits, based
on updated characteristics at each visit.

Innovation

Previous wound healing prediction studies were
mostly aimed at specific etiologies.6–11,13–15 Classi-
fication models have been developed for general
wounds at their first care visit, showing good
apparent discrimination,17,18 yet no external vali-
dation was reported. There is a lack of validated
wound risk prediction models, and implementa-
tion remains difficult.20 In this study, a model was
developed that dynamically predicts the remain-
ing time to wound healing for many wound etiolo-
gies at subsequent wound care visits. The model
showed stable performance at external validation
and implementation is feasible. This can contrib-
ute to reducing uncertainty around wound healing
for patients and practitioners.

MATERIALS AND METHODS

Study design

Reporting on this prediction study was accord-
ing to the TRIPOD statement.23 In this study, we
developed and validated a prediction model for the
remaining duration of wound care treatment until
wound closure, based on wound and patient char-
acteristics observed during a routine wound care
visit. For the development of the model, we used
EMR data on wounds from any cause that were
treated by nurse practitioners in a large part of
The Netherlands between January 1, 2017, and
September 14, 2022 (with follow-up until Decem-
ber 14, 2022). One-time consultations without
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further treatment or follow-up were excluded from
the study. The model was externally validated in
a cohort of all wounds visited between December
15, 2022, and April 15, 2023, with follow-up until
July 30, 2023. This validation set was chosen to
ensure a minimum of 3 months’ potential follow-
up after each visit.

Data collection

For each wound care visit, information on
patient and wound characteristics at the visit was
extracted from the EMRs. The outcome of interest
was the time from the visit until wound closure.
Wound closure was defined as total epithelializa-
tion of the wound. For most patients, the wound
closes completely during specialist wound nursing,
though some patients are referred to other care
providers or pass away. Moreover, some wounds
may remain under treatment with no closure
observed by the end of follow-up. Therefore, the
time and status of each wound at the end of
follow-up were recorded.

Data-quality checks were performed by examin-
ing distribution summaries of each variable and
individually reviewing (and correcting where pos-
sible) extreme or impossible values. Assuming
that some mistakes in filling out patient records
were made completely at random, records with
impossible values (e.g., negative time between
wound occurrence and start of treatment) were
excluded from our development cohort. For data
on wound etiology, comorbidities, and medication
use, two nurse practitioners checked individual
EMRs for agreement with free text correspon-
dence between practitioners. Corrections were
made where needed.

The data had a multilevel structure because
there could be multiple wound care visits associ-
ated with the same wound, and a single patient
could have more than one wound.

Prediction target

We aimed to predict the remaining time to
wound closure in a situation where treatment
would not be terminated before wound closure
(e.g., because of referral or death). The prediction
model was intended to be applicable at the first as
well as subsequent wound care visits. We hereto
updated the prediction at each visit with actual
characteristics of the wound, which changed dur-
ing treatment. The predictions were intended to
inform patients about their wound’s expected
healing time under current treatment practices.24

Selection of potential predictors

Potential predictors were selected based on lit-
erature,25–28 previously published wound risk pre-
diction models,15,17,18 expert opinion of a nurse
practitioner, and availability of predictors in the
routine care setting. Patient-level candidate pre-
dictors were age, sex, comorbidities (diabetes,
hypertension, peripheral vascular disease, kidney
failure, heart failure, varices, rheumatoid arthri-
tis, and post-thrombotic syndrome), medication
use (carbasalate calcium, clopidogrel, vitamin K
antagonists, direct-acting anti-thrombotics, and
corticosteroids), and primary/secondary care set-
ting. Wound characteristics considered were treat-
ment delay (i.e., time between occurrence of the
wound and treatment initiation by a specialized
wound care professional), wound location, wound
depth, wound surface area, periwound skin state,
stage of wound healing, wound etiology, wound
recurrence, infection, edema, undermining, exu-
date, the number of concurrent wounds in the
same patient, and the treatment duration up to
this visit.

Some candidate predictors were included because
of their supposed biological relation to wound heal-
ing (e.g., infection, medication use, and comorbid-
ities). Care setting and treatment delay were
considered indicators of the wound’s care environ-
ment. Other variables describe the dynamic healing
process so far or the current state of the wound
(e.g., wound surface area, treatment duration up to
this visit, and stage of wound healing) and might
therefore be predictive of the remaining time to
wound healing.17–19

Statistical analysis

Statistical analyses were performed using R
version 4.2.2.29 Categorical variables were sum-
marized with frequencies and percentages, while
numerical variables were described using medians
and interquartile ranges (IQRs). The median
wound healing time was estimated using Kaplan–
Meier curves with adjustment of the correspond-
ing standard errors for the clustered nature of the
data.

Since all potential predictors were based on
mandatory fields in the electronic patient files,
there were no missing data. The remaining time
to wound healing at each visit was the outcome of
interest. The natural logarithm of the remaining
time to wound healing was assumed to be nor-
mally distributed conditional on the model predic-
tors. A linear regression model was fitted with the
log transformed time as dependent variable. The
assumption of a normal distribution was assessed
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using a quantile–quantile (QQ) plot of the regres-
sion residuals. Model coefficients can be inter-
preted as factors by which to multiply the
expected wound healing time. For example, if the
coefficient for male versus female gender were 0.7,
then the predicted wound healing time for a man
would be twice [exp(0.7) = 2] the predicted wound
healing time for a woman with the same values
for all other predictors.

Wound healing times were censored for patients
in whom complete wound healing was not (yet)
observed at the end of follow-up or at the time of
another event that would preclude observing
wound healing, such as death or relocation. This
was in line with our targeted prediction of healing
times in the situation where treatment would not
be terminated before wound closure. Such a model
can also be viewed as a parametric survival model
with a log-Gaussian distribution of survival times.
We used the “rsm”30 and “survival”31,32 packages
in R for estimation.

All numerical predictor variables were Winsor-
ized33 at their 2nd and 98th percentile and mod-
eled with restricted cubic splines.34 This means
that we allowed for flexible, nonlinear relation-
ships between continuous predictors and the out-
come in the model. We performed backward
selection of predictors based on Akaike’s Informa-
tion Criterion (AIC), using 40 bootstrap resam-
ples. The AIC is a measure of model fit penalized
for model complexity. Robust standard errors
were calculated for the predictor effects to account
for clustering in the data. The estimated residual
variance was used to calculate prediction inter-
vals, which provide patients with a time range in
which their wound is expected to be healed.

Internal validation was performed using boot-
strap resampling with clustering by patient to
correct for optimism in performance.35 The
discriminative performance of the model was
assessed using the concordance statistic (c-statis-
tic). Values of the c-statistic range from 0.5 to 1,
where 0.5 indicates that the model can distin-
guish longer versus shorter healing times no bet-
ter than a coin flip and 1 indicates perfect
discrimination. Model calibration was evaluated
using the calibration intercept and slope and vis-
ually examined in plots of observed versus pre-
dicted outcomes.36 The calibration intercept
assesses mean calibration and is ideally =0. The
calibration slope is ideally =1, where values <1
(>1) indicate that predictor effects are too strong
(weak) overall. The amount of variance in the

data explained by the model was quantified
using R-squared.37

The same performance measures were used in
the external validation of the developed model.
Robust standard errors of performance measures
were calculated to account for the multilevel struc-
ture of the validation data. In a sensitivity analy-
sis, we limited the validation dataset to new
wounds that had no previous visits in the develop-
ment dataset and assessed model performance
within this restricted set of visits.

Sample size

At model development, all wound care visits
that were available from electronic records at the
time were included. It was known that >100,000
visits from roughly 15,000 wounds and 7,000
patients would be available and that the time of
wound closure was observed for most (about 80%)
wounds. When all numerical predictor variables
were modeled with restricted cubic splines with
four knots, there were just below 60 candidate
parameters in our model. Assuming an R-squared
of 0.25, we calculated that an independent sample
of 1,805 visits with the outcome observed would be
sufficient to satisfy each of the criteria for predic-
tion model development.38 Therefore, the avail-
able visits would be more than sufficient for
reliable model development in this study.

Based on the performance of the prediction
model at development, it was estimated that an
independent sample of 865 visits with observed
wound closure times would be sufficient to exter-
nally validate our model.39 All new data available
at the time of validation were used, which we
expected to exceed the minimum required sample
size for validation.

Ethical approval and patient consent

The dataset used in this study was recorded as
part of routine care; hence, no patients were sub-
ject to any intervention as part of the study. The
study was reviewed by the ethical review board at
the Isala Hospital (Zwolle, The Netherlands)
under ID 221202, where the study was found to be
exempt from the Medical Research Involving
Human Subjects Act.

RESULTS

Descriptive summaries

Our development dataset included 92,098 vis-
its, corresponding to 14,248 wounds and 7,221
patients. Wound and patient characteristics at
the first recorded wound care visit are summar-
ized in Table 1. Complete wound closure was
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observed in 10,635 (75%) of wounds. For 631
(4.4%) wounds, the patient died before wound clo-
sure. At the end of follow-up, 909 (6.4%) wounds
were still in care. In the remaining wounds, closure
was not observed because the patient and nurse
had decided to end the treatment (1,263; 8.9%),

because the patient moved to a different care orga-
nization (403, 2.8%), was referred to hospital (404,
2.8%), or had emergency admission into a care
home (3, 0.0%). The total follow-up time in the
development data was 31,667 wound months. The
median number of recorded visits per wound was 4
(IQR 2, 8). The median time from treatment start
to wound healing was 1.6 (95% confidence interval
[CI] 1.5, 1.6) months.

For external validation, 10,186 wound care vis-
its were included. This comprised data from 2,051
wounds and 1,288 patients, where 253 (12%)
wounds also had visits before September 15, 2022,
that were included in the development data. Com-
plete wound closure was observed in 1,120 (55%)
of wounds, which was less than in the develop-
ment data because of the shorter follow-up time.
At the end of follow-up, 620 (30%) wounds were
still in care. Other reasons why wound closure
was not observed were similar to the development
cohort (Table 2). The total follow-up time in the
development data was 7,600 wound-months. The
median number of recorded visits per wound was
3 (IQR 2, 7). The median time from treatment
start to wound healing in wounds that started
treatment after December 14, 2022, was 2.2 (95%
CI 2.0, 2.5) months. This was longer than in the
development cohort.

Compared with the development cohort, more
wounds in the validation dataset were in primary
care (38% versus 26%, Table 1). More often, clopi-
dogrel (9.3% vs. 2.1%) and direct-acting oral antico-
agulants (12% versus 6.4%) were used, whereas
carbasalate calcium was less frequently used in
the validation cohort (16% vs. 21%). Fewer wounds
had a normal periwound skin state (41% vs. 49%).
We did not observe large differences in the distri-
bution of other wound characteristics between the
validation and development cohorts.

Development of predictionmodel

When fitting a prediction model with all candi-
date predictors, all but the use of clopidogrel (p =
0.56) and the use of corticosteroids (p = 0.07) had
contributed significantly (p < 0.05, Fig. 1). Some
comorbidities were so rare that effect estimates
were highly uncertain. We therefore included the
total number of comorbidities as a predictor in the
model instead of individual comorbidities, without
negative impact on model fit.

Bootstrapping of the backward selection based
on AIC showed that all predictors were retained in
at least half of the iterations. We therefore did not
further exclude candidate predictors from the
model. Visual inspection of the QQ plot indicated

Table 1. Patient and wound characteristics at the first included
visit of each wound in development and validation data

Development Validation

(n Wounds = 14,248) (n Wounds = 2,051)

Age (years, median [IQR]) 76 [63, 85] 74 [64, 83]
Sex
Male 7,823 (54.9%) 1,135 (55.3%)

Comorbidities
Median number [IQR] 1 [0, 2] 1 [0, 2]
Diabetes mellitus 4,997 (35.1%) 731 (35.6%)
Kidney failure 479 (3.4%) 172 (8.4%)
Heart failure 2,686 (18.9%) 457 (22.3%)
Hypertension 3,787 (26.6%) 611 (29.8%)
Peripheral vascular disease 2,771 (19.4%) 412 (20.1%)
Varices 802 (5.6%) 82 (4.0%)
Rheumatoid arthritis 598 (4.2%) 90 (4.4%)
Post-thrombotic syndrome 187 (1.3%) 15 (0.7%)

Wound etiology
Arterial ulcer 1,185 (8.3%) 114 (5.6%)
Burn 525 (3.7%) 50 (2.4%)
Decubitus ulcer 1,657 (11.6%) 324 (15.8%)
Diabetic ulcer 1,627 (11.4%) 277 (13.5%)
Erysipelas 169 (1.2%) 23 (1.1%)
Mixed arterial-venous ulcer 574 (4.0%) 92 (4.5%)
Edema 164 (1.2%) 19 (0.9%)
Surgical wound 2,358 (16.5%) 278 (13.6%)
Oncological ulcer 222 (1.6%) 24 (1.2%)
Other 1,290 (9.1%) 245 (11.9%)
Sinus pilonidalis 95 (0.7%) 19 (0.9%)
Trauma ulcer 2,953 (20.7%) 367 (17.9%)
Vasculitis ulcer 137 (1.0%) 11 (0.5%)
Venous ulcer 1,292 (9.1%) 208 (10.1%)

Number of concurrent wounds [IQR] 2 [1, 2] 1 [1, 2]
Recurring wound 1,632 (11.5%) 295 (14.4%)
Phase of wound healing
Debridement 9,821 (68.9%) 1339 (65.3%)
Granulation 3,744 (26.3%) 576 (28.1%)
Epithelialization 683 (4.8%) 136 (6.6%)

Care setting
Primary care 3,767 (26.4%) 787 (38.4%)
Secondary care 10,481 (73.6%) 1,264 (61.6%)

Treatment delay (days, median [IQR]) 11 [2, 36] 14 [2, 45]
Wound location
Arm 439 (3.1%) 34 (1.7%)
Hand 243 (1.7%) 27 (1.3%)
Head/Neck 211 (1.5%) 25 (1.2%)
Sacrum 375 (2.6%) 63 (3.1%)
Torso 966 (6.8%) 131 (6.4%)
Upper leg 873 (6.1%) 111 (5.4%)
Lower leg 5,720 (40.1%) 798 (38.9%)
Foot 5,421 (38.0%) 862 (42.0%

Wound surface area (cm2, median [IQR]) 2.21 [0.50, 9.30] 1.96 [0.40, 8.40]
Wound depth (cm, median [IQR]) 0.20 [0.10, 0.30] 0.20 [0.10, 0.30]
Infection 5,554 (39.0%) 755 (36.8%)
Oedema 7,752 (54.4%) 1,136 (55.4%)
Exudate
Dry 1,602 (11.2%) 242 (11.8%)
Moist 11,052 (77.6%) 1,580 (77.0%)
Wet 1,390 (9.8%) 198 (9.7%)
Very wet 204 (1.4%) 31 (1.5%)

Undermining 1,220 (8.6%) 124 (6.0%)
Normal periwound skin state 7,021 (49.3%) 838 (40.9%)
Medication use
Antibiotics 2,551 (17.9%) 313 (15.3%)
Carbasalate calcium 2,914 (20.5%) 335 (16.3%)
Clopidogrel 306 (2.1%) 191 (9.3%)
Vitamin K antagonists 40 (0.3%) 25 (1.2%)
Direct-acting oral anti-coagulants 917 (6.4%) 244 (11.9%)
Corticosteroids 1,050 (7.4%) 97 (4.7%)

IQR, interquartile range.
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that the lognormal distribution fitted the data
very well (Supplementary Fig. S1). The strongest
predictors were wound location, treatment delay,
phase of wound healing, wound etiology, wound
depth, wound surface area, and the time since
start of treatment (Fig. 1). The complete model
formula is provided in the supplementary infor-
mation, as well as example predictions at two vis-
its for a fictional wound (Supplementary Data).
We also created a freely available online tool
to calculate predictions, which can be found at
https://www.evidencio.com/models/show/10370
under the same title as this article.

Validation

At internal bootstrap validation, we found an
optimism-corrected c-statistic of 0.70, which was
identical to the apparent c-statistic 0.70 (95% CI
0.69, 0.71), indicating fairly good discriminative
ability of the model. The size of predictor effects
was appropriate on average as indicated by a cali-
bration slope of 0.98 (0.97–0.99). On the level of
individual wound care visits, the model explained
R2 = 25% of the variation in healing times (Fig. 2).

At external validation, in newly recorded
wound care visits, the discriminative performance
of the model was very similar to the internal vali-
dation (c-statistic = 0.72 [0.70, 0.73]). The calibra-
tion slope was very close to 1 at 1.05 (1.01, 1.09),
indicating that predictor effects were appropriate
overall (Fig. 3). The calibration intercept was close
to 0 at 0.060 (-0.10, 0.22) indicating that on aver-
age, the observed remaining wound healing time
was close to the predicted wound healing time.

In our sensitivity analysis, we observed a differ-
ent distribution of treatment times compared with
our development and validation data, as it only
included new wounds with a relatively short
follow-up. In this restricted dataset, the model
underpredicted the average remaining wound
healing time by 25% (10-38%). The discrimina-
tive performance of the model remained stable in
the restricted dataset (c-statistic 0.69 [0.67,0.71])

and so did the predictor effects (calibration slope:
0.99 [0.94, 1.04]).

DISCUSSION
In this study, we developed and internally vali-

dated a model that dynamically predicts time to
wound healing based on routinely collected data
at wound care visits. The model showed reasona-
ble and robust discriminative performance (c-sta-
tistic = 0.70) both in internal and external
validation. Predictor effects were appropriate on
average at internal and external validation.

The most important predictors were wound
location, treatment delay, phase of wound healing,
wound etiology, wound depth, wound surface
area, and time since the start of treatment. These
are mostly wound-level characteristics that indi-
cate the status of the wound itself or the healing
process so far. These findings are in line with pre-
vious wound healing prediction studies that
reported wound-level indicators of the healing pro-
cess (e.g., size and wound age) among their most
powerful predictors.7,9,10,13–15,17,18 Most studies
were conducted in the United States, whereas our
study was conducted in The Netherlands, indicat-
ing that the prognostic value of these variables
generalizes to other populations.

The discriminative performance of our model at
validation was similar to the discrimination of
both models developed by Cho et al.18 (logistic
regression and classification tree). A model by
Jung et al.17 showed a higher c-statistic than our
model indicating better discrimination. The mod-
els by Berezo et al.19 also showed better discrimi-
native performance, although these models
predicted the chance of healing at 4, 8, and 12
weeks from baseline using visits after baseline.

Table 2. Wound status at the last observed wound care visit for
each wound in the development and validation data

Wound Status at Last Visit (N [%])

Development Validation

(n = 14,248) (n = 2,051)

Full wound closure 10,635 (75%) 1,120 (55%)
Wound still in care 909 (6.4%) 620 (30%)
Patient died before wound closure 631 (4.4%) 96 (4.7%)
Patient and nurse had decided to stop treatment 1,263 (8.9%) 61 (2.5%)
Patient moved to a different care organization 403 (2.8%) 110 (5.4%)
Referral to hospital 404 (2.8%) 44 (2.1%)
Emergency admission into a care home 3 (0.0%) 0 (0.0%)

Figure 1. Relative contributions of the predictors to model fit, expressed
through their AIC contribution (x-axis). AIC, Akaike’s Information Criterion.
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Therefore, a part of the models’ good performance
may be because of “predicting the past”: at a visit 7
weeks from baseline, it is already known that the
wound has not healed within 7 weeks, which is
informative for the probability of being healed within
8 weeks from baseline. For this reason, we opted to
predict the remaining time to healing at each visit
instead of the total healing time from baseline in our
study. None of the publications mentioned reported
calibration measures. No external validations of
either of the models have been published to our
knowledge. This limits further comparison of the per-
formance of our model with existing models for
wound healing for diverse wound etiologies.

A strength of our model is that it provides con-
tinuous predictions of time to healing, in contrast
to previous studies that predicted whether healing
time would be shorter or longer than a certain
number of weeks. And although the previous mod-
els were intended to be used at the first encounter
with a wound, our model is applicable to the first

as well as subsequent wound care visits, reflecting
the dynamic nature of wound care. Finally,
patients who were lost to follow-up before the time
point of interest were excluded from the analyses
by Jung et al. and classified as not healed by Cho
et al., potentially leading to biased estimates. Our
analyses explicitly took loss to follow-up into
account in the form of censoring in the dynamic
statistical modeling.

Another strength of our study is that the data
were routinely collected in clinical practice. Results
are therefore well applicable in real world data,
even though we recognize the limitation that data
quality may be less than in a dedicated scientific
study. There were no missing data because of man-
datory fields in the EMR system. We acknowledge,
however, that, for example, filling in a “no” for
“antibiotics use” could mean “this did not come up
during the appointment” rather than “I checked
that the patient is not on antibiotics,” leading to
potential measurement error. Despite our efforts

Figure 2. Observed (y-axis) versus predicted (x-axis) remaining healing time for each wound care visit in our development data. This shows the inter-
nal calibration of our model. Points on the solid black reference line have perfect agreement between the observed and predicted healing time. The
dashed black line summarizes the optimism-corrected calibration of the model and is ideally equal to the solid black reference line. The axes have a
logarithmic scale. Censored observations (where wound closure was not observed during follow-up) are depicted by a dot at the censoring time (last
available visit) and a line for the time after the last visit during which the wound may have closed.
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to detect and correct improbable values, mistakes
in recording characteristics during routine care
were likely made, also resulting in measurement
error. If the model is implemented in practice, and
it becomes known which characteristics are impor-
tant for prediction, these characteristics may be
more carefully reported in the future.

Our dynamic modeling approach assumed that
the effect of the predictors was not dependent on
time. Indeed, we verified that extensions of our
model that allow for time-varying predictor effects
had limited improvement in predictive ability.
Even so, there was still substantial residual varia-
tion in the data that was not explained by the
model. Future studies should assess additional
predictors to improve the model. There are indica-
tors of the general health state of a patient (e.g.,
ankle-arm index, polypharmacy) that could be rele-
vant for predicting wound healing that were not
part of the EMR and therefore not included.

To be suitable for use in clinical practice, the mod-
el’s performance should remain reasonably stable
when applied to new wound care visits. We showed
consistent performance at external validation.
When the average wound healing time changes over
calendar time because of factors not included in the
model (i.e., reduced access to care during the covid
pandemic, changing patient population because of
changing referral protocols), this may lead to aver-
age over- or underprediction of healing times. In a
sensitivity analysis, we observed some underpredic-
tion of the healing times in the newest wounds. The
overall calibration of the model on new data may be
improved by periodically updating the model inter-
cept based on a recent cohort of wound visits.40–42 If
implemented, it is generally useful to monitor the
model’s performance over time in new visits and
update when appropriate.43

Our external validation shows stability over
time in the target population, and predictor

Figure 3. Observed (y-axis) versus predicted (x-axis) remaining healing time for each wound care visit in our validation data. This shows the external
calibration of our model. Points on the solid black reference line have perfect agreement between the observed and predicted healing time. The dashed
black line summarizes the calibration of the model and is ideally equal to the solid black reference line. The axes have a logarithmic scale. Censored
observations (where wound closure was not observed during follow-up) are depicted by a dot at the censoring time (last available visit) and a line for
the time after the last visit during which the wound may have closed.

DYNAMIC PREDICTION OF TIME TO WOUND HEALING 195

D
ow

nl
oa

de
d 

by
 W

A
L

A
E

U
S 

L
IB

R
A

R
Y

 f
ro

m
 w

w
w

.li
eb

er
tp

ub
.c

om
 a

t 1
1/

20
/2

5.
 F

or
 p

er
so

na
l u

se
 o

nl
y.

 



importance findings are in line with
previous studies in other regions of
the world. Still, fine-tuning may be
needed when the prediction model is
applied to another population, for
example, in regions of the world
where different types of patients are
eligible for specialized wound care. If
the populations differ in a way that
is not sufficiently explained by the
variables in the model, the model’s
applicability may be affected. In addi-
tion, the model is developed to predict
outcomes under treatment as usual,
but what constitutes treatment as
usual might vary between regions. When possible,
it is recommended to validate and update a clinical
prediction model in the population where it is
intended to be used.43,44

As our model is based on characteristics that
are routinely collected in an EMR, implementa-
tion of the model in clinical practice is well feasi-
ble. The model could run in the background of
the EMR system, as the calculation of a predic-
tion only requires basic mathematical opera-
tions. At each wound care visit, the practitioner
could complete the usual fields in the EMR and a
prediction of the remaining time to wound heal-
ing could be shown, without any additional effort
by the practitioner or the patient. The patient
could then receive updated prognostic informa-
tion at each visit. To communicate uncertainty
around the predicted healing time, a prediction
interval could be provided as a reasonable range
of expected healing times.

Interpretation of the model output is reason-
ably straightforward as it comprises an expected
number of days, limiting the need for training of
staff and patient education. The model is intended
for use by wound care professionals, and its use
does require specific knowledge of the wound-
healing process, for example, to determine the
stage of wound healing or classify the wound exu-
date as input for the model. Differences in EMR
systems may form a technical barrier to wider
implementation. To integrate predictions in the
clinical workflow, some EMR systems may have to
add characteristics to their files and/or unify their
definitions. It is also important that the EMR is
designed such that predictors are recorded as
accurately as possible, for example, by not allow-
ing impossible values to be filled in.

Our dynamic prediction model based on rou-
tinely collected characteristics shows stable

performance and can feasibly be implemented in
daily practice. An increase in the predicted
wound healing time could be a sign to the practi-
tioner that the wound is not developing as
expected. Practitioners may then reconsider
their wound management. Most importantly, a
prediction of remaining time to wound healing
from our model could reduce the uncertainty that
patients experience and thereby contribute to
their satisfaction and health-related quality of
life.
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KEY FINDINGS

• A model to dynamically predict time to wound healing at subsequent wound
care visits was developed.

• The developed prediction model and shows stable performance (discrimination
and calibration) at external validation.

• Strong predictors were wound-level characteristics and indicators of the heal-
ing process so far (e.g., wound surface area, wound location, and phase of
wound healing).

• As the model is based on characteristics recorded during routine care, it can
feasibly be implemented in clinical practice, where it may help reduce uncer-
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