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Abstract

Objective: To compare the predictive performdnce of an artificial neural network
model with statistical logistic regression model for predicting the risk of diabetic foot
amputation.

Method: The prospective cohdrt study was conducted at the Dow University Hospital,
Karachi, between October,2024 and June 2025 and adult comprised patients with
diabetic foot ulcers. The patients were monitored for the occurrence of both minor and
major diabetic foet “amputations. Demographic, clinical and laboratory data was
collected at_baséline. Artificial neural network and logistic regression models were
created tonevaluate the likelihood of diabetic foot amputation. Data were analysed
using R, Version 4.5.0, and model performance was evaluated using appropriate
perforhance measures.

Results: Of the 496 patients, 93(18.75%) underwent diabetic foot amputation;
63(67.74%) males and 30(32.26%) females with mean age 67.36+0.36 years. The
remaining 403(81.25%) patients did not undergo diabetic foot amputation;

243(60.30%) males and 160(39.70%) females with mean age 51.29+2.19 years.
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Among those who underwent amputation, 82(88.17%) had minor amputations and
11(11.83%) had major amputations. Amputation was more common in male patients
63(67.74%) than in female patients 30(32.26%). The artificial neural network ANN
model outperformed the logistic regression model with an area under the receiver
operating characteristic curve 0.862, accuracy 86.0%, and 95% confidence interyal
0.791-0.892 (p<0.001). The corresponding values for the logistic regression fodel
were 0.726, 71.2% and 0.651-0.756 (p=0.042).

Conclusion: Based on empirical findings, the artificial neural networké\ANN model
was found to be a useful tool for predicting the risk of diabétic/foot amputation,
outperforming the classic logistic regression model.

Key Words: Diabetic foot, Amputation, Machine Jdeafning,” Prognosis, Logistic

models.

Introduction

Diabetic foot ulcer (DFU) is one of the wiost severe and debilitating consequences of
diabetes mellitus (DM), caused mostly by peripheral neuropathy and vascular damage.
DFU, defined by an open wound onfthe foot, is linked to infection, delayed wound
healing, lower-extremity @mputation and premature death.! Aside from its clinical
repercussions, DFU places ‘a significant economic burden on healthcare systems and
significantly reduces ‘thé quality of life (QoL) of patients and families. The annual
healthcare costg’dssoeiated with DFU have been estimated to range between US$3,368
and US$30(131 “per patient, depending on disease severity.? DFU develops and
progresses by intricate interactions among metabolic, vascular, neurological and viral
factorsy’

Diabetic foot amputation (DFA) remains one of the most serious consequences of
DFU. Individuals with long-standing DM account for around 75% of all lower-
extremity amputations. A recent systematic review and meta-analysis found that the
global yearly incidences of minor and major amputations were 139.97 and 94.82

incidents per 100,000 diabetics, respectively, from 2010 to 2020.* Another meta-
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analysis estimated that 31% of individuals with DFUs required amputation.® In
patients with healed DFUs, the 5-year cumulative ulcer recurrence and amputation
rates are 66% and 12%, respectively.® Mortality after amputation is very high. A study
in New Zealand found that more than 11% of individuals receiving significant DM,
related amputation died within 30 days, and nearly 18% died within 90 days.’
Subsequently, DFA is associated not only with profound functional disability and
reduced QoL, but also with significantly increased mortality.®

A number of clinical and demographic characteristics, such as male genderysmoking,
elevated body mass index (BMI), hypertension (HTN), cardiovascular diSease (CVD),
chronic kidney disease (CKD), elevated white blood cell (WBC) count, low
haemoglobin (Hb) concentration and hypoalbuminemia, havejbeen repeatedly linked
to an increased risk of lower-extremity amputation in pafients with DFUs.?

In Pakistan, DFA is a significant public health coficern. Despite an incidence of DFU
similar to that reported globally, reported, aniputation rates vary from 21% to 48%,
with one study reporting that 25% patientS™withy DFUs got lower-limb amputation, and
63% eventually needed limb amputdtion.'?, Equally concerning is the mortality rate
after amputation, which is about 30%/in the first year, 50% in three years, and 70% in
five years.'"" Poor glycaemic eentrol, long-term DM, neuropathy, retinopathy and
nephropathy have all been ‘¢stablished as important predictors of amputation.'? Early
diagnosis of patientsS“at high risk of amputation is crucial for prompt intervention,
improved limb galyage, and lower healthcare costs."

Conventional statistical approaches, particularly logistic regression (LR), have been
widely used to identify risk factors and predict amputation among patients with DFUs.
Howewer, these methods assume linear relationships between predictor variables and
outcomes, and may therefore fail to capture the complex, non-linear interactions
frequently observed in clinical datasets. As a result, their predictive performance may
be limited when modelling heterogeneous patient populations.'*

Recent advances in machine learning (ML) have enabled the development of more

sophisticated predictive models capable of learning complex patterns from large
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clinical datasets. Unlike traditional statistical models, ML algorithms primarily aim at
optimising predictive performance without requiring strict distributional
assumptions.’> Growing evidence suggests that ML can substantially improve
diagnostic accuracy, risk stratification and prognostic prediction across a wide range
of medical conditions. In diabetic foot care, ML techniques have demonstratéd
promising performance in detecting DFUs, predicting wound healing, identifying
patients at high risk of amputation, and supporting personalised clinical,decision-
making.'¢

Among the ML approaches, artificial neural network (ANN) ha§ shown considerable
promise because of its ability to model highly complex and_sion-linear relationships
between clinical variables and outcomes. ANNs haves béen successfully applied to
disease diagnosis, outcome prediction and medical “ifnage analysis by identifying
intricate patterns within structured and unstructtred clinical data.'” Despite these
advances, few studies have directly comparédsthe predictive performance of ANN
models with conventional statistical appfoaches for predicting DFA, particularly in
low- and middle-income countries (LIMICs )1

The current study was planned_te cdmpare the predictive performance of an ANN

model with statistical LR medehfor predicting DFA risk.

Patients and Metheds

The prospective; eohert study was conducted at the Dow University Hospital, Karachi,
between Ogtober 30, 2024, and June 30, 2025. After approval form the institutional
ethics réview committee, the sample comprised adult DFU patients of either gender.
Patients with pre-existing DFA (minor or major), type 1 diabetes mellitus, pregnancy
or other endocrine disorders were excluded. For each participant enrolled after taking
informed consent, follow-up time was calculated from the date of enrolment until the
earliest occurrence of the study outcome (amputation), the last follow-up visit, loss to
follow-up, transfer to another healthcare facility, or the administrative end of the

study. Those who did not need to undergo DFA till the end of study were
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administratively censored on the last day of the study. Individual follow-up times were
summed up across all the participants to obtain the total person-time of observation,
which was expressed in person-years by dividing the accumulated follow-up time in
days by 365.

Baseline demographic, clinical and biochemical data included gender, age, educational
level, marital status, monthly income, BMI, glycated haemoglobin (HbA1c)y random
blood glucose (RBG), fasting blood glucose (FBG), high-density Jipoprotein
cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C),\triglycerides
(TGs), total cholesterol (TC), blood pressure (BP), serum creatinine {Cr), CVD, HTN,
neuropathy, nephropathy, retinopathy, smoking status and gphysical activity. The
participants were prospectively followed until DFA or gonipletion of the study. Cases
with missing data were excluded. Minor and major DFAS were defined as amputations
below and above the ankle, respectively.

LR and ANN were selected a priori to comparesa conventional statistical approach
with a non-linear ML approach. LR serv€dhassthe interpretable statistical benchmark,
whereas ANN was selected for its abiility te capture complex non-linear relationships
and interactions. A uniform set of. 13fpredefined baseline predictors was entered into
both the models to ensure aconsistent comparison.

Data was analysed using theé R version 4.5.0 focusing on the caret, tidyverse, neuralnet
and receiver operatingwcharacteristic curves in R (ROCR) packages. Data normality
was assessed uSing‘the Shapiro-Wilk test. Continuous variables were presented as
mean + standard deviation (SD) or median with interquartile range (IQR), as
appropriate,) while categorical variables were presented as frequencies and
perCemtages. Comparisons between patients with and without DFA were done using
the “independent-samples t-test and Pearson's chi-square test, respectively. Least
Absolute Shrinkage and Selection Operator Linear Regression (LASSO LR) was used
for variable selection before multivariable LR. Subsequently, the pre-specified DFA
predictors were entered into the model, with the penalty parameter (1) selected using

10-fold cross-validation. Predictors with non-zero coefficients were retained for
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multivariable LR. Multicollinearity was assessed using the variance inflation factor
(VIF), and model goodness-of-fit was evaluated using the Hosmer-Lemeshow test.
Adjusted odds ratios (AORs) and 95% confidence intervals (Cls) were calculated.
P<0.05 was considered significant.

The ANN model the dataset was randomly divided (70:30%) into a training datastt
and an independent testing dataset. Continuous variables were normalised (using
minimum and maximum scaling based on the training dataset, and the similariscaling
parameters were used to the testing dataset to prevent data leakagew, Categorical
variables were binary encoded. The outcome variable was DFA (fresent=1, absent=0).
Predictor variables included age, gender, BMI, HDL-C, HbAlc, serum Cr, CVD,
HTN, physical activity, smoking status, neuropathy, nephrdpathy and retinopathy. The
ANN comprised an input layer (13 neurons), single hidden layer and output neuron.
The optimal number of hidden neurons was deterntined using a grid-search strategy, in
which candidate network architectures were §ystematically evaluated using repeated
10-fold cross-validation with two repetitions on the training dataset. The architecture
with the best cross-validated predictive performance was selected as the final model.
Model parameters were optimised using the back-propagation algorithm with a
sigmoid activation functign, and.a classification threshold of 0.50 (Figure 1). The
independent testing set, wasiused only for final model evaluation. Model performance
was evaluated usihg™“accuracy, sensitivity, specificity, area under the ROC curve
(AUC), Fl-scofty, positive predictive value (PPV) and negative predictive value

(NPV). Variable importance was estimated using the varlmp function.'®

Results

Of the 604 patients screened, 496(82.12%) were included. Of them, 93(18.75%)
patients underwent DFA; 63(67.74%) males and 30(32.26%) females with mean age
67.36+0.36 years. The remaining 403(81.25%) patients did not undergo DFA;
243(60.30%) males and 160(39.70%) females with mean age 51.294+2.19 years.
Among those who underwent DFA, 82(88.17%) had minor amputations and
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11(11.83%) had major amputations. Amputation was more common in male patients
63(67.74%) than in female patients 30(32.26%). The median follow-up duration was
6.3 months (IQR: 3.5-7.8 months), with a cumulative follow-up of approximately
307.75 person-years. LASSO LR retained all the 13 candidate predictors with non-
zero coefficients; therefore, no variable was excluded before multivariable LR. NO
substantial multicollinearity was observed, with VIF values ranging 1.08-2:41 The
goodness-of-fit indicated adequate model fit (p=0.554). Neuropathy was the,stcongest
independent predictor of DFA (AOR=4.18, 95% CI: 2.37-7.35; p<0.001 ), folHowed by
HbAlc >7%, physical inactivity, nephropathy, serum Cr >146mg/dL,” CVD, BMI
>25kg/m?, retinopathy, low HDL-C, HTN, age, active smoking, and"male gender and
low average monthly income (p<0.05) (Table 1).

After controlling for potential confounding variable§, multivariable LR analysis
revealed independent predictors of DFA, whichgineluded neuropathy, HbAlc >7%,
physical inactivity, nephropathy, serum, Cf ~4.5mg/dL, CVD, BMI >25kg/m?,
retinopathy, low HDL-C, HTN, active stheking, male gender and age 50-59 years
(Table 2).

According to variable importance‘analysis, neuropathy was the strong predictor in the
ANN model (score=1.00)gfollowed by HbAlc (0.86), peripheral retinopathy (0.78),
nephropathy (0.71) and serum Cr (0.62) (Figure 2). Although their relative importance
decreased over time, age\(0.55), BMI (0.48), HTN (0.43), CVD (0.37), HDL-C (0.29),
physical inactiyityn(0.22), active smoking (0.15) and male gender (0.08) had an impact
on model pérforiiance, indicating that the main factors influencing the ANN model's
predictive performance were poor glycaemic management and diabetic microvascular
problems:. In every performance indicator, the ANN consistently performed better than
the traditional statistical model. Compared to LR, the ANN's prediction accuracy was
much higher, and the ANN outperformed LR in terms of sensitivity, specificity, PPV,
NPV and Fl-score (Table 3). The superior discriminative performance of the ANN
model was further validated by AUC. While the LR model achieved an AUC of 0.726,



202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

indicating merely acceptable discrimination, the ANN model achieved an AUC of

0.862, showing excellent discrimination (Figure 3).

Discussion

The current study showed that when it came to predicting DFA in patients with DFUS;
the ANN model performed noticeably better than the traditional statistical medel."” 4n
terms of predictive accuracy, discriminative capacity, specificity, sensitivity, PPV,
NPV and Fl-score, the ANN performed better than LR. These findings,stggest that
ANNSs are better at mimicking the complex, nonlinear interactions' betWeen clinical
risk variables that lead to DFAs.?’ The improved effectiveness of the ANN model is
consistent with prior study on ML techniques for DF carel A'recent study found that
an ANN model beat conventional statistical approachesdin prediction, with an AUC of
0.840 and an overall accuracy of 77.8%.?' Anothemstudy employed ANN to predict
both minor and major lower-extremity amputdtions, with an AUC of 0.820 and 74.9%
accuracy.” The current findings add to tliezeXisting literature by demonstrating even
greater predictive accuracy in a prospeetive,cohort of Pakistani patients, underscoring
ANN's potential as a clinically useful decision-support tool.

Because of its ability to learn eemplex patterns from high-dimensional clinical data,
ANNs are increasingly being employed in a wide range of healthcare settings,
including disease “didaguosis, prognosis, survival prediction, medical imaging and
cardiovascular #i3k “assessment.”? Unlike LR, which assumes a linear relationship
between predietors and outcomes, ANN models can uncover complex nonlinear
interactions jwithout relying on established statistical assumptions. As a result, ANN
mof(els, usually outperform other prediction models when examining diverse clinical
datasets with multiple interacting risk factors.?® The current study also found several
independent predictors of DFA. Neuropathy was the biggest predictor, followed by
poor glycaemic control (HbAlc >7%), nephropathy, high serum Cr, physical
inactivity, retinopathy, CVD, HTN, obesity, active smoking, increasing age and male

gender. These findings are biologically plausible and consistent with earlier research,
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which has shown that diabetic microvascular problems, decreased renal function,
cardiovascular comorbidity and poor metabolic management significantly enhance the
risk of lower-extremity amputation.>* Furthermore, the ANN variable importance
analysis identified neuropathy, HbA Ic, peripheral retinopathy, nephropathy and serum
Cr as the most influential variables driving model prediction, highlighting the clinigal
importance of these established risk factors.?

In clinical practice, early risk classification and individualised therapy_.depend on
precise DFA prediction. Patients who have been recognised as high-riskyma¥y benefit
from increased foot surveillance, interdisciplinary treatment] glyca€mic control
optimisation, smoking cessation programmes and prompte vascular or surgical
procedures. The observed predictive performance of sthed ANN model suggests its
potential future utility for early risk stratification of patients with DFUs. Repeated 10-
fold cross-validation with two repetitions withisf the training set strengthened the
architecture-selection process, while the indépcndent 30% testing set provided an
unbiased assessment of predictive perforntances However, whether its use can improve
clinical decision-making, reduce amputations, enhance limb preservation or reduce
healthcare costs remains to be establiShed through external validation and prospective
clinical utility studies.

In Pakistan, DF disease \is still widespread, with high rates of ulcer-related
amputations and.consequent death. Early identification of high-risk patients is still a
major clinical #Ghallenge, particularly in healthcare environments with limited
resources. According to the current study, ML models may provide a helpful addition
to convéntional clinical evaluation by improving prediction accuracy without requiring
mofesnvasive testing. The strengths of the current study include its prospective cohort
design, comprehensive evaluation of clinical, biochemical and demographic risk
factors, direct comparison of traditional statistical and ML techniques, and rigorous
model evaluation using an independent testing dataset and repeated 10-fold cross-
validation. Additionally, variable significance analysis enhanced the interpretability of

the ANN model by identifying the most important factors on DFA.
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The current study also has its limitations. First, the study was conducted at a single
tertiary care centre, and, as such, the findings may not be generalizable to other
healthcare settings. A single random 70:30 training-testing split may result in
performance estimates that are sensitive to sampling variability, although repeated 105
fold cross-validation with two repetitions was used within the training set for
architecture selection. Further, the sample size was still too small for ML applications
even if subsequent follow-up decreased the likelihood of recollection bias, Also,
further assessment of the ANN model's resilience and generalisability\iswiecessary
because separate multicentre datasets were not utilised for extetnal validation. Even
though variable importance analysis made the model easier to understand, ANN
remains a more complicated "black-box" method than LIR. Finally, the study only
focused on predicting DFA rather than evaluating othet€linically significant outcomes
such as ulcer healing, ulcer recurrence, mortalitysQeL, healthcare utilisation or cost-
effectiveness. Future multicentre prospectiye Studies with bigger and more ethnically
diverse populations are needed to externally walidate the ANN model and assess its
therapeutic value. Further research( should examine explainable AI methods to
improve model transparency and ¢linician confidence when evaluating the integration

of ANN models into traditienal'RDF care pathways.

Conclusion

The ANN mg@del vdemonstrated significantly superior predictive performance
compared t6 the“conventional statistical model for predicting DFA among patients
withDFEUs. The ANN achieved higher discrimination, predictive accuracy, sensitivity,
speCifreity and overall classification performance, indicating its greater ability to
capture the complex interactions among clinical risk factors associated with DFA.
Neuropathy, poor glycaemic control, retinopathy, nephropathy and impaired renal
function were the most influential predictors identified by the model. The findings

demonstrated the potential of ANN-based modelling for early risk stratification of

10



288

289

290

2901

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

patients with DFUs. However, the model needs external validation before routine

implementation in clinical practice can be considered.
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Table 1: Patient characteristics (n=496).

Diabetic Foot Amputation
Variables Yes No P value
n=93 n=403
Gender
Male: Female 63:30 243:160 <0.001
Age (years) 67.3640.36 51.29+2.19 0.019
BMI (kg/m?) 31.0941.12 24.93+2.09 0.036
BP Systolic (mmHg) 165.98+1.36 135.2+4.23 <0.001
BP Diastolic (mmHg) 94:56+1.66 72.23+1.65 0.043
Total Cholesterol (mg/dL) 322.2342.08 226.29+3.01 0.002
HDL (mg/dL) 28.23+1.39 61.12+2.68 0.013
LDL (mg/dL) 205.56+1.65 146.26:1.89 0.569
Triglyceride (mg/dL) 498.12+1.98 220.05+6.65 0.009
HbAlc (%) 12.984+2.76 6.40+2.56 <0.001
Creatinine (mg/dL) 1.99+1.36 1.07+1.11 0.005
Income (Rupees) 52,562 97,129 0.026
Amputation (minor: major) | 82:11 -- --
Exercise (Yes :No) 27:66 311:92 0.045
Active Smokers (Yes: No) | 35:58 82:321 0.005
Neuropathy
Yes 74 (79.57%) 162 (40.20%) | 0.009
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386
387

388
389
390
391
392

No 19 (20.43%) 241 (59.80%)
Nephropathy

Yes 63 (67.74%) 96 (23.82%) <0.001
No 30 (32.26%) 307 (76.18%)
Retinopathy

Yes 52 (55.91%) 118 (29.28%) |0.026
No 41 (44.09%) 384 (70.72%)

CVD

Yes 39 (41.94%) 82 (20.35%) <0.001
No 54 (58.06%) 321 (79.65%)

BMI, Body mass index, BP: Blood ressure, HDL: High-density lipoprotein, LDL:\Low-density

lipoprotein, HbAlc: Glycated haemoglobin, CVD: Cardiovascular disease.

Table 2: Multivariable logistic regression analysis of predictors of diabetic foot

amputation (DFA).

Characteristics | Yes (n=93) No (n=403) AOR,(95% CI) p-value
Gender

Male 63 (67.74%) 243 (60.30%) 1,776 (1.08-2.89) 0.024
Female (Ref.) 30 (32.26%) 160 (39.70%) 1

Age (years)

30-39 9 (9.68%) 78 (19°35%) 0.84 (0.36—1.96) 0.683
40-49 11 (11.83%) 101 (25:06%) 1.19 (0.58-2.42) 0.632
50-59 31(33.33%) 131.(32.51%) 2.08 (1.18-3.67) 0.011
>60 (Ref.) 42 (45.16%) 93.23.08%) 1

BMI

>25 kg/m? 54 (58.06%) 129 (32.01%) 2.47 (1.49-4.10) <0.001
<25 kg/m? o o

(Ref) 39 (41.94%) 274 (67.99%) 1

HDL

Low HDL 610(065.59%) 182 (45.16%) 2.21 (1.34-3.65) 0.002
Normal  HDUk, o o

(Ref) 32 (34.41%) 221 (54.84%) 1

HbAlc

>7.0% 69 (74.19%) 181 (44.91%) 3.18 (1.88-5.39) <0.001
<7.0%°(Ref.) 24 (25.81%) 222 (55.09%) 1

Seram

Creatinine

>1.5 mg/dL 66 (70.97%) 86 (21.34%) 2.69 (1.60—4.52) <0.001
<l.5 mg/dL o 0

(Ref) 27 (29.03%) 317 (78.66%) 1

Cardiovascular

Disease

Yes 39 (41.94%) 82 (20.35%) 2.58 (1.53-4.36) <0.001
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No (Ref)) 54 (58.06%) 321 (79.65%) 1
Hypertension
Yes 58 (62.37%) 193 (47.89%) 2.12 (1.28-3.50) 0.003
No (Ref.) 35 (37.63%) 210 (52.11%) 1
Physical
Activity
Inactive 66 (70.97%) 177 (43.92%) 2.96 (1.75-5.00) <0.001
Active (Ref)) 27 (29.03%) 226 (56.08%) 1
Active Smoking
Yes 35 (37.63%) 82 (20.35%) 2.04 (1.21-3.45) 0.00%
No (Ref.) 58 (62.37%) 321 (79.65%) 1
Neuropathy
Yes 74 (79.57%) 162 (40.20%) 4.18 (2.37-7.35) <0:001
No (Ref.) 19 (20.43%) 241 (59.80%) 1
Nephropathy
Yes 63 (67.74%) 96 (23.82%) 2.81 (1.68-4.69) <0.001
No (Ref.) 30 (32.26%) 307 (76.18%) 1
Retinopathy
Yes 52 (55.91%) 118 (29.28%) 2.43(1.47-4.02) <0.001
No (Ref.) 41 (44.09%) 384 (70.72%) 1
393 BMI, Body mass index, HDL: High-density lipoprotein, HhAlc: Glycated haemoglobin, AOR:
394  Adjusted odds ratio, CI: Confidence interval.
395
L Y = . ATEE————
397
398 Table 3: Comparison of predictivetaccuracy of machine learning (ML) model
399  with logistic regression (LR) model.
Model Performance | Predictiye Models
Indicators ANN LR
Accuracy (95 % CI, p- value) | 0:860 (0.791-0.892), <0.001) | 0.712 (0.651-0.756, 0.042)
Sensitivity (95 % CI) 0.825 (0.780-0.859) 0.732 (0.682-0.759)
Specificity (95 % CL) 0.813 (0.772-0.826) 0.719 (0.659-0.739)
PPV (95 % CI) 0.822 (0.786- 0.865) 0.706 (0.651- 0.732)
NPV (95 % CI) 0.809 (0.761- 0.839) 0.669 (0.671- 0.689)
F1 score (95 % CI) 0.852 (0.829-0.891) 0.722 (0.681- 0.742)
AUC 0.862 0.726
ANN:®Artificial neural network, AUC: Area under the receiver operating characteristic
curves»PPY: Positive predictive value, NPV: Negative predictive value, CI: Confidence
interval.
400
L RS
402
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Figure 3: Comparison of accuracy between artificial neural network (ANN) and

logistic regression (LR) models.
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