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Abstract

Background Diabetic foot is a common complication in patients with diabetes,
with most patients having severe conditions and rapid disease progression. Well-
performing diabetic foot risk prediction models can help healthcare professionals
identify high-risk patients and implement early interventions. Objective To sys-
tematically evaluate diabetic foot risk prediction models and provide a reference
for future model development and optimization. Methods A literature search
was conducted in PubMed, Cochrane Library, EMbase, Web of Science, CNKI,
and Wanfang Data Knowledge Service Platform for relevant studies on dia-
betic foot risk prediction models from inception to May 15, 2023. Researchers
independently screened the literature and extracted data, using the Prediction
Model Risk of Bias Assessment Tool (PROBAST) to assess model quality. Stata
17 software was used to perform a meta-analysis of predictors in the models.
Results A total of 13 articles containing 13 models were included, of which
12 models had an AUC > 0.7. Seven models underwent calibration, and eight
models underwent validation. PROBAST assessment showed that among the 13
included articles, one had a low risk of bias and the remaining 12 had a high risk
of bias; regarding model applicability, one had low applicability. Meta-analysis
results showed that age (OR = 1.13, 95% CI = 1.04-1.24), glycated hemoglobin
(OR = 1.56, 95% CI = 1.26-1.94), history of foot ulcers (OR = 5.93, 95% CI
= 2.85-12.37), history of foot amputation (OR = 7.79, 95% CI = 2.74-22.17),
reduced monofilament test sensitivity (OR = 1.59, 95% CI = 1.42-1.78), foot
fungal infection (OR = 6.14, 95% CI = 1.71-22.04), and nephropathy (OR =
2.09, 95% CI = 1.65-2.65) were independent risk factors for diabetic foot oc-
currence. Conclusion Diabetic foot risk prediction models still have limitations,
and future model development should focus on predictors such as age, glycated
hemoglobin level, history of foot ulcers, history of foot amputation, monofila-
ment test sensitivity, foot fungal infection, and nephropathy.

chinarxiv.org/items/chinaxiv-202308.00737 Machine Translation


https://chinarxiv.org/items/chinaxiv-202308.00737
https://chinarxiv.org/items/chinaxiv-202308.00737

ChinaRxiv [$X]

Full Text

A Systematic Review of Risk Prediction Models for Dia-
betic Foot Development

LIN Lingjun, GUO Jun, WANG Junwei, GAO Yang, CHEN Huiying,
WAN Yongli*

NHC Key Laboratory of Hormones and Development, Tianjin Key Laboratory
of Metabolic Diseases, Chu Hsien-I Memorial Hospital & Tianjin Institute of
Endocrinology, Tianjin Medical University, Tianjin 300134, China

Corresponding author: WAN Yongli, Associate chief physician; E-mail:
wanyongli0607@163.com

Abstract

Background: Diabetic foot is a common complication among patients with
diabetes, characterized by severe conditions and rapid disease progression. A
well-performing risk prediction model for diabetic foot development can help
healthcare professionals identify high-risk patients and facilitate early interven-
tions.

Objective: To systematically review risk prediction models for diabetic foot
and provide references for model construction and optimization.

Methods: We searched PubMed, Cochrane Library, EMbase, Web of Science,
CNKI, and WanFang Data for relevant literature on diabetic foot risk prediction
models from inception to May 15, 2023. Two researchers independently screened
the literature, extracted data, and evaluated model quality using the Prediction
Model Risk of Bias Assessment Tool (PROBAST). Meta-analysis of predictors
in the models was performed using Stata 17 software.

Results: Thirteen articles were included, containing 13 models, of which 12
had an AUC > 0.7. Seven models reported calibration, and eight models un-
derwent validation. PROBAST assessment revealed that one of the 13 included
articles had low risk of bias, while the remaining 12 had high risk of bias; re-
garding model applicability, only one article demonstrated low applicability.
Meta-analysis results showed that age (OR = 1.13, 95%CI = 1.04~1.24), gly-
cated hemoglobin (OR = 1.56, 95%CI = 1.26~1.94), foot ulcer history (OR
= 5.93, 95%CI = 2.85~12.37), foot amputation history (OR = 7.79, 95%CI =
2.74~22.17), diminished monofilament test sensitivity (OR = 1.59, 95%CI =
1.42~1.78), foot fungal infection (OR = 6.14, 95%CI = 1.71~22.04), and kid-
ney disease (OR = 2.09, 95%CI = 1.65~2.65) were independent risk factors for
diabetic foot development.

Conclusion: Current diabetic foot risk prediction models have notable limita-
tions. Future model development should focus on key predictors including age,
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glycated hemoglobin level, foot ulcer history, foot amputation history, monofil-
ament test sensitivity, foot fungal infection, and kidney disease.

Keywords: Diabetic foot; Foot ulcer; Risk assessment; Forecasting; Model,
Systematic review

Introduction

Diabetic foot refers to foot ulcers, infections, or deep tissue destruction associ-
ated with peripheral neuropathy and peripheral vascular disease in the lower
extremities [1-2]. In China, the annual prevalence of diabetic foot ulcers is ap-
proximately 8.1%, increasing to 31.6% among patients with a history of foot
ulcers [3]. Diabetic foot represents a severe complication of diabetes with heavy
medical burden and poor prognosis. Patients with diabetes have a 20-fold higher
risk of non-traumatic amputation compared to non-diabetic individuals [4], sig-
nificantly impacting their quality of life and physical and mental health. Preven-
tion is more critical than treatment for diabetic foot [5]; early identification of
high-risk patients, strengthened management, and timely preventive measures
are essential to reduce incidence or slow progression. Risk prediction models for
diabetic foot development can facilitate early identification of high-risk patients
in clinical practice. Although numerous studies have developed such models,
their clinical applicability remains unclear. Therefore, this systematic review
aims to evaluate relevant research on diabetic foot risk prediction models to
provide references for selecting well-performing models and identifying high-risk
patients early.

Methods

1.1 Search Strategy We conducted comprehensive searches in PubMed,
Cochrane Library, EMbase, Web of Science, CNKI, and WanFang Data us-
ing a combination of subject headings and keywords. The search was limited
to Chinese and English languages from database inception to May 15, 2023.
Reference lists of included studies were manually searched. The PubMed search
strategy was as follows:

o #1: “Diabetic Foot”[Mesh] Sort by: Most Recent

o #2: ((Foot ulceration[Title/Abstract]) OR (Foot, Diabetic[Title/ Abstract]))
OR (Diabetic Feet[Title/Abstract]) OR (Feet, Diabetic|[Title/Abstract])
OR (Foot Ulcer, Diabetic[Title/Abstract]) OR (diabetic foot ul-
cer[Title/Abstract])

o #3: #1 OR #2

o #4: ((prediction model|[Title/ Abstract]) OR (prediction tool[Title/ Abstract))
OR (prognostic model[Title/ Abstract]) OR (risk prediction|[Title/ Abstract])
OR (risk assessment|[Title/Abstract]) OR (risk score[Title/Abstract]) OR
(risk prediction model[Title/Abstract]))

o #b5: risk factors[Title/ Abstract]
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o #6: #4 OR #5
o #T: #3 AND #6

Chinese search terms included: “$ER&ER,” “BRHEEE,” “FUUKER” “Rpafm,”
“NIER,” “BRER,” “MUIR,” “KNiEs,” “RMEFEE" English search terms
included: “Diabetic Foot/diabetic foot ulcer/prediction model/risk prediction
model/risk prediction/risk factors/risk assessment/prognostic model/risk
score/prediction tool/nomogram.”

1.2 Inclusion and Exclusion Criteria 1.2.1 Inclusion Criteria: (1)
Study population: patients diagnosed with diabetes [6]; (2) Study design: cross-
sectional surveys, case-control studies, and cohort studies; (3) Outcome mea-
sure: diabetic foot occurrence as the outcome, using diagnostic criteria pub-
lished by the International Working Group on the Diabetic Foot [7]; (4) Study
content: research on diabetic foot risk prediction models (excluding models for
progression, recurrence, or prognosis).

1.2.2 Exclusion Criteria: (1) Studies that only explored risk factors without
model construction; (2) Reviews, commentaries, news reports, and similar pub-
lications; (3) Models developed based on systematic reviews or meta-analyses;
(4) Studies where full text was unavailable and abstracts lacked sufficient in-
formation; (5) Unpublished literature such as conference abstracts or academic
theses; (6) Studies published in languages other than Chinese or English.

1.3 Data Extraction and Analysis Two researchers independently screened
literature and extracted data according to inclusion and exclusion criteria, with
disagreements resolved by consulting a third reviewer. After finalizing included
studies, we developed a standardized form based on the Critical Appraisal
and Data Extraction for Systematic Reviews of Prediction Modeling Studies
(CHARMS) checklist [8] to extract data including: first author, publication
year, country, study region, study design, study population, follow-up duration,
predicted outcome, candidate variables, sample size, missing data and handling
methods, modeling approach, variable selection, model performance (AUC with
confidence intervals, calibration methods), model validation methods, included
predictors, and model presentation format.

1.4 Model Bias Risk and Applicability Assessment We used the Pre-
diction Model Risk of Bias Assessment Tool (PROBAST) [9-10] to evaluate the
risk of bias and applicability of included studies. Disagreements were resolved
by consulting a third reviewer. PROBAST assesses risk of bias across four do-
mains: participants, predictors, outcomes, and data analysis, with each domain
rated as “low,” “high,” or “unclear” risk. Applicability is assessed across three
domains using a similar approach.

1.5 Statistical Analysis We used Stata 17 software to conduct meta-analysis
of predictors from included models. Heterogeneity was assessed using I? and Z
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tests. When I? < 50% and P > 0.05, indicating no significant heterogeneity, a
fixed-effects model was used. When 12 > 50% or P < 0.05, indicating substantial
heterogeneity, sensitivity analysis was performed. If heterogeneity could not
be eliminated, a random-effects model was applied. Pooled effect sizes were
expressed as odds ratios (OR) with 95% confidence intervals (CI). Statistical
significance was set at P < 0.05.

Results

2.1 Literature Screening Process and Results The database search
yielded 3,337 relevant articles. After initial and detailed screening, 13 articles
[11-23] were ultimately included. The literature screening flowchart is shown in
[Figure 1: see original paper].

2.2 Basic Characteristics of Included Studies Among the 13 included
articles, eight were from China [13-16,18-20,22], two from the United Kingdom
[12,21], and one each from the United States, Portugal, and Japan [11,17,23].
Seven studies [13-17,19,21] were retrospective cohort studies, four [11-12,18,22]
were prospective cohort studies, and two [20,23] were case-control studies. Three
studies [12,21-22] were multicenter, while ten [11,13-20,23] were single-center.
Seven articles [13-16,18-20] were published within the last three years. Basic
characteristics of included studies are shown in .

2.3 Model Development The 13 articles developed 13 models, including 12
model development studies and one model validation study [17]. The number of
potential predictor variables ranged from 10 to 36, total sample sizes from 316
to 17,053, and outcome events from 10 to 1,127. Regarding missing data, one
study [13] used multiple imputation, three [11-12,22] used complete case analy-
sis, and four [15,17,20,23] did not report missing data. For continuous variables,
nine studies [11-12,14-15,17-19,21-22] maintained continuity, one [13] converted
some continuous variables to categorical with predefined grouping criteria, and
three [16,20,23] converted some or all continuous variables to categorical. Most
studies used logistic regression for model development. For variable selection,
five studies [15,18-20,23] were based on univariate analysis. Model development
details are shown in .

2.4 Model Performance and Presentation All 13 models reported AUC
values ranging from 0.650 to 0.966. Except for HEALD et al. [21] with an AUC
of 0.65, the remaining 12 models demonstrated good predictive performance
(AUC > 0.70). Seven studies [13-16,18,20-21] reported calibration, primarily
presented as calibration plots. Three studies [14-16] also conducted decision
curve analysis, and two [13,18] reported Brier scores. For validation, only three
studies [13,17,20] performed external validation, while five [11-12,21-23] did not
report internal validation. Model presentation varied, with seven studies [13-
16,18-20] constructing nomograms for risk estimation based on scores. Details
are shown in .
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2.5 Bias Risk and Applicability Assessment 2.5.1 Bias Risk: One
study [13] had overall low risk of bias, while the remaining 12 had high risk.

o Participants domain: One prospective cohort study [18] excluded lost-
to-follow-up patients, and another [14] excluded patients with peripheral
vascular disease or neuropathy, both potentially introducing selection bias
(high risk). The rest were low risk.

o Predictors domain: One study [21] had high risk (multicenter retro-
spective study without standardized predictor assessment), one [23] had
unclear risk (blinding status unknown), and the rest were low risk.

e Outcomes domain: One study [21] had high risk (possible inconsistent
outcome definition/measurement); two [11,21] did not specify whether
outcomes were determined without knowledge of predictor information;
JIANG et al. [20] did not clarify whether outcomes used predefined or
standard definitions.

e Analysis domain: One study [13] had low risk. The remaining eight
[12,14-17,19-20,22-23] had inadequate sample size with <10 events per
variable. Additional issues included: (2) four studies [15-16,20,23] con-
verted continuous variables to categorical without justification; (3) four
[15,17,20,23] did not address missing data, while three [11-12,22] used com-
plete case analysis; (4) five [15,18-20,23] selected predictors based solely on
univariate analysis; (5) six [11-12,17,19,22-23] did not report calibration
assessment; (6) five [11-12,21-23] did not report internal validation, with
only two [13,20] conducting both internal and external validation; (7) five
studies [11-12,21-23] did not address overfitting or underfitting.

2.5.2 Applicability: Only one study [16] was rated as low applicability due
to restricting the study population to patients over 60 years old. Applicability
assessment details are shown in .

2.6 Meta-Analysis Results We performed meta-analysis on frequently re-
ported predictors across the 12 studies. Due to large heterogeneity, a random-
effects model was used for age, with results shown in [Figure 2: see original
paper]. Sensitivity analysis for age showed minimal changes when any single
study was removed. Other predictors were similarly meta-analyzed. Disease
duration and visual impairment showed no statistical significance after pool-
ing (P > 0.05). Kidney disease had low heterogeneity and used a fixed-effects
model. Diminished monofilament test sensitivity showed reduced heterogene-
ity after excluding MONTEIRO-SOARES et al. [17] and used a fixed-effects
model. Remaining predictors had substantial heterogeneity and used random-
effects models, with minimal changes when individual studies were sequentially
removed. Results are shown in .

Discussion

This systematic review identified 13 studies with 13 prediction models for dia-
betic foot risk, including 12 model development and one model validation study.
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AUC values ranged from 0.65 to 0.966; except for HEALD et al. [21] (AUC =
0.65), the remaining 12 models showed good predictive performance (AUC >
0.70). However, 12 of 13 studies had high risk of bias, primarily due to: non-
rigorous inclusion/exclusion criteria, non-standardized predictor assessment, in-
sufficient outcome events, inappropriate conversion of continuous to categorical
variables, inadequate handling of missing data, suboptimal predictor selection
methods, lack of model performance assessment, absence of external validation,
and failure to address overfitting. International researchers began exploring dia-
betic foot prediction models earlier, though early models often lacked calibration
and validation. Internal validation examines model reproducibility and prevents
overfitting [24], while external validation assesses transportability and general-
izability [25]. Chinese research on diabetic foot risk prediction models started
later. Among included studies, eight were from China, with seven published in
the last three years, indicating rapid growth in this research area with increased
attention to model performance assessment and validation. Most models were
presented as nomograms, offering more intuitive and convenient personalized
risk prediction for effective clinical screening and timely intervention.

The most frequently reported predictors were age, glycated hemoglobin, visual
impairment, foot ulcer history, foot amputation history, diminished monofila-
ment test sensitivity, foot fungal infection, diabetes duration, and kidney dis-
ease. Meta-analysis identified seven independent risk factors: age, glycated
hemoglobin, foot ulcer history, foot amputation history, diminished monofil-
ament test sensitivity, foot fungal infection, and kidney disease. Future pre-
diction model development should prioritize these seven predictors. Disease
duration and visual impairment were not statistically significant after pooling,
possibly due to varying data types and grouping criteria across studies.

Given that most existing models have high risk of bias, future research should
follow PROBAST guidelines [9-10] to minimize bias. Based on our findings,
we recommend: (1) carefully defining inclusion/exclusion criteria without ex-
cluding patients with comorbidities; (2) using standardized definitions and mea-
surement methods for predictors and outcomes, employing blinding where ap-
propriate, and selecting optimal time points; (3) ensuring adequate sample size
(events per variable < 10 may cause overfitting) [26]; (4) maintaining continu-
ous variables as continuous when possible, as conversion to categorical may lose
important information and reduce predictive power [27]; if conversion is neces-
sary, predefined grouping criteria should be established rather than converting
during analysis, with internal validation and shrinkage of regression coefficients
to adjust for overfitting [28]; (5) using multiple or single imputation for missing
data to reduce adverse effects on statistical analysis and model stability [29]; (6)
avoiding reliance solely on univariate analysis, incorporating clinical knowledge
and practical considerations; (7) assessing calibration, conducting internal and
external validation, and addressing overfitting and underfitting.

Currently, Chinese diabetic foot risk prediction models show good predictive
performance in internal validation but lack external validation. Only two stud-
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ies [13,20] conducted both internal and external validation, with small external
validation samples. Future research should include large-sample, multicenter,
multi-regional studies in China to develop and validate models suitable for Chi-
nese populations.
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