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Abstract

Background: We used the Predictive Model Bias Risk Assessment tool (PROBAST) tool to systematically
evaluate the existing models worldwide, in order to provide a reference for clinical staff to select and optimize
DFU recurrence risk prediction models.

Methods: Literature on DFU recurrence risk prediction model construction published in CNKI, China Bio-
medical Literature Database, Vipu China Knowledge, China Biomedical Literature Database, Vipu Chinese
Journal Service Platform, Wanfang Data Knowledge Service Platform, Embase, PubMed, Web of Science,
Cochrane Library and other databases were systematically searched. The search period was until January 29,
2024, encompassing all relevant studies published up to that date. Literature screening and data extraction were
conducted by two researchers, and the PROBAST was used to evaluate the bias risk and applicability of the
included literature.

Results: Finally, 9 literatures were included, 13 prediction models were established, and the area under the
AUC or C-index ranged from 0.660 to 0.943. Nine models were validated internally and one model was validat-
ed externally. All the models constructed in the included literature are of high-risk bias, and the applicability of
the models is reasonable. Common predictors in the prediction model were Wagner scale, glycosylated hemo-
globin, and diabetic peripheral neuropathy.

Conclusion: Although most of the existing DFU risk prediction models have good prediction performance,
they all have high risk of bias. It is suggested that researchers should update the existing models in the future,
and future modeling studies should follow the reporting norms, so as to develop a scientific, effective and con-
venient risk prediction model that is more conducive to clinical practice.

Keywords: Predictive model bias risk assessment tool; Diabetic foot ulcer; Recurrence; Risk prediction model;
Systematic review
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Introduction

A diabetic foot ulcer (DFU) is a chronic wound
that results from a combination of factors, in-
cluding narrowing or occlusion of blood vessels
in the lower limbs, infections, and neuropathy
(1). It is one of the most serious and common
chronic complications of diabetes mellitus, affect-
ing approximately 18.6 million diabetic patients
worldwide each yea (2). The long duration of
DFUs and their tendency to recur even after
healing make them more difficult to treat and
increase the risk of disability and death. Surveys
have shown that the overall amputation rate of
DFU patients is as high as 34% (68/200) (3), and
meta-analysis has shown that the 5-year mortality
rate of DFU patients worldwide is nearly 50%
(4). Moreover, the one-year recurrence rate of
DFU in mainland China is as high as 31.6%, with
an annual morbidity and mortality rate of 14.4%
5).

These figures demonstrate that DFU and its high
recurrence rate represent a significant public
health concern, placing a considerable burden on
society. It is therefore of great significance to
construct a risk prediction model to identify the
risk factors of DFU recurrence as eatly as possi-
ble and to take effective targeted interventions
for high-risk groups in order to reduce the recur-
rence rate of DFU (6). In recent years, a variety
of DFU recurrence risk prediction models have
been developed by researchers worldwide. How-
ever, the risk of bias and clinical applicability of
the relevant model development has not yet been
clarified, and it is necessary to further evaluate
their effectiveness. In light of the above, this
study employed the PROBAST tool to conduct a
comprehensive evaluation of existing DFU recur-
rence risk prediction models globally.

We aimed to provide a reference for clinical staff
in selecting and optimizing the most suitable
models for their clinical settings.

Methods

Literature search strategy
This study has been registered in the international
prospective systematic review registry platform
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(PROSPERO  website) (registration number:
CRD42023488958).

A computerized system was employed to search
the literature on the construction of DFU recur-
rence risk prediction models published in the da-
tabases of China Knowledge, China Biomedical
Literature Database, Vipu Chinese Journal Ser-
vice Platform, Wanfang Data Knowledge Service
Platform, Embase, PubMed, Web of Science, and
Cochrane Library from the establishment of the
database to January 29, 2024.

A search string was developed to identify predic-
tion models for the recurrence of diabetic foot
ulcers, using the following terms and specific
search strategy examples as follows: ( ( ( ( ( ( (Di-
abetic foot ulcer (MeSH Terms)) OR (Foot ulcer
(Title/Abstract))) OR  (Diabetic foot (Ti-
tle/Abstract))) OR (ulceration (Title/Abstract)))
OR (Ulcer healing (Title/Abstract))) OR (DFU
(Title/Abstract))) AND ( (recurrence (MeSH
Terms)) OR (relapse (Title/Abstract)))) AND ( (
( ( ( ((((risk factor (Title/Abstract)) OR (influ-
encing factor (Title/ Abstract))) OR (predict* (Ti-
tle/Abstract))) OR (prediction model (Ti-
tle/ Abstract))) OR (risk prediction model (Ti-
tle/Abstract))) OR (model construction (Ti-
tle/Abstract))) OR (risk assessment model (Ti-
tle/Abstract))) OR  (prognostic model (Ti-
tle/ Abstract))) OR (nomogram (Title/ Abstract))).

Literature inclusion and exclusion criteria

Inclusion criteria: (1) The subjects were patients
with healed DFU; @ The study was to develop,
construct and/or validate and evaluate a risk pre-
diction model for DFU tecurrence; (3) The out-
come indicator was whether DFU recurred or
not; (4) The types of study design included co-
hort study, cross-sectional study, nested case-
control study, randomized controlled trial, and
case-control study; (5) The language of the study
was Chinese and English. Exclusion criteria: )
only risk factors were analyzed without risk pre-
diction modeling. (2) Review, conference ab-
stracts; @ Basic experiments, animal experi-
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ments; (4) Predictive models constructed based
on Meta-analysis/systematic evaluation; (5 in-
complete data, unable to obtain valid data; (6)
Unable to obtain the original text.

Literature screening and data extraction

The process of data extraction was conducted by
two tresearchers, both of whom were trained in
evidence-based methods and were therefore able
to screen the literature independently. They did
so in strict accordance with the inclusion and ex-
clusion criteria. In the event of disagreement, a
third researcher (the corresponding author) was
consulted in order to assist in judging and reach-
ing agreement. The data were extracted in ac-
cordance with the CHARMS (Checklist for the
Assessment of the Reporting of Meta-analyses
and Systematic Reviews) (7) using Excel 2019.
This included the first author, time of publica-
tion, country, study population and sample size,
data source, follow-up time, modeling method,
model presentation form, model performance,
model validation method, predictors and their
number, etc.

Quality evaluation of included studies

The quality evaluation of the included studies,
including risk of bias and applicability evaluation,
was conducted independently by two investiga-
tors using the prediction model risk of bias as-
sessment tool (PROBAST) (8), and the results
were cross-checked. In the event of any disa-
greement, a third investigator was consulted to
reach a consensus. The risk of bias assessment
encompassed four domains (9): study population,
predictors, outcomes, and statistical analysis. A
total of 20 landmark questions were posed, each
of which was categorized into three options. In
the same domain, the risk of bias was rated as
low if all questions were answered with
"yes/probably yes," high if one question was an-
swered with "no/probably not," and unclear if
the answer was "no information." In the event
that the response was "no information," the risk
of bias for that domain was not discernible. If the
risk of bias was rated as low in all four domains,
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the overall risk of bias of the study was low.
Conversely, if the risk of bias was rated as high in
one domain, the overall risk of bias of the study
was high. Finally, if the risk of bias was unclear in
one domain but rated as low in the other do-
mains, the overall risk of bias of the study was
not clear. The applicability assessment encom-
passed three key elements: the study population,
the predictors, and the outcome domains. Each
domain was evaluated as either low risk of ap-
plicability, high risk of applicability, or unclear. In
the event that all domains were deemed to pre-
sent a low risk of applicability, the study was
deemed to present a low risk of applicability.
Conversely, if a high risk of applicability was
identified in one domain, the overall applicability
was deemed to be high. Finally, if an unclear risk
of applicability was identified in one domain, ac-
companied by a low risk of applicability in the
other domains, the overall applicability of the
study was deemed to be unclear.

Data synthesis and statistical analysis

In this study, fewer original studies met the nadir
criteria, and there were significant differences in
the effects of the same outcome indicators, mak-
ing it impossible to combine the odds ratio (OR)
values. Consequently, a qualitative descriptive
analysis method was employed for a systematic
appraisal. This approach facilitated the extraction
of general information about the included stud-
ies, such as study type, target population, model-
ing methods, sample sizes, validation methodolo-
gies, and recurrence rates of diabetic foot ulcers.
Additionally, we summarized the area under the
receiver operating characteristic curve (AUROC)
and the predictors, providing a categorical over-
view of the main findings.

Results

Literature search results

In this study, 3560 pieces of literature were ini-
tially searched through eight databases, screened
step by step in strict accordance with the litera-
ture inclusion and exclusion criteria, and nine
pieces of literature were finally included (10-18),
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and the process of literature screening is shown

in Fig. 1.

(n=1.154), and Cochrane Library (n=309).

A total of 3,560 relevant articles were identified through the following databases:
China Knowledge (#=215), China Biomedical Literature Database (1=13), Wipro
(n=8), Wanfang (n=1,518), Embase (»=132), PubMed (n=211), Web of Science

Exclusion of duplicate literature

(1=563)

Inclusion of literature (1=2997)

Read titles and abstracts to exclude
hiterature (#=2972): not consistent
with topic (n=2367), reviews and
conferences (n=406), case reports

(n=13), Meta-analyses (1=71), risk
factor analyses only (n=65), animal
experiments (n#=47), and literature
not in Chinese or English (n=3)

Inclusion of literature (n=25)

Read full text exclusion of literature
(n=16): full text unavailable (n=4)

mismatch of study population (n=5),
construction of model based on
Meta-analysis (n=3), insufficiently
comprehensive literature data (n=4)

Finalization of literature for inclusion (n=9)

Fig. 1: Literature screening flowchart

Basic characteristics and modeling of the in-
cluded Iiterature

A total of nine papers were included in this study.
All were published within the last five years, with
seven originating from China (10-12,14-15,17-18)
and two from the Netherlands (13,16). The data
for the studies were obtained primarily through a
combination of medical record data and follow-
up visits. The total number of modeling samples
included in the nine papers ranged from 70 to
456 cases, and the number of outcome events
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ranged from 22 to 126 cases. Six studies (11-13,
16-18) employed logistic regression as a modeling
method, with one study (12) additionally utilizing
support vector machine and BP neural network.
Three studies (10, 14, 15) employed Cox propor-
tional regression. The form of model presenta-
tion was as follows: risk assessment formula in
four studies, column line graph in four studies,
and not mentioned in one study. The fundamen-
tal characteristics and model construction of the
included literature are presented in Table 1.
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Table 1: Basic characteristics of the included literature and the prediction model construction

Note: DFU, diabetic foot ulcer, "-" means not mentioned.

Included in the
literature

Wei Lei et al (2023)
10)

Wang Hong and Li

Liang (2023) (11)

Zhang Juan et al
(2023) (12)

AAND S W et al
(2021) (13)

Lai Jianjun and Sun

Yan (2024) (14)

Wang Yinrong et al
(2023) (15)

AAND S W et al

(2020) (16)

Lv Jing et al (2023)

)

Xia Lei(2023) (18)
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The year of
publication

2023

2023

2021

2024

2023

2020

2022

2023

coun-

try

China

China

China

Hol-
land

China

China

Hol-
land

China

China

Study subjects and sample
size
(Outcome event / partici-
pant: m / n)
DFU patient (47 / 226)

DFU healing patients admit-
ted to the Central Hospital of
Jiaozuo Coal Industry
(Group) Co., Ltd. (22 / 70)

DFU patients healed after
hospitalization / wound clinic
of Ningxia Medical University
General Hospital (116 / 390)

DFU patients who had foot
ulcers within 48 months of
multidisciplinary diabetic foot
clinics in 3 university medical
centers and 4 community
hospitals (126 / 304)
DFU patients with ulcer
healing in Affiliated Provin-
cial Hospital of Shandong
First Medical University (51 /
172)

DFU patients healed after
hospitalization of Hainan
Provincial Hospital of Tradi-
tional Chinese Medicine (69 /
263)

DFU patients who had had
foot ulcers in the 18 months
prior to the study (71 / 171)
recruited from multidiscipli-
nary diabetic foot clinics from
2 university hospitals and 8
large public general hospitals
DFU patient in a hospital in
Chengdu (125 / 465)

A tertiary A hospital in Nan-
jing and a tertiary A hospital
in Zhenjiang were diagnosed
with DFU healing and dis-
charged patients for the first
time (98 / 375)

data sources

Clinical data;
telephone or
outpatient
follow-up
clinical data;
Outpatient
follow-up and
telephone fol-
low-up
Electronic
medical record;
telephone fol-
low-up, outpa-
tient follow-up
and out-of-
hospital follow-
up management
system
Electronic
medical record;
telephone fol-
low-up

Clinical data;
follow up by
telephone or
outpatient
service
Medical rec-
ords, electronic
medical records
and nursing
records; wechat,
telephone and
outpatient
follow-up
Electronic
medical record;
outpatient
follow-up

Hospital infor-
mation system;
telephone fol-
low-up, outpa-
tient follow-up
and out-of-
hospital man-
agement system
Hospital elec-
tronic medical
record system;
outpatient
setrvice, recur-
rent hospitaliza-
tion, or tele-
phone follow-

Uj5

Modeling method

In 1 year And Cox propot-
(January / tional regression
times)
In 1 year Logistic regression
In 1 year Logistic Regression,
support vector
machine, and BP
neural network
18 Months Logistic regression
3~12 Months And Cox propor-
(January / tional regression
times)

In 2 years And Cox propor-
(April /) tional regression
18 Months Logistic regression
In 1 year Logistic regression
In 1 year Logistic regression

Available at:

Model
presenta-
tion

Risk assess-
ment formu-
la

ABAS

Risk assess-
ment formu-
la

Risk assess-
ment formu-
la

ABAS
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Predictive model performance and predictors
In the included literature, a total of 13 prediction
models were established. Out of these, 12 models
(10-14, 16-18) were evaluated for differentiation
using the area under the ROC curve (AUC), with
AUC values ranging from 0.660 to 0.943. Among
these, 9 prediction models (10-12, 14, 16-18) had
AUC values greater than 0.7, indicating moderate
or better prediction performance. Conversely, 3
prediction models (13, 16) had AUC values be-
low 0.7, reflecting poor model performance. Ad-
ditionally,1 prediction model (15) was evaluated
using the C-index for differentiation, achieving a
value of 0.796, which indicates good prediction
performance. The calibration methods employed
included the Hosmer-Lemeshow test, calibration

curves, decision curve analysis, and Brier scores.
The models constructed in five studies (12, 13,
15, 16, 18) were internally validated using 10-fold
cross-validation, bootstrap sampling, and random
splitting, respectively. One of the studies (18) also
underwent external validation via time period
validation. The external validation AUC was
0.732, indicating fair prediction performance.
The final model included three to eight predic-
tors. The Wagner classification, glycosylated he-
moglobin, and peripheral neuropathy were ob-
served with a frequency of at least three, and thus
were categorized as common predictors of DFU
recurrence. For a detailed examination of the
predictive performance and predictors of the
specific model, please refer to Table 2.

Table 2: Predictive model performance and predictors

Inclusion of litera- Model Performance

ture

AUC/C-index Calibration methods
Wei Lei et al (2023) AUC of 0.906 -
(10)
WANG Hong, LI AUC of 0.812 Hosmer-Lemeshow good-
Liang ness-of-fit test

(2023) (11)

Zhang Juan et al | The AUC of the logistic

Hosmer-Lemeshow good-

model validation

Predictors and their quantities

- 8: sex, age (older), BMI, ulcer location, W
classification, I classification, fI classifica-
tion, hs-CRP
- 4: Wagner classification (3 to 5), glycosyl-
ated hemoglobin 27.0%, peripheral
neuropathy, and moderate to severe
infections

Internal validation 8: BMI, duration of diabetes, smoking

Awvailable at:

(2023) (12)

AAND S W et al
(2021) (13)

Lai, Jianjun and Sun,
Yan (2024) (14)

Wang Yinrong et al
(2023) (15)

AANDSW et al
(2020) (16)

regression model is
0.855, the AUC of the
SVM model is 0.937,
and the AUC of the
BPNN model is 0.837.
Model 1 AUC was 0.690
(2SD
0.040), model 2 AUC
was 0.660 (2SD 0.023)

AUC of 0.832

C-index of 0.796

Model 1 AUC was
0.680, Model 2 AUC
was 0.760

http://ijph.tums.ac.ir

ness-of-fit test

Brier scores, calibration
curves

calibration cutves

Calibration cutve, decision
cutve analysis

Brier scores

(Randomized split-
ting method and 10-
fold cross valida-
tion)

Internal Verification
(10 fold cross vali-
dation)

Internal validation
(Boostrap sampling
method)

Internal Verification
(10 fold cross vali-
dation)

history, foot ulcer grading,glycosylated
hemoglobin, ulcer location on the sole of

the foot, foot self-management behav-
iors, and perceived level of risk for DFUs

Model 1 (6): age (younger), severity of
peripheral neuropathy, shorter time to
healing from previous ulcers, mild le-
sions, use of walking aids, no foot tem-
perature monitoring at home;
Model 2 (7): age (younger), plantar ulcers,
shorter time to healing from previous
ulcers, minor lesions, alcohol consump-
tion, use of walking aids, foot care re-
ceived at a university medical center
4: ABI (protective factors), coronary
heart disease, ulcer depth score, subcuta-
neous sinus tract or submerged wound
score
6: age (>063 years), duration of diabetes
(>10 years), glycosylated hemoglobin
(>9.07%), albumin (<39.57 g/L), C-
reactive protein (>4.14 mg/L), and white
blood cell count (>7.09 X 109/L)
Model 1 (5): increased peak plantar pres-
sure (in kPa) in the forefoot, presence of
minor lesions, long duration of previous
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Table 2: Continued ...

Lv Jing et al (2023) AUC of 0.855

Xia Lei (2023) (18) The AUC was 0.890,
External validation

AUC of 0.723 curves

Hosmer-Lemeshow good-
17 ness-of-fit test

Hosmer-Lemeshow good-
ness-of-fit test ,calibration

foot ulcers, living alone, and less change
in the number of steps per day (SDs);
Model 2 (3): presence of minor lesions,
longer duration of previous foot ulcers,
location of previous foot ulcers.
- 5: Smoking, abnormal foot skin color,
callus, diabetic peripheral neuropathy,
coronary heart disease
Internal validation 6: Wagner classification, peripheral vas-
(Boostrap sampling cular lesions, osteomyelitis, multidrug-
method) and exter- | resistant bacterial infection, callus, history
nal validation (time of amputation
period validation)

Note: BMI, body mass index; W classification, wound classification; I classification, ischemia classification; fI classi-
fication, foot infection classification; hs-CRP, high-sensitivity C-reactive protein; DFUs, diabetic foot ulcers; ABI,

ankle-brachial index; and "-" indicates not mentioned

Evaluation of risk of bias and applicability of
prediction models

Risk of prediction model bias

In the domain of research subjects, all included
literatures were considered to have a low risk of
bias, two literatures (13, 16)had data from ran-
domized controlled trials and seven litera-
tures(10-12, 14, 15, 17, 18) were from nested
case-control studies with appropriate data
sources and the inclusion and exclusion criteria
were reasonable and consistent. In the predictor
domain, all papers had detailed descriptions of
the study population and the predictors were val-
id, whereas two papers (12, 14) included scales
for the assessment of the predictors but did not
describe the process and criteria for the assess-
ment in detail, so the risk of bias was assessed as
unclear. In the outcome domain, the risk of bias
was assessed as unclear in 3 papers (10, 11,
14)because information on the method of out-
come classification was not reported. In the area
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of statistical analysis, all 9 publications were rated
as having a high risk of bias for the following rea-
sons: First, 8 literatures(10-16, 18)had events per
variable (EPV) <20 for the independent varia-
bles, which is an insufficient sample size and may
result in lower model stability and reliability; Sec-
ond, 1 literature(18)transformed continuous vari-
ables into =22 categories; Third, 1 paper(12) did
not use multiple interpolation to deal with miss-
ing data; Fourth, five papers(11, 13, 16-
18)screened predictors by one-way analysis of
variance; and fifth, in terms of evaluating the per-
formance of the predictive model, three papers
(11, 12, 17) used only the Hosmer-Lemeshow
goodness-of-fit test for calibration, and one pa-
per (10)did not report the calibration information
of the predictive model. Sixth, four papers (10,
11, 14, 17) did not use internal validation meth-
ods for subsequent adjustment of model perfor-
mance (Table 3).
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Table 3: Risk of bias and applicabili

Risk of bias

of the included literature
Risk of applicability

Ensemble

Subject Subject
investigat- tor re- lyse investigat- tor re- of bility
ed sult ed sult bias
Wei Lei et Low risk | Low risk | NK High Low risk | Low risk | Low High Low
al  (2023) Risk risk Risk risk
(10)
Wang Low risk = Low risk =~ NK High Low risk  Low risk = Low High Low
Hong and Risk risk Risk risk
Li Liang
(2023)
an
Zhang Low risk NK Low High Low risk | Lowrisk | Low High Low
Juan et al risk Risk risk Risk risk
(2023)
12
AANDS Low risk = Lowrisk = Low = High Low risk = Low risk = Low High Low
W et al risk Risk risk Risk risk
(2021)
13)
Lai Jian- Low risk NK NK High Low risk | Low risk | Low High Low
jun and Risk risk Risk risk
Sun  Yan
(2024)
14
Wang Low risk | Low risk ~ Low = High Low risk | Lowrisk = Low High Low
Yinrong risk Risk risk Risk risk
et al
(2023)
(15)
AANDS Low risk | Lowrisk | Low = High Lowrisk | Lowrisk | Low High Low
W ey al risk Risk risk Risk risk
(2020)
(16)
Lv Jing et Low risk | Lowrisk Low = High Low risk = Low risk = Low High Low
al  (2023) risk Risk risk Risk risk
an
Xia Lowrisk | Lowrisk | Low | High Lowrisk | Lowrisk | Low High Low
Lei(2023) risk Risk risk Risk risk
(18)
Available at:  http://ijph.tums.ac.ir 31
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Evaluation of predictive model applicability

The models from the nine studies were rated as
having low applicability risk, with each model
demonstrating good applicability. The reason for
this is that the subjects and study design, the def-
inition and assessment of predictors (including
the time of assessment), and the definition and
analysis method of the results (including the time
interval) of the included literature are all con-
sistent with this systematic evaluation question

(Table 3).
Discussion

Existing DFU Recurrence Risk Prediction
Models: Performance and Bias

This systematic evaluation identified 13 predic-
tion models across nine studies, with 10 models
(10-12, 14-18) achieving an AUC or C-index
greater than 0.7, which accounts for 76.92%. This
indicates acceptable predictive performance with
some clinical value in distinguishing high-risk
DFU recurrence populations. However, twelve
models (10-17) lacked external validation, raising
concerns about their generalizability. The overall
risk of bias among existing models was high,
primarily due to statistical issues such as inade-
quate sample sizes (EPV <20), inappropriate
transformation of continuous variables into mul-
ticategorical forms, inadequate handling of miss-
ing data without multiple imputation, reliance on
univariate analysis for predictor screening, and
insufficient calibration assessments, often limited
to the Hosmer-Lemeshow goodness-of-fit test.
Future model development should ensure ade-
quate sample sizes (=100 and EPV 220) to re-
duce bias in regression coefficients and enhance
predictive reliability and stability (19). To prevent
overfitting, transformation of continuous varia-
bles into multicategorical forms should be mini-
mized (20), and appropriate methods like multi-
ple imputation should be employed to handle
missing data effectively (21). Univariate analysis
neglects variable interactions and potential co-
variate issues, risking important multivariate rela-
tionships. LASSO regression can mitigate multi-
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collinearity and enhance model simplicity and
stability (23); however, none of the studies in this
evaluation utilized LASSO, increasing bias risk.
Future studies should consider LASSO regres-
sion and implement both internal and external
validations, employing methods beyond random
splits, such as cross-validation and bootstrap
sampling. Comprehensive calibration assess-
ments, including large-scale calibration, calibra-
tion curves, and a combination of Hosmer-
Lemeshow tests, are recommended (22).

Predictive Value of Key Indicators for DFU
Recurrence

Our systematic evaluation indicated that Wagner
classification, glycosylated hemoglobin (HbAlc),
and diabetic peripheral neuropathy (DPN) are
significant predictors of DFU recurrence. Higher
Wagner classifications correlate with an increased
risk of recurrence, likely due to deeper ulcers and
worsening infections, which elevate inflammatory
factors like calcitonin (PCT), interleukin-6 (IL-6),
and C-reactive protein (CRP). These inflammato-
ry markers can inhibit the expression of the anti-
vascular growth factor Omentin-1 and the regula-
tion of neovascularization factor VEGF, compli-
cating the maintenance of tissue oxygenation
post-healing and contributing to DFU recurrence
(24-27). HbAlc serves as a standard for assessing
glycemic control; poor control results in a high-
glycemic microenvironment, lowering antioxidant
enzyme levels and heightening oxidative stress,
hindering complete DFU healing and increasing
recurrence likelihood (28, 29). DPN is an inde-
pendent risk factor for DFU recurrence, aligning
with findings by Xie Ji-Xuan et al (30). DPN
leads to sensory, motor, and autonomic dysfunc-
tion, resulting in foot muscle atrophy, dry and
cracked skin, abnormal temperatures, and in-
creased mechanical stress, all of which elevate
recurrence risk (31, 32). To reduce DFU recur-
rence rates, clinical staff should implement tar-
geted treatment and nursing strategies based on
Wagner classification; patients should be encour-
aged to actively manage their blood glucose by
regularly monitoring HbAlc and adhering to
medical advice. Additionally, healthcare profes-
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sionals can assess DFU recurrence risk using the
Michigan Neurological ~Screening Inventory
(MNSI), the Nociceptive Touch and Tempera-
ture Test (NTT), and the Vibratory Sensory
Threshold (VPT) (31, 32). DPN can also be
monitored through the MNSI and sensory testing
(VPT) (33), allowing for tailored preventive and
therapeutic measures to improve foot muscle and
skin condition, alleviate mechanical pressure, and
reduce DPN-related damage.

Future Exploration of DFU Risk Prediction
Models

DFU risk prediction models can identify high-
risk groups early and predict recurrence likeli-
hood, aiding healthcare workers in developing
effective prevention strategies to reduce DFU
recurrence, enhance patient quality of life, and
decrease morbidity and mortality rates. However,
research on clinical risk prediction models for
DFU recurrence using real-world data only
commenced in 2020, necessitating further explo-
ration for widespread clinical application. Our
evaluation revealed that all prediction models
from the nine included studies were at high risk
of bias. Future researchers should consult PRO-
BAST (8) and TRIPOD (34) guidelines to avoid
bias and enhance transparency in model devel-
opment. Most existing DFU recurrence models
are based on logistic regression; incorporating
machine learning (ML) algorithms is vital for
promoting early interventions and improving pa-
tient outcomes (35). For instance, a model devel-
oped by Juan Zhang et al (12) using support vec-
tor machine (SVM) and BP neural networks
showed an AUC of 0.943, demonstrating stable
diagnostic efficacy, yet it requires validation
across multiple centers to confirm its accuracy
and predictive capacity. Future work should ex-
plore various ML algorithms and validate them
with larger samples to identify the most effective
models for clinical practice. Additionally, visualiz-
ing prediction models through applets and web
calculators could enhance usability and improve
screening efficiency.

Available at:  http://ijph.tums.ac.ir

Limitations and conclusions

This systematic review has several limitations.
First, it included only published literature in Chi-
nese and English, omitting gray literature, which
may result in missing significant studies. Second,
the heterogeneity among the prediction models
prevented a quantitative meta-analysis, leading to
reliance solely on descriptive qualitative analysis.
Third, none of the studies adhered to TRIPOD
guidelines, compromising transparency in the
model construction process and potentially af-
fecting the quality assessment of the literature.

Conclusion

Nine risk prediction models for DFU recurrence
were analyzed, most showing good predictive
performance, though with a high risk of bias.
Common predictors included Wagner classifica-
tion, glycosylated hemoglobin, and diabetic pe-
ripheral neuropathy. Current models are not yet
suitable for widespread clinical use and require
further exploration. Future research should focus
on external validation of these models using
large, multi-center samples to enhance quality
and generalizability. Researchers are also encour-
aged to follow PROBAST and TRIPOD guide-
lines to develop scientifically sound and effective
DFU recurrence risk prediction models condu-
cive to clinical practice.
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