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Abstract
Although machine learning is frequently used in medicine for predictive purposes, its accuracy in diabetes-related amputa-
tion (DRA) remains unclear. From establishing the database until December 2024, we conducted a comprehensive search of 
PubMed, Web of Science (WoS), Embase, Scopus, Cochrane Library, Wanfang, and the China National Knowledge Index 
(CNKI). The pooled sensitivity, specificity, positive likelihood ratio (PLR), negative likelihood ratio (NLR), diagnostic odds 
ratio (DOR), area under the curve (AUC), and Fagan plot analysis were used to assess the overall test performance of machine 
learning. Moreover, subgroup analysis and meta-regression were performed to search for possible sources of heterogeneity. 
Finally, sensitivity analysis and Deeks’ funnel plot asymmetry test were used to evaluate the stability and publication bias, 
respectively. In the end, seven publications were included in this meta-analysis. The overall pooled diagnostic data were as 
follows: sensitivity, 0.72 (95% CI 0.69–0.75); specificity, 0.89 (95% CI 0.84–0.93); PLR, 3.62 (95% CI 3.36–3.89); NLR, 
0.32 (95% CI 0.30–0.35); DOR, 13.55 (95% CI 11.72–15.67). The AUC was 0.81 (95% CI 0.77–0.84). The Fagan plot 
analysis showed that the positive post-test probability is 62% and the negative post-test probability is 7%. Subgroup analysis 
and meta-regression showed that both the level of bias and the year of publication were sources of heterogeneity in sensi-
tivity and specificity. Sensitivity analysis confirmed the robustness of the results after excluding three outlier studies. The 
Deeks’ funnel plot suggests that publication bias has no statistical significance (P > 0.05). In summary, our results suggest 
the moderate accuracy of machine learning in predicting DRA.
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CI	� Confidence Interval
SROC	� Summary Receiver Operating 

Characteristic
PRISMA-DTA	� Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses for Diag-
nostic Test Accuracy

PROSPERO	� Prospective Register of Systematic 
Reviews

QUADAS-2	� Quality Assessment of Diagnostic Accu-
racy Studies-2

GRADE	� Grading of Recommendations Assess-
ment, Development and Evaluation
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FP	� False Positive
FN	� False Negative
AI	� Artificial Intelligence
CT	� Computed Tomography
MRI	� Magnetic Resonance Imaging
EHR	� Electronic Health Records
HCC	� Hepatocellular Carcinoma
AnF	� Any Liver Fibrosis
RF	� Random Forest
DT	� Decision Tree
LR	� Likelihood Ratio
XGBoost	� Extreme Gradient Boosting

Introduction

Diabetes-related amputation (DRA) is a severe complica-
tion of diabetes mellitus, affecting a significant propor-
tion of the diabetic population [1]. Approximately 85% of 
all non-traumatic amputations occur in patients with dia-
betes, and at least 80% of those are preceded by active foot 
lesions [2]. DRA and a high risk of amputation and mortal-
ity can impact patients’ quality of life, life roles, and body 
image, as well as the financial burden placed on patients and 
their families [3–5]. In most cases, many treatments are not 
enough to cure diabetes and lead to amputation [6]. There-
fore, it is essential to predict the risk of amputation associ-
ated with diabetes as early as possible and to intervene in 
a timely manner to mitigate its harmful consequences on 
patients’ mental health and quality of life.

Machine  learning  and big data  use in  medi-
cine have increased in recent years [7–9]. Because of the 
strong correlation between the visual aspects of human dis-
eases and their diagnostic intuitiveness, the utilization of 
machine learning in diagnosing such ailments has witnessed 
rapid advancements [10]. Certain machine-learning products 
have now entered clinical implementation [11, 12].

Machine-learning techniques have gained a lot of inter-
est in recent years for DRA monitoring and diagnosis in 
patients with neuropathic diabetes [13–18]. For instance, 
a Chinese study developed a machine learning system 
(XGBoost for DRA) for predicting DRA among individ-
uals, achieving a accuracy of up to 80% [15]. Moreover, 
another study developed a tree machine learning system, and 
the accuracy rate increased to 81.4% [16]. In another study, a 
deep learning model was utilized in the risk assessment and 
detection of DRA [17]. Although research on machine learn-
ing involvement in DRA prediction is expanding, the accu-
racy of machine learning varies significantly across studies, 
which is attributable to differing algorithmic approaches 
[18].

Considering the aforementioned factors, along with the 
absence of systematic reviews and meta-analyses assessing 
the accuracy of machine learning-specific diagnoses for 
DRA, this study seeks to contribute evidence in this area. 
DRA significantly impact morbidity, mortality, and qual-
ity of life among users of public health services, with early 
identification of high-risk patients is critical for timely inter-
vention. Furthermore, diagnostic methods such as Computed 
tomography angiography (CTA) and magnetic resonance 
imaging (MRI)—which are non-invasive, readily accessi-
ble, and purportedly effective in accurately identifying DRA 
lesions—are available within public health systems. Thus, 
undertaking a systematic review and meta-analysis to assess 
the predictive accuracy of machine learning models in fore-
casting DRA risks may yield significant insights into their 
efficacy in predicting DRA.

Materials and methods

Systematic Review and Meta-analysis of Diagnostic Test 
Accuracy Studies (PRISMA-DTA) guidelines suggested 
reporting items were followed in the course of this study 
[19, 20]. See Supplemental Material 1 for a detailed list 
of PRISMA-DTA. The protocol was registered on the 
International Prospective Register  of Ongoing System-
atic Reviews  (PROSPERO Number: CRD42024570834 
https://​www.​crd.​york.​ac.​uk/​prosp​ero/). This study was not 
subject to institutional review board oversight, and patient 
informed consent requirements because it was based solely 
on published trials.

Search strategy

Two independent researchers carried out a thorough litera-
ture search of the databases from inception to December 
2024, including PubMed, Web of Science (WoS), Embase, 
Scopus, Cochrane Library, Wanfang, and the China National 

https://www.crd.york.ac.uk/prospero/
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Knowledge Index (CNKI). The languages involved only 
English and Chinese.

Search terms included “AI”, “Artificial intelligence”, 
“Machine learning model”, “Machine learning”, “Deep 
learning”, “Model”, “Diabetes”, “Amputation”, “Diabetes-
related amputation”, “DRA”, “Sensitivity”, “Specificity”, 
“AUC”, “Area under the curve”, “True positive”, “TP”, 
“False positive”, “FP”, “F1-score”. Detailed search strate-
gies are shown in Supplementary Material 2. An extended 
search of relevant reviews and references of included articles 
was conducted. The search method is adjusted according to 
the characteristics of the database and the search results by 
combining subject words and free words. Search results were 
imported into NoteExpress 3.4 (Beijing Aegean Hailezhi 
Technology Co.), and duplicates were removed.

Inclusion criteria and exclusion criteria

Inclusion criteria: (1) Published articles evaluating the 
value of machine learning in predicting the risk of DRA; (2) 
Cohort studies with diagnostic experiments; (3) The diag-
nostic criteria for DRA are clearly described in the literature; 
(4) Sensitivity, specificity, and optimal diagnostic thresholds 
are indicated in the literature or can be calculated.

Exclusion criteria: (1) Systematic review, review, and 
cases; (2) incomplete data, such as the necessary data such 
as the sensitivity and specificity of the item cannot be cal-
culated; (3) Duplication of literature; (4) The full text is not 
available; (5) Challenged, or withdrawn literature.

Data extraction

Studies that fulfilled the specified criteria for inclusion 
and exclusion were meticulously assessed and, if required, 
approved or rejected. Subsequently, data pertaining to the 
diagnostic test under consideration, the index test under con-
sideration, as well as the occurrences of true positives (TP), 
true negatives (TN), false positives (FP), and false negatives 
(FN) were extracted from the selected studies. The research-
ers contacted the authors of any paper that was found to have 
incomplete information and requested them to provide any 
missing details.

Quality evaluation

Publication quality was evaluated using the Quality Assess-
ment of Diagnostic Accuracy Studies-2 (QUADAS-2) qual-
ity scoring standard [21]. The scale contains 14 key ques-
tions, each judged by a yes, no, or unclear answer. If the two 
researchers have differences in literature retrieval, screening, 
data extraction and literature quality evaluation, they would 
negotiate with the third researcher to resolve the differences.

Diagnostic performance and clinical value 
verification

A summary receiver operating characteristic curve (SROC) 
was drawn and AUC was calculated. Publication bias was 
evaluated using Deeks’ funnel plot asymmetry test, which is 
the recommended method for diagnostic test accuracy meta-
analyses to assess the association between sample size and 
DOR [22]. A significance level of P < 0.05 was considered 
indicative of potential bias, as per the Cochrane Handbook 
guidelines [23]. Fagan chart was drawn to calculate the pre-
test probability and post-test probability to evaluate the clini-
cal value [24].

Bivariate model analysis

Threshold effects were assessed using Spearman’s correla-
tion coefficient between sensitivity and (1-specificity), with 
P < 0.05 indicating significant threshold effect [25]. In addi-
tion, the bivariate random-effects model was employed to 
account for the inherent correlation between sensitivity and 
specificity, providing pooled estimates with 95% confidence 
regions [26].

Heterogeneity analysis

The statistical I2 and Q tests were used to analyze the hetero-
geneity. An I2 value > 50% was considered indicative of sub-
stantial heterogeneity, and > 75% reflected severe heteroge-
neity. If the heterogeneity was large, the random effect size 
model was used. If the heterogeneity is small, the fixed effect 
size model is used. Subgroup analysis and meta-regression 
analysis were performed to explore the sources of heteroge-
neity. Variables included were predefined as follows: sample 
size (≤ 1,000 vs. > 1,000), publication year (before 2020 vs. 
2020–2024), machine learning algorithm type (RF vs. Oth-
ers), and risk of bias level (QUADAS-2 score ≤ 2 vs. > 2).

Quality of evidence assessment

The Grading of Recommendations Assessment, Develop-
ment and Evaluation (GRADE) method was used to sys-
tematically evaluate the body of evidence [27]. The quality 
of evidence was independently evaluated by two researchers 
across the following dimensions, ultimately categorizing the 
evidence into four levels: high, medium, low, and very low. 
These dimensions included: (1) Risk of bias, assessed using 
the QUADAS-2 tool; (2) Inconsistency, determined by the 
heterogeneity test results (I2 value); (3) Indirectness, evalu-
ated by examining the relevance of the study population 
and intervention to the clinical question; (4) Imprecision, 
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assessed based on the width of the confidence interval and 
the clinical decision threshold; and (5) Publication bias, ana-
lyzed using Deeks’ funnel plot.

Statistical analysis

The statistical analysis was conducted using RevMan 5.4 
software (RevMan 5.4, Review Manager, Version 5.4, The 
Cochrane Collaboration), meta-disc software, and Stata ver-
sion 16.0 (StataCorp LP, USA) [28–30]. RevMan 5.4 soft-
ware was used to generate quality evaluation plots. Stata 
version 16.0 was used to analyze SROC curve and sensitivity 
analysis, etc. meta-disc software was used to generate PLR, 
NLR, and the DOR. P < 0.05 was considered statistically 
significant.

Result

Search results

Following a comprehensive examination of the titles and 
abstracts of all 1785 articles, 1105 were excluded due to 
duplication, and 492 were dismissed for failing to meet 
the inclusion criteria. Subsequent to a full-text review, an 

additional 181 articles were excluded. Ultimately, seven 
studies satisfied the eligibility requirements and were 
included in the analysis. A detailed overview of the literature 
screening process is presented in Fig. 1.

Basic characteristics

Table 1 summarizes all included studies. Among the seven 
studies, the largest number came from China (3 in total), two 
from the United States, one from Spain and one from Tur-
key. All studies were retrospective cohort studies. A total of 
105,928 patients were included in all studies, including 6220 
in the Experiment group and 99,708 in the control group. 
The participants’ ages ranged from 26 to 88. The highest 
proportion of males was 65%, while the lowest was 53.8%.

QUADAS‑2 assessment

Supplementary Fig. 1 and Supplementary Table 1 display 
the QUADAS-2 quality assessment results. The majority of 
the publications that were part of the current meta-analysis 
satisfied the majority of the QUADAS-2 items, indicating 
that the general caliber of the studies that were included was 
moderate to high. Most studies scored three or above there-
fore considered to be of good quality. Two studies scored 

PRISMA 2020 flow diagram for new systema�c reviews which included searches of databases, registers and other sources

Records identified from:
PubMed (N=1251)
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Fig. 1   Flow diagram of the meta-analysis
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two, indicating poor quality, but after a detailed review of 
the paper and its evidence, the papers were included in the 
final analysis. This is because although blinding was not 
mentioned, the selection process for participants in the con-
tinuous enrollment of patients was reasonable, and there 
were no concerns about its applicability. This paper meets 
the selection criteria for our study, otherwise consistent with 
other studies included.

Machine learning can accurately predict DRA risks

Pooled diagnostic parameters were computed using a ran-
dom-effects model. This meta-analysis included forest plots 
of the AUC for machine learning in DRA detection, as well 
as the sensitivity, specificity, PLR, NLR, DOR, and SROC. 
The seven included studies’ sensitivity ranged from 0.70 to 
0.75, while their specificity ranged from 0.84 to 0.92, accord-
ing to the results of the diagnostic meta-analysis (Fig. 2). 
These results suggest that machine learning is far more capa-
ble of correctly predicting a disease than correctly classify-
ing cases that are not illnesses. Additionally, an assessment 
was conducted on the machine learning’s pooled diagnostic 

accuracy in predicting DRA. In the pooled analysis, the P 
value of the Spearman’s correlation coefficient was less than 
0.05. The sensitivity and specificity I2 values were 84.25% 
and 99.15%, respectively, and the chi-square test P-values 
were all less than 0.05, indicating a significant degree of 
study heterogeneity. The median outcomes of the pooled 
predictive data were as follows: 3.62 (95% CI 3.36–3.89) 
for the pooled PLR, 0.32 (95% CI 0.30–0.35) for the pooled 
NLR (Fig. 3A, B), and 13.55 (95% CI 11.72–15.67) for the 
pooled DOR (Fig. 3C). The corresponding SROC curve is 
displayed in Fig. 3D. The overall SROC curve’s AUC value 
was 0.81, indicating a reasonably high level of accuracy for 
DRA prediction using machine learning.

Clinical value analysis

The differences in clinical utility between machine learn-
ing methods for prediction of DRA were evaluated using 
Fagan plot analysis. The probability increased from 20 to 
62% when the machine learning methods assays were posi-
tive and decreased to 7% when the results were negative 
(Fig. 3E).

Fig. 2   Machine learning approaches can accurately predict DRA risks.. Forest plots of sensitivity (A) and specificity (B)
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Subgroup analysis and Meta‑regression

The heterogeneity of the studies was assessed using bivari-
ate boxplots. As shown in Fig. 4A, four studies (4, 6, 7, 

17) [15, 31] were not included in the boxplots. This sug-
gests that these four studies may be the underlying cause 
of heterogeneity. After carefully reading these four stud-
ies, three key influencing factors of heterogeneity were 

Fig. 3   Comprehensive performance and clinical value of machine learning in the prediction of DRA. Forest plots of PLR (A), NLR (B), and 
DOR (C). (D) SROC curve. E Fagan plot
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identified: machine learning type, sample size, and year of 
publication. Subsequently, we isolated these four studies 
from all studies to create separate subgroups for analysis. 
As shown in Fig. 4B, types of machine learning were not 
sources of heterogeneity, either in sensitivity or specificity 
(P > 0.05). However, the level of bias and year of publica-
tion were all sources of heterogeneity in sensitivity and 
specificity (P < 0.05).

Sensitivity analysis and Publication bias

As shown in Fig. 5A–D, the impact analysis revealed three 
outlier studies (1, 14, 15) [13, 16], whereas no outlier stud-
ies were found in the outlier detection. After removing 
three studies, the I2 values for sensitivity and specificity 
heterogeneity decreased from 67.23 to 87.48% and from 
98.65 to 99.06%, respectively (Supplementary Fig. 2). 
However, the pooled diagnostic accuracy measures were 
comparable to the overall study (sensitivity: 0.71 vs. 0.72; 
Specificity: 0.87 vs. 0.89; AUC: 0.83 vs. 0.81), indicat-
ing that our results were relatively robust and not sig-
nificantly influenced by any individual study. In order to 
assess potential publication bias, we performed the Deeks’ 
funnel plot asymmetry test in our meta-analysis (Fig. 5E). 
P = 0.07 indicated little chance of publication bias among 
the studies.

GRADE Evidence Quality Assessment

In addition, we applied GRADE assessment method to 
assess the strength of evidence. Initial level of evidence: All 
studies had an observational design and the starting grade 
was “low”. Downgrade factors: (1) Risk of bias: two studies 
had high risk of bias (level -1); (2) Inconsistency: sensitiv-
ity and specificity I2 > 75% (level -1); (3) Imprecision: the 
confidence interval of the combined effect size crossed the 
clinical decision threshold (level -1). Final level of evidence: 
Very low. These summaries are detailed in Supplementary 
Table 2.

Discussion

Machine learning has become an inevitable trend in medi-
cine and has already proficient utilization in certain medi-
cal domains [32–34]. The study confirmed that machine 
learning has moderate accuracy in the diagnosis of DRA 
(AUC = 0.81). Furthermore, the combined sensitivity and 
specificity were 0.72 and 0.89, respectively. In fact, the 
ideal diagnostic tools should distinguish not only patients 
with DRA but also other similar diseases, such as traumatic 
amputation [35, 36]. Machine learning may be effective in 
ruling out non-DRA (distinguishing traumatic from vascular 

Fig. 4   The source of heterogeneity. A bivariate boxplot. B univariable meta-regression analysis
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Fig. 5   Sensitivity analysis and bias of publication. A Goodness of fit. B Bivariate normality. C Influence analysis. D Outlier detection. E The 
asymmetry test of Deeks’ funnel plot for publication
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amputations) and is valuable in reducing unnecessary further 
testing.

However, the sensitivity of 0.72 is slightly lower, sug-
gesting that additional diagnostic methods may be needed in 
clinical practice. These results are consistent with the trend 
of previous single-center studies [37], but there are differ-
ences in specific performance measures. For example, the 
amputation prediction system developed by Du et al. based 
on the XGBoost model [15] reported an accuracy rate of 
80%, which is in line with the sensitivity (0.73) and speci-
ficity (0.89) shown in this study. However, this accuracy is 
lower than the 84% reported by Stefanopoulos et al. based on 
the decision tree model [14]. This difference may be due to 
the influence of algorithm selection and data heterogeneity: 
ensemble learning models such as XGBoost have advantages 
in capturing feature interactions, while single decision trees 
(DT) are susceptible to sample bias [38, 39], which leads to 
overestimation of performance in some studies.

This study found that machine learning had significantly 
higher discrimination ability for non-diabetic amputations 
than traditional methods, which is consistent with the find-
ings of Alsaade et al. [10] in the diagnosis of skin lesions, 
showing that machine learning can improve specificity 
through multi-modal data integration [10]. However, the 
problem of relatively insufficient sensitivity (0.73) echoes 
the findings of Wang et al. [16] on Texas grade 3 diabetic 
foot ulcers [16]. This phenomenon may be due to insufficient 
feature learning caused by small samples.

The likelihood ratio (LR) is an independent indica-
tor of response authenticity [40]. The PLR of diagnostic 
tests can reflect their accuracy, and the NLR can reflect 
the degree of missed diagnosis of diagnostic tests [41–43]. 
In our meta-analysis, the pooled PLR was 3.62 and NLR 
was 0.32. Machine learning was 3.62 times more accurate 
in predicting DRA than the control group, but missed the 
diagnosis 32 percent of the time. Notably, recent evidence 
from oncodiagnostics has shown that the PLR value of an 
optimized machine learning model for preoperative predic-
tion of microvascular invasion in HCC has reached 5.14 
[44], highlighting the potential for algorithmic optimization 
by integrating clinical decision thresholds. This compari-
son highlights the opportunity to enhance DRA prediction 
by incorporating domain-specific clinical parameters into 
model architecture.

As an independent indicator of morbidity, the DOR 
reflects the degree of correlation between diagnosis and 
diseases [45]. However, there is still no consensus on how 
big DOR is. The pooled DOR of this study (DOR = 13.55) 
was higher than the DOR of serum markers for the diagno-
sis of any liver fibrosis (AnF) in Sergio et al.’s meta-anal-
ysis (DOR = 5.61) [46], but there was still a gap with the 
high-performance AI model in the diagnosis of malignant 
tumors (such as tumor bone metastases DOR = 58) [47]. 

This difference may be due to the multi-factor pathogen-
esis of DRA. Compared with the single biomarker, the risk 
of DRA is affected by multi-dimensional indicators such 
as blood glucose control, infection degree, and vascular 
status, which increases the difficulty of modeling.

Meta-regression analysis showed that sample size and 
publication year were the main sources of heterogeneity, 
which was consistent with the evolution trend of multi-
modal data integration research. In the field of DRA, early 
single-center studies (e.g., Barberan et al.’s [31] amputa-
tion prediction model based on data from a Spanish sin-
gle-center) [31] mainly relied on wound imaging features, 
while recent studies (e.g., Demirkol et al. 2024) [13] have 
begun to integrate multi-dimensional data such as glycated 
hemoglobin and inflammatory biomarkers from electronic 
health records. It is worth noting that heterogeneity may 
be aggravated by differences in algorithm architecture—
such as the XGBoost model developed by Du et al. 2022 
[15], while European and American studies have used the 
decision tree model (CTREE) developed by Stefanopoulos 
et al. 2022 [14].

This study has several limitations. Firstly, although 
there is a substantial body of literature on the use of 
machine learning for predicting DRA, many studies 
lack essential experimental data, such as TP, TN, and F1 
scores. Consequently, only seven articles met the inclusion 
criteria, which may have compromised the robustness of 
the findings. Secondly, a comprehensive literature review 
revealed that most studies were based on small sample 
sizes and conducted at single centers, potentially limit-
ing the capacity of machine learning to reliably assess 
DRA. Thirdly, of the seven studies included, three origi-
nated from China and two from the USA, with the research 
being published exclusively in English and Chinese. This 
may introduce selection bias and diminish the validity of 
the research outcomes. Lastly, due to the low sensitivity 
of Deek’s funnel plot and the limited number of studies 
included in this meta-analysis, the possibility of publica-
tion bias cannot be entirely ruled out [48].

In conclusion, this study showed that machine learning 
accurately predicts DRA. Given the limited number of avail-
able studies, it is necessary to further examine the validity 
and potential applicability of machine learning as a predic-
tive indicator of DRA through multi-center, large-sample 
and prospective studies.
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