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Abstract

Objective: To develop and validate a ResNet-50-based deep learning model for auto-
matic detection of osteomyelitis (DFO) in plain radiographs of patients with diabetic
foot ulcers (DFUs). Research Design and Methods: This retrospective study included
168 patients with type one or type two diabetes and clinical suspicion of DFO confirmed
via a surgical bone biopsy. An experienced clinician and a pretrained ResNet-50 model
independently interpreted the radiographs. The model was developed using Python-
based frameworks with ChatGPT assistance for coding. The diagnostic performance was
assessed against the histopathological findings, calculating sensitivity, specificity, the
positive predictive value (PPV), the negative predictive value (NPV), and the likelihood
ratios. Agreement between the AI model and the clinician was evaluated using Cohen’s
kappa coefficient. Results: The AI model demonstrated high sensitivity (92.8%) and
PPV (0.97), but low-level specificity (4.4%). The clinician showed 90.2% sensitivity and
37.8% specificity. The Cohen’s kappa coefficient between the AI model and the clinician
was −0.105 (p = 0.117), indicating weak agreement. Both the methods tended to classify
many cases as DFO-positive, with 81.5% agreement in the positive cases. Conclusions:
This study demonstrates the potential of IA to support the radiographic diagnosis of
DFO using a ResNet-50-based deep learning model. AI-assisted radiographic inter-
pretation could enhance early DFO detection, particularly in high-prevalence settings.
However, further validation is necessary to improve its specificity and assess its utility
in primary care.

Keywords: artificial intelligence; diabetic foot; diabetic foot osteomyelitis

1. Introduction
Diabetic foot osteomyelitis (DFO) is one of the most severe complications of diabetic

foot infections, affecting approximately 20–60% of moderate-to-severe cases [1–3]. This
condition is associated with high morbidity, prolonged hospitalization, and an increased
risk of lower limb amputation [3,4]. Early and accurate diagnosis of DFO is critical for
timely intervention and limb preservation, preventing amputations and reducing the
mortality rates [5]. Although a bone biopsy remains the gold standard for diagnosing
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DFO, less-invasive imaging modalities have demonstrated comparable accuracy in recent
years [1].

The conventional diagnostic approaches for DFO include clinical assessment, labora-
tory markers, and imaging studies [6]. Among the imaging modalities, plain radiography
is the most widely used first-line tool due to its accessibility, low cost, and non-invasive
nature [6,7]. However, its diagnostic sensitivity ranges from 43% to 75%, particularly in
the early stages before bone destruction becomes radiographically apparent. Moreover,
plain radiography interpretation is highly operator-dependent, demonstrating low-level
interobserver agreement even among experienced clinicians when evaluated in isolation
without additional clinical context [8,9]. Advanced imaging techniques, such as positron
emission tomography–computed tomography (PET-CT) and magnetic resonance imaging
(MRI), offer higher sensitivity, but are expensive, not always available in routine clinical
settings, and may be contraindicated in certain patient populations [10]. Recent meta-
analyses suggest that combining plain radiography with simple diagnostic tools, such as
the probe-to-bone (PTB) test, can enhance the diagnostic accuracy [1].

Considering these diagnostic limitations, artificial intelligence (AI) and deep learn-
ing (DL) have emerged as promising tools for medical image analysis. They aim to
enhance diagnostic accuracy and reduce interobserver variability [11–13]. Deep convo-
lutional neural networks (CNNs) such as ResNet-50 have shown a strong performance
in medical imaging tasks, including the detection of fractures, tumors, glaucoma, and
vascular changes [14–23]. While AI has been widely studied in medical imaging, its
application to diabetic foot complications remains limited. Most existing studies have
focused on ulcer detection, segmentation, and risk prediction using clinical data and
photographic images [24,25]. Only a few have addressed the diagnosis of DFO, and
those that have typically rely on advanced imaging techniques such as MRI [26]. The use
of AI for DFO detection based on plain radiographs is therefore still underexplored. Our
study addresses this gap by validating a ResNet-50-based DL model using histopatho-
logical confirmation as the gold standard, offering a novel and accessible diagnostic tool,
particularly valuable in resource-limited settings. AI models can analyze large volumes
of imaging data, detect subtle radiographic patterns that may elude the human eye, and
ensure consistent, objective evaluations.

This study aims to develop and validate a ResNet-50-based DL model for the automatic
detection of DFO in plain radiographs of patients with DFU. This could potentially provide
a robust and scalable tool for enhancing clinical decision making.

To our knowledge, this is the first study to validate a ResNet-50-based deep learning
model for the detection of DFO using plain radiographs, with histopathological confir-
mation. This represents a novel approach within the context of diabetic foot diagnostics,
where AI applications remain largely underexplored.

2. Materials and Methods
2.1. Study Design and Data Acquisition

We compiled a retrospective dataset of radiographic images from 2020 to 2024 at
our center. This dataset included individuals with type 1 and type 2 diabetes and di-
abetic foot ulcers (DFUs) with a clinical suspicion of osteomyelitis. These individuals
underwent surgery and had bone biopsies for histopathological confirmation. A clini-
cian experienced in managing DFU and a pretrained ResNet-50 model interpreted the
radiographs. Both the clinician and the AI model were informed about the location of
the DFU before interpretation. Osteomyelitis was diagnosed based on the presence of
at least one of the following radiographic findings: active periosteal reaction, cortical
disruption (the loss of cortex with bony erosion), affected bone marrow (focal loss of
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trabecular pattern or marrow radiolucency), and a sequestrum (devitalized bone with
a radio-dense appearance that has become separated from the normal bone) [6]. The
diagnostic performance of the clinician and the AI model was assessed against the
histopathological findings from bone biopsy samples. Those samples were obtained in
the operating theater and examined by a pathologist [27].

2.2. Model Selection, Implementation, Training and Optimization

A CNN architecture based on ResNet-50 was implemented [28]. ResNet-50 was
chosen due to its proven effectiveness in medical image classification and its ability to
extract hierarchical features from radiographic images [29]. The model was initialized
with ImageNet weights and refined using transfer learning techniques to optimize the
performance for DFO detection [30].

The training dataset consisted of manually labeled radiographs, categorized as either
osteomyelitis-positive or osteomyelitis-negative cases (Figure 1a,b). The data were divided
into training (80%) and validation (20%) subsets. To boost diagnostic precision, we used
supervised learning with balanced classes to confidently differentiate between the DFO-
positive and DFO-negative cases. Hyperparameters, such as the batch size and the learning
rate, were optimized for convergence.

(a) (b) 
Figure 1. (a) A radiographic example of an osteomyelitis-positive case. The affected region is
located at the fifth metatarsal. The observed radiographic signs include the loss of cortex with bony
erosion and affected bone marrow (focal loss of trabecular pattern or marrow radiolucency). (b) A
radiographic example of an osteomyelitis-negative case. The analyzed region is located beneath the
second metatarsal head. No radiographic signs indicative of osteomyelitis, such as cortical disruption
and medullary involvement, were observed.

A web-based interface was created using Flask, permitting users to upload ra-
diographic images, receive real-time AI-based diagnostic predictions, and download
structured reports (Figure 2). The system was established in a Python-based environ-
ment, integrating Torchvision and PIL for image preprocessing [31]. To streamline model
deployment, ChatGPT (GPT-4.5, OpenAI) was used to support the integration of the
AI model into the web-based diagnostic interface, focusing on code refinement and
system functionality.
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Figure 2. The web-based interface developed using Flask. The system allows users to upload
radiographic images, specify lesion locations, and receive AI-based diagnostic predictions. The system
allows users to initiate analysis and generate structured diagnostic reports for clinical interpretation.

2.3. Image Preprocessing and Augmentation

The radiographic images underwent uniform preprocessing to enhance model gener-
alization and reduce overfitting [32].

Rescaling: All the images were resized to 224 × 224 pixels to meet the input require-
ments of the ResNet-50 architecture.

Normalization: Standard normalization was applied using the mean and standard devia-
tion values from the ImageNet dataset (mean = [0.485, 0.456, 0.406]; std = [0.229, 0.224, 0.225]).

Augmentation: During training, data augmentation techniques—including horizontal
flipping, contrast adjustments, and small rotations—were consistently applied to all training
folds to increase model robustness.

Uniformity and acquisition protocol: All the images were acquired from the same
radiological equipment and processed using a consistent acquisition protocol, thereby
minimizing the risk of batch effects related to imaging source or variability between devices.

2.4. Inference and Decision Thresholds

Once trained, the model performed binary classification, outputting a confidence score
between 0 and 1. To improve diagnostic accuracy, the initial classification threshold of 0.50
was adjusted to 0.60 according to the performance of the validation set to balance the rates
of false positives and false negatives [33]. The final diagnostic output was displayed in the
web application, with the optional probability score indicating the confidence level of each
prediction [34].

2.5. Software and Code Availability

The AI pipeline was developed using Python (version 3.8), integrating several key
libraries, such as PyTorch (used for constructing and training the CNN model); Flask
(used for the development of the web-based interface for user interaction); Pandas (for
tasks surrounding data manipulation and analysis); and OpenCV (used for various image
processing operations).
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2.6. Validation and Clinical Comparison

The diagnostic accuracy of both the seasoned diabetic foot clinician and the AI model
was compared to a gold standard (histological bone analysis). Sensitivity, specificity, the
positive predictive value (PPV), the negative predictive value (NPV), and likelihood ratios
were determined for both the clinician and the model. In addition, the inter-rater agreement
between the experienced clinician and the AI model was examined.

Statistical analysis was performed using the SPSS v27 statistical package. The
Kolmogorov–Smirnov test was utilized to verify the assumption of normality for all contin-
uous variables using IOs version 21.0 (SPSS, Inc. Chicago, IL, USA). To assess the inter-rater
reliability between the AI model and the experienced clinician, Cohen’s kappa coefficient
was implemented, referencing the Landis and Koch criteria to explore the strength of asso-
ciation [35]. McNemar’s test was additionally applied to contrast the performances of the
AI and the clinician in differentiating between the osteomyelitis-positive and osteomyelitis-
negative cases. To evaluate the various accuracy parameters (such as sensitivity and
specificity), a diagnostic test calculator was employed (MedCalc Software Ltd. Diagnostic
Test Evaluation Calculator. https://www.medcalc.org/calc/diagnostic_test.php (Version
23.1.7, accessed on 12 March 2025)).

2.7. Sample Size Justification

The sample size of our study is 168 patients, a number supported by previous vali-
dation studies evaluating the diagnostic accuracy of radiography for osteomyelitis using
histopathology as the gold standard. A recent meta-analysis identified seven key studies,
with sample sizes ranging from 19 to 356 patients. This includes the study by Aragón-
Sánchez et al., which had the largest cohort of 356 patients [1,36–42]. Our sample size falls
within the higher range of these previous studies, exceeding the median sample size among
them. Since prior studies with fewer participants have been deemed methodologically
valid for assessing radiographic diagnostic performance, our sample size of 168 patients is
deemed sufficient to ensure statistical power and generalizability of the findings.

3. Results
This study included a total of 168 patients, with a mean age of 61.9 ± 11.6 years. The

cohort was made up of 127 men (75.6%) and 41 women (24.4%). The median duration of
having had diabetes was 14.0 years (IQR: 8.0–25.0), with 20 patients (11.9%) diagnosed
with type one diabetes, and 148 (88.1%) with type two diabetes. The median glycated
hemoglobin level was 55.2 mmol/mol (IQR: 46.4–69.4). The median wound duration was
7.5 weeks (IQR: 2.0–20.0).

The most common location for DFUs was the central metatarsals (32.1%, n = 54),
followed by the lesser toes (23.8%, n = 40), the fifth metatarsal (21.4%, n = 36), the first
metatarsal (14.3%, n = 24), the hallux (7.1%, n = 12), and lastly the rearfoot (1.2%, n = 2).
In terms of ulcer types, 58.3% (n = 98) were type III B, 35.1% (n = 59) were type III D, 4.2%
(n = 7) were of type IIB, and the remainder, 2.4% (n = 4), were type IIID.

Figure 3a,b outline the validation metrics for the AI model and the experienced clini-
cian, respectively. The tables within these figures present crucial diagnostic performance
parameters—these include sensitivity, specificity, predictive values, and likelihood ratios.
Moreover, the confusion matrix diagrams display the distribution of classification outcomes
within the study population, offering a comparative perspective on the diagnostic accuracy
of both these methodologies.

https://www.medcalc.org/calc/diagnostic_test.php
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Figure 3. (a) The model validation metrics and a confusion matrix representation. This table
summarizes the diagnostic performance of the AI model, while the diagram illustrates the distribution
of classification outcomes within the study population. (b) The experienced clinician validation
metrics and a confusion matrix representation. This table summarizes the diagnostic performance of
the experienced clinician, while the diagram illustrates the distribution of classification outcomes
within the study population.

Additionally, Table 1 illustrates the two-by-two agreement matrix between the AI
model and the experienced clinician for the diagnosis of diabetic foot osteomyelitis (DFO).
The number of cases classified as positive or negative by each method is presented. Ob-
served agreement was assessed using Cohen’s kappa coefficient, which yielded a value
of κ = −0.105 (p = 0.117), indicating poor agreement between both the approaches and
suggesting differences in their diagnostic criteria.

Table 1. Agreement between the AI model and the experienced clinician in diagnosing diabetic foot
osteomyelitis. This table presents the cross-tabulation of classification outcomes, showing the number
of cases classified as positive (yes) and negative (not) by both the methods.

AI Model Experienced Clinician—Not Experienced Clinician—Yes Total

Not 0 11 11

Yes 29 128 157

Total 29 139 168

To complement this numerical summary, Figure 4 presents an annotated Venn diagram
that visually represents the overlap in positive classifications. The AI model identified
157 cases as positive, and the clinician 139 cases, with 128 classified as positive by both.
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The diagram clearly highlights the 29 cases labeled as positive only by the AI model and
the 11 cases labeled as positive only by the clinician, offering a visual representation of the
discordant classifications.

Figure 4. An annotated Venn diagram showing the overlap in positive diabetic foot osteomyelitis
(DFO) classifications between the AI model and the experienced clinician. The left circle represents
the cases classified as positive by the AI model (n = 157), and the right circle those classified as
positive by the clinician (n = 139). The overlapping region (n = 128) corresponds to cases classified
as positive by both these methods. The “Only AI” segment includes cases identified as positive
exclusively by the AI model (n = 29), while the “Only Clinician” segment includes those identified
only by the clinician (n = 11).

4. Discussion
This study shows that the AI model achieved high sensitivity (92.8%) for detecting

DFO on plain radiographs, surpassing the performance of an experienced clinician (90.24%).
The model also demonstrated a high positive predictive value (PPV) of 0.97. In comparison
to the previous studies, which used histopathology as the gold standard, our AI model
showed superior sensitivity to those of Morales-Lozano et al. (89%), Aragón-Sánchez et al.
(82%), and Álvaro-Afonso et al. (86%) [36,37,42]. These outcomes highlight the potential of
AI-assisted radiographic interpretation in specialized diabetic foot units.

Despite its strong sensitivity, the AI model demonstrated low-level specificity. This
phenomenon is in alignment with previous findings, as indicated in a recent meta-
analysis [1], which scrutinized seven validation studies that used histopathology as the gold
standard. In these studies, the specificity value was consistently lower than the sensitivity
value. This trend can be ascribed to the high prevalence of DFO in specialized diabetic foot
centers, where validation studies are typically undertaken. For example, Morales-Lozano
et al. [37] reported a prevalence of 79.5%, Aragón-Sánchez et al. [36] reported 72.5%, and
Álvaro-Afonso et al. [42] reported 66.7%. In our study, the prevalence of DFO was 73.2%,
which reinforces that our cohort represents a high-prevalence setting.

In addition to internal validation parameters, assessing reproducibility is crucial for
evaluating a diagnostic tool. Our study found a very low level of agreement between the
AI model and the experienced clinician, with a Cohen’s kappa coefficient of K = −0.105
(p = 0.117). Similar findings have been reported in previous studies assessing the repro-
ducibility of radiographic interpretation for DFO among clinicians with varying levels of
expertise. Álvaro-Afonso et al. (2013) [8] found low-level inter-clinician agreement (K = 0.35,
p < 0.01) among experts evaluating radiographs for DFO. A subsequent validation study in
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2018 showed similar results (K = 0.40, p < 0.001) [42]. Likewise, Morales-Lozano et al. [37]
reported a low level of inter-clinician agreement (K = 0.136, p = 0.104). One potential
explanation for the low-level agreement observed in our study is that both the AI model
and the experienced clinician interpreted radiographs solely based on the ulcer location,
without access to additional clinical information. Prior studies have demonstrated that
incorporating clinical assessments such as the PTB test improves diagnostic consistency.
Álvaro-Afonso et al. [9] reported that when radiographic interpretation was combined with
PTB, the degree of inter-clinician agreement significantly increased (K = 0.77, p < 0.001).
Similarly, Aragón-Sánchez et al. [36] demonstrated that combining radiography with PTB
increased the level of sensitivity from 82% (radiography alone) to 97% (radiography + PTB).

A significant observation is that the AI model (n = 157) and the proficient clinician
(n = 138) both tended to categorize a considerable number of patients as positive for
DFO. They concurred on 128 positive cases, equating to an 81.5% agreement rate for
positive diagnoses, as shown in Table 1. However, there was a lack of concordance for the
negative instances. More precisely, the clinician classified 29 cases as negative that were
identified as positive by the AI model, while the AI model classified 11 cases as negative
that the clinician tagged as positive. These results underline the necessity for additional
refinement of the AI model, particularly to enhance specificity in identifying patients
without DFO. This distribution of discordant cases is further illustrated in Figure 4, which
provides a visual summary of the overlap between both the diagnostic approaches using an
annotated Venn diagram. While the level of numerical agreement for positive classifications
is high, the graphical representation emphasizes the asymmetry in non-matching positive
classifications between the AI model and the clinician. This visualization highlights the
need to better understand the factors contributing to diagnostic divergence, particularly in
cases with subtle or borderline radiographic features.

The findings of this study suggest that AI-based diagnostic models for DFO might
be especially beneficial in specialized diabetic foot units, where the disease prevalence
exceeds 70%. The subsequent challenge involves optimizing these models to enhance
specificity, thus ensuring their application in primary care environments. By bolstering
specificity, AI-driven tools could aid non-specialist clinicians in spotting high-risk cases,
thereby enabling timely referrals to specialized centers.

Importantly, the integration of AI tools into clinical workflows is not intended to
replace expert judgment, but rather to provide valuable support in settings where access
to specialized expertise is limited. In primary care or rural environments, where imaging
interpretation is often suboptimal and access to MRI or nuclear medicine may be restricted,
an AI system could serve as a triage mechanism, flagging high-risk radiographs for referral
or further assessment. Additionally, in specialized units, such tools may function as second
readers to reduce perceptual errors and mitigate the impact of cognitive fatigue in high-
volume practices.

4.1. Study Limitations

Several limitations must be acknowledged. Firstly, the retrospective nature of this
study could introduce selection bias. Secondly, the radiographic interpretations were
conducted without knowledge of additional clinical characteristics such as the PTB results.
This lack of information could have influenced the diagnostic accuracy. Importantly, neither
the AI model nor the clinician had access to this clinical information.

Furthermore, the AI model (PLR = 0.97 [0.90–1.05]) and the clinician (PLR = 1.45
[1.11–1.83]) exhibited low positive likelihood ratios. These findings suggest that while
the model performs well in high-prevalence settings, further validation is required to
determine its applicability in primary care settings, where DFO prevalence is lower.
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In addition, the low-level specificity observed in our model (4.4%) reflects its prior-
itization of sensitivity in order to minimize missed diagnoses in a high-risk population.
While this trade-off may be acceptable in specialized diabetic foot units—where the goal is
early detection and timely referral—it may limit the model’s usefulness in settings with
lower DFO prevalence. Future iterations should aim to improve specificity by integrating
complementary clinical variables (e.g., probe-to-bone test, ulcer duration, lesion site, and
inflammatory markers) and optimizing the classification thresholds, particularly to adapt
the model to broader clinical environments.

Additionally, while the model was trained and validated specifically for diabetic
foot ulcers (DFUs), its applicability to other types of chronic ulcers or osteomyelitis of
non-diabetic origin remains unknown. Future research is required to evaluate the general-
izability of the model across different ulcer etiologies and clinical contexts.

4.2. Clinical Implications and Future Directions

The proposed AI system is integrated into a web-based interface, enabling real-time
radiographic analysis and structured diagnostic support. This technology has the potential
to improve clinical workflows by standardizing the evaluation of plain radiographs, reduc-
ing interobserver variability, and expediting decision making. The ability to upload images,
annotate lesion locations, and download automated reports contributes to its usability in
both high-volume and resource-limited settings.

Future iterations of this platform could benefit from the integration of multi-
modal data—such as probe-to-bone test results, inflammatory biomarkers, and clinical
photographs—through ensemble learning strategies. Such integration may enhance both
the sensitivity and specificity of the system, broadening its utility at different levels of care.

Although artificial intelligence has been widely explored in fields such as oncology,
musculoskeletal imaging, and cardiology [11–13,16,30,43,44], its application to diabetic
foot infections, and particularly to diabetic foot osteomyelitis detection, remains limited.
This study contributes to filling that gap by validating a deep learning model tailored
specifically for radiographic assessment of diabetic foot osteomyelitis. As such, it provides
a foundation for future prospective validations and implementation studies.

Further research is required to explore the performance of AI-based diagnostic systems
across diverse healthcare settings, including primary care and community health environ-
ments. To enhance generalizability, future iterations of the model should incorporate a
greater proportion of negative cases and be prospectively validated in lower-prevalence
populations. Integrating multimodal clinical data—such as ulcer duration, anatomical
location, laboratory markers, and probe-to-bone test results—may also improve specificity.
Moreover, evaluating the integration of these tools into real-world clinical practice, con-
sidering usability, interpretability, and clinician trust, will be essential to ensure successful
adoption. In the long term, AI-driven decision support systems may assist clinicians in
achieving earlier and more accurate diagnoses of DFO, ultimately contributing to the pre-
vention of major amputations and a reduction in diabetes-related morbidity and mortality.

5. Conclusions
This study demonstrates the potential of artificial intelligence to support the radio-

graphic diagnosis of diabetic foot osteomyelitis (DFO) using a ResNet-50-based deep
learning model. The AI system achieved excellent sensitivity and a high positive predictive
value, exceeding the clinician’s performance in sensitivity, although showing a substantially
lower level of specificity. These findings support the usefulness of AI-assisted interpretation
as a complementary diagnostic tool in specialized diabetic foot units, where early detection
of bone infection is critical for preserving limb integrity.
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While the AI model outperformed the clinician in terms of sensitivity, it showed a
substantially lower level of specificity. This trade-off suggests that the model may be
useful in high-prevalence or specialist settings as a diagnostic aid, but further refinement is
required before broader clinical deployment. Integrating additional clinical variables and
expanding the training dataset with more negative cases may help improve the diagnostic
performance and improve generalizability.

The development of a web-based diagnostic interface further supports the clinical
translation of this technology, enabling rapid, accessible, and standardized evaluation
of radiographs. Future research should focus on prospective validation in real-world
scenarios, exploration of multimodal models, and assessment of clinical impact on decision
making and patient outcomes.

Overall, AI-based tools offer a promising avenue to enhance diagnostic accuracy,
reduce interobserver variability, and facilitate timely management of diabetic foot infec-
tions. While they are not intended to replace expert clinical judgment, these systems may
play a valuable role in supporting clinicians across diverse healthcare settings, ultimately
contributing to better patient care and reduced complication rates.
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