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Abstract

Background: Diabetes-related foot ulceration (DFU) is a common complication of diabetes, with a
significant impact on survival, healthcare costs and health-related quality of life. We aimed to
systematically identify and collect the available evidence assessing the ability of machine learning (ML)
based models in predicting clinical outcomes in people with DFU.

Methods: We searched PubMed, Scopus, Web of Science and IEEExplore for articles published up to
July 2023. The literature was screened independently by two investigators for eligibility criteria and
extracted data. Risk of bias was evaluated using Quality In Prognosis Studies (QUIPS) tool and Prediction
Model Risk Of Bias Assessment Tool (PROBAST) by two investigators independently.

Results: A total of || studies, comprising |3 articles, were included in our systematic review, focusing
on four outcomes: wound healing, lower extremity amputation (LEA), mortality and reintervention.
Overall, 57 predictive models were created using mostly clinical characteristics, random forest as
developing method and area under the curve (AUC) as discrimination accuracy measure. AUC varied
from 0.56 to 0.94, with the majority of the models achieving a good discrimination ability (defined as
AUC = 0.8). All studies were found to have a high risk of bias, mainly due to lack of uniform variable
definitions, outcome definitions and follow-up periods, insufficient sample sizes, and inadequate handling
of missing data.

Conclusion: The ML-based models found in this study achieved good discrimination ability in people
with DFU. However, models presented a high risk of bias meaning further studies with a stricter

methodology are needed.

Key-words: Artificial intelligence, diabetic foot, classification, machine leaming, prognosis



Resumo

Introducdo: A Ulcera podoldgica é uma complicagdo comum da diabetes, com impacto significativo na
sobrevivéncia, nos custos de salde e na qualidade de vida. O objetivo deste estudo foi identificar e
recolher de forma sistemdtica a evidéncia disponivel acerca das capacidades preditivas dos modelos
baseados em machine learning (ML), no que toca a desfechos clinicos, em pessoas com Ulceras de pé.

Métodos: Foi realizada uma pesquisa na PubMed, Scopus, Web of Science e |IEEExplore por artigos
publicados até julho de 2023. A literatura foi revista por dois investigadores de forma independente,
tendo em conta os critérios de elegibilidade e a realizagdo da extracdo de dados. O risco de viés foi
avaliado através das ferramentas Quality In Prognosis Studies (QUIPS) e Prediction Model Risk Of Bias
Assessment Tool (PROBAST) por dois investigadores de forma independente.

Resultados: Foram incluidos nesta revisdo sistemdtica um total de | | estudos, que compreenderam |3
artigos, onde foram abordados 4 desfechos clinicos: cicatrizagdo, amputacdo do membro inferior,
mortalidade e reintervencdo. Ao todo, foram desenvolvidos 57 modelos preditivos utilizando
maioritariamente caracteristicas clinicas, o método random forest para desenvolvimento do modelo e
a drea sob a curva (AUC) como medida de discriminagdo. A AUC variou entre 0,56 e 0,94, com a
maioria dos modelos a atingirem uma boa capacidade discriminativa (definida por AUC 2 0.8). Todos
os estudos tinham um alto risco de viés, principalmente devido a falta de uniformidade na definicao de
varidveis preditivas, definicGes de desfechos e de perfodos de seguimento, a amostras com tamanho
insuficiente, e a uma gestio inadequada dos dados omissos.

Conclusdo: Os modelos baseados em ML reportados neste estudo conseguiram atingir uma boa
capacidade discriminativa em pessoas com diabetes e Ulcera podoldgica. No entanto, os modelos
apresentaram um alto risco de viés, indiciando que s3o necessdrios mais estudos com uma metodologia

mais rigorosa.

Palavras-chave: Inteligéncia artificial, pé diabético, classificagdo, machine learing, progndstico
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Preamble

In 2021, the estimated prevalence of diabetes between the ages of 20 and 79, in Portugal, was 14.1%,
which corresponded to I.] million people. Lower extremity complications, which include diabetes-
related foot ulcerations (DFU), were an important cause of morbidity and mortality, with 2,445 people
undergoing amputation and 7.9% dying following amputation.'

Primary Care centres are the patients’ first contact with the health system, and their role in preventing
and treating chronic diseases, such as diabetes and its complications, is fundamental. In 2022, 8.4% of
the registered patients in Portuguese Primary Care were people with diabetes.”

An annual diabetic foot assessment and optimal management by a multidisciplinary team, including family
physicians, nurses and podiatrists, can reduce the need for hospitalization, mortality and amputation.® In
fact, a systematic review found that 94% of the studies reported a reduction in major amputations after
the institution of a multidisciplinary team (i.e., two or more types of clinicians working together).’
According to Portuguese Primary Care data, in 2022, an annual foot assessment was made in /4% of
patients; of these, 10% were classified as having moderate to high risk of DFU. In total, 0.25% of patients
were diagnosed with a DFU.?

In the subject of diabetes-related foot complications, the International Working Group on the Diabetic
Foot (IWGDF) is a worldwide recognised group that has been producing evidence-based guidelines to
inform healthcare providers on strategies for the prevention and management of diabetic foot disease.
In 2023, all IWGDF guidelines were updated based on systematic reviews of the literature and the
formulation of recommendations by muttidisciplinary experts. One of these guidelines concerned the
classification of DFUs.> However, the corresponding systematic review focused only on classifications
developed using more “classical” methods.

To update the recommendations for the classification of DFUs in the future, the IWGDF team sought
to conduct a systematic review focusing on the predictive abilities of models based on machine learning
techniques. Due to the inability to conduct it until the 2024 publications, this review was put on hold.
The Chair and Secretary of this group have invited me to update the search and develop the systematic
review. As a master’s student in Primary Healthcare and a Medical Resident in Family Medicine, | was
privileged to participate in this study.

Primary care must manage many interconnected and interdependent issues, which are, by definition,
complex. Some believe that artificial intelligence and machine learning may help manage such
complexity.® Therefore, this study allowed me to learn more about machine learming algorithms and
their ability to predict individual patients’ outcomes based on variables commonly used in clinical practice.
It is my conviction that these tools play an important part in changing how Primary Care providers

approach patients with DFU.



Introduction

Diabetes is a rapidly growing disease. Since 2000, the prevalence of diabetes has more than tripled,
reaching, in 2021, 10.5% of the adult population in the world.”

The increase in diabetes prevalence is associated with the rise of its related complications.?® Diabetes-
related foot ulceration (DFU), defined as a break in the skin of the foot that involves at least the
epidermis and part of the dermis’, is the most commonly recognised complication affecting the lower
extremities. The risk of a person with diabetes developing a DFU across their lifetime is around 19 to
34%.'" Approximately 20% of people who develop a DFU will require lower-extremity amputation
(LEA)'®, and 10% will die within one year of their first DFU diagnosis.'""'?

In the United States, foot complications contribute to $273 billion in direct costs and $90 billion in
indirect costs."* Apart from the impact of a DFU on mortality and healthcare costs, people with DFUs
also have a significantly lower health-related quality of life."*

The evaluation and prognosis of a DFU varies considerably according to person, limb and ulcer-related
characteristics. For that reason, classification and scoring systems were developed to create groups of
patients with similar characteristics to whom similar levels of care would apply. Furthermore, they can
be used to communicate wound and person characteristics between professionals, estimate an
individual's prognosis, help in clinical practice decision-making, and audit and compare populations.

A systematic review from the International Working Group on the Diabetic Foot (IWGDF) in 2023
found 28 different classification and scoring systems for DFUs.'> No gold standard exists, despite the
many classification and scoring systems available. Therefore, each system should be used according to
the intended purpose, available resources, expertise, and clinical setting. In the IWGDF 2023 updated
guidelines” several recommendations were made: SINBAD system (Site, Ischemia, Neuropathy, Bacterial
infection, Area and Depth) was recommended for communication between healthcare professionals
and clinical audits; IDSA/IWGDF (Infectious Diseases Society of America/Intemational Working Group
on the Diabetic Foot) was recommended for infected ulcers; and Wl (Wound, Ischemia, foot Infection)
was recommended for peripheral arterial disease (PAD) or for when resources and expertise are
available. No available classification and scoring system for individual prognostication was recommended.
Expert opinion and conventional statistical methods, such as linear regression and other generalised
linear models, have been used to develop classifications to help predicting in people with DFU their
clinical outcome.'®!” However, these methods lack in detail and do not capture the complex non-linear
relationships between risk factors and outcomes, compromising the classification systems’ predictive
ability.

Recent technological advances have allowed the use of machine learning (ML) strategies, a branch of
artificial intelligence, in healthcare. ML algorithms can use data from several sources, capture complex

patterns and thus may perform better than traditional models'®!”,

— especially in settings with high
variability.
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ML algorithms can be divided into four categories: supervised learning, unsupervised learning, semi-

supervised learning, and reinforcement learning??!

In supervised learing, the system infers a function
from labelled training data and a collection of training examples. The most common are classification
models (predict classes) and regression models (predict numerical values).”??! In unsupervised learning,
the system tries to discover the hidden structure of data or associations between variables without the
need for human interference, commonly using clustering and association.”%?! In semi-supervised learning,
there is a combination of supervised and unsupervised methods, and the system works with labelled
and unlabelled data’®?' In reinforcement learning, the system tries to learn through direct interaction
with the environment.??'

ML has been applied successfully to healthcare. A systematic review from Kavakiotis and colleagues
searched the applications of ML in diabetes research and found that most of the algorithms (85%) used
supervised approaches, usually when performing prediction tasks.”” When it comes to DFU care, a
systematic review by Tulloch and colleagues found multiple applications of ML, namely in classification,
image analysis and segmentation.”? However, this review focused on identifying the presence and type
of DFU but not predicting clinical outcomes in people with DFUs.

Our systematic review aimed to collect all the available evidence assessing the prognostic abilities of
ML-based models in predicting clinical outcomes in people with DFUs. We focused on the comparison
between models, their performance and discussed their applicability in the DFU care context. We hope
they can facilitate decision-making and debate the importance of integrating this type of model into daily

clinical practice worldwide.



Methods

This systematic review was conducted using the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analysis)** guidelines, and we used the AMSTAR (A MeaSurement Tool to Assess
systematic Reviews)? tool to verify if the most important aspects have been included in our systematic
review. We registered our review in the PROSPERO (International Prospective Register of Systematic

Reviews) database in July 2022 and updated in August 2023 under CRD42022308248.

Search strategy

We searched the MEDLINE database (PubMed), Scopus, Web of Science and IEEExplore in two phases.
In the first phase, we performed a search on 26 February 2022 to identify all studies published with no
beginning date until December 2021 (inclusive). In the second phase, we updated the search on |0
August 2023 to identify all studies published from January 2022 until July 2023 (inclusive). No restrictions
were applied.

Search queries are available in Supplementary Table |. To refine our query, we have used as "satellite"
some pertinent articles included in the systematic review from Tulloch and colleagues that addressed a
similar topic.?

Reference lists of the included articles and previous systematic reviews were reviewed to find additional
pertinent articles. Experts in the area were contacted to identify any other articles not identified by our
query, namely internal medicine physicians, vascular surgeons, endocrinologists, nurses, podiatrists, and

human movement scientists.

Inclusion and exclusion criteria
Studies were selected based on the PECO-S elements (population, exposure, comparator, outcome

and study type), as explained below.

Population
Articles were considered eligible if the population included at least 80% of adults with diabetes and a

foot ulcer or if a subgroup analysis of such participants was provided.

Exposure/comparator

We defined the exposure of interest as being classified at higher risk (exposure) or lower risk
(comparator) by any model developed using artificial intelligence techniques to predict outcomes by
assessing more than one patient, foot and/or ulcer characteristic.

We also investigated the association between the models' composing variables (i.e., each variable

included in the model) and the different outcomes.
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Outcomes
The authors selected the outcomes for the study using the list provided in the systematic review by
Dovell and colleagues as a foundation’®. Definitions of the outcomes were made according to the
document from the IWGDF”
Our primary outcome was wound healing: reaching intact skin, meaning complete epithelialisation
without any drainage of a previous foot ulcer site.
As secondary outcomes, we used the following:
a) lower-extremity amputation (LEA): resection of a segment of a limb through a bone or a joint;
b) hospitalisation: care in a hospital that requires admission as an inpatient and usually requires an
overnight stay;
c) length of stay: period of time in which a person is committed to a hospital;
d) health-related quality of life: a person's perceived physical and mental health;
e) survival: the state or fact of continuing to live or exist;
f) ulcer-free survival period/time: period of time in which a person is alive and without a foot ulcer;

g) LEA-free period: period of time in which a person is alive and without a LEA.

Study type
We included analytic longitudinal anterograde studies, meaning clinical trials and cohort studies. If a study
was presented as an abstract or poster, further searching was done to identify if it gave origin to a full

article. If not, the study was excluded.

Eligibility assessment and data extraction

Articles were included if they fulfilled all the eligibility criteria mentioned above.

The search was conducted in two phases. In both phases, the studies were reviewed independently by
two reviewers: Matilde Monteiro-Soares (MMS) and David Russell (DR) or Emma Hamilton (EH) in the
first phase, MMS and Manuel Alberto Silva (MAS) in the second phase. Studies were selected based on
their titles and abstracts in the first stage and the complete text of the articles in the second stage.
Divergent opinions were resolved by consensus. We used EndNote 20® to manage references and
identify duplicates. Subsequently, we used Rayyan QCRI? for the blind and independent selection of
references to be included in our systematic review. The proportion of agreement between the two
reviewers was calculated for each stage.

Data was extracted from each included study using a spreadsheet and summarised in tables that included
the following information: (i) article identification (namely authors, year of publication, country where
study was conducted), (i) methods (namely study design, inclusion of participants, sample size, follow-

up, context of study), (iii) model characteristics (namely purpose, methods for development, validation



conducted, variable definitions), (iv) outcome definition, and (v) results and analysis (namely participants'
age, type of diabetes, diabetes duration, gender, measures and statistical methods used).
Data was extracted by one reviewer (MAS) and confirmed by a second reviewer (MMS). Divergent

opinions were solved by consensus.

Risk of bias

The risk of bias was assessed using the Cochrane Risk-of-Bias (RoB 2) tool”® for randomised trials for
impact analysis. If a study had a low risk of bias in all five domains, it was classified as at low risk of bias;
if some concerns exist in at least one domain without any domain with a high risk of bias, it was classified
as with some concerns; and if at least one domain has high risk of bias or some concerns exist for
multiple domains, it was classified as at high risk of bias.

For observational longitudinal studies of clinical prognosis, both the Quality In Prognosis Studies (QUIPS)
tool”” and the Prediction model Risk Of Bias ASsessment Tool (PROBAST)*® were used. In the case of
QUIPS, we evaluated the studies according to five of the six proposed domains. We considered that
the study confounding domain was not pertinent as the present paper aims to study the association
between variables and outcomes regardless of a causal relationship. Thus, this domain was classified as
low risk in all studies. Overall, if a study had a low risk of bias in the six domains, it was classified as being
at very low risk of bias, in four to five domains as low risk of bias, and in three or fewer domains as high
risk of bias. In the case of PROBAST, if a prediction model had a low risk on all domains relating to bias
and applicability, it was classified as at low risk of bias or low concern regarding applicability; if a model
had a high risk for at least one domain, it should be classified as having high risk of bias or high concem
regarding applicability; if a model had unclear risk in one or more domains and had low risk in the
remaining domains, it may be classified as having unclear risk of bias or unclear concern regarding
applicability.

Two reviewers (MMS and MAS) assessed the risk of bias. Divergent opinions were resolved by

consensus. The proportion of agreement between the two reviewers was calculated.



Results

Search results

In the first phase, we retrieved a total of 1950 references after removing the duplicates. A total of 90

references were selected in the first stage (title and abstract screening), with a proportion of agreement

of 95% among the assessors (MMS, DR and EH). After the second stage (full-text screening), with an

agreement of 98%, four references were included in our systematic review.

In the second phase (update of search), we retrieved 462 additional references. A total of 81 references

were selected in the first stage, with a proportion of agreement of 90% between the two assessors

(MMS and MAS). After the second stage, we included seven additional references in our systematic

review, with an agreement of 98%. From searching the references of previous reviews (systematic or

not), of included studies, and from contacting experts, we retrieved an additional two references. Thus,

we included |3 references corresponding to | | studies (see Figure I).

Identification of references via databases and registers

Identification of references via other methods

Identification

First phase

Records identified from:
Pubmed: 1447
Web of Science: 115
Scopus: 805
IFEEExplore: 148
[22+21+36+11+58)

Update phase

Records identified from:
Pubmed: 295
‘Web of Science: 120
Scopus: 256
IFEEExplore: 61
[21+3+8+14+15)

Records removed before
SCTEEnNing:

Duglicate records in the
first phase {n=365)
Duplicate records in the
secend phase (n =270}

l

Screening

Records screened
First phase {n=1250)
Update phase (n = 462)

Records excluded
First phase {n= 1860)

A

Update phase (n = 381)

Reperts sought for retrieval
First phase {n =80}
Update phase (n=81)

Reports not retrieved

First phase (n= 3
Update phase (n=1)

l

Repeorts asseszed for eligibility
First phase (n=87)
Update phase (n = 80}

Reports excluded
First phase (n = 83)

Duplicates (n=3)

Included

References included in review
First phase (n=4)

Update phase (n=7)
Additional references (n=2)

Mot classification systems (n=7)

Different population (n=13)

Different outcome (n=53)

Different study design (n=7)
Update phase (n=73)

Duplicates (n=1)

Mot classification systems (n=19)

Different population (n=7)

Different outcome [n = 35)

Different study design (n=21)

Additional
references (from

list) (n=2)

experts’ advice and
articles reference

Figure 1. Articles' selection process.



Studies' design, setting and population

We have included studies published between 2016 and 2023, conducted in five countries: the United
States (n=5, 45%),*'*> China (n=3, 27%),** Germany (n=1, 9%),"*! Poland (n=1, 9%),* and India
(n=1, 9%).® Eight studies (73%) were retrospective cohorts*'**3¥** and three were prospective

34,36,39-43

cohorts?*4%4 Six studies (55%) were single-centre, with sample sizes ranging from 46 to 618

3133353738 gnd had a sample size varying

participants {(median of 201), while five studies were multicentre,
from 204 to 88,898 participants (median of 53,354).

We have separated the results by the clinical outcome (wound healing, LEA, mortality and
reintervention) and organised the studies included in each table (Table | to 4) by a higher stage of
development (meaning external validation, internal validation or derivation only), study design with less
risk of bias (meaning prospective cohort, or retrospective cohort study), multicentre versus single centre,

and larger sample size.

Prediction models' characteristics by clinical outcome

Wound healing

%)3+34353742 ysed wound healing as an outcome with some variations (see

A total of five papers (38
Table 1): two studies’*** evaluated wound healing; one study assessed delayed wound healing®; one
study evaluated hard-to-heal wound®; and one study™ evaluated wound healing failure. Follow-up
periods for the mentioned outcomes ranged from four to |6 weeks, while one study** did not explicitly
define any period of time for measuring the outcome.

Four studies®***3"*2 included only DFUs, with a total of 846 participants. Jung et al** included several
types of wounds, with 6,055 (4% of the overall sample) being neuropathic DFUs and provided a
subgroup analysis. The incidence of wound healing varied from 35.1 to 78.8%. Regarding hard-to-heal
wounds and wounds with delayed or failed healing, the incidence ranged from | 1.6 to 66.0%.

A median of 35 clinical variables per study were assessed for model construction. Final models included
between four and 865, with a median of 10 variables per study, distributed across four categories:
demographic characteristics, medical history, laboratory data and foot-related characteristics (see
Supplementary Table 2). Kim et al** also included image-based characteristics retrieved from
photographs through the user's subjective observation and deep learning techniques. The most
commonly included were wound area (n=4, 80%), gender (n=3, 60%) and C-reactive protein (CRP)
(n=3, 60%).

Regarding ML methods, four studies (80%)**3>%/*? employed multiple techniques simultaneously. The
most applied ML method was random forest (RF), which was used in four studies (80%), followed by
support vector machine (SVM) and least absolute shrinkage and selection operator (LASSO) regression,

which was used in two studies each (40%).



Overall, across the five papers, 20 prediction models were created. Missing data was excluded in two

33/ and was not reported in one study.”” One study®” reported the existence of missing values

studies
but not the approach to handle them, and one study** used imputation with a k-NN algorithm. As for
model validation, every study used internal validation processes. Calibration was evaluated in two

studies???

using the Hosmer-Lemeshow test and Brier score, and discrimination accuracy was assessed
by several measures including the area under the curve (AUC). Reported AUCs in model testing ranged
from 0.636 to 0.864. The model which showed apparent better discrimination was developed in the
study by Wang and colleagues,®’ using 10 clinical variables and the naive Bayesian classifier. However,

95% confidence intervals (Cl) were never reported.



Table |. Characteristics of the included studies organized by model development stage, study design, setting and sample size: wound healing as outcome.

Study design, setting

Reference and follow-up

Study population and
characteristics

Development/ validation

Primary and

Variables assessed
secondary outcomes

Results

Comments

Prospective cohort
Multicenter
4 wound care centers in
USA

Inclusion period: NR

Follow-up period: 16
weeks
Margolis,
2022

n = 204 people with plantar
DFU

n=1 (0.5%) lost to follow-up
n=2 (1.0%) insufficient follow

up

Mean age: 58 years
73% male
Mean diabetes duration: |18
years

Inclusion criteria: adult-onset
DM; DFU on the plantar
aspect of the foot eligible for
standard care; adequate
arterial flow for healing; > 40
years at the time of DFU
diagnosis

Development (train):
LASSO regression model
Hosmer-Lemeshow statistics

Internal validation (test):
| O-fold cross-validation

26 variables assessed; 4 variables ~ Wound healing at 16
included in the model weeks
wound duration, wound area,
BMI, adequate arterial flow

35.1% healed

AUC: 07212

Inclusion period NR

Missing values reported, but approach
NR

Information provided does not allow
model application

95% Cl not reported

No external validation

Prospective cohort
Single center
University hospital in
Poland

Inclusion period: February

2018 to March 2019

Follow-up period: 3
months

Poradzka,
20234

n = 164 consecutive people
admitted with DFU (with 199
feet with DFU)

Mean age: 6| years
75% male
Mean diabetes duration: 17
years

Inclusion criteria: people
admitted with at least one
DFU (according to IWGDF

definitions)

Exclusion of n=13 (7.3%)
2 did not agree to take part in
study
2 withdrew consent
2 lost to follow-up
7 died during the follow-up

Development (train):
Artificial neural network (70%
for teaching and 15% for
validating of sample randomly

Logistic regression

Internal validation (test): 15%
of sample randomly selected

35 variables tested in univariate Healing failure (versus
or multivariate analysis, reducing  complete healing with or
the group to 6 (based on without LEA)
significance): probe-to-bone
test, ESR, CRP, foot skin
temperature, DFU area, DFU
duration

Added to the model (based on
previous study):
prior amputation, presence of
blood flow in the Doppler
probe, ABI

66% of ulcers without
complete healing

ANN
AUC: 0.85
Accuracy: 82.9%
Sensitivity: 91.6%
Specificity: 66.2%
PPV: 84.5%
NPV: 80.4%

Fl score: 87.9%

Logistic regression
Teaching
AUC0.73
Testing
AUC 0.67

Single center study
Analysis by limb and not person

n=4 healed after minor LEA and were
included in the healed success group

No missing values reported
Excluded lost to follow-up
Logistic regression model not provided
No external validation
95% Cl not reported

No calibration measures reported
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Development (train):

865 predictors which sum up in

|'1.6% delayed wound

Delayed wound healing
healing

52 main variables: (=15 weeks to closure)

Retrospective

Follow-up period not clear

Retrospective cohort
Multicenter
68 Healogics wound care
centers in USA

Inclusion period: 2009 to
2013

Follow-up period: mean
52 days

Jung, 2016%°

n= 6055 neuropathic DFUs
(4% of overall sample)

Mean age: 66 years
53% male
Mean diabetes duration: NR

80% of overall sample

LASSO regression; random
forest; gradient boosted tree

Calibration:
Brier reliability of 0.00018

Internal validation (test)
20% of overall sample

Best was gradient boosted

centre code, gender, age,
tree (only one reported)

palliative care, complex care,
area™®, length*, width*, depth,
grade, thickness, temperature,
exudate, margin, epithelization,
tunnelling, undermining,
exposed bone, exposed joint,
exposed muscle, exposed
tendon, brawny induration,
oedema, excoriation, callus,
crepitus, fluctuance, friable, rash,
atrophy blanche, cyanosis,
ecchymosis, erythema,
hemosiderosis, pallor, rubor,
tenderness on palpation, slough,
delayed recurrence, result of
accident, wound recurrence,
clustered wound, pending
amputation on presentation,
granulation quality, granulation
amount, primary insurance,
number of wounds, duration of
care, previous wound count,
ICD9 codes, wound type,
wound location

AUC: 0.823

(all variables were collected at
onset of care; variables with
asterisks were collected at onset
of care and | week later)

Patients lost to follow-up were
excluded

Only 14% of wounds DFUs and only
for neuropathic DFUs (4%) exists
subgroup analysis without stratification
in random split sample

Not clear of number of people with
neuropathic DFU

Calibration measures only for overall
sample

Outliers and missing values were
excluded

No external validation

95% Cl not reported

21




Wang, 2022a°7

Retrospective cohort
Multicenter
2 tertiary hospitals in
eastern China

Inclusion period: January
2018 to December 2019

Follow-up period: NR

n = 362 people with DFU

> 63 years
719% male
>|2 years duration

Inclusion criteria: | 8-89 years,
University of Texas Grade 3
DFU

Exclusion criteria: tumour-
induced ulcers; previous major
LEA; abandoned treatment;
had incomplete information

Development (train):
70% of sample randomly
selected

6 different models
General linear regression
Naive Bayesian
Support vector machine
Random forest
k-nearest neighbour
Adaptive boosting

Internal validation (test):
30% of sample randomly
selected

21| variables assessed

10 variables selected:

6 selected after univariate
regression analysis (sex,
random blood glucose, diabetic
retinopathy, peripheral arterial
disease, smoking history, and
CRP); 4 selected based on
literature and experience
(insulin use, wound area, serum
albumin, and serum creatinine)

Hard-to-heal DFU (PAR 54% hard-to-heal DFU

< 50% by week 4)

Retrospective

Those lost to follow-up and with
missing values were excluded

Adaptive boosting
Accuracy: 0.713
PPV: 0.63
Sensitivity: 0.674
FI score: 0.667
AUC: 0.804

95% Cl not reported
No calibration measures reported
General linear regression No external validation
Accuracy: 0.750
PPV: 0.654

Sensitivity: 0.79

FI score: 0.68

AUC: 0.826

K-nearest neighbor
Accuracy: 0.713
PPV: 0611
Sensitivity: 0.767
FI score: 0.688
AUC: 0817

Naive Bayesian (model
https://predicthardtoheal.az
urewebsites.net)
Accuracy: 0.750
PPV: 0.629
Sensitivity: 0.907
Fl score: 0.744
AUC: 0.864

Random forest
Accuracy: 0.722
PPV: 0.6 14
Sensitivity: 0.814
FI score: 0.66
AUC: 0.827

Support vector machine
Accuracy: 0.759
PPV: 0.660
Sensitivity: 0.8 14
FI score: 0.694
AUC: 0819
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Retrospective cohort
Single-center
Podiatry and wound clinic
USA

Inclusion period: Nov
2014 to Jul 2017

Follow-up period: NR

Kim, 20203

n = 113 people with DFU
(208 DFU)

Mean age: >58.5 years
9% male not clear
Mean diabetes duration: NR

Exclusion criteria: previously
infected DFU resulting in
complete epithelization;

previously DFU marked as

healed that re-ulcerated at

same location; DFU without
image at initial visit

42 people (173 DFU)
excluded

Development (train):
75% of sample
random forest and support
vector machine

Internal validation (test):
25% of sample
3-fold cross-validation and
grid-search

2133 Image features (DFU
manually segmented from
photographs): 85 hand-crafted
image features (colour and
texture) plus 2048 deep
learning-based features
(extracted from the GAP layer
of ResNet50)

48 clinical variables:
wound length, width, depth;
foot, age, sex, ethnicity, CCl,

diabetic retinopathy, lymphocyte
count, HbAI ¢, albumin, pre-
albumin, CKD stage coded,
CRP, ESR, infection, probe-to-
bone test, X-ray, MRI
performed, Tc99 performed,
dorsalis pedis pulse measured,
posterior tibial pulse measured,
ankle systolic pressure
measured, toe systolic pressure
measured, TcPO,, BSA, BMI,
TCC, offload,
immunosuppressants, oral
steroids, antihypertensives, oral
hypoglycemics, canaglifiozin,
insulin, heparin, allopurinol,
NSAIDs, aspirin, warfarin, Xa
inhibitors, race, University of
Texas stage, grade

Healing (healed or not
healed)

78.8% of DFU healed

Models built with all
available features
Development
Random forest
AUC: 0.734
Accuracy: 0.81 1
PPV: 0.828
Sensitivity: 0.923
F1:0.873

Support vector machine
AUC: 0.734
Accuracy: 0.81'1
PPV: 0.828
Sensitivity: 0923
FI:0.873

Validation
Random forest
AUC: 0.691
Accuracy: 0.671
PPV: 0.743
Sensitivity: 0.823
FI:0.777

Support vector machine
AUC: 0.735
Accuracy: 0.726
PPV: 0.780
Sensitivity: 0.854
FI:0.814

Models built only with
image features
Development
Random forest

AUC: 0.760
Accuracy: 0.81 1
PPV: 0.852
Sensitivity: 0.885
Fl:0.868

Support vector machine
AUC: 0.794
Accuracy: 0.784
PPV: 0909
Sensitivity: 0.769
FI1:0.833

Validation
Random forest

Retrospective
Single-center study
Patient follow-up period NR
High rate of patient exclusion
Those lost to follow-up were excluded

Not described how sample was split
for train and test

95% Cl not reported
Correspondence between people and
DFU not explained or if analysis by
DFU

No calibration measures reported

No external validation
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AUC: 0.683
Accuracy: 0.646
PPV: 0.795
Sensitivity: 0.67 |
Fl:0.727

Support vector machine
AUC: 0.691
Accuracy: 0.561
PPV: 0.840
Sensitivity: 0471
Fl:0.600

Models built only with
clinical features
Development
Random forest
AUC: 0.636
Accuracy: 0.784
PPV: 0.765
Sensitivity: 1.000
Fl:0.867

Support vector machine
AUC: 0.657
Accuracy: 0.703
PPV: 0.800
Sensitivity: 0.769
FI:0.784

Validation
Random forest
AUC: 0.693
Accuracy: 0.707
PPV: 0.757
Sensitivity: 0.875
F1:0.805

Support vector machine
AUC: 0.701
Accuracy: 0.591
PPV: 0810
Sensitivity: 0.567
Fl:0.652

Models built only with deep
learning features
Development
Random forest
AUC: 0.670
Accuracy: 0.757
PPV: 0.793
Sensitivity: 0.885
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F1:0.836

Support vector machine
AUC: 0670
Accuracy: 0.757
PPV: 0.793
Sensitivity: 0.885
FI:0.836

Validation
Random forest
AUC: 0.692
Accuracy: 0.720
PPV: 0.764
Sensitivity: 0.880
F1:0.815

Support vector machine
AUC: 0.726
Accuracy: 0.707
PPV: 0.737
Sensitivity: 0.912
FI: 0813

Random forest + support
vector machine models
with imaging features alone
outperformed models
trained with deep learming-
based features alone (p =
0013)

Support vector machine
models trained with imaging
features alone
outperformed models with
clinical features alone (p =
0.031)

ABI: ankle-brachial index; ANN: artificial neural network; positive predictive value; AUC: area under the curve; BMI: body mass index; BSA: body surface area; CCl: Charlson comorbidity index; Cl: confidence interval; CKD:
chronic kidney disease; CRP: C-reactive protein; DFU: diabetic foot ulcer; DM: diabetes mellitus; ESR: erythrocyte sedimentation rate; GAP: global average pooling; ICD-9: Intemational Classification of Diseases, 9th
Revision; IWGDF: Intermational Working Group on the Diabetic Foot; LASSO: least absolute shrinkage and selection operator; LEA: lower extremity amputation; MRI: magnetic resonance imaging; NPV: negative predictive
value; NR: not reported; NSAIDs: non-steroidal anti-inflammatory drugs; PAR: percent area reduction; ResNet50: residual network 50; Tc99: technetium-99 bone scan; TCC: total contact cast use; TCPO»: transcutaneous
oxygen pressure; USA: United States of America.
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Lower extremity amputation

Seven articles (54%)3!3336384143 had |LEA as outcome (see Table 2). One study (14%) focused on major
LEA®!, another study (14%) on minor LEA® and four studies (57%) assessed simultaneously two
different types of LEA (minor and major, and major and any).*****%4! The remaining papers focused on
any form of amputation. The follow-up period for determining LEA occurrence ranged from six to 12

31363837 did not mention a predefined follow-up period for determining the

months; four studies
outcome.

A total of 417,315 people with diabetes were included. The incidence of major LEA ranged from 5.9 to
12.2%, whereas of minor LEA ranged from | 1.5 to 20.7%. Concerning any form of LEA, the incidence
varied from 1.6 to 31.6%.

A median of 2| clinical variables per study were assessed for model construction. Final models included

between seven and 37, with a median of |0 variables per study. Du et al.¥

only reported the most
relevant variables to model construction, so only those were accounted for. The most frequent variables
were age (n=5, 71%), and gender, diabetes duration, smoking history, haemoglobin Alc, creatinine,
albumin and random blood glucose (all n=3, 43%) (see Supplementary Table 3).

Regarding ML techniques, four studies (57%) employed multiple techniques simultaneously,®#*33% The
most used ML method was RF, which was used in four studies (57%).3333837

Overall, across the seven papers, 27 prediction models were created. Missing data was inappropriately

31,38

handled in two studies,”'~® and was not reported in the remaining studies. As for model validation, every

),"941 used internal validation processes. Calibration was

study, apart from one (that led to two articles
evaluated in two studies®*® using the McFadden R? isotonic regression and Brier score, and
discrimination accuracy was assessed through AUC in five papers.?'3%3#4! Reported AUCs ranged from
0.60 to 0.90. The model which showed apparent better discrimination ability was developed in the study
by Xie and colleagues®, using 37 clinical variables and a Light Gradient Boosting Machine (Light GBM).
One study reported an accuracy of 94%™, and one study® only reported an out-of-bag error rate, which
varied from 31 to 63%. Kaskebar et al. and Husers et al. reported 95% Cl, allowing comparisons between

models.
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Table 2. Characteristics of the included studies organized by model development stage, study design, setting and sample size: lower extremity amputation as outcome.

Study design, setting

Study population and

Primary and

Reference L Development/ validation Variables assessed Results Comments
and follow-up characteristics secondary outcomes
Retrospective cohort n = 326,853 people admitted Development (train): 39 variables tested, only 19 with Major LEA 5.9% major LEA Retrospective

Multicenter
National Inpatient Sample
database from
community hospitals in
USA

Inclusion period: 2008 to
2014

Stefanopoulos, Follow-up period
2022° Mean LoS of 7.3 (£7.5)
days on no LEA group
and 129 (£10.5) days on
LEA group

Mean age: >62 years 36%

Mean diabetes duration: NR

Exclusion criteria: NR

CTREE with LASSO
regression + random forest
analysis
70% of sample randomly
selected

Internal validation (test):

30% of sample randomly

selected + boosting (10
unique 5x boosted data sets)

OR provided:
Gangrene, septic shock,
peripheral vascular disease,
weight loss, septicemia,
systematic infection, anemia, age
2 40, bacteremia, elective
procedure, osteomyelitis,
leukocytosis, paralysis, renal
failure, depression, male,
congestive heart failure,
hypertension, urinary tract
infection, smoking

Top 5 contributing variables
(p<0.001):
gangrene, osteomyelitis,
systemic infection, peripheral
vascular disease and weight loss

5- and |0- variables model
Unboosted and boosted
Train
Accuracy 78 %
Sensitivity 76 %
Specificity 79 %

Test
Accuracy 78 %
Sensitivity 76 %
Specificity 79 %

AUC 0.84

Random forest
Train and boosted
Accuracy 78 %
Sensitivity 76 %
Specificity 80 %
Boosted
AUC 0.83

Patient follow-up period NR

Those with missing values or died
during follow-up were excluded

Only included risk factors with ICD-9
code entry

95% Cl mostly not reported
No external validation
No calibration measures reported

Final interactive model available on:
https://grenut.shinyapps.io/amputation/

Retrospective cohort
Multicenter
Fee-for-service Medicare
database, USA

Inclusion period: 2015

Follow-up period: 6
months

Austin, 20223

n = 88,898 people with DFU

Mean age: 77 years
Mean diabetes duration: NR

Inclusion criteria: newly
diagnosed with concomitant
PAD and diabetes; USA
residents; age between 65
and 95; Medicare beneficiaries
for | year following index
date (first claim containing first
diabetes-related ICD-9 or 10
code); ulcer diagnosis during
first 6 months of the index
year; outcome-free (alive, no
reinterventions or
amputations) for at least 6
months after index date

Development (train):

2/3 of sample
Logistic regression; random
forest, using a data set
randomly divided into training
(2/3) and testing (1/3) groups

Calibration of logistic
regression model: McFadden
R2

Internal validation (test)
173 of sample

9 variables tested
Charlson comorbidity index,
sex, race, age at diagnosis,
Medicare-Medicaid dual-
eligibility status, urban/rural
indicator, HbA I ¢, foot exam,
vascular imaging study

LEA (both minor and

LEA rate was |.6%
major)
Logistic regression
McFadden R%
LEA: 0.071

Out-of-bag error rate:
LEA: 63%

Random forest
Out-of-bag error rate:
LEA: 31%

Retrospective
Insurance based database
No missing values reported
Excluded lost to follow-up

Information provided does not allow
model application

Not described how sample was split
for train and test

No external validation

Calibration measures reported only for
logistic regression model

95% Cl not reported
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Retrospective cohort
Multicenter
2 tertiary hospitals in
eastern China

Inclusion period: January
2018 to December 2019

Follow-up period: NR

Wang,
2022b%

n = 362 people with DFU

> 63 years
719% male
>|2 years duration

Inclusion criteria: | 8-89 years,
University of Texas Grade 3
DFU

Exclusion criteria: tumour-
induced ulcers; previous major
LEA; abandoned treatment;
had incomplete information

Development (train):
70% of sample randomly
selected

5 different models
(logistic regression; random
forest; decision tree; support
vector machine; and
XGBoost), using a data set
randomly divided into training
(70%) and testing (30%)
groups; SMOTE method was
used to solve the imbalance
between non-LEA and minor
LEA groups

Internal validation (test):

30% of sample randomly

selected; |10-fold cross-
validation

21| variables assessed

9 variables selected by
univariate analysis
random blood glucose, years of
diabetes, cardiovascular disease,
peripheral arterial disease,
smoking history, albumin,
creatinine, CRP and DFU history

Minor LEA 20.7% minor LEA Retrospective
For minor LEA (after
SMOTE):
Decision tree
Accuracy: 0.744
PPV: 0.828
Sensitivity: 0.616
Fl score: 0.707
AUC: 03813

Those lost to follow-up and with
missing values were excluded

95% Cl not reported
No calibration measures reported
No external validation

Random forest
Accuracy: 0.797
PPV: 0.823
Sensitivity: 0.756
FI score: 0.788
AUC: 0.857

Logistic regression
Accuracy: 0.640
PPV: 0.640
Sensitivity: 0.640
FI score: 0.640
AUC: 0.739

Support vector machine
Accuracy: 0.663
PPV: 0.689
Sensitivity: 0.593
FI score: 0.638
AUC: 0.767

XGBoost (model available
at
https://dfuprediction.azurew
ebsites.net/)
Accuracy: 0.814
PPV: 0.846
Sensitivity: 0.767
FI score: 0.805
AUC: 0.881
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Retrospective cohort
Single-center
University Hospital in
China

Inclusion period: 2009 to
2020

Follow-up period: NR

n = 618 people admitted with
DFU

Mean age: 66 years
62% male
Mean diabetes duration: 10
years

Exclusion criteria: <|8 years;
patients
who died before hospital
discharge; patients who
underwent LEA before being
referred to the hospital;
patients who were referred to

Development (train):
LightGBM
60% of sample randomly
selected

Calibration:
Isotonic regression + Brier
score

Internal validation (test):
5-fold cross validation
20% of sample randomly
selected

SHAP algorithm for model

37 variables included in the
model:
Age, sex, body mass index,
diabetes duration, smoking
history, pre-hospital delay,
hypertension, coronary heart
disease, heart failure, cerebral
infarction, diabetic neuropathy,
diabetic retinopathy, diabetic
nephropathy, peripheral vascular
disease, arterial occlusion,
gangrene, prior DFU, prior
amputation, HbA | C, random
blood glucose, white blood cell,
percentage of neutrophils,

Minor LEA and major
LEA major LEA

Overall:
AUC: 090
Sensitivity: 87.1%
Specificity: 74.4%
NPV: 79.7%
PPV 86.3%
Brier score: 0.086

Non-LEA:
AUC: 090
Sensitivity: 95.0%
Specificity: 69.6%

| 1.5% minor LEA, 7.6%

Retrospective
Single-center study
Patient follow-up period NR
No missing values reported

Information provided does not allow
model application

95% Cl not reported

No external validation

Xie, 20213¢ other medical institutions explanation hemoglobin, serum potassium, NPV: 76.2%
during the treatment period serum sodium, serum creatinine, PPV 93.2%
serum albumin, total cholesterol,
triglyceride, LDL-C, HDL-C, Minor LEA:
antihyperglycemic drugs, insulin AUC: 0.86
use, Wagner classification Sensitivity: 64.3%
system, WIfl classification system Specificity: 94.5%
(wound; ischemia; foot NPV: 95.4%
infection) PPV 60.0%
Major LEA:
AUC: 0.85
Sensitivity: 33.3%
Specificity: 97.3%
NPV: 94.9%
PPV 50.0%
Retrospective cohort n = 301! people admitted due Development (train): 21 variables: LEA 27.6% LEA Retrospective
Single-center to DFU n=250 diabetes treatment, duration of
Hospital in India C5.0 (decision tree algorithm)  leg symptoms, treatment for leg Single C5.0 Tree Single-center study
Mean age: NR symptoms, history of regular Decision tree
Inclusion period: Jun 201 | Male: NR Internal validation (test): smoking, history of regular If absent or monophasic Baseline characteristics NR
to Jun 2013 Mean diabetes duration: NR n=5I alcohol intake, other peripheral flow — high risk
comorbidities, age, sex, weight, of LEA No missing values reported
Follow-up period: | year Inclusion criteria: lower Wagner classification, blood If normal, triphasic, or
extremity ulcer, diabetes haemoglobin, serum creatinine, biphasic grade DFU with  Those lost to follow-up were excluded
blood prothrombin time, serum Wagner
Kasbekar, Exclusion criteria: those albumin, serum bilirubin, Those with grade 4 and 5 — No calibration measures reported
20174 died, or lost to follow-up random blood glucose level, high risk of LEA

HbAIC levels, x-ray of the
affected foot, pus culture and
sensitivity examination of the
wound, flow through arterial

Doppler, length of stay

Development
Accuracy: 96%
Validation
Accuracy: 94%

Boosted C5.0 Tree

Ensemble

(using |7 variables)

Accuracy: 96%

(95% Cl: 0.865 — 0.995)

No external validation
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Retrospective cohort
Single center
University hospital in
China
Inclusion period: Pre-
lockdown January to June
2019 and post-lockdown
January to May 2020

Follow-up period: NR

Duy, 2021%

n = 46 people admitted with
DFU (23 +23)

Mean age: >66 years
76% male
Mean diabetes duration: >1 |
years

Inclusion criteria: DFU with
IWGDF guidelines diagnostic
criteria; WIfl grade |-3, class
|-3 ischemia, and class |-3
infection requiring emergency
admission

Development (train) (=10
without outcome and 3 with
outcome randomly selected):

6 different models
logistic regression
support vector machine
random forest
GBDT
artificial neural network
XGBoost

Internal validation (test) (n=8

without outcome and 2 with

outcome randomly selected):
3-fold cross-validation

31 variables tested, being the
variables with more weight

Age, diabetes duration, diabetes
treatment, nephropathy,
education level, smoking pack-
years, HDL, WBC, blood
potassium, blood sodium, pre-
hospital delay, WIfl wound,
Ischemia

LEA

LEA not reported

Logistic regression
AUC: 0.76
Accuracy: 0.70
Sensitivity: 0.33
Specificity: 0.86
PPV: 0.50
NPV: 0.75

Support vector machine
AUC: 0.60
Accuracy: 0.70
Sensitivity: 0.00
Specificity: 1.00
PPV: 0.00
NPV: 0.70

Random forest
AUC: 0.67
Accuracy: 0.80
Sensitivity: 0.67
Specificity: 0.86
PPV: 0.67
NPV: 0.86

GBDT
AUC: 0.67
Accuracy: 0.70
Sensitivity: 0.33
Specificity: 0.86
PPV: 0.50
NPV: 0.75

XGBoost
AUC: 0.86
Accuracy: 0.80
Sensitivity: 0.67
Specificity: 0.86
PPV: 0.67
NPV: 0.86

Artificial neural network
AUC: 0.71
Accuracy: 0.70
Sensitivity: 0.33
Specificity: 0.86
PPV: 0.50
NPV: 0.75

Retrospective
Single-center study
Patient follow-up period NR
Small sample

Models for LEA different between pre-
and post-lockdown

No missing values reported
95% Cl not reported
No calibration measures reported

No external validation
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Prospective cohort n = 237 participants with Development (train): 7 variables included in the Major LEA 12.29% major LEA Single-center study
Single-center DFU Bayesian logistic regression model Any LEA 31.6% LEA
Wound care center in model Age, gender, PEDIS system No missing values reported
Germany n=16 (6%) lost to follow up classification composing Major LEA:
variables (perfusion status, ulcer Cut off 0.28 (95% HDI0.16  Information provided does not allow
Inclusion period: I June Mean age: 66 years extent, ulcer depth, infection -041) model application
2013 to It July 2019 84% male status and foot sensation) AUC: 0.80 (95% HDI 0.78
Mean diabetes duration: NR —0.80) Outcome defined using ICD-9 codes
Follow-up period: 6 Sensitivity: 83% (95% HDI
months Exclusion criteria: other 719% — 93%) No calibration measures reported
. wounds (e.g.: venous or
Husers, 2020

Specificity: 66% (95% HDI
53% — 77%) No validation
With no prior information:
AUC: 0.765 (95% HDI
0.725-0.779)

and 20224041 arterial leg ulcers)

Any LEA, no prior
information:
AUC: 0.793 (95% HDI
0.778-0.801)
Any and major LEA, prior
information: AUC: 0.790
(95% HDI 0.774-0.802)

AUC: area under the curve; Cl: confidence interval; DFU: diabetic foot ulcer; GBDT: gradient boosted decision trees; HbA | c: hemoglobin Alc; HDI: highest density intervals; HDL-C: high-density lipoprotein-cholesterol;
ICD-9: Intemational Classification of Diseases, 9th Revision; IWGDF: Intermnational Working Group on the Diabetic Foot; LASSO: least absolute shrinkage and selection operator; LDL-C: low-density lipoprotein-cholesterol;
LEA: lower extremity amputation; Light GBM: light gradient-boosting machine; LoS: length of stay; NPV: negative predictive value; NR: not reported; OR: odds ratio; PAD: peripheral arterial disease; PEDIS: perfusion, extent,

depth, infection, and sensation; PPV: positive predictive value; SHAP: shapley additive explanations; SMOTE: synthetic minority oversampling technique; USA: United States of America; WBC: white blood cell count; WIAl:
wound, ischemia, and foot infection; XGBost: extreme gradient boosting.
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Mortality

Mortality was defined as an outcome in two articles (15%)**%, and, in one of them™, it was measured
after six months (see Table 3). A total of 88,944 persons were included. The mortality rate varied from
4.5 1o 17.4%.

The final models included a median of 10 variables per study, with Du et al.”

only describing the most
relevant variables for model construction. The only repeated variable was age (n=2, 100%) (see
Supplementary Table 4).

Both studies used multiple ML techniques including logistic regression (LR) and RF in their analysis.
Overall, eight prediction models were created. Neither of the studies reported missing data. Both studies
used processes of internal validation. Calibration was evaluated in one study using the McFadden R?, and
discrimination accuracy was assessed, by one paper”, using the AUC, with reported values ranging from

0.56 to 0.94. The other paper® only reported out-of-bag error rate varying from 30 to 68%.

Reintervention

The necessity of reintervention was used as an outcome in one study,*® and was measured after six
months (see Table 4). A total of 88,898 subjects were included in this study, presenting a reintervention
rate of 3.6%.

Two prediction models were created using nine variables, using LR and RF. Missing data was not
reported, and internal validation was used. Calibration was assessed using the McFadden R% Out-of-bag

error rate varied from 36 (RF) to 60% (LR).
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Table 3. Characteristics of the included studies organized by model development stage, study design, setting and sample size: mortality as outcome.

Reference Sillel) Gl Xy Sy popula_thn e Development/ validation Variables assessed Bl el Results Comments
and follow-up characteristics secondary outcomes
Retrospective cohort n = 88,898 people with DFU Development (train): 9 variables tested Death Mortality rate was 4.5% Retrospective
Multicenter and PAD 2/3 of sample Charlson comorbidity index,
Fee-for-service Medicare Logistic regression; random sex, race, age at diagnosis, Logistic regression Insurance based database
database, USA Mean age: 77 years forest, using a data set Medicare-Medicaid dual- McFadden R%0.046
53 % female randomly divided into training eligibility status, urban/rural No missing values reported
Inclusion period: 2015 Mean diabetes duration: NR  (2/3) and testing (1/3) groups  indicator, HbA I ¢, foot exam, Out-of-bag error rate:68%
vascular imaging study Excluded lost to follow-up
Follow-up period: 6 Inclusion criteria: newly Calibration of logistic Random forest
months diagnosed with concomitant  regression model: McFadden Out-of-bag error rate: 30%  Information provided does not allow
PAD and diabetes; USA R? model application
Austin, 20223 residents; age between 65
and 95; Medicare beneficiaries Internal validation (test) Not described how sample was split
for | year following index 173 of sample for train and test
date (first claim containing first
diabetes-related ICD-9 or 10 No external validation
code); ulcer diagnosis during
first 6 months of the index 95% Cl not reported
year; outcome-free (alive, no
reinterventions or
amputations) for at least 6
months after index date
Retrospective cohort n = 46 people admitted with ~ Development (train) (n=10 31 variables tested, being the Mortality Mortality 0% pre- vs. 17.4% Retrospective

Single center
University hospital in
China
Inclusion period: Pre-
lockdown January to June
2019 and post-lockdown
January to May 2020

Follow-up period: NR

Du, 2021%

DFU (23 + 23)

Mean age: >66 years
76% male
Mean diabetes duration: >1 |
years

Inclusion criteria: DFU with
IWGDF guidelines diagnostic
criteria; WIfl grade 1-3, class

|-3 ischemia, and class |-3
infection requiring emergency

admission

without outcome and 3 with
outcome randomly selected):
6 different models
logistic regression
support vector machine
random forest
GBDT
artificial neural network
XGBoost

Internal validation (test) (n=8

without outcome and 2 with

outcome randomly selected):
3-fold cross-validation

variables with more weight

For mortality:

Infection (not foot related), age,

foot infection, PAD, WBC,
education level, diabetes
treatment, LDL, cerebral
infarction, HDL

post-lockdown

Logistic regression
AUC: 081
Accuracy: 0.70
Sensitivity: 0.50
Specificity: 0.75
PPV: 033
NPV: 0.86

Support vector machine
AUC: 0.56
Accuracy: 0.80
Sensitivity: 0.00
Specificity: 1.00
PPV: 0.00
NPV: 0.80

Random forest
AUC: 0.88
Accuracy: 0.80
Sensitivity: 0.50
Specificity: 0.88
PPV: 0.50
NPV: 0.88

Single-center study
Patient follow-up period NR
Small sample
No missing values reported
95% Cl not reported
No calibration measures reported

No external validation
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GBDT
AUC: 0.88
Accuracy: 0.90
Sensitivity: 1.00
Specificity: 0.88
PPV: 0.67
NPV: 1.00

XGBoost
AUC: 094
Accuracy: 0.90
Sensitivity: 1.00
Specificity: 0.88
PPV: 0.67
NPV: 1.00

Artificial neural network
AUC: 0.69
Accuracy: 0.70
Sensitivity: 0.50
Specificity: 0.75
PPV: 033
NPV: 0.86

AUC: area under the curve; Cl: confidence interval; DFU: diabetic foot ulcer; GBDT: gradient boosted decision trees; HbA | c: hemoglobin Al c; HDL-C: high-density lipoprotein-cholesterol; ICD-9: International Classification
of Diseases, 9th Revision; IWGDF: Intermnational Working Group on the Diabetic Foot; LDL-C: low-density lipoprotein-cholesterol; NPV: negative predictive value; NR: not reported; PAD: peripheral arterial disease; PPV:
positive predictive value; USA: United States of America; WBC: white blood cells count; WIfl: wound, ischemia, and foot infection; XGBost: extreme gradient boosting.
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Table 4. Characteristics of the included studies organized by model development stage, study design, setting and sample size: reintervention as outcome.

Reference

Study design, setting

Study population and

and follow-up

Retrospective cohort

Multicenter

characteristics

n = 88,898 people with DFU

Development/ validation

Development (train):

Variables assessed

9 variables tested

Primary and

secondary outcomes

Results

Comments

Fee-for-service Medicare

database, USA

Inclusion period: 2015

Follow-up period: 6
months

Austin, 20222

and PAD

Mean age: 77 years
53 % female
Mean diabetes duration: NR

Inclusion criteria: newly
diagnosed with concomitant
PAD and diabetes; USA
residents; age between 65
and 95; Medicare beneficiaries
for | year following index
date (first claim containing first
diabetes-related ICD-9 or 10
code); ulcer diagnosis during
first 6 months of the index
year; outcome-free (alive, no
reinterventions or
amputations) for at least 6
months after index date

2/3 of sample
Logistic regression; random
forest, using a data set
randomly divided into training
(2/3) and testing (1/3) groups

Calibration of logistic
regression model: McFadden
RZ

Internal validation (test)
1/3 of sample

Charlson comorbidity index,
sex, race, age at diagnosis,
Medicare-Medicaid dual-
eligibility status, urban/rural
indicator, HbA I ¢, foot exam,
vascular imaging study

Reintervention

Reintervention rate was
3.6%

Logistic regression
McFadden R%0.124

Out-of-bag error rate:60%

Random forest
Out-of-bag error rate: 36%

Retrospective
Insurance based database
No missing values reported
Excluded lost to follow-up

Information provided does not allow
model application

Not described how sample was split
for train and test

No external validation

95% Cl not reported

Cl: confidence interval; DFU: diabetic foot ulcer; HbA I c: hemoglobin Alc; ICD-9: International Classification of Diseases, 9th Revision; NR: not reported; PAD: peripheral arterial disease; USA: United States of America.
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Risk of bias

We evaluated the risk of bias according to two tools: QUIPS (see Table 5), with a proportion of
agreement of 71%, and PROBAST (see Table 6), with a proportion of agreement of 88% for risk of bias
and 61% for applicability.

Risk of bias according to QUIPS

All studies presented a high risk of bias and had two or three (out of the six domains) classified as being
at low risk (see Table 5).

In the study participation domain, all || studies were classified as having a moderate or high risk of bias,
mainly because most studies did not clearly explain how participants' sampling was conducted and failed
to describe fully eligibility criteria.

In the study attrition domain, nine studies (82%) were classified as having a high risk of bias. Of these,

31,33,36-41,43 34,35

seven did not mention the proportion of patients that concluded the study , and two
atthough reported the response rate, did not characterise the excluded patients or the reasons for their
exclusion.

As for the prognostic factor measurement domain, all studies were classified as having moderate or high
risk of bias. Nine studies (82%)3'323%3%42%3 failed to clearly define or explain how to collect all the
analysed variables. Several variables, such as wound area, wound depth, erythema and adequate arterial

flow, are subjective and can lead to different results if measured differently. Two studies®*

may have
introduced bias due to using several patient centres with no standardised protocols provided. Apart
from one study**, in which imputation with a k-NN algorithm was used, missing data was not reported,
not addressed or incorrectly handled.

Concerning the outcome measurement domain, four studies (36%) were classified as having a moderate
or high risk of bias. Three of these studies®**** failed to define the outcome clearly, and none specified
a protocol for outcome assessment.

Statistical analysis and reporting were considered in all studies to be at low risk of bias.

Risk of bias according to PROBAST

All studies presented a high risk of bias, and 10 presented high or unclear concerns for applicability (see
Table 6).

Five studies were classified as having high or unclear risk of bias in the participants' domain due to
inadequate or absent eligibility criteria. In the evaluation of applicability, seven studies had a high or
unclear concern for applicability. Similarly, this is mainly due to the inclusion of participants that may
differ from the studies' target population.

In the predictors domain, nine studies were classified as having unclear risk of bias and unclear risk of

applicability. Eight studies®'33%* had a retrospective design and failed to mention if the predictors'
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assessment was made without the knowledge of outcome data. Two studies®

included multiple
patient centres, and a homogenous assessment of predictors was not clearly guaranteed.
As for the outcomes, nine papers were classified as having a high or unclear risk of bias. In four of

these32,34,35,42

, authors failed to report a clear definition for the outcome, compromising its measurement.
Another factor that potentially introduced bias was the lack of follow-up reporting (n=5)3"23343 |n
the evaluation of applicability, four studies had a high concern for applicability due to the lack of clear
definitions for the outcomes.

In the analysis domain, all studies were classified as having a high risk of bias. Nine studies had insufficient

31,33

sample sizes, with only two studies’'> reaching over 200 events per variable (EPV) tested — the cut-off

considered reasonable to minimise overfitting when using ML techniques. Three studies?'?>3/%
converted continuous variables into categorical ones, using arbitrary rules for categorisation. Regarding
missing data, only one study®* addressed missing data correctly, using imputation with a k-NN algorithm.
Two studies®’** failed to avoid selecting variables solely based on univariate analysis, whereas two**
did not mention how variables were selected. As for model evaluation, seven studies®'**3/*3 did not
report any calibration. The remaining used different methods, including Hosmer-Lemeshow statistics,
the Brier score, the McFadden R? and the isotonic regression. Discrimination accuracy measures were
employed by all studies except one®*, with AUC being the most often used. However, uncertainty
measures were seldom provided. In terms of validation, apart from one (that only derived models)**',

every study relied solely on internal validation methods.

37



Table 5. QUIPS tool results of included studies.

o - Prognostic factor Outcome ) Statistical analysis and
Author, year Study participation Study attrition Study confounding ) Overall RoB
measurement measurement reporting

Austin, 202228 Moderate Moderate Low Low Low

Du, 202134 Moderate Low Low Low
Husers, 2020 and 20223>3¢ Moderate Low Low Low
Jung, 20163° Moderate Low Low
Kasbekar, 201738 Low Low Low
Kim, 20207 Moderate Moderate Moderate Low Low
Margolis, 202227 Moderate Moderate Low Low
Poradzka, 202337 Moderate Low Moderate Low Low
Stefanopoulos, 20222 Moderate Low Low Low
Wang, 2022a and b2 Moderate Moderate Low Low Low
Xie, 20213 Low Low Low

RoB: risk of bias. A darker tone of the cell represents a higher risk of bias.
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Table 6. PROBAST tool results of included studies.

RoB Applicability Overall
Author, year
Participants Predictors Outcome Analysis Participants Predictors Outcome RoB Applicability

Austin, 202228 + ?
Du, 202134 + ?
Hasers, 2020 and 20223536 i +
Jung, 2016° ? ?
Kasbekar, 201738 + ?
Kim, 20207 ?
Margolis, 20227/ ? ?
Poradzka, 202337 i +
Stefanopoulos, 202226 ! ?

Wang, 2022a

Wang, 2022b33

Xie, 202 13! + !

RoB: risk of bias; +: low RoB or low concem regarding applicability; -: high RoB or high concemn regarding applicability; ?: unclear RoB or unclear concem regarding applicability. A darker tone of the cell represents a
higher risk of bias.
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Discussion

DFUs have become one of the most important causes of mortality and morbidity in people with
diabetes. Guideline-directed foot exams and treatments and aggressive medical management of diabetes
and cardiovascular disease are paramount in improving the prognosis of people with a DFU. However,
effective interventions do not work in the same way in people, and the same management cannot be
provided to all people with diabetes. For that reason, predictive models have been used to stratify
people with DFU by their probability of healing, requiring an LEA and dying, so that interventions and
resources can be appropriately allocated.

Our systematic review aimed to ascertain if models using an ML approach and clinical data that are easily
accessible in clinical practice could predict clinical outcomes. We have included | | studies corresponding
to I3 articles, mainly from the USA and China (73%), retrospective (73%), single centre (55%), and LEA
as the outcome (54%).

Other reviews have previously investigated how ML could improve DFU care. For example, a systematic
review by Tulloch and colleagues” focused on identifying and classifying DFU at a specific moment. In
this review, the predictive abilities of ML algorithms were not considered, unlike ours. More recently, a
systematic review by Huang and colleagues™ searched the literature for models that predicted
amputation. This study focused on prognosis but considered models that used several methodologies
(ML and not ML) and that predicted only one outcome (LEA). This review included people with
“diabetic foot”, a broader concept than DFU, characterised by ulcers or destruction of the tissues due
to infection and/or peripheral artery disease.

Although we have included || studies (published as |3 articles), we found a total of 57 prediction
models focusing on four outcomes: healing (5 articles presented 20 models), LEA (7 articles presented
27 models), mortality (2 articles presented eight models) and reintervention (I study presented two
models). Our search did not retrieve some of the outcomes defined in our protocol, such as
hospitalisation, length of stay, health-related quality of life, ulcer-free survival period/time and LEA-free
period, nor reliability studies, external validation studies, nor studies assessing the impact of developing
and implementing a predictive model in clinical practice.

For model construction, studies used clinical variables distributed into four categories: demographic
characteristics, medical history, laboratory data and foot-related characteristics. The number of variables
in the final models varied from four to 865.

When it comes to wound healing, variables from the foot-related characteristics group were the most
frequently selected, with wound area being used in models from almost all studies. In fact, in previous
studies, ischemic ulcers, more extensive and deeper ulcers, plantar ulcers, and ulcers with infection have
been associated with poor healing** Besides clinical variables, Kim et al** also included image-based

characteristics from photographs through subjective and deep learning analysis. The subjective
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observation allowed models to be adequately trained with good performance, turning the utilisation of
smartphone and tablet photographs for prognosis assessment in clinical practice into a possibility.
Regarding LEA, the most frequently selected variables were age, gender, diabetes duration, smoking
history, haemoglobin Alc, creatining, albumin and random blood glucose. In the case of gender, males
have been reported to have higher amputation rates, likely due to behavioural differences.’* As for
smoking, studies have suggested its association with LEA by increasing the risk of atherosclerosis and,
consequently, of PAD.** Decreased albumin levels have also been connected to higher LEA rates.*®
As for the remaining variables, a recent systematic review with meta-analysis found no correlation
between these and the risk of LEA® questioning the methods chosen by these papers to select
predictors for model construction. Lastly, in the case of mortality, age was the only variable repeated in
the two selected studies. In the case of reintervention, only one study was selected by our systematic
review. Despite these being two important outcomes, not many studies have sought to create models
that could predict mortality or reintervention.

The most used ML method was RF. It was first described by Breiman et al.*’, and is a supervised method
that uses “parallel ensembling”, fitting several decision tree classifiers in parallel, where each tree is trained
on a random subset of the training data with replacement (bagging). Majority voting or averages are
used to obtain the final result. This method is suitable for both classification and regression problems
and has a reduced risk of overfitting, when compared to decision trees. However, it is a time-consuming
process, that requires more resources, and with a more complex interpretation.”!

The most reported discrimination accuracy measure was AUC. It refers to the area under the receiver
operating characteristic (ROC) curve and is an effective way of summarising the overall diagnostic
accuracy of a model, taking values from zero to one. The ROC curve is depicted by using each possible
value of a continuous variable as a point with a certain sensitivity and (1-) specificity in discriminating
those with and without the clinical condition of interest.”

There is some variation in the qualitative descriptors of model performance for AUC thresholds.
According to Mandrekar et al>’, a AUC value of 0.7 to 0.8 is considered acceptable, 0.8 to 0.9 is
considered excellent, and more than 0.9 is considered outstanding. However, the AUC is a combined
measure of the overall sensitivity and specificity of a model. This implies that two models can have
identical AUC values, and one perform better in higher sensitivities and the other perform better in
higher specificities.”' Therefore, interpretation of AUC values must be done cautiously.

Overall, most models were able to achieve good discrimination ability, with 51% of the reported AUC
values being equal or superior to 0.8. However, all studies were considered to have a high risk of bias,
according to QUIPS and PROBAST. Firstly, most studies failed to clearly describe inclusion and/or
exclusion criteria, raising doubt about the potential applicability of final models. Patients lost to follow-
up, when reported, were also excluded. Secondly, most studies did not clearly define the variables
considered or describe the methodology adopted to measure them. Some variables, such as those in

the foot-related characteristics group, were subjective, and different assessors may measure them in
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various ways. As a result, without clear definitions and established protocols for variables' measurement,
predictive models' validity and application to clinical practice may be compromised. This lack of
standardisation also applies to outcomes, where clear definitions are essential to guarantee consistency.
In the case of the studies considering wound healing as an outcome, different variations were used
(delayed wound healing, hard-to-heal wound, and wound healing failure). However, most did not
provide a definition or a methodology for outcome measurement. Also, follow-up periods varied widely
among studies, which makes comparing predictive models even more challenging. These variations and
lack of standardisation were expected; thus, no meta-analysis was considered from inception. Thirdly,
there were some problems in the analysis domain. Studies had insufficient sample sizes, with only two
reaching over 200 EPV. 'EPV’ refers to the number of events (i.e., number of patients in which the
outcome of interest has occurred) relative to the number of regression coefficients used (i.e, number
of variables considered for model development).® In ML-based models, higher EPV (often more than
200) are needed to minimize overfitting>? Missing data was not reported, not addressed or incorrectly
handled, except in one study that used imputation methods.

Although reported models showed promise in predicting clinical outcomes, most are not available for
immediate applicability to clinical practice. Only three studies presented online interactive models:
two?!?® for LEA prediction and one®’ for hard-to-heal DFU prediction. In addition, several studies
developed and internally validated several models using different methods in the same sample without
providing all required accuracy measures (focusing on AUC) and seldomly reporting 95% confidence
intervals — making it impossible to compare and select specific models to be used in clinical practice.
Our systematic review presents some limitations. Firstly, we conducted our search in two phases,
involving different reviewers in the selection process, which may have introduced some variability.
However, the agreement proportion was high and comparable when comparing both phases. Secondly,
a systematic review is always as good as the included studies. Due to the high risk of bias and the high
heterogeneity of included studies (mainly due to a lack of uniform variable definitions, outcome
definitions and follow-up periods), a meta-analysis was not adequate to perform. However, we would
like to highlight that this reality is not as different from the results achieved in our systematic review of
“classic” classification systems. Lastly, the complexity of the ML methodology prevented further
explanation of the studied models, which may lead to some distrust from healthcare providers when
considering the application of such models in clinical practice.

For future research, studies with larger samples with a low risk of bias, preferably in an external validation
setting, are needed. When developing DFU prediction models, we recommend that variables be
selected according to the available evidence provided by previous studies. Additionally, other outcomes,

such as quality of life, which are clinically relevant, should be further utilised.
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Conclusion

This systematic review found several ML-based models that could predict clinical outcomes with good
discrimination ability in people with DFU, showing promising results. However, studies presented a high
risk of bias with several applicability issues that compromise the ready applicability of such models in
clinical practice. Further studies with stricter methodology are needed so that patients who have diabetes

and a foot ulcer can benefit from the recent advancements of artificial intelligence applied to healthcare.
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Supplementary material

Supplementary Table |. Search queries on Pubmed, Web of Science, SCOPUS and IEEE Xplore.

Pubmed

("deep learming" [MeSH Terms] OR "deep leaming" [All Fields] OR "artificial intelligence"
[MeSH Terms] OR "artificial intelligence" [All Fields] OR "deep learning" [MeSH Terms]
OR "deep learning" [All Fields] OR "random forest" [All Fields] OR "clinical decision-
making'MeSH Terms] OR "clinical decision-making"[All Fields] OR "medical decision-
making"[All Fields] OR "decision support systems, clinical'lMeSH Terms] OR "decision
support systems clinical'[All Fields] OR "clinical decision support systems'[All Fields] OR
"decision support techniques'[MeSH Terms] OR "decision support techniques'All Fields]
OR "machine learning'[MeSH Terms] OR "machine leamingTAll Fields] OR "data
mining'[MeSH Terms] OR "data mining"[All Fields] OR "neural networks, computer"[MeSH
Terms] OR "neural networks computer'[All Fields] OR "computer neural network*"[All
Fields] OR ‘"neural network*'[All Fields] OR ("phenotype'[MeSH Terms] OR
"phenotype"TAll Fields] OR "phenotypes'[All Fields] OR "phenotyped[All Fields] OR
"phenotypicTAll Fields] OR "phenotypical'[All Fields] OR "phenotypically"[All Fields] OR
"phenotyping'TAll Fields] OR "phenotypings'[All Fields]) OR "convolutional[All Fields] OR
automat™® [Title/Abstract]) AND ("Diabetic Foot"[MeSH Terms] OR ("diabete"[All Fields]
OR "diabetes mellitus"[MeSH Terms] OR ("diabetes"[All Fields] AND "mellitus"[All Fields])
OR "diabetes mellitus"[All Fields] OR "diabetes"[All Fields] OR "diabetic"[All Fields] OR
"diabetics"TAll Fields] OR "diabets"[All Fields]) AND ("ulcer'[MeSH Terms] OR "ulcer"[All
Fields] OR "ulcerate"[All Fields] OR "ulcerated"[All Fields] OR "ulcerates'[All Fields] OR
"ulcerating'TAll Fields] OR  "ulceration"[All Fields] OR "ulcerations'All Fields] OR
"ulcerative"TAll Fields] OR "ulcers"[All Fields] OR "ulcerous"TAll Fields]) OR ("amputate"[All
Fields] OR "amputated"[All Fields] OR "amputating"[All Fields] OR "amputation"[MeSH
Terms] OR "amputation"[All Fields] OR "amputations"[All Fields] OR "amputed"[All
Fields]))

Web of Science

(TlI= "deep learning" OR AB="deep learning" OR TI|="artificial intelligence" OR
AB="artificial intelligence" OR TI= "random forest" OR AB="random forest" OR
TI="decision making" OR AB="decision making" OR TI="decision support" OR
AB="decision support" OR TI="machine learning" OR AB="machine learning" OR TI="data
mining" OR AB="data mining" OR TI="neural network"” OR AB="neural network" OR
TI="phenotype" OR AB="phenotype" OR TI="convolutional" OR AB="convolutional")
AND ((TI="foot" OR AB="foot") AND (TI="ulcer" OR AB="ulcer"))

SCOPUS

( TITLE-ABS-KEY ( deep AND learning) OR TITLE-ABS-KEY (artificial AND intelligence
) OR TITLE-ABS-KEY ( random AND forest ) OR TITLE-ABS-KEY ( decision AND
making ) OR TITLE-ABS-KEY ( decision AND support) OR TITLE-ABS-KEY ( machine
AND leaming ) OR TITLE-ABS-KEY ( data AND mining) OR TITLE-ABS-KEY ( neural
AND network) OR TITLE-ABS-KEY ( phenotype ) OR TITLE-ABS-KEY ( convolutional
) ) AND (( TITLE-ABS-KEY (foot) AND TITLE-ABS-KEY (ulcer))

IEEE Xplore

("All Metadata"diabetic foot ulcer) AND ("All Metadata":classification)

("All Metadata":wound) AND ("All Metadata".chronic) AND ("All Metadata".classification)
("All Metadata".diabetic foot) AND ("All Metadata"healing)

("All Metadata".diabetic foot) AND ("All Metadata":.convolutional)

("All Metadata".diabetic foot) AND ("All Metadata:amputation)
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Supplementary Table 2. Distribution of clinical variables included in the final models by categories having healing
as outcome.

Variable categories Variables Studies (References)
Gender 3 (34, 35,37)
Age 2 (3435)
Demographic characteristics Center code I (35)
Ethnicity/race I (34)
Primary insurance I (35)
Diabetes-related retinopathy 2 (34,37)
Charlson comorbidity index I (34)
CKD stage I (34)
Comorbidities History of amputation | (42)
Palliative care I (35)
Peripheral arterial disease I (37)
Smoking history I (37)
Oral antihyperglycemic
Medical history drugs/insulin/canagliflozin 2(3437)
Allopurinol I (34)
Antihypertensives I (34)
Drugs Aspirin I (34)
Heparin/warfarin/Xa inhibitors I (34)
Immunosuppressants/oral steroids I (34)
NSAIDs I (34
Body mass index 2 (32,34)
Others Body surface area I (34)
CRP 3 (34,3742)
Albumin 2 (34,37)
ESR 2 (3442)
Laboratory data ﬁ[)eAatlnCme : 82
Lymphocyte count I (34)
Pre-albumin I (34)
Random blood glucose I (37)
Wound area 4 (32,3537,42)
Probe-to-bone test 2 (3442)
Temperature 2 (3542)
Wound depth 2 (34,35)
Wound duration 2 (3242)
Wound length 2 (34,35)
Wound width 2 (34,35)
ABI I (42)

Ankle systolic pressure measured/ toe

systolic pressure measured 39
Atrophie blanche I (35)
Brawny induration I (35)
Callus I (35)
Clustered wound I (35)
Complex care I (35)
Foot related characteristics Crepitus I (35)
Cyanosis I (35)
Delayed recurrence I (35)
Dorsalis pedis pulse measured/ posterior |
o~ (34
tibial pulse measured
Duration of care I (35)
Ecchymosis I (35)
Edema I (35)
Epithelization I (35)
Erythema I (35)
Excoriation I (35)
Exposed bone I (35)
Exposed joint I (35)
Exposed muscle I (35)
Exposed tendon I (35)
Exudate I (35)
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Fluctuance I (35)

Foot I (34)
Friable I (35)
Granulation amount I (35)
Granulation quality I (35)
Hemosiderosis I (35)
Infection I (34)
Margin I (35)
MRI performed I (34)
Number of wounds I (35)
Offload I (34)
Pallor I (35)
Pending amputation on presentation I (35)
Presence of blood flow in the Doppler

I (42)
probe
Previous wound count I (35)
Rash I (35)
Result of accident I (35)
Rubor I (35)
Slough I (35)
Tc99 bone scan performed I (34)
Tendemess on palpation I (35)
Thickness I (35)
Total contact cast use I (34)
Transcutaneous oxygen pressure I (34)
Tunneling I (35)
Undermining I (35)
UTSA stage/ UTSA grade (ischemia)/ |

34

wound grade
Wound location I (35)
Wound recurrence I (35)
Wound type I (35)
X-ray performed I (34)

ABI: ankle-brachial index; CKD: chronic kidney disease; CRP: C-reactive protein; ESV: erythrocyte sedimentation rate; HbAlc:
hemoglobin Alc; MRI: magnetic resonance imaging; NSAIDs: non-steroidal anti-inflammatory drugs; Tc99: technetium-99 bone
scan; UTSA: University of Texas Santo Antonio staging.
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Supplementary Table 3. Distribution of clinical variables included in the final models by categories having lower

extremity amputation as outcome.

Variable categories Variables Studies (References)
Age 5(33,36,3940/41,43)
Gender 3 (3336/4041)
. - Education level I (39)
Demographic characteristics Insurance status | (33)
Race I (33)
Urban/rural I (33)
Diabetes duration 3 (36,38,39)
Smoking history 3 (36,38,39)
DFU history 2 (36,38)
Diabetes-related nephropathy 2 (36,39)
Peripheral vascular disease 2 (31,36)
Arterial occlusion I (36)
Cardiovascular disease I (38)
Cerebral infarction I (36)
Charlson comorbidity index I (33)
Comorbidities ~ Coronary heart disease I (36)
Diabetic neuropathy I (36)
Diabetic retinopathy I (36)
Medical history Heart failure I (36)
History of diabetes I (43)
Hypertension I (36)
Other comorbidities I (43)
Peripheral arterial disease I (38)
Prior amputation I (36)
Systemic infection I 3D
Drugs Antihyperglycemic drugs/insulin 2 (36,39)
Pre-hospital delay 2 (36,39)
Weight/weight loss 2 (31,43)
Others Body mass index I (36)
Days admitted I (43)
Duration of symptoms I (43)
Albumin 3 (36,3843)
Creatinine 3 (36,3843)
HbAIc 3 (333643)
Random blood glucose 3 (36,3843)
HDL 2 (36,39)
Hemoglobin 2 (3643)
Potassium 2 (36,39)
Sodium 2 (36,39)
Laboratory data WABC/percentage of neutrophils 2 (36,38)
Bilirubin | (43)
CRP | (38)
Culture report growth I (43)
LDL | (36)
Prothrombin time I (43)
Total cholesterol I (36)
Triglyceride | (36)
Gangrene 2 (31,36)
Vascular imaging study/arterial doppler flow 2 (3343)
WIfl classification system 2 (36,38)
Foot exam I (33)
Foot related characteristics Foot Xl-ray L (#3)
Ischemia I (39)
Osteomyelitis I3
PEDIS classification system I (40,41)
Ulcer grade I (43)
Wagner classification system | (36)

CRP: C-reactive protein; DFU: diabetic foot ulcer; HbAlc: hemoglobin Alc; HDL: high-density lipoprotein; LDL: low-density
lipoproteins; PEDIS: perfusion status, ulcer extent, ulcer depth, infection status and foot sensation; WBC: white blood cells count;

WiFI: wound, ischemia, and foot infection.
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Supplementary Table 4. Distribution of clinical variables included in the final models by categories having mortality

as outcome.
Variable categories Variables Studies (References)
Age 2 (3339)

Education level I (39)

. - Gender I (33)

Demographic characteristics Insurance status | (33)

Race I (33)

Urban/rural I (33)

Cerebral infarction I (39)

I Charlson comorbidity index I (33)

Medical history Comorbidities Infection (not foot related) I (39)

Peripheral arterial disease I (39)

Drugs Diabetes treatment I (39)

HbAIc I (33)

HDL I (39)

Laboratory data DL | 39)

WBC I (39)

Foot exam I (33)

Foot related characteristics Foot infection I (39)

Vascular imaging study I (33)

HbA | c: hemoglobin Alc; HDL: high-density lipoprotein; LDL: low-density lipoprotein; WBC: white blood cells count.
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