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Abstract

In the Netherlands, many people suffer from complex wounds, that take a long time to heal and
require specialized care. Early prediction of such complex wounds is a difficult task, even for wound
care experts, because the wound healing process is highly complex and affected by many factors,
including wound and patient characteristics. In this thesis, factors that can affect wound healing
were identified based on literature review and by consulting experts. Based on this list of features,
data was collected which was then used to perform wound healing duration prediction for different
types of wounds. Ordinal classification methods were compared to binary classification baselines,
to evaluate whether ordinal classification methods can more accurately predict wound healing
duration for a larger number of classes. Furthermore, performance was not only compared to a
simple baseline, but to expert performance as well. Binary classification using XGBoost reached
an accuracy of 68%, compared to an accuracy of 74% for wound experts. When doing multiclass
classification, there is no difference between model and expert predictions. The addition of feature
vectors extracted from a neural network trained on wound tissue segmentation seemed to be
relevant for accurately predicting wound healing duration, as it was one of the most important
features according to model feature importance. As automatic wound healing prediction
approaches expert level performances, opportunities arise to use such algorithms to perform early
filtering of patients at risk of complex wounds without having to consult experts, allowing for earlier
interventions, which could hopefully speed up the wound healing process.



1. Introduction

In the Netherlands roughly 500.000 patients (of which 350.000 in extramural care) suffer from
complex wounds every year [1]. Due to the ageing population the group of patients suffering from
complex wounds will likely increase significantly, as well as the need for specialized care that these
wounds require [1]. With the increased availability of medical data collected in electronic health
records (EHRS), an opportunity for early risk assessment in wound healing using machine learning
methods arises. Patients that are at risk for impaired wound healing can be identified prior to
possible complications, allowing clinicians to adjust treatment to promote wound healing.
Additionally, this would allow healthcare organizations to allocate their resources more efficiently
and reduce costs.

Aside from the EHRs that are used in hospitals, electronic client dossiers (ECDs) are used in
other care organizations, such as elderly care [2]. One of the most used ECDs in the Netherlands
is Ons® [3], which was developed by Nedap Healthcare. Within Ons®, a suite called Ons
Wondzorg was developed specifically for reporting wound care data. A wide range of wound care
factors can be recorded, including wound dimensions, wound tissue types, and treatment plans.
After the first intake assessment of a wound by a wound care expert, additional assessments
describing the wound healing process are reported on a regular, often weekly, basis. This provides
a combination of static data, like the wound type, as well as dynamic data, such as wound
dimensions, over time.

The combination of large amounts of static and dynamic data for a range of wound factors
provides an opportunity for identifying individual patients at risk of impaired wound healing, by
predicting the estimated healing time.

1.1. Wound Healing Factors

Estimating the time it takes for a wound to heal is not a trivial task; the wound healing process is
highly complex and affected by many factors [4-8]. In medical literature, these factors and their
mechanisms are described in great detail. The list of comorbidities that impair wound healing is
extensive and contains for example diabetes [4-8], obesity [4, 5, 7, 8], malnutrition [4, 7], cancer
[5, 7, 8], and cardiovascular disease [7, 8]. Aside from comorbidities, other systemic factors can
affectwound healingaswel. These i ncl ude {Slandgender [|],adwiklsas athgre
factors such as stress [5, 8], pain [6], and trauma [6]. Local factors that have an effect on wound
healing are infection [5-8], venous sufficiency [5, 7], necrosis [7], and foreign bodies [5, 6].
Additionally, life-style factors such as nutrition [5-7], smoking [4, 5, 6, 8], and alcohol consumption
[4, 5, 8] can have an impact on the healing process. Finally, medication like steroids [4-6] and
NSAIDs [4, 5], as well as oncological interventions, such as radiation 4-7] and chemotherapy [4-
6], are reported to affect wound healing. Table 1 shows an overview of the factors that affect wound
healing as described in the medical literature.

Aside from factors that are described in the medical literature, a wide range of factors has been
investigated in the research on wound healing prediction. These often include wound
characteristics, such as the dimensions [9-12], surface area [9-11, 13, 14], location [9-11], infection
[9, 11, 12], and wound type [9, 10]. Additionally, patient characteristics such as age [9-14], gender
[9-14], and BMI [9, 11, 12] are used in most studies. Disease related factors that overlap with
factors described in the medical literature are often included as well, such as diabetes [9-11] and



cardiovascular disease [9, 11]. Lastly, features derived from wound images have been included,
such as feature vectors extracted from convolutional neural networks (CNNSs) trained on wound
segmentation [12, 13], as well as handcrafted image (color) features extracted from wound images
[12]. Table 2. provides an overview of all features used in wound healing prediction as described
in the literature.

1.2. Wound Healing Prediction

As mentioned before, there has been previous research on wound healing prediction. The problem
is often defined as a binary classification task, where the wound is predicted to either heal or not
heal within a certain number of weeks.

One of the first wound healing prognosis models based on this binary classification task was
developed by Margolis et al. [14]. Data of 20.793 patients was used to train several logistic
regression models to predict venous leg ulcer healing within 24 weeks. The logistic regression
models used various combinations of predictor variables such as wound size, age, gender, and
wound grade. The best performing logistic regression model used the largest number of predictor
variables and was compared to a simple count model that counted how many conditions were true
for each patient (e.g., is the wound older than 12 months?). Results showed that logistic regression
outperformed the count model with an AUC of 0.71 compared to 0.63, respectively. Furthermore,
the authors argue that wound size and wound age were the most important predictors of wound
healing.

Similar work was done by Cho et al. [9], who used a dataset consisting of over 600.000
electronic medical records (EMRS) of patients suffering from chronic wounds. Only data from the
initial intake was used, consisting of three groups of predictor variables: demographic, patient-
level, and wound-level characteristics. A logistic regression model was trained to predict wound
healing within 12 weeks as a binary classification task, and a classification tree was used to
investigate relevance of predictor variables. An AUC of ~0.71 was obtained using both methods.
Wound-level characteristics were found to be the most relevant predictors, accounting for seven
out of ten predictors with the highest importance.

Jung et al. [10], used a dataset consisting of ~150.000 wounds in EHRSs to identify wounds with
delayed healing, i.e., whether or not a wound healed within 15 weeks. Their best performing model
was a gradient boosted tree model that achieved an AUC of 0.842. Of all predictor variables, the
feature representing whether the patient was in palliative care was found to be the most
informative, followed by patient age and wound dimension features. Changes in the wound
dimension between the first two assessments were part of the most important features as well.

In other work, not only clinical features, but handcrafted image features and deep learning
features were evaluated as well [12]. Deep learning features were extracted from a ResNet50
model trained on wound area segmentation. All features were extracted from a dataset consisting
of 208 wound images collected from 113 patients. Feature groups were used in combination or
separately to train random forests (RFs) and support vector machines (SVMs) to classify whether
a wound would eventually heal. Both RFs and SVMs performed best when only using the
handcrafted image features (AUC of 0.760/0.794), compared to using only clinical features (AUC
of 0.636/0.657), only deep learning features (AUC of 0.670/0.670), or all of the features (AUC of
0.734/0.734).



A different approach to predict wound healing was proposed by Ubbink et al [11]. A dataset
collected from a large wound care expertise center in the Netherlands, consisting of 563 wounds,
was used to develop a formula that calculates the estimated healing time for a wound using the
most important wound healing predictors, based on Cox regression analysis and linear regression.
The mostimportant factors included age, wound size, wound duration, wound location on the trunk,
and infection.

1.3. Time-series Forecasting

As previously described, predicting wound healing can be defined as a binary classification task,
however, it can be defined as a time-series forecasting task as well. The advantage of time-series
forecasting is that instead of a single output indicating whether healing will occur within a certain
amount of weeks, the wound healing process can be predicted over time. This allows for more
insights into the wound healing process.

An example of using time-series forecasting to predict wound healing is the work done by Wang
et al. [13], who propose a method that combines features extracted from a neural network with
patient characteristics to predict wound healing time. Instead of only using features based on one
or two wound assessments, they used 192 wound sequences that included wound images and
patient information. A Gaussian Process Regression (GPR) model was trained on both patient
characteristics and features extracted from a CNN that was trained on wound area segmentation
in wound images. The GPR model predicted the wound area over time and was able to capture
some healing dynamics. The mean absolute error (MAE) for the wound area averaged over time
was 3.95%.

GPR, as used in Wang et al. [13], is an example of a time-series forecasting method. Other
go-to methods in time-series prediction are ARIMA (AutoRegressive Integrated Moving Average)
and gradient boosting. These methods have also been used for time-series forecasting in the
medical domain. For example, to forecast influenza [15], malaria [16], medical expenditure on
medication [17], and food-borne disease [18].

Although these methods have been applied successfully in various medical domains, more
complex models, such as recurrent neural networks (RNNs), have shown promising results in
forecasting more complex patterns. Examples are the use of long short-term memory (LSTM)
models for predicting vital signs in seriously ill patients [19], predicting diagnoses based on ICU
variables [20], and solving four benchmark tasks related to EHRSs: in-hospital-mortality,
decompensation, length-of-stay, and phenotype prediction [21].

However, there are some limitations to using time-series forecasting in the domain of wound
healing. Multiple measurements over time are required for a time-series forecasting model to be
able to detect a trend. Wound dimensions and other measurements are only recorded on roughly
a weekly basis. Given that wounds often heal within one year [22], measurements over time would
be limited to only tens of datapoints per wound. Furthermore, caregivers are not obligated to fill in
all the fields in the application all the time, which might result in missing data.

As time-series forecasting is notoriously difficult, the issues of missing data, short wound
durations, and large sampling intervals might make it difficult to learn trends over time using time-
series forecasting models.



1.4. Ordinal Classification

In order to predict wound healing in more detail than a binary prediction task predicting whether
wound healing will occur within a certain amount of weeks or not, but without using complex time-
series forecasting methods, ordinal classification could prove to be a possible solution. It allows
for predicting multiple classes with an ordinal relation, in contrast to regular classification where
there is no ordinal relation. This is relevant for time-dependent data that is binned in a number of
classes with certain time intervals.

There are multiple approaches to perform ordinal classification, of which many can be
classified as a multi-threshold approach. In this multi-threshold approach, separate binary
classification models can be trained for every threshold. Cheng et al. [23] developed an approach
called NNRank that is based on this notion, and that allows for the training of a neural network on
an ordinal classification task. Their method uses a special encoding of the output to take the
ordering of the classes into account, resulting in a higher loss for predictions that are further away
from the true class, based on the ordinal relation. K classes are encoded by a vector oof 0 p
binary outputs, where 6 p "Q "Q is setto 1 and all other elements are set to 0 for an input with
class "BFor example, in a classification task consisting of five classes, the first class is encoded
as mnrint and the third classis encoded as p p it . When making predictions, the output nodes
are checked in increasing order and the index of the last node whose predicted output is bigger
than a predefined threshold T is the predicted class. They showed that their method outperforms
neural networks used for standard classification.

One drawback of their approach is that there is no rank-consistency in the predicted outputs,
meaning that it is possible that the output probability of a higher ranked output is larger than that
of lower ranked outputs. This could result in contradictory outputs when predicting wound healing
duration. For example, when a certain wound is predicted to heal after 3 months, the probability of
that wound healing after either 1 or 2 months should be at least as high, as these durations fall
within the 3 month timeframe. This problem is visualized in Figure 1.

Cao et al. [24] propose a framework to deal with this problem. They claim that their Consistent
Rank Logits (CORAL) framework resolves rank inconsistencies. The CORAL framework can be
applied as a final layer to any neural network in combination with a custom loss function.

Ordinal classification using this framework has been applied in various fields. Han et al. [25]
used ordinal classification for speech emotion recognition in customer service calls. Utterances
were annotated on a 3-point scale, indicating their level of negativity. A combination of the VGGish
[26] and CORAL frameworks was proposed to perform speech emotion recognition on the three
ranked classes. Their results show that combining VGGish with CORAL improves performance
compared to a regular VGGish model without CORAL framework integration. Additionally, the
wrongly classified labels are closer to the true class labels, as the combined framework punishes
larger classification errors.

In [27], ordinal classification was used for preventive assessment of developmental dyslexia.
Based on tests made by children at age 5, they developed a model that predicts the risk of dyslexia
at age 7. Risk assessment was done on a scale from 0 to 4, with 4 being the highest risk category.
In their approach, an autoencoder was trained as an initial step to perform dimensionality
reduction. The encoder of the autoencoder was then combined with a simple feed-forward model,
integrated with the CORAL framework to perform ordinal classification. A balanced accuracy of
0.357 was achieved on the 5-class ordinal regression task. They performed an additional



experiment on binary prediction (classes 1, 2, and 3 vs. class 4 and 5). On this task the model
achieved a balanced accuracy of 0.702.

Another framework for ordinal classification was developed by Jenkinson et al. [28]. In their
work, they mention theoretical and practical limitations of the CORAL framework. The CORAL
framework is only guaranteed to reach rank consistency at the global minimum, which may not
always be reached by a neural network. In their work they show that their framework, Conditionals
for Ordinal Regression (CONDOR), is universally rank consistent, by exploiting the fact that
subtask probabilities form a Markov Chain. Their experiments show that CONDOR outperforms
CORAL and a classification network on a range of different tasks.

Rank Inconsistency Rank Consistency
1

Wound Healing = 1 Month Wound Healing = 1 Month -

Wound Healing > 2 Month Wound Healing > 2 Month -
Wound Healing > 3 Month Wound Healing > 3 Month -
Wound Healing > 4 Month

Wound Healing > 4 Month -

Wound Healing > 5 Month

— == Threshold Wound Healing > 5 Month —=- Threshold

T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Probability Probability

Figure 1. Rank inconsistency (left) compared to rank consistency (right)
in wound healing predictions, based on visualizations by Cao et al. [24]

1.5. Relevance

Getting a more detailed prediction on estimated wound healing duration might be beneficial, not
only for wound care experts, but for patients as well. Wound care experts could use the prediction
as a second opinion or to plan care more efficiently. On the other hand, patients might want to
know an approximation on the wound healing duration to know what to expect.

Currently, most work on wound healing prediction uses binary classification with a varying
number of weeks as threshold. Ideally, we would want to make predictions over time, as in time-
series forecasting. However, given the nature of the data, i.e. large sampling intervals, incomplete
data, and few measurements, this approach might not be optimal for wound healing prediction.

In order to predict wound healing duration in more detail, | propose to investigate to what
extend ordinal classification can accurately predict wound healing duration given a combination of
static and dynamic medical record data in comparison with regular classification baselines, such
as logistic regression, random forests, and gradient boosted trees.

To the best of my knowledge, this is the first work in which ordinal classification is used to
predict wound healing duration. Additionally, this thesis builds on previous work in which a
DeeplLabV3+ model was trained to segment three different tissue types from wound images, since
the work done by Kim et al. [12] demonstrates that image features, that include color features as
well, are relevant predictors for wound healing. Thus, it is also the first work in which tissue
segmentation feature vectors will be used as inputs for predicting wound healing duration.

Finally, as part of this research, | will investigate which factors are relevant predictors for
wound healing, based on literature research and expert knowledge. This might result in more
insights into which factors are relevant in wound care. Furthermore, it allows for quantifying
possible correlations between a wide range of factors and wound healing, an area of research in
which limited retrospective studies have been done [22].



Comorbidities ~ Systemic Factors  Local Factors Life-style Medications  Oncological
Interventions
Diabeted4-8] Age [5-8] (Sings of) Smoking[4, Steroidg4-6] Radiation[4-7]
Infection [5- 5, 6, 8]
8]
Obesity[4, 5, 7, Ischemia[5, 6] Foreign body Alcohol NSAIDs [4, Chemotherapy
8] [5, 6] consumption 5] [4-6]
[4,5, 8]
Malnutrition[4,  Immunosuppressiol Venous Nutrition [5-
7, 8] [5, 7] sufficiency[5, 7]

Cancef5, 7, 8]

Genetic diseases

(2, 8]
Edemd6, 7]

Cardiovascular

diseasd7, 8]
Emaciation7,
8]

Aids [5]
Fibrosis[5]
Jaundicg5]
Keloids[5]
Uremia[5]

Hypothyroidism

[6]

Chronic disease:

(7]
Autoimmune
disease$3]

Sex hormones (in
aged individuals)

[5, 8]
Stresq5, 8]

Gendel5]

Burns|6]

Hypothermig[6]

Major traumg6]
Organ Failurg6]

Pain[6]
Sepsiq6]

Tissue perfusiof6]
Laboratory values

[7]

7]
Oxygenation

(5]

Desiccation
mn
Maceration
-
Necrosig7]

Pressurg7]

Biofilm [8]

Table 1. Factors affecting wound healing found in medical literature
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Wound Characteristics

Diseases Related

PatientCharacteristics

Computed Features

Surface arefp, 10, 11,
13, 14]

Dimensiond9-12]
Location[9-11]
Number of wound$9,
10, 14]

Infection[9, 11, 12]
Grade[10, 12, 14]
Typel9, 10]
Changes between
assessmenfdo, 11]
Duration[11, 14]
Exudation[9]

Necrotic tissug9]
Erythemd10]
Tunneling[10]
Undermining[10]
PUSHttool [11]

Diabeteq9-11]

Chronic obstructive
pulmonary diseas®, 10]

Dementi al A9 z

10]
Quadra/paraplegig@, 10]

Cardiovascular diseasfx

11]
Incontinencq10, 11]

Kidney diseas§l0, 11]
Medication[11, 12]
ICU stay[11]
Charlson Comorbidity

Index (CCI)[12]
Ischemia[12]

Laboratory result§l?]
X-ray[12]

Age [9-14]

Gende[9-14]

BMI [9, 11, 12]

In palliative card9, 10]
Smoking statuf9, 11]

Wound care centgi0,
14]

Drug addiction10, 11]
Race[11, 12]

Alcohol consumption

[11]

Mobility [11]

Nutrition [11]
Ethnicity [12]

Feature vector from
CNN for wound
segmentatiofil2, 13]
Handcrafted image
(color) feature$12]

Table 2. Features used in wound healing prediction literature
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2. Methods

To investigate possible factors affecting wound healing and whether it is possible to accurately
predict wound healing duration using ordinal classification, a dataset was created from electronic
client dossier (ECD) data. The dataset was then used for analysis of wound healing factors and
development of wound healing prediction algorithms. Ordinal classification algorithms were
compared to regular classification baselines. Finally, results were evaluated using both statistical
methods as well as expert annotations.

2.1. Feature Identification

As a first step in this approach, factors affecting wound healing were identified, based on literature
review and expert knowledge. This was done to gather a set of features that is as complete as
possible, while excluding available but task-irrelevant data, to avoid unnecessarily impacting the
patients6 privacy.

2.1.1.Literature Research

Wound care is a complex topic within the medical field, with a large number of factors that can

affect the healing process, ranging from physiological to demographic factors. Therefore, extensive

literature research was performed, before beginning with data collection and model development.
As mentioned in the introduction and shown in Table 1., medical literature was consulted for

factors that have been found to affect the wound healing process. Additionally, features that have

been used in wound healing prediction were collected as well, shown in Table 2.

2.1.2.Expert Knowledge

As the factors that are described in the literature might be incomplete or poorly correspond with
factors that are taken into account in practice, | was interested in the knowledge of experts that
work in the field of wound care. Based on all the factors that were found in the literature, a
guestionnaire was created, used to consult wound experts about the relevancy of these factors.
The factors were combined in nine different categories. Relevancy was measured using a 5-point
Likert scale, with the option t o a.niddtienally, vdund@dxpertd werek nowo a
asked if there were any factors missing for each of the categories, which they could answer in an
open text field. The questionnaire can be found in Appendix A. The questionnaire was sent to
experts in the field of wound care, which in this case included wound nurses, wound consultants,
and medical doctors.

2.1.3.Combining Factors
In order to get a single list of relevant features, the two tables containing factors that affect wound
healing were combined into a single table. Additionally, factors provided by the wound care experts
in response to the questionnaire were added to this table. As there was some overlap in proposed
factors, combining them into a single list of unique factors, as well as clustering the wide range of
features into groups, was not always a trivial task. Therefore, a medical doctor was asked to
evaluate the list of features and help group all factors.

As a next step, the proposed features were compared to available features recorded in the
electronic client dossier (ECD). As the ECD consists of many different suites and is quite complex,
| asked different teams about the availability of the relevant features. The teams were shown the
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complete list of features and were asked to indicate whether and where the features were available
for data collection. The resulting feature list is shown in Appendix B.

2.2. Data Collection

The data collection phase consisted of several phases. The first step was getting into contact with
customers that use the wound care application. Next, an annotating task was prepared to gather
expert annotations. Finally, all available data for the features of interest was gathered. In the
following sections each step will be explained in more detalil.

2.2.1.Customer Contact

To get a better idea of wound care in practice, customers that use the wound care app were
contacted. These customers were either wound nurses or wound consultants with experience in
the field of wound care. Wound consultants are more specialized in wound care than wound
nurses, and are concerned with other factors that play a role in wound care as well, such as the
lifestyle of patients and schooling of other wound nurses.

Three customers had indicated interest in this research and were invited for a meeting. The
goal of these meetings was threefold. First, customers were asked for permission to use wound
images collected by their organization for this specific research. This was a necessary step for
collecting wound photos, due to privacy regulations. The collection of other types of data was
allowed as part of product improvement and research.

The second goal of these meetings was to ask the wound experts if they wanted to annotate
some data that could be used for the evaluation of the developed methods. The annotation task
consisted of segmenting wound tissue types in the collected wound images, as well as estimating
wound healing duration based on wound images and background information.

Finally, wound experts were asked about the usefulness of automatic prediction of wound
healing duration in their practice, as well as about how they estimate wound healing duration
themselves, to get a better understanding of the context of the problem.

Additionally, next to these meetings, | spend two days in the field with a wound nurse and a
wound consultant from two different organizations, to learn more about the wound care process
and the use of the application with which data was collected.

2.2.2.Annotatng in Label Studio

As mentioned in the previous section, wound experts were asked to annotate some data to be
used for model evaluation. The reason why the models were compared using expert knowledge,
next to using statistical measures, is because the statistical measures provide no context of the
problem. For example, knowing how well wound healing predictions made in practice by experts
correspond to the true wound healing duration provides us with a measure of performance that we
would like to be able to reach with our models as well. This information cannot be captured by
simple accuracy measures. Therefore, an annotation task was set up in Label Studio to obtain this
kind of data for evaluation [29].

Additionally, one of the features that is used as input to the models, is a feature vector
extracted from a network trained on wound tissue type segmentation. To prevent insufficient
performance of the network from negatively affecting the feature importance of these feature
vectors, the segmentation network will be overfitted on annotated wound images and used as
feature extractor to evaluate feature importance more accurately, as the model will have already
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seen the images, allowing it to make a better prediction. To do so, wound experts were asked to
annotate wound images.

These tasks were combined into a single task where a wound photo was shown in
combination with some background information about the patient and the wound. Annotators were
then asked to estimate wound healing duration in number of weeks and to segment the wound
tissue types in the wound image. In the following sections, the annotation task will be described in
more detail.

2.2.2.1. SelectingPhotos
In the application, each unique wound is tracked separately. Wounds can be tracked over time by

means of a photo report or a follow-up report. That means that for each unique wound, multiple
photo reports can exists, where each photo report can also contain multiple photos. Since
annotating is done on a voluntary basis by a small number of wound experts, it is necessary to
select a subset of wound photos to be annotated. Furthermore, it is desirable to make a prediction
as soon as possible after treatment onset, therefore the first photo report of every unique wound
was chosen. If the photo report contained multiple images, the first one was used, since
conversations with users of the application did not provide consistent insights into image contents
when the photo report consists of multiple images.

Furthermore, images containing sensitive information were removed manually from the total
set of images, to ensure patient privacy. Photos from a specific organization were only annotated
by wound experts working for that organization. The wound images were resized to 512 x 512 and
privacy-sensitive wound IDs were hashed before loading the tasks into organization specific
instances of Label Studio.

2.2.2.2. Annotation Task
As mentioned previously, the annotation tasks were set up in Label Studio. Label Studio is an

open-source annotation tool that has multiple options for annotating various types of data [29]. As
explained before, the segmentation and wound healing duration task were combined into a single
task. Users were shown a photo of a wound and were first asked to indicate if it was possible to
annotate this wound, which might not be always be the case, for example when there is no wound
in the photo, when the photo is blurred, or when the tissue types of interest are not present. If it
was possible to annotate the image, users were asked to do so according to the WCS model [30],
which describes three different tissue types: healthy granulating (red) tissue, sloughy (yellow)
tissue, or necrotic (black) tissue.

After finishing annotating the wound photo, users were asked if they recognized the wound.
Because all wound images were collected by the organization where the annotating wound experts
work, it could be the case that they recognize a wound and already know its healing duration. They
were then shown some background information, such ast h e p ameddieation Gse and the
wound type, and were asked to estimate the wound healing duration in weeks. A demo of the task
is shown in Figure 2.

All steps in the annotating process were explained to the annotators in advance of annotating,
as well as the two factor authentication (2FA) for logging in to their organization-specific Label
Studio instance. An annotation guide (see Appendix C) as well as an instruction video! were
prepared for the users in which the steps were explained in detalil.

! https://youtu.be/NECHpZJMjaY
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In this setup, every data point is annotated by a single expert instead of multiple annotators,
because there were few annotators, who had limited time to annotate. To be able to draw any
conclusions, quantity of annotations was prioritized over quality, to get a large enough sample size
for evaluating the wound healing predictions.

Kan je deze wond annoteren?

Wondfoto

Herken je deze wond?

Patiéntinformatie

De patiént heeft de volgende kenmerken

Hoelang verwacht je dat deze wond nodig heeft om dicht te gaan? (in weken)
| Rood Geel l Zwart 3

Figure 2. Demo annotation task in Label Studio

2.2.3.Wound Care Data

Based on the final feature list (see Appendix B), data from the wound care app was collected.
Initially, there was no way to collect this data. Therefore a tool was developed to extract the data
from the field of interests for specific customers. Fields were added to the tool iteratively, based
on a priority list. In the end the majority, but not all, features of interest were included in the tool,
due to time restrictions.

A total of 88 customers have used the app, but only customers with at least 1000 compositions
(which corresponds to application usage) were included in this study, because it is more likely that
they have successfully integrated the application into their workflow. Moreover, actual wound
photos were only collected for organizations that gave permission to do so, due to privacy
concerns. This means that features based on wound photos were not available for all wounds in
the dataset.

2.2.4. ECD Data

As not all features of interest were recorded in the wound care application, but were in other parts

of the ECD, additional data collection steps were required. These features include, among others,

patient age, comorbidities and measurements, such as blood pressure and temperature. A script

was created that collected all available features of interestf r om a pati ent ,@swelnedi c al
as measurements that were recorded in the ECD.

2.3. DataProcessing

Once all the data was collected, several preprocessing steps were performed to create a single
dataset from all of the different data sources. Static data had to be combined with dynamic data
that was measured over irregular time intervals. Unrealistic values for features were removed
based on value ranges proposed by medical experts, shown in Table3.Pat i ent sé medi c al
was filtered on comorbidities relevant for wound healing, based on different medical code systems.
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Lastly, features derived from a segmentation network trained to segment different wound tissue
types from a wound image were added to the dataset.

Feature Dataset Range Proposed Range Unit
Wound duration -734117 103080 07 365 days
Wound length 071 30 07 30 cm
Wound width 07 100 07 100 cm
Wound depth 07 92 07 20 cm
Wound area 07 1178 07 20000 cm
Patient age 17 160 071 125 years
Patient weight 071 479 35-500 kg
BMI 0.351 49.9 127 50 kg/m?
Systolic blood pressure 07 254 70-270 mmHg
Diastolic blood pressure 07 200 40-120 mmHg
Pulse -171 222 30-220 bpm
Temperature 071 45 3571 43

Blood sugar 07 48 21 30 mmolL
Saturation 07 865 6571 100 %

Table 3. Feature ranges found in the dataset and proposed by medical experts

2.3.1.Medical Codes

a~

A patientodés medical hi story was collected from t

of the comorbidities that affect wound healing found during the literature review. A diagnosis could
be recorded in the ECD in the form of a medical code from one of four medical code systems, or
as free text. The four medical code systems used in the ECD are SNOMED-CT, ICD-10, ICPC-1-
NHG, and ICPC-2.

From the medical history, the approximate onset date, approximate end date, medical code,
and medical description were collected for every medical problem for each patient. For every
comorbidity in the feature list, its matching code in every one of the four code systems was
collected and summarized in a single table (Appendix D). Because SNOMED-CT diagnoses were
not stored in these fields, only the other three code systems were used. Due to overlapping codes
with different associated diagnoses between the different code systems, filtering on just codes was
not enough. Therefore, all codes were matched against the complete set of codes and names for
every code system, to find the associated medical description as well. Based on these lists of

he

codes and medical descriptions for the code systems ICD-10, ICPC-2,and ICPC-1-NHG, pati ent s

medical histories were filtered on matching diagnoses with onset dates up to one year prior to the
wound onset date.

2.3.2.Static Data

Static data involves features that remain (relatively) constant over time. The names of the relevant
diagnoses i n a patient s me agingctielsteps iexplaired in the mrevidbuk
section, are included in the static data. The static data also includes the wound grade. The wound
grade consists of a classification method and either one or two classification parameters. The
method and classification parameters were concatenated into a single string, to convert it to a
single feature. Categorical features, including comorbidities and wound grade, were then

converted to one-hot vectors. Other categorical static features are treatment goal, wound type,

ected

l
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nutrition status, weight status, smoking behavior, medication and patient gender. Patient age was
included in the static data as well, as it remains relatively constant over the course of wound
treatment. Age was filtered to include only ages between 0 and 125 years. Instances of wounds
where features contained values outside of the proposed range were not removed from the
dataset. Instead, the value was set to a missing value, in order to keep as much information as
possible. Finally, wound locations were included. The total number of wound locations that can be
used in the application is 137. Multiple locations can be selected to accurately describe the location
of the wound. Therefore, wound locations were not converted to a one-hot vector, but to a binary
vector instead.

2.3.3.Dynamic Data

Dynamic data involves information with a temporal dimension, i.e., datapoints that have been
measured over time. As the initial goal was to do time-series forecasting with such temporal
features to exploit the temporal information, an attempt was made to still include this temporal
dimension to some extent. In order to do so, dynamic features were selected from the date the first

photo report was made up until 14 days later. Thus, for every dynamic feature, two weeks6 wor t h
of data were collected. If multiple values were recorded on a single day, the mean value on that

day was computed and used for further processing steps.

For continuous features, several statistics were computed to retain as much of the temporal
dimension as possible. The continuous features are wound length, wound width, wound depth,
wound area, WCS tissue type percentages (red, yellow, and black), patient weight, patient BMI,
systolic blood pressure, diastolic blood pressure, pulse, temperature, blood sugar, saturation, and
mood. First, features were filtered to remove unrealistic values, according to the ranges shown in
Table 3. As described in the processing steps for static data, instances of wounds where features
contained values outside of the proposed range were not removed from the dataset, but the value
was set to a missing value instead, in order to keep as much information as possible. Additionally,
WCS tissue type percentages were set to a missing value if the percentages did not add up to
100%. Then, the mean, minimal, and maximal value for the continuous features were computed.
Additionally, the rate was computed, by computing the difference between the first and last
measurement, and dividing it by the time (in days) between the two measurements (Eqg. 1).

P Do e——  (Eq)

For categorical features,t he counts for each of that featureods
were computed. Categorical features include infection, infection smell, infection symptoms, base
vitality, and edge intactness. By performing these steps, the data collected over 14 days was
converted to summarizing statistics for every uniqgue wound, and could be used in combination
with the static data.

2.3.4.Neural Network Data

Aside from static and dynamic data collected directly from the ECD, features extracted from a

neural network were included in the dataset as well. As the neural network was trained on tissue

type segmentation, it is expected that extracting
layers will contain relevant information that may not be measured by any of the other collected

features.
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2.3.4.1. Segmentation Network
As segmentation network, a DeepLabV3+ model [31] was trained on wound tissue segmentation.

The different tissue types were again based on the WCS model [30]: healthy granulating (red)
tissue, sloughy (yellow) tissue, or necrotic (black) tissue. To train and validate the model,
previously annotated images, different from the ones collected during this project, were used. The
training set consisted of 195 images that were collected from the wound care application. These
images were collected and annotated as part of my internship. Annotations were made by medical
experts such as nurses, wound nurses and wound consultants, and by me, after a tutorial from a
medical expert. The validation set consisted of 54 Medetec images [32], annotated only by medical
experts.

All images were reshaped to 224 x 224 pixels. After reshaping, data augmentation was
performed to extend the training set. Five different augmentation steps were performed on every
image, resulting in a final dataset six times larger than the original dataset. The augmentations
steps were horizontal flipping, vertical flipping, left and right rotations with an angle of 10 degrees,
and the addition of Gaussian noise with a mean of 0 and standard deviation of 10. The wound
images were given as input the neural network, and four masks were given as output, for each of
the three tissue types and one for background pixels.

The implementation of DeepLabV3+ was based on a Keras implementation [33] of the model.
The backbone and hyperparameters were based on results of experiments performed during my
internship. MobileNetV2 [34] was used as backbone. Available weights for the model that was
pretrained on the Pascal VOC dataset [35] were loaded in the model. A softmax activation function
was used to get the probability for each class for every pixel. As loss function, categorical cross
entropy was used. Besides categorical cross entropy, overall Dice coefficient and Dice coefficient
for each individual mask was logged, for both the training and validation data. The model was then
trained for 50 epochs, with a batch size of 2, using the Adam optimizer with a learning rate of 0.001.
The learning rate was multiplied with a factor 0.5 when the validation Dice coefficient did not
improve after five epochs. Furthermore, the model with the highest validation Dice coefficient was
saved and used for feature extraction.

2.3.4.2. Feature Extraction
The trained DeepLabV3+ model was then used as a feature extractor. From the images collected

from the organizations that gave permissions to use them, the firstimage from the first photo report
for every unique wound was collected. These images were resized to 224 x 224 pixels, to match
the input dimensions of the model.

Model predictions were made for each of these images. However, not the predicted output,
but the output of a hidden layer (global_average_pooling2d ) at the end of the encoder part
of the model was used as feature. The extracted feature vector consisted of 320 features. To
reduce the dimensions of the feature vector, principal component analysis (PCA) was performed.
The 320 features were standardized and reduced to 10 components using PCA. Finally, the
features were combined with the static and dynamic data into a single dataset during the training
loop of the models, to make sure that PCA was only fitted on training data and not on the testing
data, to prevent data leakage.
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2.3.5.Conbined Dataset

The combined dataset consists of a combination of static, dynamic, and neural network features
for unigue wounds. It is possible that a patient occurs multiple times in the dataset if that patient
has more than a single wound.

As an additional feature, the number of wounds a patients had in the 14 days after the first
photo report for a unique wound was added, as this feature was also in the feature list obtained
from the literature research. The complete list of features included in the combined dataset is
shown in Table 4.

Wounds that had no start date (date of the first photo report) or end date were removed from
the dataset and only wounds with an ALTIS anamnesis were kept in the dataset. The reason for
doing so was a direct result from customer visits, where it became clear that other nurses often
created a new wound in the application, when they only wanted to take a photo of an already
existing wound, resulting in many wounds instances with only a single photo report. For these
wounds, the ALTIS anamnesis was not filled in, which is why this filtering step was added.
Additionally, the ALTIS is usually only filled in for more complex wounds, in which we are
interested.

As explained previously, the start date of a wound was chosen to be the date on which the
first photo report was made in the application. It is possible that the wound existed for some time
already before the photo report was made. Another option was to use the start date of the wound
that can be filled in in the application to compute the wound duration. However, this date was often
a rough estimation of when the wound started or a date significantly earlier than the first photo
report. As we would like to make a prediction as soon as a wound is admitted into care, and to be
consistent across all wounds, the date of the first photo was used as start date.

Finally, the wound healing duration was determined by computing the days between the start
date (date of the first wound photo) and the end date, or if the wound was not healed yet, the date
of data collection. Only wounds with a duration of less than or equal to 365 days were included in
the dataset, because wound nurses and literature [22] indicated that most wounds heal within that
time period.

2.4. Approach

To answer the research question fATo what e
wound healing duration, given a combination
baselines were compared to ordinal classification neural networks. As an initial step, a binary
classification task was performed to investigate the feasibility of the classification task. Next, the
binary classification task was extended to a multiclass ordinal classification task, using either 3 or
5 classes.

2.4.1.Binary Classification

For the binary classification task, several baselines were compared to a simple Neural Network
(NN), to predict whether wound healing occurs within 60 days or not. A threshold of 60 days was
chosen, as this roughly corresponds to two months, which is approximately when wound
consultants are starting to get involved in the wound care process. The baselines that were
investigated were logistic regression, random forests, XGBoost [36] and LightGBM [37].

xtent C
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st a



19

Static Data Dynamic Data Neural Network Data
Age Length DeepLabV3+ activations
Gender Width

Treatment goal Depth

Wound type Area

Nutrition status WCS percentages

Weight status Infection

Smoking behavior Infection symptoms

Medication Infection smell

Comorbidities Base vitality

Wound classification Edge intactness

Wound locations Weight

Number of wounds BMI

Systolic blood pressure
Diastolic blood pressure
Heart rate

Temperature

Blood sugar

Saturation

Mood

Table 4. Overview of static, dynamic, and neural network features in the final dataset

All features described in Section 2.3., and shown in Table 4., were used as inputs for the
different models. For binary classification, whether wound healing occurred within 60 days was
encoded in the output, with 0 indicating wound healing within 60 days, and 1 indicating a wound
healing duration of 60 days or longer, as shown in Table 5. Wounds in the first class had to be
healed, whereas wounds in the second class could be either healed or still in treatment, as long
as the duration at the time of data collection was 60 days or more.

Wound Healing Duration Encoding
[0, 60) 0
[60, 369 1

Table 5. Wound healing duration encodings for
binary classification

2.4.1.1. Baselines
To obtain the right parameter values, a grid search was performed. Stratified K-fold cross-

validation with 10 splits was used. Data was shuffled and split in such a way that there was no
overlap of patients between the train and test set. Accuracy was used as scoring method. To deal
with missing data during cross-validation, zero-imputation was chosen as imputation method.
Furthermore, the same seed was used for all methods to make the results as reproduceable as
possible. The optimal parameters found with the grid search for every method can be found in
Appendix E.1.

Then, all models were trained using the optimal parameters found during grid search. Again,
stratified K-Fold cross-validation was performed to split the data into training and validation sets,
using 10 splits and data shuffling. All data was normalized and missing data was imputed.
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To find the optimal imputation method, several approaches were experimented with: zero-,
mean-, and KNN-imputation. Both the normalizing and imputing method were then fit on the train
set and used to transform both train and test set. To deal with any class imbalance, balanced
sample weights were computed and used to fit the models.

2.4.1.2. Neural Network
Next to these baselines, a simple neural network architecture consisting of fully-connected and

drop-out layers was used. All layers used a ReLU activation function, except for the output layer,
which used a sigmoid activation function to obtain a prediction between 0 and 1. The neural
network is described in more detail in Table 6. After the K-fold cross-validation split that divided
the data in a train and test set, another split was made to split the training set into a train and
validation set, with a 90/10 train/validation split. Normalizing and imputing was performed to
transform the data. Furthermore, balanced sample weights were used when training the neural
network.

The model was trained on the training data and evaluated using the validation data. The model
with the highest validation accuracy was saved for every fold and used to make predictions on the
test set. The output of the sigmoid layer was converted to either class 0 or 1 by using a threshold
of 0.5.

The model was trained using the Adam optimizer using an initial learning rate of 0.01, which
was multiplied by 0.5 if the validation accuracy did not improve after 10 epochs. To determine the
optimal batch size, the model was trained 5 times using 10-fold cross-validation for batch sizes 32,
64, 128 and 256. The batch size that resulted in the highest average test accuracy was used in all
other experiments. Finally, binary cross-entropy was used as loss function.

Layer Units Activation Function Dropout Rate
Dense 64 Relu -

Dropout - - 0.2

Dense 32 Relu

Dropout - - 0.5

Dense 16 Relu -

Dropout - - 0.5

Dense 1 Sigmoid -

Table 6. Binary classification network architecture

2.4.1.3. Experiments
Once all hyperparameter optimization was completed and an optimal imputation method was

found, some additional experiments were performed. First, | tried dropping features with too many
missing values to observe the effects it had on model performance. This experiment was added,
because during data processing the problem of missing data became apparent. The second
experiment compares feature selection using one of the models to feature selection based on
expert knowledge. In the final experiment, model performance was compared to expert
performance.

2.4.1.3.1. Missing Data

As mentioned before, different imputation methods were experimented with to deal with the
missing data. Additionally, an experiment was performed in which features that were at least 10%,
50%, or 70% complete were kept, and all other features were dropped from the dataset. All models
were trained using the same method as described before on these subsets of the data and
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accuracy was compared to baseline, where all features were used as model input. The neural
network was run 5 times using 10-fold cross-validation and the average accuracy over those 5
runs was used for evaluation to cancel out random fluctuations.

2.4.1.3.2. Feature Importance

One of the goals of this research was to investigate which features play an important role in
predicting wound healing duration. In this approach, features were selected based on LightGBMs
built-in feature importance. | compared using all features in the dataset to using either only features
with an importance score larger than 0, the top 100 most important features, and the top 50 most
important features.

Furthermore, a list of features was created based on the results of the questionnaire filled in
by wound experts. Features mentioned in the questionnaire were mapped to the available features
present in the dataset. Features that were in the dataset, but not in the questionnaire were
excluded from the list. For the features that were mentioned in the questionnaire, an importance
score was computed. Features were rated on a 5 point Likert scale, indicating feature relevance.
Relevancy labels were converted to numeric scores, with 5 indicating the highest relevancy, and
1 the |l owest relevancy. When t he orepf0ivasattriduted.
For each feature, importance was determined by computing the average score. Only features with
an average score equal to or higher than 3 were used in the expert feature list used for evaluation.
All models were then trained using the different feature sets to determine their effect on model
performance.
2.4.1.3.3. Algorithms vs Experts
The goal of this thesis was to predict wound healing duration, in order to provide caregivers,
patients, and care institutions with an accurate estimate that they can use to plan their care, or to
give an indication of the duration of treatment. However, it is not straightforward to determine when
such an algorithm would be of added benefit, as there is no baseline to which it can be compared.
Therefore, | asked wound experts to provide wound healing duration estimates for a subset of
wounds, where they were given a wound image and some background information about the
patient and the wound, as described in Section 2.2.2.

Wound experts estimated wound healing in number of weeks. Their estimates were first
converted to a healing duration in days, and then binned to the two classes (healing within 60 days
or healing longer than 60 days). All models were then trained on the wounds that were not in the
set that was annotated by the wound experts. Wounds of patients that were in the annotated
dataset were also removed from the training set to prevent data leakage. Finally, the performance
of all models was compared to the performance of the wound experts on the annotated test set.
The distribution of the annotated dataset was resampled, in order to keep the same majority class
baseline as was present in the total dataset.

2.4.2.Multiclass Ordinal Classification

Although binary classification already provides some indication of the estimated healing time, it is
not very precise. As already stated in the introduction, the type of data that is collected using the
wound tracking app does not lend itself for time-series forecasting, which would allow us to predict
the wound healing trajectory over time. As an alternative approach, multiclass classification is
proposed, as this allows for more precise predictions for an arbitrary number of classes with custom
time intervals.

donot
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However, when we define the problem as a multiclass classification task, we lose some
information. In contrast to regular multiclass classification where the different classes often do not
have any specific underlying relation, the classes in this problem have an ordinal relation.
Increasing class labels correspond to increasing wound healing duration. We can take advantage
of this property by approaching this problem as an multiclass ordinal classification task, where
model predictions that are further away from the true class are penalized more than predictions
closer to the true class.

To investigate whether treating the problem as an ordinal classification task with multiple
classes can result in accurate wound healing duration predictions, several multiclass (ordinal)
classification approaches were compared to the same baselines that were used in the binary
classification task. Four neural network approaches to ordinal classification were investigated.
Ordinal classification was evaluated on 3- and 5-class classification, to observe the effect of
increasing task difficulty. Class encodings and corresponding wound healing durations that were
used in 3- and 5-class classification are shown in Tables 7 and 8, respectively. Similar to the binary
classification task, all classes except the last class contain only wounds that have already healed.
The last class can contain wounds that are either healed, or are still in treatment, but have been
for at least the lower bound of the last class (90 or 180 days, for 3 or 5 classes, respectively).

Wound Healing Duration Encoding

[0, 30) 0
[30, 90) 1
[90, 365] 2

Table 7. Wound healing duration encodings
for ordinal classification using 3 classes

Wound Healing Duration Encoding

[0, 30) 0
[30, 60) 1
[60, 90) 2
[90, 180) 3
[180, 369 4

Table 8. Wound healing duration encodings
for ordinal classification using 5 classes

2.4.2.1. Baselines
Again, logistic regression, random forests, XGBoost [36] and LightGBM [37] were used as

baselines. The same steps as used in binary classification were used to find the right
hyperparameters, imputation method, and to train the models, only this time the models were
trained to predict multiple classes. The optimal hyperparameters can be found in Appendices E.2.
and E.3.

2.4.2.2. Neural Networks
Four different neural network approaches to multiclass (ordinal) classification were investigated.

The same network architecture that was used in the binary classification task was used, of which
only the output layer was adjusted for the four different approaches.

The first neural network performs regular classification and does not take into account the
ordinal relation between classes. The original architecture was modified by replacing the last dense
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layer consisting of a single output and a sigmoid activation, with a dense layer with an output equal
to the number of classes (¢ & & & i) an@a softmax activation function. Categorical cross-entropy
was used as loss function. The output was encoded using one-hot encoding. We will call this
network NN Classification and its architecture is shown in Table 9.

The next approach that was investigated was NNRank, which was proposed by Cheng et al.
[23]. Outputs were encoded according to their proposed method, as explained in Section 1.4. The
final layer of the network was changed to a dense layer with &€ @& @i i {@dutputs and a sigmoid
activation function. Binary cross-entropy was used as loss function. This network will be referred
to as NN Encoding and its architecture is shown in Table 10.

As mentioned by Cao et al. [24], NNRank is not rank consistent. To solve this problem, they
proposed the CORAL framework, which is the next approach that was investigated. The final layer
of the network was changed to the output layer provided in the TensorFlow implementation of
CORAL [38]. The output layer consists of ¢ @& i i {@dutput nodes, and the same encoding as
proposed in the NNRank framework by Cheng et al. [23] was used. The ¢ G & i i {@binary

outputsl har e the same weight paramet er $24]. Aomeighteth a v e

cross-entropy over the ¢ G & @i i [Hinary outputs was used as loss function, which was also
provided by the CORAL TensorFlow implementation [38]. We will refer to this network by NN
CORAL and its architecture is shown in more detail in Table 11.

The final model that was evaluated was the CONDOR framework proposed by Jenkinson et
al. [28]. In contrast to CORAL, for which rank consistency can only be proven when the network
reaches a global minimum with the specified loss function, CONDOR is mathematically proven to
be universally rank consistent. Again, the NNRank encoding is used to transform the output
classesinto & @& i i Hinary outputs. As loss function, weighted binary cross-entropy over all
subtasks was computed, which was provided by a TensorFlow implementation of the CONDOR
framework [28]. This model will be referred to as NN CONDOR and its architecture is shown in
Table 12.

All models were trained and evaluated using 10-fold cross validation. Similar to the binary
neural network evaluation, another split was made to split the training set into a train and validation
set with a 90/10 train/validation split. All data was normalized and missing values were imputed
using the optimal imputation strategy. Balanced sample weights were used when training the
neural networks as well. The model with the highest validation score (accuracy for NN
Classification and mean absolute error for the other three networks) was saved for every fold and
used to make predictions on the test set.
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Layer Units Activation  Dropout Layer Units Activation Dropout
Function Rate Function Rate
Dense 64 Relu - Dense 64 Relu -
Dropout - - 0.2 Dropout - - 0.2
Dense 32 Relu Dense 32 Relu
Dropout - - 0.5 Dropout - - 0.5
Dense 16 Relu - Dense 16 Relu -
Dropout - - 0.5 Dropout - - 0.5
Dense n_classed Softmax - Dense n_classed Sigmoid -
Table 9. NN Classification network architecture Table 10. NN Encoding network architecture
Layer Units Activation  Dropout Layer Units Activation  Dropout
Function Rate Function Rate
Dense 64 Relu - Dense 64 Relu -
Dropout - - 0.2 Dropout - - 0.2
Dense 32 Relu Dense 32 Relu
Dropout - - 0.5 Dropout - - 0.5
Dense 16 Relu - Dense 16 Relu -
Dropout - - 0.5 Dropout - - 0.5
CORAL n _classed - - Dense n _classed - -
Table 11. NN CORAL network architecture Table 12. NN CONDOR network architecture

2.4.2.3. Experiments
The same experiments performed on the binary classification task were repeated on the multiclass

ordinal classification tasks for both 3 and 5 classes.

2.4.2.3.1. Missing Data

Again, only using features that were at least complete for 10%, 50% or 70% were used to train all
models to observe the effect of data sparsity on model performance. Results were compared to a
baseline where all features were included as input.

2.4.2.3.2. Feature Importance

Features were selected using LightGBMs built-in feature importance. The most important features
were determined for each task (3 vs. 5 classes) separately. Using all features was compared to
using only the top 50, top 100, or all features with an importance score of O or larger.

These features were again compared to the most important features according to experts,
that were determined based on the results of the questionnaire. All models were evaluated on the
different subsets of features to determine their effect on model performance.
2.4.2.3.3. Algorithms vs Experts
To compare the performance of the different models to the performance of wound experts, the
wound healing duration estimations made by wound experts in the annotation tasks were binned
in the same classes as the ones used when creating the 3- and 5-class datasets. All models were
trained on those wounds that were not in the set that was annotated by wound experts, also
excluding wounds that belonged to patients that were in the annotated test set. Performance of all
models was then compared to the performance of the wound experts on the annotated test set.
The distribution of the annotated dataset was resampled, in order to keep the same majority class
baseline as was present in the total dataset. This was done for the majority class only, the
distribution of other classes was not resampled.
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24.3. Evaluation

To evaluate model performance and results, several classification metrics were computed. Model
output was evaluated by computing the model accuracy, precision, recall, and the fl-score.
Additionally, a confusion matrix was used to assess any possible biases that a model could have.

To evaluate the final experiment in which the different models were compared to experts, a
Chi-square test was performed to investigate whether there was a significance difference in
predictions.

Overfitting of the segmentation model on the annotated wound images to obtain more
accurate feature importance score for the neural network data was left out of the evaluation,
because feature importance score were already quite high, and overfitting on the annotated wound
images would have probably resulted in network activations that did not match the previous
network activations included in the dataset.

Finally, failure analysis was performed to identify possible characteristics of wounds with
wrongly predicted healing durations. The best performing model in the expert comparison
experiment for each of the three classification tasks was used to do the failure analysis. The effect
of the amount of missing data points for individual wounds on model performance was investigated.
Furthermore, the effect of specific feature values on model performance was analyzed as well.
Lastly, poorly performing models were analyzed in more detail, in an attempt to understand why
performance was poor.

3. Results

In this section, the results of the different phases of the project will be discussed, starting with the
results of feature identification, followed by the results of data collection, experiments, and failure
analysis.

3.1. Feature Identification

In the initial phase of this project, important features that affect wound healing were determined.
Results of literature research in the medical domain and in wound healing prediction can be found
in Tables 1 and 2, respectively. Appendix B. combines the features described in these separate
tables and contains features described by wound experts in the free text fields of the questionnaire
as well. Additional results from the questionnaire will be discussed in the following section.

3.1.1.Questionnaire Results

A total of eight participants filled in the questionnaire. Of the eight participants, one participant was
a medical doctor, one participant was a nurse who has had additional wound care training, two
participants were wound nurses, and four participants were wound consultants. | will refer to the
entire group of participants as wound experts.

In the questionnaire, possible features affecting wound healing were categorized in nine
different groups. These groups included comorbidities, measurements, systemic factors, local
factors, life-style, medication, oncological interventions, wound characteristics, and patient
characteristics. The outcome of the questionnaire was analyzed and the results for patient
characteristics and comorbidities are shown in Figure 3 and 4, respectively. An overview of all
guestionnaire results can be found in Appendix F.
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Figure 3. Questionnaire results for patient characteristics

Chronische ziektes 4
Fibrose

Mierziekte
Incontinentie
Dwarslaesie 4
Dementie/Ziekte van Alzheimer
COPD -
Auto-immuunziektes -
Hypothyreoidie

Keloid -

Geelzucht 1

Aids 4

Erfelijke aandoeningen
Veneuze insufficientie -
Kanker -

Hart- en vaatziekten 4
Obesitas 4

Diabetes 4

100% 0 100%

H Weet ik niet B Enigzins relevant Relevant
B Nietrelevant @l Redelijk relevant Zeer relevant

Figure 4. Questionnaire results for comorbidities

These results were then also used to extract a list of features that were most important
according to wound experts. The resulting feature list is shown in Table 13. For static data in this
list, such as wound_type, all categories within that group were used. However, this does not hold
for treatment_goal_Palliatief, as this was specifically included in the questionnaire. For dynamic
data in the list, such as base_red_percentage, the mean, minimum, maximum, and rate within the
first 14 days after the first wound photo was made were included in the model input.
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Expert Features

client_age depth
treatment_goal_Palliatief area

wound_type base red_percentage
nutrition_status base_yellow_percentage
smoking_behaviour base_black percentage

medication_cytostatics bmi
medication_painkillers saturation
medication_corticosteroid infection_present

wound_classification infection_smell
wound_locations infection_symptoms
length n_wounds

width

Table 13. List of expert features based on
gquestionnaire results

3.2. Data Collection

Data collection consisted of multiple steps, and the results will be discussed in the following
sections. First, customers were contacted with the goal of asking for permission to use the wound
images collected by their organization, as well as to ask experts to annotate some of these images.
Additionally, data was collected specifically from the wound care application and from the ECD as
well.

3.2.1.Annotation Results

In total, 190 wounds were annotated. Organization A annotated 34 wounds, organization B
annotated 111 wounds, and organization C annotated 45 wounds. After filtering and processing,
of the 190 wounds, 67 remained for analyzing the difference in predictions made by the expert
annotators compared to the trained models.

3.2.2.WoundData Analysis

In total, 11131 unigue wounds were collected from the 17 largest customer organizations. All
features that were collected from the data stored by the wound care application are shown in Table
14. below. For each of the features, the percentage of wounds where the feature was recorded (at
least once) is shown as well. The completeness of all features is shown over all organizations, as
well as for the three organizations that gave permission to use their data separately.

In Figure 5. a histogram showing wound duration frequencies over the complete dataset is
shown. Only wounds with a maximum duration of 1 year are included. This histogram shows that
the wound duration frequencies are heavily skewed. It appears that a large part of wounds heal
within approximately 100 days.
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All Organizations Organization A Organization B Organization C

Collection Date 11/22/2021- 11/29/2021 11/23/2021 11/23/2021 11/22/2021
Number of Wounds 11131 1738 450 525
ALTIS 57.5% 81.4% 83.3% 44.6%
Wound Type 57.1% 79.3% 83.3% 44.6%
Location 56.5% 78.2% 82.7% 41.1%
Begin Date 57.1% 78.9% 83.3% 44.4%
SmokingBehavior 51.5% 83.3% 70.2% 36.0%
Nutrition Status 32.0% 33.5% 53.3% 9.9%
Weight Status 29.3% 31.3% 51.8% 8.8%
Antibiotics 7.6% 10.8% 6.0% 3.2%
Cytostatics 7.6% 10.8% 6.0% 3.2%
Painkillers 7.6% 10.8% 6.0% 3.2%
Corticosteroids 7.6% 10.8% 6.0% 3.2%
Classification 15.5% 21.4% 20.4% 13.5%
Follow-up Report 43.5% 1.9% 63.3% 43.6%
Tissue Vitality 31.7% 1.2% 56.2% 40.2%
WCS 30.0% 1.2% 55.3% 35.2%
Infection Present 31.7% 1.2% 56.2% 40.2%
Infection Symptoms 5.3% 0.1% 7.1% 7.4%
Infection Smell 4.2% 0.1% 6.0% 5.3%
Edge Intactness 31.7% 1.2% 56.2% 40.2%
Length 19.7% 0.8% 42.0% 23.4%
Width 19.7% 0.8% 41.6% 23.4%
Depth 12.3% 0.5% 14.9% 17.5%
Area 19.7% 0.8% 41.6% 23.4%
Photo Report 98.1% 98.0% 98.7% 96.4%
End Report 53.7% 70.8% 89.3% 77.5%
Wound Closed 53.7% 70.8% 89.3% 77.5%
Reason Treatment En 53.7% 70.8% 89.3% 77.5%
End Date 100.0% 100.0% 100.0% 100.0%
Wound Plan 49.9% 60.4% 57.6% 27.6%
Goal of Wound Care 47.3% 59.1% 55.3% 26.5%

Table 34. Wound application features completeness over all organizations and separately for
organizations that gave permission
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Figure 5. Histogram of wound healing duration over all wounds
in the dataset with a duration of less than a year
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Figure 6. shows the frequencies of different wound types that are present in the dataset. A total of
27 different wound types were included in the dataset. Only wounds for which the ALTIS, which
corresponds to an anamnesis or intake, was filled in were included to visualize the wound types in
Figure 6, as more than 40% of all wounds did not have a record of the wound type. The distribution

of wound typesisskewed.Fur t her more, a | arge part of wounds,

(meaning Aothero) as wound type.
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skin tear
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oOncologische wond
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Figure 6. Distribution of wound types in dataset

3.2.3.ECD Data Analysis

Figure 7. shows the distributions of some of the features collected from the ECD before
preprocessing. Figure 7(a) shows the distribution of patient age in the entire dataset. It shows that
patient age is skewed towards the right, indicating that patients suffering from wounds included in
this dataset are generally older.

Figures 7(a-c) show some measurements collected from the ECD. In this case systolic blood
pressure, heart rate, and blood sugar. These generally show data distributed in the expected
range, with a few outliers, mainly consisting of zeros for data that is likely missing or filled in
incorrectly.

3.3. Approach

3.3.1.Binary Classification

After applying the preprocessing steps as described in Section 2.3, of the 11131 wounds 4571
wounds were left in the binary classification dataset. The distribution of wounds over the two
classes is shown in Table 15.

Wound Healing Duration Encoding Wounds Percentage
[0, 60) 0 2410 52.7%

[60, 365] 1 2161  47.3%
Table 15. Class Distribution Binary Dataset

al
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Figure 7. ECD data distributions for (a) patient age, (b) systolic blood pressure, (c) diastolic blood
pressure, and (d) blood sugar levels

As mentioned before, grid search was performed to obtain the optimal hyperparameters, and
several experiments were performed to select the optimal imputation method, batch size for the
neural network, and feature set to include. The optimal imputation method to be used was zero-
imputation. Furthermore, only keeping the features that were at least 10%, 50%, or 70% complete
and dropping the other features did not improve model accuracy. The optimal batch size to be
used for the neural network was 256. The results of the grid search can be found in Appendix E.1.
and the result of the other experiments can be found in Appendix G.1.

3.3.1.1. Feature Importance
After having selected the optimal settings and hyperparameters, feature importance was

determined using LightGBM. The top 50, top 100, and all features with a non-zero importance
score were evaluated. The top 50 features are shown in Table 17. The results of this experiment
are shown below in Table 16. Here, the baseline represents the accuracy score when we only
predict the majority class, which is in this case slightly better than random guessing.

All Nonzero  Top 100 Top 50 Experts
Baseline 0.527 0.527 0.527 0.527 0.527
Logistic Regression  0.628 0.633 0.634 0.625 0.615
Random Forests 0.633 0.636 0.631 0.629 0.609
XGBoost 0.623 0.626 0.627 0.623 0.602
LightGBM 0.631 0.630 0.629 0.629 0.606
MLP Classification  0.618 0.621 0.623 0.621 0.606
Average 0.6266 0.6293 0.6288 0.6255 0.6076

Table 46. Accuracy scores for binary classification methods using the most important
features based on experts and LightGBM
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Rank Features

Rank Feature

OO~ WN P

© 00~

10
11
12

13
14
15
16
17
18

19
20
21
22
23
24
25

client_age 26
n_wounds 27
treatment_goal_Curatief 28
pca_9 29
pca_4 30
client_gender_F 31
pca_8 32
base red_percentage_max 33
wound_classification_Decubitus 34
wondclassificatie IV

treatment_goal_Palliatief 35
pca_O 36
base black percentage _mean 37

wound_locations_Huid van buitenenkel 38
wound_locations_Huid van navelstreek 39

pca_2 40
wound_locations_Huid van grote teen 41
pca_7 42
pca_6 43
nutrition_status_Goed 44
wound_locations_Huid vabinnenenkel 45
wound_type_ Skin tear 46
width_mean 47
smoking_behaviour_Nooit gerookt 48
wound_type_Diabetische ulcus 49

wound_locations_Huid van lateraal gedee 50
van hiel

wound_type_Chronisch veneuze insuéitie
wound_type_Traumatische wond
wound_locations_Huid van scheen

pca_3

width_rate

wound_classification_TEXAS
wondclassificatie 1 C
wound_type_Oncologische wond
width_min

wound_locations_Huid van heup

weight_status_Normaal

depth_max
wound_classification_Decubitus
wondclassificatie_|ll

pca_1

wound_type Ulcus cruris
nutrition_status_Matig

temp_min

infection_symptoms_Geur
wound_locations_Huid van mediaal gedeelt
van hiel

pca_ 5

wound_locations_Huid van onderarm
wound_type_Brandwond

area_rate
base_yellow_percentage_mean
base_yellow_percentage_min
smoking_behaviour_Huidige roker

Table 17. LightGBM ranked top 50 important features for the binary classification task
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Results show that model accuracy averaged over all models is highest when using all LightGBM
features with a non-zero importance score, although the difference in performance is small. Using
only features that are important according to experts results in the worst accuracy scores across
all models. Figure 8. shows the resulting accuracy of using all non-zero LightGBM features
compared to the majority class baseline, which is outperformed by all models, where the error bars
represent the variability in accuracy over splits during cross-validation.
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Figure 8. Binary classification algorithm comparison

3.3.1.2. ExpertComparison

As a final experiment, the performance of all models was compared to expert performance on a
subset of the dataset. The results are shown in Figure 9 and Table 18. XGBoost outperforms the
other models on all evaluation metrics, with an accuracy of 0.68. A Chi-square test shows that the

predictions made by Random Forests and the neural network are significantly different from the
predictions made by experts.

Accuracy Recall Precision F1 Chi-Square

Baseline 0.52 - - - -

Experts 0.74 0.542 0.867 0.667 -

Logistic Regression 0.62 0.458 0.647 0.537 0.537

Random Forests 0.58 0.208 0.714 0.323 0.014 *
XGBoost 0.68 0.5 0.75 0.6 0.758
LightGBM 0.66 0.417 0.769 0.541 0.537

Neural Network 0.58 0.208 0.714 0.323 0.014 *

Table 58. Binary classification expert comparison scores
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Figure 9. Binary classification model predictions
compared to expert predictions

3.3.2.Multiclass Ordinal Classification

As explained previously, ordinal classification was performed to predict wound healing duration in
both 3 and 5 classes. After preprocessing, 4310 out of 11131 wounds were left for 3-class ordinal
classification, and 3678 out of 11131 wounds for 5-class ordinal classification. The distribution of
wounds over the classes are shown in Table 19 and Table 20, respectively.

Wound Healing Duration Encoding Wound Percentage

[0, 30) 0 1599  371%
[30, 90) 1 1154  268%
[90, 365] 2 1557  36.1%

Table 196. Class distribution 3-class dataset

Wound Healing Duration Encoding Wounds Percentage

[0, 30) 0 1599  435%
[30, 60) 1 811 221%
[60, 90) 2 343 9.3%

[90, 180) 3 408 111%
[180, 363 4 517 14.1%

Table 207. Class distribution 5-class dataset

Again, grid search was performed to select optimal hyperparameters for all baselines, for which
the results for can be found in Appendix E.2. for the 3-class models and Appendix E.2. for the 5-
class models.

Due to time restrictions, the optimal imputation method was only based on the 3-class
experiments, and used for both 3-class and 5-class experiments. According to the results of the
experiments, using zero-imputation resulted in the highest average accuracy and was therefore
used in further experiments. Similarly, the feature set and batch size for the neural networks was
determined according to the 3-class condition and used in all further 3-class and 5-class

33
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experiments. Dropping features based on the percentage of missing data points did not result in
an increase in accuracy, which is why all features were kept as model input. The optimal batch
size for the neural networks was 256. All experimental results can be found in Appendix G.2.

3.3.2.1. Feature Importance
The results for 3-class classification are shown in Table 21. Results show that all subsets of

features outperform baseline, but the difference between the average accuracy between the
feature subsets is minimal. The highest average accuracy score was obtained using all features
with a non-zero importance score. Using only expert features resulted in the worst average
accuracy. Accuracy for each of the models using all non-zero features as input is shown in Figure
10(a). Here, error bars represent the variability in accuracy during cross-validation. All models
outperform baseline, but there is no significant difference between model accuracy scores.

All Nonzero  Top 100 Top 50 Experts
Baseline 0.371 0.371 0.371 0.371 0.371
Logistic Regression 0.458 0.466 0.466 0.469 0.46
Random Forests 0.481 0.482 0.481 0.472 0.459
XGBoost 0.461 0.466 0.466 0.47 0.451
LightGBM 0.461 0.464 0.461 0.463 0.448
NN Classification 0.463 0.468 0.4626 0.4566 0.464
NN Encoding 0.4112 0.409 0.4032 0.3826 0.4078
NN CORAL 0.4786 0.4752 0.47 0.4704 0.4706
NN CONDOR 0.4654 0.4646 0.4654 0.4628 0.4624
Average 0.4599 0.46185 0.4594 0.4558 0.45285

Table 21. Accuracy scores for 3 class classification using the most important
features according to experts and LightGBM

In Table 22. the results for the same experiment for 5-class classification are shown. Using only
the top 50 LightGBM features resulted in the highest average accuracy score, and in the highest
accuracy score for most of the different models as well. Accuracy scores for all models using the
top 50 features as input are shown in Figure 10(b). Most models perform worse that the majority
class baseline. The ordinal classification frameworks CORAL and CONDOR perform somewhat
better compared to the other methods. Using the encoding method proposed by Cheng et al. [23]
results in significantly worse predictions, which will be discussed in more detail later.

All Nonzero  Top 100 Top 50 Experts
Baseline 0.435 0.435 0.435 0.435 0.435
Logistic Regression  0.325 0.332 0.332 0.347 0.308
Random Forests 0.338 0.349 0.359 0.377 0.33
XGBoost 0.331 0.329 0.33 0.345 0.329
LightGBM 0.335 0.334 0.339 0.347 0.313
NN Classification 0.3274 0.3262 0.327 0.325 0.3368
NN Encoding 0.2482 0.2358 0.2256 0.2102 0.2254
NN CORAL 0.4158 0.4384 0.4358 0.4404 0.4288
NN CONDOR 0.4052 0.4096 0.417 0.4136 0.3944
Average 0.3407 0.34425 0.345675 0.35065 0.333175

Table 82. Accuracy scores for 5 class classification using the most important
features according to experts and LightGBM
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Figure 10. Multiclass classification algorithm comparison for (a) 3 classes and (b) 5 classes
3.3.2.2. Expert Comparison

Using the optimal features sets found in the previous experts, model performance was compared
to expert performance. Accuracy scores for each of the models are shown in Figure 11. In Figure
11.a. the results for 3-class classification are shown. All models, except for the ordinal classification
methods, perform similarly to experts, who outperform baseline. Ordinal classification methods
perform similar to baseline performance.

Figure 11(b) shows the results for 5-class classification. Neither the experts nor any of the
models were able to outperform baseline. Again, it stands out that NN Encoding performs
significantly worse compared to all other models.
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Figure 11. Expert Comparison Multiclass

Finally, failure analysis was performed to analyze whether there are any trends among wounds for
which the predicted healing duration was incorrect. Analysis was done using the best performing

model in each of the expert comparison experiments. Thus the models analyzed were XGBoost
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for binary classification, NN Classification for 3-class classification, and NN CORAL for 5-class
classification.

First, the percentage of missing data points was compared to the percentage of correct
predictions. The results are shown in Figure 12. In the binary classification task, a trend can be
observed, where increasing number of missing data points correlates with a decreasing accuracy
(see Figure 12(a)). In the multiclass experiments, this trend is less clear, as accuracy seems to
increase when more than 50% of data is missing (see Figure 12(b, c)).
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Figure 12. Effect of missing data on accuracy in (a) binary classification, (b) 3-class classification,
and (c) 5-class classification

The following analysis steps were only performed for the binary classification task using XGBoost,
because this model performed best and to keep the results concise. In Figure 13, accuracy for
each of the different wound types is shown. The occurrence of each specific wound type in the
dataset is indicated by the percentage after the wound type names on the y-axis. Certain wound
types, such as skin tears, are predicted correctly more often than others, like ulcus cruris. Accuracy
for the different treatment goals also show a large difference between accuracy for wounds with
palliative treatment, compared to preventive and curative treatments, as shown in Figure 14.
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Figure 13. Accuracy for specific wound types in binary classification
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Preventief (2.73%)
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Figure 14. Accuracy for treatment goals in binary classification

Lastly, the results showed that NN Encodingd ferformance was significantly worse in
comparison to other (ordinal) classification methods. Confusion matrices were visualized to
observe any possible differences between the errors made by these methods. Figures 15(a) and
15(b) show the confusion matrices of NN Encoding tested on the entire dataset using cross-
validation and on the expert test set, respectively. Remarkably, the predictions made by NN
Encoding are centered around the middle class. In Figures 15(c) and 15(d), predictions made by
NN Classification and NN CORAL are shown, which show predictions are mostly made towards
the most extreme classes.
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Figure 15. Confusion matrices for NN Encoding predictions on (a) the complete dataset and (b)
annotated test set, and (c) NN Classification and (d) NN CORAL on the complete dataset
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4. Discussion

The goal of this thesis was two-fold: to investigate which factors can accurately predict wound
healing, and to accurately predict wound healing duration using ordinal classification.

To investigate whether it is at all possible to predict healing duration accurately to some
degree, a binary classification task was performed as a first step. The results show that all different
models can outperform baseline. However, for such models to be useful in practice, the accuracy
might not be sufficient. Therefore, model predictions were compared to expert predictions, where
the results showed that XGBoost performs best compared to other models, approaching expert
level performance.

Having established that wound healing duration can be predicted to some extent in a binary
classification setting, the next step was to experiment with more fine-grained predictions, by
splitting the duration into multiple classes. First, the case of using three classes was investigated.
Next to the models used for binary classification, ordinal classification methods that can potentially
exploit the underlying temporal relation between the different classes were investigated as well. In
Figure 10(a), we can see that most models outperform baseline. However, we do not observe any
benefit of the ordinal methods compared to regular classification baselines. When comparing
performance of the different models to expert performance, the gap in performance that we
observed in the binary classification task seems to disappear. The regular classification models all
achieve similar performance scores compared to experts. Remarkably, the three ordinal
classification methods all perform worse than experts and achieve baseline accuracy scores.

To further increase task difficulty, wound healing durations were split into five different classes.
As we can see in Figure 10(b), further increasing task difficulty from three to five classes results in
a further drop in performance; none of the models perform better than the simple majority class
baseline. How does this compare to expert performance on a task of such difficulty? Figure 11(b)
shows that neither expert nor any of the models beat baseline performance.

Based on these results, we can establish that increasing task difficulty results in a decrease
in model and expert performance. Although this is perhaps expected, it does provide some insight
into the difficulty of the task at hand, as we observe that wound experts themselves struggle as
well to accurately predict wound healing from wound images and some additional background
information.

As we have seen, making more fine-grained wound healing predictions remains a challenge
for experts and machine learning approaches alike. However, binary classification of wound
healing duration could be useful in practice. Although the expert comparison results are based on
a test set with a relatively small sample size, if these results were to translate equally well to other
wounds, this model could very well prove to be useful. This experiment shows that wound experts
and the XGBoost accurately predict whether wound healing will occur within 60 days or in about
70% of all cases. As wound consultants are getting involved when a wound is not healed after 2
months, we could use the model to detect wounds at risk of poor wound healing two weeks after
intake. Additionally, using this model, we can process and filter a large number of wounds
automatically, without needing the expertise of a doctor, wound nurse or wound consultant. Early
interventions could then potentially speed up the healing process, improve quality of life for patients
and reduce costs.
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One of the advantages of this work is that it predicts wound healing for many different types
of wounds, whereas previous work was often focused on a specific wound type. Although there
has been research on predicting wound healing for different types of wounds, these studies often
used datasets consisting of at least 100.000 data points. In this research, models outperform
baseline performance and can predict wound healing to some extent for different wound types, by
training models on around 4000 datapoints.

However, there is no clear indication that ordinal classification methods provide any benefit
over regular classification methods. This might relate to the number of classes that is used. There
may be little benefit when the number of classes is limited to three, which is reflected in the results.
However, when performing classification over five classes, we do see that the CORAL and
CONDOR network seem to outperform other classification methods, but do not outperform
baseline. Further research is required to draw conclusions about the usefulness of ordinal
classification methods in wound healing prediction.

4.1. Feature Importance

Besides predicting wound healing duration, possible factors affecting wound healing were
investigated as well. An elaborate list of factors was curated based on literature review and expert
knowledge (see Appendix B). To investigate the importance of these factors, feature importance
based on experts knowledge and LightGBM were compared. The most important features
according to experts are shown in Table 13. The top 50 important features selected for binary
classification are shown in Table 17. Many features that are important according to experts can be
found in the top 50 featuresfoundby Li ght GBMés feature i mportance as
as those concerning infection and medication, are mentioned by the experts, but are
underrepresented in the top 50. Patient age, treatment goal, and features describing the wound,
such as dimensions and WCS colors, are important according to both experts and the model.
Remarkably, all feature vectors extracted from the segmentation network and transformed using
PCA are included in the top 50. It thus appears that there is some meaningful information extracted
from the segmentation network that can be useful for predicting wound healing duration. It is
important to note that the attributed feature importance might correlate with the completeness of a
feature. For example, medication, infection, comorbidities, and wound dimensions are often
missing and do not occur (often) in the top 50.

If we compare the most important features according to experts and the LightGBM model to
the features found to be important in the literature, we see a large overlap in features. Patient age,
wound dimensions (over time), and whether treatment of the patient was palliative were found to
be important according to all three sources. It appears that wound experts consider patient
characteristics, such as nutrition, smoking, and weight, to be important, whereas this is not
necessarily reflected in Table 17., which contains mostly features describing wound
characteristics.

4.2. Failure Analysis

There is still quite some room for improvement in model performance, as models do outperform
baseline in the binary and 3-class classification task, but not by much. Therefore, additional
analysis was performed to see when the models make incorrect predictions.
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Figure 12. shows a correlation between the amount of missing data and the accuracy of a
model. More complete data seems to correlate with improved accuracy. It indeed would make
sense that, given more detailed information, the model can make more accurate predictions. On
the other hand, this trend is not visible in the graphs for multiclass classification. One of the reasons
why this might be the case, is that there are only few datapoints where more than 50% or 70% of
the values is missing. Therefore, results might have high variance. Moreover, if the models often
predict the healing duration to be the majority class, and a large number of wounds with many
missing data points belong to the majority class as well, accuracy may seem unrealistically high.

Furthermore, accuracy for specific values of some features that showed interesting patterns

were analyzed as well. About 10% of alll wound

specified wound type. Not surprisingly, these wounds were predicted incorrectly more often
compared to other wound types. The results might tell us something about the difficulty of making
fine-grained prediction for several wound types. Additionally, based on these results, a future step
to i mprove results could be to remove fAothe
only those that occur at least a certain number of times in the total dataset.

Next to wound types, the effect of the treatment goal of a wound was analyzed. Literature
review, experts and feature importance all indicated the treatment goal to be an important feature.
This finding can be confirmed by the results shown in Figure 14. There is a large difference in
accuracy between wounds that are in palliative care, compared to curative and preventive care.
The treatment goal thus is an important feature to include when doing wound healing prediction.

Lastly, | investigated why NN Encoding had a poor performance compared to other ordinal
classification methods. The confusion matrices in Figure 15. provide some insights into why this is
the case. It seems that this method makes predictions centered around the middle class. This is
probably caused by the fact that predictions that are further away from the true class are more
heavily penalized. Therefore, predicting the middle class will result in the smallest loss, when it is
hard to predict the true class correctly. Rank inconsistency may play a role as well, since the other
two ordinal classification methods do not suffer from this problem, although they do use the same
encoding of the output.

4.3. Limitations

Perhaps one of the greatest limitations of using data collected from electronic medical records is
missing data. Often, this data is not missing at random. For example, measurements such as
infection and blood sugar levels, will likely be filled in more often when there is an infection or a
patient already has problems with their blood sugar levels, caused by diabetes for example. In this
work, missing values were replaced using zero-imputation, as it turned out to work best compared
to mean- or KNN-imputation. However, there might be other ways of dealing with missing data that
result in better predictions. For example, it might be better to use standard values for
measurements such as blood sugar levels, blood pressure, or heart rate, compared to setting the
missing value to zero, which is an unrealistic value for any of these fields. However, replacing this
zero by a standard value is based on the assumption that, because a value is missing, it does not
deviate from t he n whicmaight not@liwvaysbe théhopse. r ange,
Another possible drawback of this approach is that a large humber of features was used, in
combination with a relatively small dataset. As many features were encoded using a binary or one-
hot vector, and dynamic features were summarized using four features, the final dataset consisted
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of a total of 307 features. Given that the dataset only consisted of around 4000 wounds, this could
lead to sparsity, meaning that for certain features there may only be a few examples in the dataset
from which the model should learn. One possible solution would be to group certain data points to
reduce the number of features. Wound locations could be grouped at a higher level, for example,

by grouping alll | ocati ons o HowevarewitH tiasgconte®a lass o i ngl e

specificity; not all leg wounds heal at the same rate.

The limiting factors such as missing data and sparsity of data may explain why XGBoost
performs best in the expert comparison experiment. This is because XGBoost is sparsity aware,
by utilizing a default direction for missing values [36], which might result in improved performance.

Furthermore, the size of the dataset on which all models are trained is relatively small. Many
state-of-the-art models that perform binary classification were trained on datasets consisting of
over 10.000 [14] or even 100.000 [9, 10] data points. As data collection was done in November of
2021, and more data is still being collected while the application is in use, collecting additional data
after some time has passed might result in better results. More data will probably reduce the
sparsity of certain features as well.

There are benefits of the application being in use for a longer period of time, next to the
increasing size of the dataset. Because the application is fairly new and still in development, new
features keep being added. For example, the medication field was added during my thesis, which
is why for many of the wounds that were in the collected dataset, this data was not available.
Currently, information on patient mobility and relevant comorbidities, which were collected from
another part of the ECD during this research, can also be recorded. Including these features might
improve model performance in the future.

Lastly, the performance of the model is also dependent on the quality of data. Wound nurses
explained that care givers that did not have additional wound schooling were sometimes unsure
about how to fill in certain fields in the wound application, such as wound base vitality, causing the
value in the application to switch on a weekly basis, whereas this was not necessarily the case in
reality. Furthermore, we observed that WCS percentages were often roughly estimated. If such
features are not filled in consistently, it might be harder to train the different models. However, this
does provide incentive to further improve the segmentation network, so that it can be used in
practice to make more accurate estimates of wound tissue types, which can be used by care givers
that did not have wound schooling as well.

4.4. Future Work

Insights gained from this work can guide us into further improving wound healing prediction in the
future. First, it appears that feature vectors extracted from the wound images using the
segmentation network provide information relevant to wound healing prediction. As the current
segmentation network was trained on only 195 annotated wound images, | believe its performance
can still be improved by either gathering more annotated data, performing more data augmentation
steps, or by trying a different architecture. Additionally, as the extracted feature vectors seem to
contain relevant information, and wound images are recorded regularly, especially compared to
other features, it could be interesting to include both feature vectors of the first wound image and
the last wound image taken in the 14 day period. Differences that can be observed between the
two images might provide information on the wound healing process, for example, when the
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percentages of tissue types have changed. Another approach could be to somehow compute the
difference between the feature vectors or between the PCA-derived components.

Second, filtering which wounds to include in the dataset might be useful to improve the quality
of data. Currently, all wounds with an ALTIS anamnesis were included, as it was assumed that
these wounds were properly recorded in the application. In addition to this, wounds that were not
closed yet were included in the last class, as they had a duration of at least the lower bound of that
class. There could be cases where such wounds were not recorded properly in the application, for
example, because someone forgot to close an already healed wound. To limit such wounds, we
could filter the dataset to only include wounds with a minimal amount of activity, where activity
could be the number of reports. Additionally, wounds that are still open but did not have any activity
for a certain number of weeks or months could be removed to observe the effects of filtering the
dataset on model performance.

In addition to using all the valuable information that is collected with this wound application to
create models that predict wound healing, | argue that it also provides an opportunity to do research
about which factors, and to what extent, affect wound healing. In medical literature, factors that
affect wound healing are often described from a physiological perspective, but there is relatively
little research that utilizes retrospective data. Extracting information from this large amount of data
using statistical methods could add to the scientific body of knowledge and improve wound care in
the future.

Finally, I think it is important to show the care givers that are involved the possible applications
of Artificial Intelligence. We have seen that the results of the binary classification task show that
the amount of missing data correlates with the accuracy of predictions. Of course, care givers not
filling in certain fields does not account for all missing data. However, if we can demonstrate that
the accuracy of predictions increases when less data is missing, it might provide an incentive for
care givers to fill in all the fields.

5. Conclusion

In this thesis, | aimed to investigate which factors can accurately predict wound healing, and
attempted to accurately predict wound healing duration using ordinal classification. Wound experts
were consulted about wound care in practice, as well as about patient and wound characteristics
that they take into account when deciding on treatment plans. Based on expert input and literature
review, a list of possible features affecting wound healing was created. Features that were on this
list, and were recorded in the ECD or the wound care application, were included in the data
collection process. Both static and dynamic features were collected and processed into a single
dataset. Additionally, collected wound images were put through a neural network trained on wound
tissue segmentation to extract feature vectors that were added to the dataset after dimensionality
reduction. Finally, several experiments were conducted to compare different classification
baselines to ordinal classification networks. Accurately predicting wound healing duration becomes
increasingly difficult as the number of classes increases. Binary classification of wound healing
duration might be useful in practice to perform early filtering of poorly healing wounds, but will
probably require further improvement of model performance. Furthermore, there was no added
benefit of ordinal classification methods for multiclass classification of wound healing in this
research, which might be the result of a small number of classes and the difficulty of the task.
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Features that were found to be important closely corresponded to those found in the literature,
such as palliative care, wound dimensions, and patient age. Additionally, this work shows that
feature vectors extracted from a network trained on wound image segmentation were found to add
relevant information, and it might therefore be interesting to add this feature in future work.

To conclude, in this thesis an elaborate list of features affecting wound healing was curated
based on literature review and expert knowledge, and was used to evaluate binary and ordinal
multiclass classification methods that predict wound healing duration for different wound types,
where binary and 3-class classification models outperformed baseline performance, and
performed similarly compared to wound experts.
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Appendix

A. Questionnaire

Project Vesalius - Wondgenezing
Factoren

Radboud Universiteit §
We I kO m %Mme»?e’v

yrnedap

‘crre®

Deze enquéte is onderdeel van de scriptie van Marlous Nijman aan de Radboud Universiteit en bij Nedap
Healthcare.

Beste respondent,

Voor mijn scriptie op het gebied van kunstmatige intelligentie doe ik onderzoek naar het voorspellen
van het wondgenezingsproces en factoren die hier invioed op hebben, als onderdeel van project
Vesalius bij Nedap Healthcare. Het doel hiervan is dat zorgprofessionals hierdoor eerder kunnen
ingrijpen als een wond het risico loopt op een verstoorde genezing of complicaties.

Aan de hand van uitgebreid literatuuronderzoek heb ik een lijst samengesteld van (mogelijke)
factoren die invlioed hebben op het wondgenezingsproces. Nu ben ik ook geinteresseerd in wat
volgens medische experts belangrijke factoren zijn, wat ik door middel van deze enquéte wil
onderzoeken.

De enquéte is verdeeld over een aantal categorieén die te maken hebben met het
wondgenezingsproces met bijbehorende vragen. Het invullen van de enquéte zal ongeveer 15
minuten duren.

Door deze enquéte in te vullen zal de kwaliteit van het onderzoek verbeterd worden, wat in de
toekomst mogelijk leidt tot betere zorg. Jouw bijdrage wordt dus zeer gewaardeerd!

Als je doorgaat naar de volgende pagina ga je ermee akkoord dat de ingevulde gegevens anoniem
gebruikt zullen worden voor wetenschappelijk onderzoek.

Mocht je nog vragen en/of opmerking hebben dan kan je mij een bericht sturen naar
marlous.nijman@nedap.com (mailto:marlous.nijman@nedap.com)

Met vriendelijke groet,
Marlous Nijman



Achtergrond

1

Wat voor ervaring heb je op het gebied van wondzorg? (bijvoorbeeld je beroep of
opleiding)

48



Comorbiditeit

2

In hoeverre zijn de volgende ziektebeelden volgens jou relevant voor (voorspelling
van) het wondgenezingsproces?

Enigzins Redelijk
Niet relevant  relevant relevant Relevant Zeer relevant Weet ik niet

Diabetes O O O O O O
Obesitas O O O O
Hart- en vaatziekten O O O QO O O
Kanker O O O O O O
Veneuze insufficiéntie O O O O O O
Erfelijke aandoeningen O O O QO O @
Aids O O O O O O
Geelzucht O O O O O O
Keloid O O O O O O
Hypothyreoidie O @) O O O O
Auto-immuurnziektes O O O O O O
COPD O O O O O Q
'lzli:m;::i;/zmkte van O O O O O O
Dwarslaesie O O O O O O
Incontinentie O O O O O O
Nierziekte O O O O O O
Fibrose O O O O O O
Chronische ziektes O O O O O O



3

Zijn er volgens jou nog ziektebeelden die missen in deze lijst?

4

Als je nog andere opmerkingen/ideeén hebt met betrekking tot de comorbiditeit,
dan kan je ze hier achterlaten:

50



Metingen

5

In hoeverre zijn de volgende metingen volgens jou relevant voor (voorspelling van)
het wondgenezingsproces?

Enigzins Redelijk

Niet relevant  relevant relevant Relevant Zeer relevant Weet ik niet
Laboratorium O O O O O Q
resultaten
Réntgenfoto O O O O O O
6

Zijn er volgens jou nog metingen die missen in deze lijst?

7

Als je nog andere opmerkingen/ideeén hebt met betrekking tot metingen, dan kan je
ze hier achterlaten:
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Systematische Factoren

8

In hoeverre zijn de volgende systematische factoren volgens jou relevant
voor (voorspelling van) het wondgenezingsproces?

Enigzins Redelijk
Niet relevant  relevant relevant Relevant Zeer relevant Weet ik niet

O
O
O
O
O
O

Ondervoeding

Vermagering O O O O O O
Immunosuppressie O O O O O O
gjzlzrcehnt;hormonen (bij O O O O O O
Stress O O O O O O
Ernstig letsel O O O O @) O
Brandwonden O O O O O O
Hypothermie O O O O O O
Orgaanfalen O O O O @) O
Sepsis O O O O O O
Pijn O O O O O O
Uremie O O O O O O
Oxygenatie O O O O O O
9

Zijn er volgens jou nog systematische factoren die missen in deze lijst?

10

Als je nog andere opmerkingen/ideeén hebt met betrekking tot systematische
factoren, dan kan je ze hier achterlaten:



Lokale Factoren

11

In hoeverre zijn de volgende lokale factoren volgens jou relevant voor (voorspelling
van) het wondgenezingsproces?

Enigzins Redelijk
Niet relevant  relevant relevant Relevant  Zeer relevant Weet ik niet

Oedeem o O O O O O
Ischemie
Corpus alienum
Weefsel perfusie

Uitdroging

O O O O O
O O O O
O O O O
O O O O O
O O O O
O O O O O

Druk

12

Zijn er volgens jou nog lokale factoren die missen in deze lijst?

13

Als je nog andere opmerkingen/ideeén hebt met betrekking tot lokale factoren, dan
kan je ze hier achterlaten:
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Leefstijlfactoren

14

In hoeverre zijn de volgende leefstijlfactoren volgens jou relevant voor (voorspelling
van) het wondgenezingsproces?

Enigzins Redelijk

Niet relevant  relevant relevant Relevant Zeer relevant Weet ik niet
Roken O O O O O O
Alcoholgebruik O QO O O O O
Voeding O O O O O Q
Drugsgebruik O QO O O O O
15

Zijn er volgens jou nog leefstijlfactoren die missen in deze lijst?

16

Als je nog andere opmerkingen/ideeén hebt met betrekking tot leefstijifactoren, dan
kan je ze hier achterlaten:



Medicatie

17
In hoeverre zijn de volgende medicijnen volgens jou relevant voor (voorspelling
van) het wondgenezingsproces?

Enigzins Redelijk
Niet relevant  relevant relevant

O O O O O O
O O O O O O

Relevant Zeer relevant Weet ik niet

Corticosteroiden

NSAIDs

18

Zijn er volgens jou nog medicijnen die missen in deze lijst?

19
Als je nog andere opmerkingen/ideeén hebt met betrekking tot medicijnen, dan kan

je ze hier achterlaten:
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Oncologische Interventies

20

In hoeverre zijn de volgende oncologische interventies volgens jou relevant voor
(voorspelling van) het wondgenezingsproces?

Enigzins Redelijk

Niet relevant  relevant relevant Relevant Zeer relevant Weet ik niet
Bestraling O O O O O O
Chemotherapie O O O O O O

21

Zijn er volgens jou nog oncologische interventies die missen in deze lijst?

22

Als je nog andere opmerkingen/ideeén hebt met betrekking tot oncologische
interventies, dan kan je ze hier achterlaten:
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Wond Eigenschappen

23

In hoeverre zijn de volgende wond eigenschappen volgens jou relevant
voor (voorspelling van) het wondgenezingsproces?

Enigzins Redelijk
Niet relevant  relevant relevant Relevant  Zeer relevant Weet ik niet

(Symptomen van)
Infectie

O
O
O
O
O
O

Locatie

Aantal wonden
Gradatie
Necrose

Type

Duur
Maceratie
Biofilm
Exsudaat

Pressure Ulcer Scale for
Healing (PUSH)

Erytheem
Granulatie
Geel beslag
Tunneling
Ondermijning

Wondrand
eigenschappen

e O 6 o 6o 6 6 © 6 6 06 o 0 0 0 o
@ 6 6 6 0 6 6 © 6 0 O 0 06 0 0 O
e O o o 6o 6 O © 6 6 O o 0 0 0 o
@ O 6 0 0 6 6 © 0 0 0 0 0 0 0 o0
@ 6 0 06 0 6 6 O 6 6 6 0 0 0 0 O
e 6 6 0 0 6 6 O 6 0 0 0 0 0 0 o



24

In hoeverre zijn de volgende wond eigenschappen volgens jou relevant
voor (voorspelling van) het wondgenezingsproces? (vervolg)

Niet relevant

Diepte O

Dimensies (lengte,
breedte)

Veranderingen
dimensies/oppervlak
over tijd

O
Oppervlak Q
O

25

Enigzins
relevant

O

O
O
O

Rederlijk
relevant

O

O
O
O

Relevant

O

O
O
O

Zeer relevant Weet ik niet

O

O
O
O

Zijn er volgens jou nog wond eigenschappen die missen in deze lijst?

26

Als je nog andere opmerkingen/ideeén hebt met betrekking tot wond
eigenschappen, dan kan je ze hier achterlaten:

O

O
O
O
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Patiént Eigenschappen

27

In hoeverre zijn de volgende patiént eigenschappen volgens jou relevant voor
(voorspelling van) het wondgenezingsproces?

Enigzins Redelijk

Niet relevant  relevant relevant Relevant Zeer relevant Weet ik niet

Leeftijd O O O O O O
Geslacht @) O O @) O O
BMI O O O O O O
Ontvangt palliatieve
o O O O O O O
Ras O O O O O O
Wondzor
centrum/grganisatie O O O O O O
Verblijf op de intensive
care (fC) P t O O O O O Q
Mobiliteit O O O O O O
Etniciteit O O O O O O

28

Zijn er volgens jou nog patiént eigenschappen die missen in deze lijst?

29

Als je nog andere opmerkingen/ideeén hebt met betrekking tot
patiént eigenschappen, dan kan je ze hier achterlaten:



Einde Enquéte

Dit is het einde van deze enquéte. Mocht je nog factoren hebben gemist op de vorige pagina's die
relevant zijn volgens jou, of andere opmerkingen hebben, dan kan je ze in het tekstvak hieronder

achterlaten.

Als je dit hebt gedaan, of als dit niet van toepassing is, dan kan je doorgaan naar de volgende pagina
om de enquéte op te sturen.

Bedankt voor je medewerking!

30

Overige factoren of opmerkingen:
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B. FeatureDverview

Feature Medical  Prediction Wound Proposed | Available Used
Literature Literature  Nurses Features Feature Feature
Comorbidities
Diabeteq4-11] X X X X X X
Obesity[4, 5, 7, 8, 10] X X X X X X
Cardiovascular diseast X X X X
[7-11]
Cancef5, 7, 8, 10] X X X X X X
Venous (in)sufficiency X X X X X X
[5, 7, 10]
Genetic diseasdqs, 8] X X X
Aids [5, 10] X X X X X X
Jaundicg5, 10] X X X X X X
Keloids[5, 10] X X X X X X
Hypothyroidism[6, 10] X X X X X X
Autoimmune diseasqs, X X X X
10]
Chronic obstructive X X X X X
pulmonary diseas®, 10]
Dementi al A9, X X X X X
10]
Quadri/paraplegifo, 10] X X X X X
Incontinencd10, 11] X X X X X
Kidney diseas§l0, 11] X X X
Fibrosis[5] X X X
Chronic diseas€3] X X X
Respiratory infectior X X X X
Arterial insufficiency X X
Anorexia X X X X
Selfharm X X X X
Infectious disease X X X X
Skin disease X X X X
Measurements
Laboratory result§7, 12] X X X X
X-ray[12] X X X
Charlson Comorbidity X X
Index (CCI)[12]
MRI X X
Ankle Brachial Index X X
(ABI)
Toe Brachial Pressur X X
Index (TBPI)
CT X X
Duplex X X
Temperature X X X X
Pulse X X X X
Blood pressure X X X X
Oxygen saturatior X X X X
Blood sugar leve X X X X
SNAQ score X X
Braden scale X X
Magnetic Resonanc X X
Angiography (MRA)
Systemic Factors
Malnutrition [4, 7, 8, 10] X X X X X X
Emaciation7, 8, 10] X X X X
Immunosuppressiofb, 7] X X X




Sex hormones (in age
individuals)[5, 8]
Stresq5, 8]

Burns[6, 10]
Hypothermig6, 10]
Organ failurel6, 10]
Sepsig6, 10]
Oxygenatior[5]
Uremia[5]

Major traumg6]
Pain[6]

Anxiety
Local Factors
Edema[6, 7, 10]
Ischemig[5, 6, 12]
Foreign body[5, 6]
Tissue perfusiofb]
Desiccatior7]
Pressur¢7]
Hematoma

Callous

Life-style
Smoking[4-6, 8, 9, 11]
Alcohol consumptiori4, 5,
8, 11]

Nutrition [5-7, 11]

Drug addiction10, 11]
Activity

Medications
Steroidg4-6, 11, 12]
NSAIDs[4, 5, 12]
Blood thinners
Immunosuppressan
Anticoagulants
Antiplatelet drugs
Vitamins & minerals
Vasoconstrictor drug
Biologicals

Diuretics
Beta blockerg
Diseasemodifying
antirheumatic drug
(DMARDS)

Antibiotics
Oncological Intervention
Radiation[4-7]
Chemotherapy4-6]
Hormone therapy
Tumor excision
Immunotherapy

Wound Characteristics
(Signs of) Infectior{5-9,
11, 12]

Surface aref9-11, 13, 14]
Dimensiong9-12]
Location[9-11]
Number of wound$9, 10,
14]

Grade[10, 12, 14]

Necrosig7, 9]

x

X X X X X X X X X

X X X X X X

X X X X

X X X X x

x X

x

X X X X X X X X X X

X X X X X X X X

X X

X X X

X X X X X X X X X X X X

X X X X x X X X X X x

x

x

X X X X X X X X X X

X X X X X X X X

X X

X X X

X X X X X X X X X X X X

X X X X x X X X X X x

x

X X X X X

x

X X X X x

X X
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Typ€9, 10]
Changes betwee
assessmenfdo, 11]
Duration[11, 14]
Maceration7]
Biofilm [8]
Exudation[9]
PUSHtool [11]
Erythemg[10]
Granulation10]
Slough[10]
Tunneling[10]
Undermining[10]
Wound edge characteristi
[10]
Patient Characteristics
Age [5-14]
Gendel5, 9-14]
BMI [9, 11, 12]
In palliative card9, 10]
Race[11, 12]
Wound care centdi0, 14]
ICU stay[11]
Mobility [11]
Ethnicity [12]
Language barrie
Disease awareneg
Therapy adherenc]
Hygiene
Financial means
Mobility
Computed Features
Feature from CNN fo
wound segmentatiofi2,
13]
Handcrafted image (colo
featureq12]
Ons Wondzorg Features
Tissue vitality
Frequency woung
treatment
Frequency wound nurs
visit
Goal of wound carg
Treatment instruction

(including materials

X X X X X X X X

X X X X X X X X X

x

X X X X X X X X X X X

X X X X X X X X X X X X X X X

x

X X X X X X X X X X X

X X X X X X X X X X X X X X X

X

x

X X X X X X

X X X X

x

X X X X X X

X X X X
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C. Label Studio Annotation Guide

<} LABEL STUDIO WOND
# \ SEGMENTATIE UITLEG

GESCHREVEN DOOR MARLOUS NIJMAN & THOMAS MARKUS

PRIVACY

Voordat je begint met annoteren is het belangrijk om te onthouden dat we hier werken met data van patiénten
die erg privacygevoelig is. Het is dus niet de bedoeling dat de link wordt doorgestuurd naar anderen of dat je de
data zelf opslaat. Om de gegevens goed te beschermen vereisen we daarom een dubbele inlogprocedure met
twee-factor-authenticatie. Helaas vereist dit, om technische redenen, wat extra (eenmalige) stappen bij het
inloggen die we hieronder uitleggen.

STAP 0: INLOGGEN

e Ga naar de link voor Label Studio voor jouw organisatie die je van ons gekregen hebt.
e Als het goed is zie je nu het scherm zoals hieronder is weergegeven.

® ®

Sign in Sign in

test gebruiker

] Remember me

SIGN IN SIGN IN

e Hier kun je de gebruikersnaam en wachtwoord invullen die je gekregen hebt van Nedap. Vul deze in
en klik op “SIGN UP”.
e Danzie je als het goed is het volgende scherm:

®

Hi Test Gebruiker

One-Time Password
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e Aangezien je een nieuwe gebruiker bent moet er nog een registratie plaatsvinden. Klik daarom zoals is
aangegeven op “not registered yet?”.

®

Hi Test Gebruiker

One-Time Password

e e krijgt nu een melding dat een email is verstuurd. Dit is echter nog niet het geval. Daarom krijg je
handmatig een link van door ons opgestuurd.
e Door op de opgestuurde link te klikken zie je als het goed is het volgende scherm.

@

Scan QR Code

e Hetis nu tijd om de twee-factor-authenticatie toe te voegen. Download de app “Okta Verify” op je
telefoon.

e Als je de app geopend hebt, klik dan op account toevoegen. Hiermee kan je de QR-code op het
scherm scannen. Mocht het niet lukken om de code te scannen, dan kan je de code die eronder staat
(vanaf secret=...) zelf handmatig invoeren.

e Als je de code hebt toegevoegd aan Okta Verify kun je op “DONE” klikken.

e Dan zie je het scherm zoals hieronder is weergegeven. De code die in de Okta Verify app wordt
weergegeven moet hier worden ingevuld.

e Nukun je inloggen in Label Studio zoals is omschreven in stap 1!
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®

Hi Test Gebruiker

One-Time Password

Als het goed is zie je nu het scherm zoals hieronder is weergegeven.

Weilcome to Label Studio Community Edition 1.0.0

e Klik op “SIGN UP” om een Label Studio account te maken als u nog geen account hebt en log in.

e Klik vervolgens op het project dat is weergegeven.
e Dit brengt je naar het scherm zoals hieronder is weergegeven.

= Wound Annotation songs o oo ([

Label Studio

0 © | Completed o - Annotated by o m

TLEIAXED

Klik op een afbeelding om te beginnen met annoteren.
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STAP 2: ANNOTEREN

e Voordat je begint met het annoteren van de wond foto is het belangrijk om vast te stellen of het
tiberhaupt mogelijk is om de wond op de foto te annoteren of om te herkennen. Beantwoord daarom
eerst de vraag “Kan je deze wond annoteren?”.

o Is het antwoord “Ja”, dan kun je verder met annoteren van de huidige wond foto.
o Is het antwoord “Nee”, dan hoef je de huidige wond foto niet te annoteren en ga je meteen
door naar de volgende vraag.

e Nukun je beginnen met het annoteren van de wondfoto’s. Er zijn vier verschillende brushes:

o Rood: De rode brush wordt gebruikt om het rode granulerende weefsel van een wond te

annoteren.

o : De gele brush wordt gebruikt om het gele exsuderende weefsel van een wond te
annoteren.

o 2Zwart: De zwarte brush wordt gebruikt om het zwarte necrotische weefsel van een wond te
annoteren.

e Tips voor het annoteren:
o Jekunt de grootte van de brush aanpassen aan de rechter kant door de slider omhoog en
omlaag te bewegen.
o Eris ook een knop om mee te gummen. Hiervoor moet je wel de kleur selecteren waarvan je
een gedeelte weg wil gummen.

. " Verwijder een
s + ¥ annotatie

Regions - Labels

@ Sorted by Date

V)

Oogje om een annotatie te
Rood 2 [:]

verbergen

o Probeer niet te veel over al gemaakte annotaties te tekenen, omdat het dan onduidelijk is
wat de juiste classificatie moet zijn. Als je toch over hetzelfde stuk wil tekenen, kun je de
andere tijdelijk annotatie verbergen door op het oogje te klikken.

o Let op: Voordat je kunt annoteren met een andere brush moet u eerst de geselecteerde
brush de-selecteren door erop te klikken of door “alt + u” of ESC in te drukken op het
toetsenbord.

o Je kan een actie ongedaan maken of herstellen.

In de afbeeldingen hieronder zijn de belangrijkste functies aangegeven.
o Onderaan dit bestand worden twee voorbeelden gegeven van annotaties.

Ongedaan maken / herstellen

Skip

annotatie

opslaan

No Region selected

Regions Labels

/2 | NoRegions created yet

J Relations (0)

No Relations added yet

annotatie brush/gum en

in/uitzoomen
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||Rood| Geel 2 |Zwart 4 | brushes

vragen

Naast het annoteren van de wond zijn we nu ook geinteresseerd in de verwachte wondgenezing. Er is
wat achtergrondinformatie gegeven over de patiént en de specifieke wond. Aan de hand van de foto
en de informatie willen we je vragen om een inschatting te maken van de tijd die de wond vanaf dit
moment nodig heeft om dicht te gaan. Het zou kunnen dat je de wond herkent omdat je deze
behandeld hebt. Daarom vragen je ook om de vraag ‘Herken je deze wond?’ in te vullen, zodat we
hier rekening mee kunnen houden. Vul de verwachte tijd in, in het aantal weken (Vul bijvoorbeeld ‘5’
in als je verwacht dat de wond 5 weken nodig heeft om te genezen.

STAP 3: KLAAR!

o Gefeliciteerd! Je hebt zojuist je eerste wond foto geannoteerd in Label Studio. Klik op “Submit” om je
annotatie op te slaan, zoals hierboven ook is aangegeven.

Je kunt op elk moment stoppen met annoteren door het programma te verlaten. Let wel op dat je
annotatie verloren gaat als je niet op “Submit” hebt geklikt.

BEDANKT!

Tot slot willen wij je graag bedanken voor de medewerking aan dit onderzoek en project! Mocht je nog vragen,

opmerking of ideeén hebben dan horen we dat graag. Je kunt deze sturen naar marlous.nijman@nedap.com
of tristan.deboer@nedap.com.

VOORBEELDEN
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REFERENTIES

e WCS 2009-1 05 Zwart_geel_en_rood.pdf
e heartexlabs/label-studio: Label Studio is a multi-type data labeling and annotation tool with

standardized output format (github.com)




D. Medical Codes

Feature SNOMEDCT ICD-10 ICPC-1-NHG ICPC-2
Comorbidities
Diabeteq4-11] Diabetes mellitus EO08, E09, E10, T90 T89, T90
E1l1, E13
Obesity[4, 5, 7, 8, Obesity E66 T82 T82
10]
Cardiovasculal  Cardiovascular disease - - -
disease$r-11]
Cancef5, 7, 8, 10] Cancer C00-D48 - -
Venous Chronic venous 187.2 K99.04 -
(in)sufficiency|[5, 7, insufficiency
10]
Genetic diseasqs, Genetic disease - - -
8]
Aids [5, 10] AIDS B20 B90 B90
Jaundicg5, 10] Jaundice R17 D13 D13
Keloids[5, 10] Keloid L91.0 $99.09 -
Hypothyroidism[6, Hypothyroidism EO03 T86 T86
10]
Autoimmune diseasel  Autoimmune disease - - -
[8, 10]
Chronic obstructive COPD J44 R95 R95
pulmonary disead®,
10]
Dementi al/ A Al zhei mer o G30 P70 P70
[9, 10]
Quadri/paraplegifo, | Quadriplegia, Paraplegia G82 - -
10]
Incontinencq10, 11] Incontinence N39.3, N39.4, uo4 uo4
R32
Kidney diseas§lO, Kidney disease - - -
11]
Fibrosis[5] Fibrosis - - -
Chronic diseas€3] Chronic disease - - -
Respiratory infectior Upper, respiratory J00J22 R74, R77, R74, R77,
infection, lower R78, R80, R78, R80,
respiratory infection, acut R81, R83 R81, R83
respiratory infection
Arterial insufficiency Arterial insufficiency - - -
Anorexia Anorexia, Anorexia F50.0, R63.0 TO6 P86
nervosa
Selfharm Deliberate setharm X60-X84 - -
Infectious disease Infectious disease A00-B99 - -
Skin disease Skin disease LOO-L99 - -
Measurements
Laboratory result§7, - - - -
12]
X-ray[12] - - - -
Charlson Comorbidity - - - -
Index (CCI)[12]
MRI - - - -
Ankle Brachial Index| - - - -
(ABI)
Toe Brachial Pressur - - - -
Index (TBPI)
CT - - - -
Duplex - - - -
Temperature - - - -
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Pulse
Blood pressurg
Oxygen saturatior
Blood sugar leve
SNAQ score
Braden scale
Magnetic Resonanc
Angiography (MRA)
Systemic Factors
Malnutrition[4, 7,
8, 10]
Emaciation[7, 8,
10]
Immunosuppressio
[5, 7]
Sex hormones (i
agedindividuals)[5,
8]
Stresq5, 8]
Burns[6, 10]
Hypothermig6, 10]
Organ failurel6, 10]
Sepsig6, 10]

Oxygenatior[5]
Uremia[5]
Major traumg6]
Pain[6]
Anxiety
Local Factors
Edemd[6, 7, 10]
Ischemid5, 6, 12]
Foreign body[5, 6]
Tissue perfusiofb]
Desiccatior|7]
Pressur¢7]
Hematomal
Callous
Life-style
Smoking[4-6, 8, 9,
11]
Alcohol consumption
[4,5, 8, 11]
Nutrition [5-7, 11]
Drug addiction10,
11]
Activity
Medications
Steroidg4-6, 11, 12]
NSAIDs[4, 5, 12]
Blood thinners
Immunosuppressan
Anticoagulants|
Antiplatelet drugs|
Vitamins & minerals

Vasoconstrictor drug

Malnutrition

Hypothermia

Sepsis

Drug abuse

E40-E46

T68

A41, R65.2,
A22.7, B37.7,
085, A32.7,
A02.1,
A54.86, A40,
A42.7
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Biologicals
Diuretics
Beta blockers
Diseasemodifying
antirheumatic drug
(DMARDS)
Antibiotics
Oncological
Intervention
Radiation[4-7]
Chemotherapy4-6]
Hormone therapy
Tumor excision
Immunotherapy
Wound
Characteristics
(Signs of) Infection
[5-9, 11, 12]
Surface are§p-11,
13, 14]
Dimensiong9-12]
Location[9-11]
Number of wound$9,
10, 14]
Grade[10, 12, 14]
Necrosid7, 9]
Typ€9, 10]
Changes betwee
assessmenfso, 11]
Duration[11, 14]
Maceration7]
Biofilm [8]
Exudation[9]
PUSHtool [11]
Erythemd10]
Granulation10]
Slough[10]
Tunneling[10]
Undermining[10]
Wound edge
characteristic§10]
Patient
Characteristics
Age [5-14]
Gendel5, 9-14]
BMI [9, 11, 12]
In palliative card9,
10]
Race[11, 12]
Wound care cente
[10, 14]
ICU stay[11]
Mobility [11]
Ethnicity [12]
Language barrie
Disease awareneg
Therapy adherenc
Hygiene
Financial mean;

Mobility

72



Computed Features
Feature from CNN fo
wound segmentatio
[12, 13]

Handcrafted imagé
(color) feature$12]
Ons Wondzorg
Features

Tissue vitality

Frequency woung

treatment

Frequency woung
nurse visit

Goal of wound car¢
Treatment instruction

(including materials
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E. Grid Search Hyperparameter Selection
1. Binary Classification

74

Logistic Regression Random Forests XGBoost LightGBM
max_iter n_estimators eta max_bin
100 10 0 100
1000 50 0.1 500
10000 100 0.3 1000
class_weight 500 0.7 num_leaves

None max_depth 1.0 10
balanced 10 max_depth 20
20 3 40
50 6 learning_rate
100 10 0.01
class_weight 20 0.1
None lambda 0.2
balanced 1 n_estimators
2 100
10 500
alpha 1000
0 min_data_in_bin
0.5 3
1 10
100
class_weight
None
Balanced
2.. Multiclass Classification (3 Classes)

Logistic Regression Random Forests XGBoost LightGBM
max_iter n_estimators eta max_bin
100 10 0 100
1000 50 0.1 500
10000 100 0.3 1000
class_weight 500 0.7 num_leaves

None max_depth 1.0 10
balanced 10 max_depth 20
20 3 40
50 6 learning_rate
100 10 0.01
class_weight 20 0.1
None lambda 0.2
balanced 1 n_estimators
2 100
10 500
alpha 1000
0 min_data_in_bin
0.5 3
1 10
100
class_weight
None

Balanced




3. Multiclass Classification (5 Classes)
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Logistic Regression Random Forests XGBoost LightGBM
max_iter n_estimators eta max_bin
100 10 0 100
1000 50 0.1 500
10000 100 0.3 1000
class_weight 500 0.7 num_leaves
None max_depth 1.0 10
balanced 10 max_depth 20
20 3 40
50 6 learning_rate
100 10 0.01
class_weight 20 0.1
None lambda 0.2
balanced 1 n_estimators
2 100
10 500
alpha 1000
0 min_data_in_bin
0.5 3
1 10
100
class_weight
None

Balanced




F. Questionnair&esults

Chrenische ziektes

Fibrose

Nierziekte

Incantinentie

Dwarslaesie

Dementie/Ziekte van Alzheimer
COPD

Auto-immuunziektes
Hypothyreoidie

Keloid

Geelzucht

Aids

Erfelijke aandoeningen
Veneuze insufficientie
Kanker

Hart- en vaatziekten
Obesitas

Diabetes

100%

0_ ‘II ““““ll“‘

-100%

. Weet ik niet mm Fnigzins relevant  mem Relevant
mm Niet relevant mmm Redelijk relevant Zeer relevant

(a) Comorbidities

Druk

Uitdroging

Weefsel perfusie

Corpus alienum

7] . 1 ] |

Ischemie
Oedeem
100% 100%
E Weet ik niet B Enigzins relevant B Relevant
mm Niet relevant =l Redelijk relevant Zeer relevant
(c) Local factors
NSAIDs
Corticosterciden I
T T
-100% o 100%

mm Weet ik niet = Enigzins relevant  mem Relevant
mmm Niet relevant  mmm Redelijk relevant Zeer relevant

(e) Medication

Etniciteit
Mobiliteit
Verblijf op de intensive care (IC)

‘Wondzorg centrum/organisatie

Ontvangt palliatieve zorg
BMI

Geslacht

Leeftijd

L | B
L
[ B
has [ D
I
I
|
[
:

-100% o 100%

. Weet ik niet EEE Enigzins relevant  mem Relevant

B Nietrelevant B Redelijk relevant Zeer relevant

(g) Patient characteristics

(i) Wound characteristics
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S -
Voeding I
Roken
T T
% o 100%

mm Weet ik niet mmm Fnigzins relevant @ Relevant
mmm Niet relevant mmm Redelijk relevant Zeer relevant

(b) Life-style

Réntgenfoto

Laboratorium resultaten

-100% ] 100%

mm Weet ik niet mmm Enigzins relevant mam Relevant
EEm Niet relevant B Redelijk relevant Zeer relevant

(d) Measurements

Chemotherapie

Bestraling

-100% o 100%

mm Weet ik niet mm Enigzins relevant  mem Relevant
mm Niet relevant mmm Redelijk relevant Zeer relevant

(f) Oncological Interventions

(h) Systemic factors









