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Abstract

Bone fracture classification from X-ray images is an important application of deep

learning for supporting clinical diagnosis. However, high-capacity models are often

computationally expensive and difficult to interpret, limiting their deployment in resource-

constrained healthcare environments. This study investigates an Explainable Knowledge

Distillation (EKD) framework that combines prediction-based knowledge distillation with

class-discriminative attention transfer to develop a lightweight and interpretable fracture

classifier. Using the FracAtlas dataset, EfficientNet-B6 was selected and optimized as the

teacher model, while MobileNetV2 was selected as the lightweight student. The EKD

student was evaluated under three training settings: No Augmentation, RandAugment,

and AugMix, and compared with the corresponding MobileNetV2 baselines. EKD

improved validation accuracy across all three settings, with AugMix achieving the highest

validation accuracy of 0.8742. Qualitative comparisons of teacher and student attention

maps showed partial spatial correspondence, although the student maps were generally

broader and more diffuse. Overall, the results demonstrate the potential of explainability-

guided knowledge distillation for improving lightweight fracture classification while

encouraging similarity between teacher and student attention patterns.
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Explainable KD for Bone Fracture

1 Introduction
Bone fractures are commonly diagnosed using X-ray imaging due to its accessibility and efficiency,

yet radiograph interpretation can be challenging, particularly for subtle fractures and in high-

workload clinical environments [1, 2]. Deep learning has shown promising performance for

automated fracture classification; however, high-capacity models can be computationally expensive

and difficult to interpret.

Knowledge Distillation (KD) can reduce model complexity by transferring predictive knowl-

edge from a high-capacity teacher to a lightweight student [3], while Explainable Artificial

Intelligence (XAI) methods such as Grad-CAM provide visual explanations of model predic-

tions [4]. However, existing fracture-classification studies primarily use explainability as a post-hoc

analysis, while fracture-oriented KD methods do not explicitly transfer class-discriminative expla-

nations. Although methods such as CAT-KD and Exp-KD incorporate class-attention transfer

during distillation, they have mainly been evaluated on general computer-vision benchmarks [5,

6]. This motivates the investigation of explainability-guided knowledge distillation for bone

fracture classification.

This work addresses this gap by combining predictive knowledge distillation with class-

discriminative attention transfer to train a lightweight fracture classifier. The main contributions

are:

• An Explainable Knowledge Distillation framework that jointly transfers predictive knowledge

and class-discriminative spatial attention.

• Comparative evaluation and selection of teacher and student architectures across three

training settings.

• A composite training objective combining supervised classification, prediction distillation,

and attention alignment.

• An evaluation of the lightweight student using classification metrics and qualitative teacher–

student Grad-CAM comparisons.

2 Related Work
Deep learning has achieved strong performance in automated bone fracture classification using

CNNs, transfer learning, and attention mechanisms [1, 2, 7]. Explainable AI has also been

incorporated into fracture-analysis systems, particularly through Grad-CAM, to visualize image

regions influencing model predictions [8–10]. However, these explanation maps are primarily

used for post-hoc interpretation rather than as supervisory signals during training.

Knowledge distillation has been applied in medical imaging to transfer knowledge from

high-capacity models to lightweight students [11]. Fracture-specific approaches have also explored

teacher–student learning, including Mixture-of-Experts-based distillation and task-specialized

teachers [12, 13]. These methods demonstrate the potential of KD for efficient fracture classification,

but do not explicitly distill class-discriminative explanation maps from teacher to student.

Explainability-guided distillation methods such as CAT-KD [5] and Exp-KD [6] transfer

class-specific spatial information during distillation, but have primarily been evaluated on general

computer-vision benchmarks. In medical imaging, teacher–student explanation maps have also

been compared after conventional KD rather than transferred explicitly during training [14].

Table 1 summarizes the approaches most closely related to the proposed framework.
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Table 1 Comparison with representative related work.

Work Domain Knowledge
Transfer

Relation to This Work

Tamizifar et

al. [8]

Fracture

X-rays

None Uses Grad-CAM for post-hoc

fracture interpretation, not dur-

ing training.

Sharma et

al. [13]

Fracture

X-rays

Predictions /

features

Applies fracture-oriented KD

but does not explicitly trans-

fer class-discriminative explana-

tion maps.

CAT-KD [5] General vi-

sion

Class atten-

tion

Transfers class activation maps

during KD, but is not evaluated

on fracture radiographs.

Exp-KD [6] General vi-

sion

Class activa-

tion maps

Transfers explainable spatial

knowledge during KD, but is

primarily evaluated on general

vision benchmarks.

Proposed EKD Fracture X-
rays

Predictions +
class atten-
tion

Combines prediction distilla-
tion with class-discriminative
attention transfer for
lightweight fracture clas-
sification.

Overall, prior fracture-classification studies largely treat explainability as a post-hoc tool,

while fracture-oriented KD methods focus on predictive or feature knowledge. Conversely,

explainability-guided distillation methods transfer class-discriminative attention but have mainly

been studied outside the fracture domain. This gap motivates the proposed EKD framework,

which combines prediction-based distillation and class-discriminative attention transfer for

lightweight bone fracture classification.

3 Methodology

3.1 Dataset and Preprocessing

Experiments were conducted on the FracAtlas dataset [15], which contains 4,083 musculoskeletal

X-ray images, including 3,366 non-fractured and 717 fractured images. Due to this class imbalance,

class weighting was applied during training.

The dataset was divided into training, validation, and testing subsets using an 80%, 12%, and

8% split. The official FracAtlas partitions were retained for fractured images, while non-fractured

images were randomly divided using the same ratios with a fixed seed of 42. No image overlap

was found between the resulting subsets. Table 2 summarizes the final distribution.

Table 2 FracAtlas data distribution.

Split Total Non-Fracture Fracture

Training 3266 2692 574

Validation 485 403 82

Testing 332 271 61
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Images were resized to 224 × 224 using padding-based resizing to preserve aspect ratio and

normalized to [0, 1]. Three training settings were evaluated: No Augmentation, RandAugment [16],

and AugMix [17]. Augmentation was applied only to the training data, while validation and

testing data remained unchanged. RandAugment used two random transformations with a

magnitude of 0.15.

3.2 Model Selection and Training Setup

ResNet152V2 [18], DenseNet201 [19], and EfficientNet-B6 [20] were evaluated as candidate teacher

models, while MobileNetV1 [21] and MobileNetV2 [22] were evaluated as lightweight student

candidates. All models were initialized with ImageNet-pretrained weights and adapted for binary

fracture classification. A common training configuration, summarized in Table 3, was used for

comparison.

Table 3 Main baseline training configuration.

Setting Value

Input size 224 × 224

Batch size 32

Maximum epochs 100

Optimizer Adam

Initial learning rate 1 × 10
−5

Loss function Categorical Cross-Entropy

Dropout rate 0.2

Fine-tuning Last 10 trainable layers

ReduceLROnPlateau patience 7 epochs

Early stopping patience 10 epochs

Random seed 42

Baseline experiments were conducted using an NVIDIA T4 GPU, while the subsequent EKD

experiments were executed on the KAUST IBEX cluster using an NVIDIA A100 GPU.

3.2.1 Teacher and Student Selection

The candidate models were evaluated under the three training settings. Table 4 summarizes the

validation accuracy, F1-score, and AUC used for model selection.

EfficientNet-B6 showed the strongest and most consistent performance among the teacher

candidates and was selected as the teacher. MobileNetV2 showed competitive validation

performance across the evaluated settings and was selected as the lightweight student for the

subsequent EKD experiments.

The selected EfficientNet-B6 teacher was further optimized using Optuna over 30 trials. The

optimized configuration used a dropout rate of 0.4, the last 40 trainable layers, a head learning rate

of 6.8056 × 10
−4

, a fine-tuning learning rate of 3.2079 × 10
−5

, and weight decay of 6.2290 × 10
−6

.

The optimized model was then frozen for EKD training.
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Table 4 Validation performance of candidate teacher and student models.

Model Setting Accuracy F1 AUC

ResNet152V2 No Aug. 0.7979 0.8161 0.8441

RandAug. 0.7835 0.8036 0.8378

AugMix 0.7918 0.8103 0.8330

DenseNet201 No Aug. 0.7711 0.7928 0.7733

RandAug. 0.7608 0.7798 0.7469

AugMix 0.7196 0.7437 0.6816

EfficientNet-B6 No Aug. 0.8412 0.8710 0.8497

RandAug. 0.8515 0.8858 0.8606
AugMix 0.8289 0.8595 0.8418

MobileNetV1 No Aug. 0.8000 0.8196 0.8691

RandAug. 0.8577 0.8658 0.8895
AugMix 0.8371 0.8498 0.8655

MobileNetV2 No Aug. 0.8454 0.8521 0.8621

RandAug. 0.8433 0.8519 0.8682

AugMix 0.8247 0.8371 0.8648

3.3 Explainable Knowledge Distillation Framework

The proposed EKD framework transfers predictive knowledge and class-discriminative spatial

information from the frozen EfficientNet-B6 teacher to the MobileNetV2 student. As illustrated in

Figure 1, the student is trained using ground-truth labels, temperature-scaled teacher predictions,

and class-specific spatial attention.

Figure 1 Proposed Explainable Knowledge Distillation framework.

3.3.1 Prediction and Attention Transfer

Weighted categorical cross-entropy is used for supervised classification to account for class

imbalance. Predictive knowledge is transferred using temperature-scaled knowledge distillation
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with 𝑇 = 4 [3].

For spatial knowledge transfer, Grad-CAM maps are generated from the frozen teacher [4].

The student uses a differentiable CAM-compatible classification head to generate class-specific

attention maps during the forward pass, following the principles of CAT-KD and Exp-KD [5, 6].

Teacher and student attention maps are adaptively average-pooled to a common 2×2 resolution

and 𝐿2-normalized. Their spatial discrepancy is minimized using the attention-alignment loss:

ℒ𝐴𝑇𝑇 =
1

𝑁𝐶𝐻𝑊

∑
𝑛,𝑐,𝑖, 𝑗

(
𝐺𝑆𝑛,𝑐,𝑖, 𝑗 − 𝐺

𝑇
𝑛,𝑐,𝑖, 𝑗

)
2

, (1)

where 𝐺𝑇 and 𝐺𝑆 denote the normalized teacher and student attention maps.

3.3.2 Overall EKD Objective

The complete EKD objective is:

ℒ𝐸𝐾𝐷 = ℒ𝑊𝐶𝐸 + 𝛼ℒ𝐾𝐷 + 𝛽ℒ𝐴𝑇𝑇 , (2)

where ℒ𝑊𝐶𝐸 is the weighted supervised classification loss, ℒ𝐾𝐷 is the temperature-scaled pre-

diction distillation loss, and ℒ𝐴𝑇𝑇 is the attention-alignment loss. The implemented configuration

uses 𝛼 = 1.0 and 𝛽 = 5.0.

During training, the teacher remains frozen and only the student parameters are updated.

The student therefore learns from the ground-truth labels, teacher predictions, and teacher spatial

attention.

3.4 Evaluation

Classification performance was evaluated using accuracy, precision, recall, F1-score, AUC, and

loss. Each EKD configuration was compared with its corresponding MobileNetV2 baseline under

the same training setting. Explainability was evaluated qualitatively by comparing the attention

maps produced by the teacher and EKD student.

4 Results

4.1 EKD Classification Performance

The proposed EKD framework was evaluated under No Augmentation, RandAugment, and

AugMix. Each EKD-trained MobileNetV2 student was compared with its corresponding baseline

MobileNetV2 model under the same training setting. Table 5 summarizes the validation results.

Table 5 Validation performance of MobileNetV2 before and after EKD.

Setting Model Accuracy F1 AUC

No Aug. Baseline 0.8454 0.8521 0.8621

EKD 0.8701 0.8710 0.8615

RandAug. Baseline 0.8433 0.8519 0.8682

EKD 0.8639 0.8646 0.8685

AugMix Baseline 0.8247 0.8371 0.8648

EKD 0.8742 0.8751 0.8664

6



Explainable KD for Bone Fracture

EKD improved validation accuracy and F1-score across all three training settings. The largest

improvement was obtained with AugMix, where accuracy increased from 0.8247 to 0.8742 and

F1-score from 0.8371 to 0.8751. AugMix also achieved the highest validation accuracy and F1-score

among the three EKD configurations.

Changes in validation AUC were comparatively small. AUC decreased slightly from 0.8621 to

0.8615 under No Augmentation, while increasing from 0.8682 to 0.8685 with RandAugment and

from 0.8648 to 0.8664 with AugMix.

4.2 Training Behavior

Figure 2 compares the training and validation accuracy and total EKD loss across the three training

settings. No Augmentation showed a larger train–validation accuracy gap toward later epochs,

while RandAugment maintained closer agreement between the two curves. Under AugMix,

training accuracy remained lower while validation performance remained strong.

The total EKD loss decreased across all three configurations before approaching a stable

region. These curves show differences in optimization behavior across the three training settings

and complement the validation results reported above.

Figure 2 Training and validation accuracy and total EKD loss under No Augmentation, RandAugment,

and AugMix, respectively.

4.3 Qualitative Explainability Analysis

Teacher and EKD-student attention maps were qualitatively compared to examine the spatial

behavior transferred through the attention-alignment component. Representative Grad-CAM

comparisons for the three training settings are shown in Figures 3–5.

Across the examined examples, the EKD student did not reproduce the teacher attention

maps exactly. The student maps were generally broader and more diffuse, while partial spatial

correspondence with the teacher was observed in several cases. These visualizations provide

qualitative evidence of teacher–student attention correspondence rather than exact localization

agreement.
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Figure 3 Representative teacher and EKD-student attention maps under No Augmentation.

Figure 4 Representative teacher and EKD-student attention maps under RandAugment.

Figure 5 Representative teacher and EKD-student attention maps under AugMix.

5 Discussion
The results show that EKD consistently improved the MobileNetV2 student’s validation accuracy

and F1-score across all three training settings, with the largest improvement observed under

AugMix. Validation AUC remained relatively stable across the three settings, while accuracy

and F1-score improved consistently, indicating that the main benefit of EKD was reflected in the

student’s classification performance. The learning curves further indicate that augmentation

influenced the optimization behavior of the distilled student.

The qualitative analysis showed partial spatial correspondence between teacher and student

attention, although the student maps were generally broader and more diffuse. This suggests that

attention alignment encouraged the student to preserve some of the teacher’s class-discriminative

spatial patterns without requiring exact map replication.

Overall, the findings support the potential of combining prediction distillation with attention

transfer for lightweight fracture classification, while the qualitative nature of the attention analysis

motivates further quantitative evaluation.
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6 Limitations
The experiments were conducted on FracAtlas using a binary fracture/non-fracture classification

setting; therefore, validation on additional datasets and classification tasks is needed to assess

broader generalizability. Teacher–student attention correspondence was evaluated qualitatively,

and the attention maps were pooled to a 2 × 2 resolution during training. In addition, EKD was

evaluated using one teacher–student pair and fixed loss coefficients (𝛼 = 1.0, 𝛽 = 5.0), without an

ablation study. Deployment-oriented metrics such as inference time, model size, memory usage,

and FLOPs were outside the scope of the current evaluation.

7 Conclusion
This work investigated an Explainable Knowledge Distillation framework that combines prediction-

based knowledge distillation with class-discriminative attention transfer for lightweight bone

fracture classification. Using EfficientNet-B6 as the teacher and MobileNetV2 as the student, EKD

improved validation accuracy and F1-score across No Augmentation, RandAugment, and AugMix,

with AugMix achieving the strongest overall validation performance. Qualitative attention-map

comparisons also showed partial teacher–student spatial correspondence. Overall, the results

support explainability-guided distillation as a promising approach for improving lightweight

fracture classification while encouraging teacher–student attention similarity.

7.1 Future Work

Future work should quantitatively evaluate teacher–student attention alignment, validate the

framework on external datasets, and extend it to multi-class fracture classification. Future

experiments should also evaluate additional teacher–student architectures and conduct ablation

studies on the loss coefficients, while deployment-oriented evaluation should measure model

size, inference time, memory usage, and computational cost.
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