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Decision support system for the diagnosis of chronic wounds
using Machine Learning algorithms with images
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Abstract: A solution is proposed that consists of supporting the professional in deciding how to act on
the wound by offering a diagnosis proposal. Artificial Intelligence (AI) and Machine Learning (ML)
algorithms have been developed to allow the extraction of the most relevant wound characteristics
through an image and providing similar wound assessment cases from the health center itself. In this
way, the professional would have a diagnostic reference of other wounds similar to the one under
assessment, and this be able to make the right decision. The solution is embedded in a software as
a medical device, which is CE marked and is also capable of tracking wounds through images and
data. A total of 795 images were processed and analyzed in order to obtain their most identifying
morphological and textural characteristics. From each image, the five most similar images in terms of
characteristics were searched for and clinically validated by comparing them using an objective scale
and widelly used in chronic wound care called. The results showed a similitude in 73.71% of cases,
calculated by comparing the clinical scale of the image performed by a specialist clinician with the
proposed scale of the algorithm. With this solution, clinicians improve their confidence in clinical
practice by having support in decisions making, observing favorable outcomes and progression of

chronic wound.
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1. Introduction

There are many causes of a wound: a simple fall, a surgical intervention, dependency-
related factors such as the application of pressure or friction, as well as pathological
conditions such as diabetes or vascular disease [1]. The need for a longer time for a wound
to heal causes it to become a chronic wound. Some authors [2,3] determine that the time
to heal must be longer than six weeks to categorize a wound as a chronic as they heal by
second intention, a complex process in which damaged tissue is first removed and then
replaced. While an acute wound follows a sequential healing process with anatomical
and functional restoration in a timely way, chronic wounds lack normal restoration due to
various physiological alterations [4]. Chronic wounds have a negative impact on people’s
quality of life, causing difficulties to cope with situations such as the presence of pain,
difficulty in performing basic daily activities or the need for periodic wound healing,
triggering dependence. In some cases, such as diabetic foot wounds, the situation can
worsen and lead to limb loss and even mortality.

In Europe, the prevalence of patients with at least one chronic wound is estimated to
be 3.7 per 1000 population [1,5], matching the mortality rate associated with cancer in some
cases of chronic wound typology [6]. In addition, the care of chronic wounds by healthcare
personnel and services entails an economic cost estimated at 5% of the total healthcare
expenditure in Spain for pressure wounds only [5].
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Specific wound care skills are required to assess and treat a chronic wound, as thereisa 36
great variability of healing processes depending on the type of wound, among other factors a7
that may also influence the wound care process. New technological solutions are seenasa s
catalyst for more informed wound care practice [7] and can therefore aid specialization in e
chronic wounds clinical area. Using technological systems such as apps with Aland ML 40
implementations, clinicians can capture large volumes of data, as well as have the tools, 4
the security and the confidence to understand areas of concern and the changes needed 4
to standardize practice. Al combined with accurate, patient-centred human intelligence 4
translates into better outcomes in terms of healing and closure time. Whereby, the use 44
of new technology solutions with the integration of Electronic Health Records (EHR) is 45
driving change in the healthcare system. This allows, on the one hand, patients to benefit s
from better care and, on the other hand, providers to deliver more efficient care and reduce 4
costs [8]. 48

There are many research groups that are working in different projects to providea 4o
support in chronic wounds diagnosis. Many of these studies consist of providing the so
clinician with information on wound characteristics related to wound healing. Some s
provide a classification of tissue types [9-11], others detect the presence of infection [12-14] 2
or measures such as area [15-17]. There are also other studies that classify the type of s
chronic wound [18-20]. The aim of this work is to combine both image and clinician s
information in order to compare chronic wound cases in a health centre. In this way, ss
taking advantage of the chronic wound assessment previously performed by clinicians and  se
the consequent outcome, the aim is to provide real-time information that can be used to 57
correctly diagnose a patient’s chronic wound in the hospital consultation. This information  ss
would consist of an assessment of the chronic wound, providing information on the type of s
tissue in the wound, the type of wound edges, the exudate, the depth, whether there are e
any signs of infection and the approximate area. 61

One of the first challenges to address is that wound management systems remain e
technologically backward, and most caregivers rely solely on inaccurate optical assessment. s
This can cause risk of infections and inaccurate measurements, resulting in a wrong assess- s
ment of the wound. Another issue identified is the lack of adequate practice and expertise, s
especially in primary care settings where a large number of wounds with high variability s
in wound typology are usually first assessed. This further increases the economic burden 7

and patient discomfort. o8
2. Materials and Methods 69
2.1. Data capture 70

The data used for the development of this work consisted of taking images of chronic
wounds together with the answers to the questions on a wound evolution assessment scale. 72
From each of the images, the wound outline was additionally drawn and saved. The data 7
was captured by healthcare professionals at the Hospital Santa Creu from Vic, Barcelona 7«
(Spain), using an application called Clinicgram. This required a smartphone mobile device 7
with WIFI or data connectivity and a back camera with at least 10-megapixel resolution. 76

2.1.1. Clinical scale RESVECH 2.0 77

Las escalas se definen como instrumentos de medicién objetiva, sobre todo cuando hay 7
mutiples factores que pueden llevar a una valoracién subjetiva de lo que se pretende medir 7
[2]. En este trabajo se pretende valorar la similitud entre imdgenes de heridas crénicas =0
y para ello se utilizard una escala de medicién &mpliamente usada en el seguimento y &
evaluacion de las heridas crénicas llamada RESVECH 2.0, una evolucién de la RESVECH &
1.0 creada en 2010 para medir el proceso de cicatrizacién de heridas [21]. Para abarcar s
completamente la evaluacion de la cicatrizacién de una herida es necesario tener en cuenta s
diferentes caracteristicas de ésta, incluyendo todos los items del lecho de la herida (tamafio, s
profundidad, infeccién, exudado y tipo de tejido) asi como practicamente todos los elemento s
del borde (maceracion, tunelizaciones y forma del borde). Con la escala de evaluacién e
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RESVECH 2.0 se tienen en cuenta dichos componentes fisicos y fisiolégicos que deben ser

recojidos por los expertos y se listan a continuacién:

Wound size

0 cm2

<4 cm2

4 <16 cm2
16 < 36 cm2
36 < 64 cm2
64 < 100 cm2
>= 100 cm2

Depht

Heated intact skin
Impact of the dermis-epidermis

Involvement subcutaneous tissue (adipose tissue without the muscle fascia)

Muscle involvement

Involvement of bone or tissue attached (tendons, ligaments, joint capsule or

bedsores can see no black fabric below)

Edges

LN e o

No distinguishable (no wound edges)

Fuzzy

Delimited

Damaged

Spoiled (“aged”, “inverted”)
e Type

Closed / healing

Epithelial tissue
Granulation tissue

Necrotic tissue or spheres in the wound bed

Necrotic (dry black or dry scald)

Exudate

= LN = o

Moist
Wet
Saturated
Dry
Leaking

Infection Signs

NP D=

Increasingly painful

Erythema around the wound
Edema around the wound
Rising temperature

Increasing exudate

Purulent exudate

Tissue is friable or bleeds easily
Wound stationary, no progress
Tissue compatible with biofilm
Odor

Hyper granulation

Wound increasingly larger
Satellite lesions

Pale tissue

88

89

90

91

92

93

94

95

926

97

98

929

100

101

102

103

104
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Cada una de las caracteristicas le corresponde una puntuacién la cual estd directamente
relacionada con la severidad que la caracteriza. La puntuacién oscila entre 0 y 35, siendo 0
una herida completamente curada [22].

Por cada imagen, el clinico ha indicado cudles de las caracteristicas le corresponen a la
herida en el momento de la evaluacién y, adicionalmente, se ha registrado la etiologia de la
herida.

2.1.2. Clinicgram

The Clinicgram application (version 2.3.1) is a Class I medical device software with
CE marking following the Declaration of Conformity, signed by the manufacturer Skilled
Skin SL, according to Directive (EU) 93/42/EEC. This application has several software
functionalities which allow the integration of medical history data with images. In this
case, the Clinicgram application has been used to take the images with the camera of the
device where it has been installed, as well as to draw the outline of the wound and enter
the data associated with the RESVECH 2.0 scale by means of an integrated questionnaire,
so that the data capture has been carried out quickly and optimally.

2.2. Ethics Committee approval

The clinical protocol has been approved by the CEIC (Clinical Research Ethics Com-
mittee) of the Hospital Santa Creu de Vic, Barcelona (Spain) (XXXXXXXXXX).

2.3. Data processing

Los datos obtenidos consisten en un conjunto de imédgenes con las respuestas de los
elementos asociados correspondientes a la escala clinica usada. Tanto las imdgenes como
los cuestionarios han sido registrados por los clinicos mediante la aplicaciéon Clinicgram.
Las imadgenes han sido procesadas segmentando la parte correspondiente a la herida y
quitando el fondo (Figure 1). Se ha aplicado un zoom en la parte donde se encuentra la
herida de la imagen para poder identificar y analizar la herida més facilmente y se ha
realizado un reajuste del tamafio a 224 x 224.

Paralelamente, se han observado las respuestas a los items de la escala clinica y se han
balanceado por tal de que haya la misma proporcion de tipologia de heridas. Para ello, se
ha reducido el tamarfio de muestras hasta igualar el ntimero de cada tipo.

Figure 1. On the left is the normal image of the chronic wound, on the right is the segmentation of
the wound from the clinician’s contour. Part of the skin has been taken so that the wound edges can
also be visualised.

2.4. Feature extraction

Una vez procesadas las imédgenes, se han extraido sus caracteristicas mediante dos
fases. En una primera fase se han usado algoritmos de IA implementando técnicas de
Deep Learning para caracterizar las imdgenes. En una segunda fase, se han extraido
caracteristicas relacionadas con la textura y el color. Para ello se ha usado Gray Level
Co-occurrence Matrix (GLCM) para buscar pardmetros matemadticos como el contraste,
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la correlacién, la entropia, la uniformidad y la energfa de la imagen en escala de grises.
Finalmente, se ha hecho una extraccién de los colores mds relevantes presentes en las
heridas. Los resultados de cada algoritmo se han unido representando cada imagen en
forma de vector numérico.

2.4.1. Al algorithms

Using Deep Learning techniques, the images were processed to extract the most
relevant shape and texture features. To obtain the best way to extract features, different pre-
trained Convolutional Neural Networks (CNN) are used with a technique called transfer
learning. La técnica de transfer learning nos permite utilizar el conocimiento generado
en una CNN entrenada previamente con una cantidad de datos muy grande, y adaptar
el problema y la arquitectura ya disefiada al conjunto de datos que disponemos. Para
ello se han usado los pesos de la CNN entrenada con el conjunto de datos Imagenet y se
han establecido como datos de entrada el conjunto de nuestras imagenes con el tamafio
ajustado a 224x224x3. Adicionalmente, se ha configurado para que la salida de la CNN sea
un vector de caracteristicas que represente la imagen, en lugar de la capa de clasificacién
habitual. Concretamente, se han probado las redes preentrenadas Mobilenet, ResNet50,
InceptionV3, VGG16 y VGG19. Con cada una de las CNN pre-entrenadas se han usado el
mismo conjunto de imédgenes pero con cuatro procesamientos previos diferentes: sin aplicar
la segmentacién de la herida, sin aplicar la segmentacién pero con un zoom en la zona de la
herida, aplicando la segmentacién y aplicando la segmentacién y cogiendo parte de la zona
perilesional. El objetivo de usar cinco redes pre-entrenadas distintas y cuatro conjuntos de
datos con cada una de ellas, es conocer cudl es la combinacién que da mejores resultados.
Posteriormente, con el objetivo de mejorar el rendimiento de las fases posteriores del
proceso, se ha probado de implementar una técnica para reducir caracteristicas llamada
Principal Component Analysis (PCA). Esta técnica se usa para reducir los vectores de
caracteristicas resultantes de las CNN a un vector de menores dimensiones eliminando
aquellas caracteristicas que son dependientes o irrelevantes.

24.2. GLCM

Para la extraccién de caracteristicas relacionadas con la forma y la textura de la herida,
se ha usado GLCM (Grey-Level Co-occurrence Matrix). GLCM es un método usado en
trabajos realizados anteriormente para resolver problemas de tipo similar[23,24] y que
permite obtener la distribucién de intensidad textural a lo largo de la imagen en escala de
grises mediante diferentes medidas estadisticas. Para ello, GLCM caracteriza la textura de
una imagen mediante el cdlculo de la frecuencia con la que un par de pixeles con valores
y relacién espacial especificos aparecen en la imagen [23]. La matriz GLCM con nuestro
conjunto de imagenes se ha construido considerando una distancia entre pares de pixeles
igual a 6 y cuatro direcciones: 0° (derecha), -45° (abajo-derecha), 90° (arriba) y 135° (abajo-
izquierda). Como resultado se han obtenido cuatro matrices con el ntimero de veces que
cada nivel de gris ocurre a una distancia de 6 pixeles siguiendo la direccién del angulo
correspondiente a cada una.

2.5. Machine Learning algorithms

The similarity algorithm consists of two components or modules. The first is a pre-
trained convolutional neural network called MobileNet. This network is used to obtain
a feature matrix of the same size for all images. To do this, the images are passed jointly,
according to the defined batch size, through the layers contained in this network, without
allowing the last classification layer to be reached; specifically, the last fully connected layer
(FC15 in Figure 2) is reached. In this way, a vector of 1024 characteristics is obtained for
each image, forming a matrix of values. Each vector that defines an image will contain
information of this one referring to morphology, size, position, texture, colour, etc., which
will have been extracted with the implementation of the functionality applied in each one
of the layers of the MobileNet network. Additionally, the information of the wound added
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previously by the healthcare professional have been added to the image features vector, 22
as well as the etiology of the wound. This information will be provided by Clinicgram 225

application through forms and will be as follows: 226
e  Etiology 227
—  Arterial Ulcer (AU) 228
—  Pressure Ulcer (UPP) 220
—  Venous Ulcer (VU) 230
—  Suture Dehiscence (DS) 231
—  Traumatic Ulcer (TU) 232
—  Mixed Ulcer (MU) 233
—  Neuropatic Diabetic Ulcer (UDNN) 234
- Surgical Ulcer (SU) 235
-  Hematoma (H) 236
—  Martorell hypertensive ulcer (UHM) 237
- Other 238

Finally, the resulting matrix with a total of 1031 features will be saved as a temporary =3e
file and then used to efficiently measure the differences between these images and to test 240
the results. 241

To obtain the most similar images to a certain image, the second component of this s
algorithm is used. A model has been developed to find the most similar vectors of the matrix  2as
based on a distance metric. The distance metric used has been the Euclidean distance and 24
has been implemented for each feature present in the image with the K-nearest neighbour  2as
(KNN) algorithm that speeds up the calculation of this metric. It should be noted that to 246
search for similarities between the images, the vectors of images will be used without the 247
answers of the forms, only with the feature vector calculated with the convolutional neural 245
network. Converserly, to test the results, it shall be checked how many form features match 24
between similar samples. 250

The operation is summarised in figure 2. In a first step the images are transformed s
into feature vectors via the first component. These vectors are stored together with the 2s:
assessment results of clinician in an array. In a second step, two situations can occur: in  2s3
the event that the image comes from the source data set, its identifier will be searched in  2ss
the global characteristics matrix (without the characteristics provided by the clinician) and  2ss
similar vectors from the same matrix will be search. In the case that it is a new image, it 2s6
must first go through the convolutional neural network to extract the image features and  zs-
then its vector is compared with the vectors of the global feature matrix to return the most  2ss
similar ones. 250

© o %

PWLs: . Dimension K-Nearest
}» H Reduction Neighbors
| “ é
ll

Input Image Feature Extraction with CNN Image Feature Vector Global Feature Matrix Similar Images

—

Figure 2. General scheme of operation of the algorithm

The algorithm provides a total of five similar images, taking into account only the  ze0
features of the images extracted with the CNN and their aetiology, without using the 26
clinical data of the evaluation scale, which is why they were removed from the global e
matrix of features. Of these five images, if the image was already in the data set, the one ze:
with the smallest distance is discarded, as it corresponds to the image itself with distance 2s.
0. The validation of the results is carried out objectively by comparing the associated zes
values of the RESVECH 2.0 scale of the input image and the similar images provided by  2es
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the algorithm. The percentage of similarity is calculated, for each of the features, according 26
to the following relationship: 268

Yosimilitude = ((Similarl = 1) + (Similar2  0.75) + (Similar3 « 0.50) + (Similar4 x 0.25)) * 100/2.5, (1)

which assigns a weighting according to whether the feature corresponds to the image 260
with the highest or lowest similarity according to the algorithm. If there is a match between =7
the value of similar images SimilarN is equal to 1, otherwise it is set to 0. 271

Figure 3 shows the result of the implementation of the similarity algorithm for a zr=
particular image. In this example, the similarity results for each item of the RESVECH 2.0 27
scale show that similar images match 100% with depth being involvement of subcutaneous 274
tissue, delimited borders, no infection, granular tissue type and wound size less than 4 cm2. 275
In the case of exudate with a similarity score of 80, three similar images matched the moist 27
exudate type, except for the third most similar image which has a dry exudate type. The 277
total percentage of similarity corresponds to 96.7%. 278

original_image

0.3449572782798456 0.458129548207926 0.4862163590301588 0.4955913785655561

Figure 3. Result of implementing the similarity algorithm with an image. The percentage of similitude
of RESVECH 2.0 items was 100% for depht, edges, infected, tissue type and wound size, and 80% for
exudate.

3. Results 279

A total of 798 images of chronic wounds were recruited from patients, with the wound  zs0
outline drawed and RESVECH 2.0 scale added by the clinician. Patients have given their 2e
informed consent to take a photo of the wound area and to collect the associated data. The s
data was then securely stored and anonymized do that it could not be accessed. From 798  zes
images recruited, 95 were discarded because they did not meet any of the inclusion criteria  2sa
or were not of sufficient quality to be included in the study. The remaining 703 images are  zes
distributed as 117 arterial wounds, 141 pressure wounds, 124 venous wounds, 15 suture 2ss
dehiscence, 109 traumatic wounds, 49 mixed wounds, 88 diabetic neuropathic wounds, zer
5 surgical wounds, 22 hematomas, 8 Martorell hypertensive wounds and 33 assigned as  zss
other. (Table 1). 280
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Table 1. Etiology distribution of data.

Eiology Number of wounds % of total
Arterial Ulcer (AU) 117 16%
Pressure Ulcer (UPP) 141 20%
Venous Ulcer (VU) 124 18%
Suture Dehiscence (DS) 15 2%
Traumatic Ulcer (TU) 109 15%
Mixed Ulcer (MU) 49 7%

Neuropatic Diabetic Ulcer o
(UDNN) 88 12%
Surgical Ulcer (SU) 5 1%
Hematoma (H) 22 3%
Martorell hypertensive ulcer 8 1%
(UHM)

Other 33 5%

In order to make an overall evaluation of the performance of the algorithm, the 200
percentage of similarity of the features of all the images was calculated and an overall 2
average was made. For this purpose, for each element of the global feature matrix, the 202
similarity algorithm has been implemented and the features of the validation scale have 203
been compared. The result of the average of the similarity percentages corresponds to  zes
an overall accuracy of 70.77% and the results of the similarity percentages of each of the 205
parameters of RESVECH 2.0 can be seen in the table 2. 206

Table 2. Results of similitude calculated with the comparison of RESVECH 2.0 scale values.

RESVECH 2.0 item mean similitude (%)

Depht 58.75%

Edges 90.13%
Exudate 65.41%
Infected 82.51%

Tissue Type 71.48%
Wound Size 56.33%
Total Accuracy 70.77%

The percentage of similitude has been calculated for each RESVECH 2.0 item with the = 2e7
formula 1. A histogram of all results can be seen in Figure 4, with a prevalence of high  2es
coincidences in all of the RESVECH 2.0 items. 200
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Figure 4. For each RESVECH 2.0 item, the responses of the clinicians have been compared between
each image and the similar ones. In each histogram it can be seen the number of samples which have
obtained a percentage of similarity according to the RESVECH 2.0 characteristic.

Count

. === L I

0 20 40 &0 a0 100

Figure 5. To calculate the overall accuracy, for each similar image, the median of the similar items
was calculated and the similarity formula 1 was followed with the results of the averages.

4. Discussion

Authors should discuss the results and how they can be interpreted from the perspec- 0
tive of previous studies and of the working hypotheses. The findings and their implications o2
should be discussed in the broadest context possible. Future research directions may also  sos
be highlighted. 304
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5. Conclusions 305

This section is not mandatory, but can be added to the manuscript if the discussion is 06
unusually long or complex. 307

6. Patents 308

This section is not mandatory, but may be added if there are patents resulting from the 100
work reported in this manuscript. 310
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Appendix A
Appendix A.1

The appendix is an optional section that can contain details and data supplemental to
the main text—for example, explanations of experimental details that would disrupt the
flow of the main text but nonetheless remain crucial to understanding and reproducing
the research shown; figures of replicates for experiments of which representative data are
shown in the main text can be added here if brief, or as Supplementary Data. Mathematical
proofs of results not central to the paper can be added as an appendix.

Table A1l. This is a table caption.

Title 1 Title 2 Title 3

Entry 1 Data Data

Entry 2 Data Data
Appendix B

All appendix sections must be cited in the main text. In the appendices, Figures, Tables,
etc. should be labeled, starting with “A”—e.g., Figure A1, Figure A2, etc.
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