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A B S T R A C T

Testicular neoplasms are common in dogs, and their histopathological classification may be challenging in 
selected cases, particularly when morphological patterns overlap, with potential implications for diagnostic 
consistency and case management. In this study, we propose an artificial intelligence (AI)-based computational 
pathology approach for the automatic classification of the three main canine testicular neoplasms (Seminoma, 
Leydig cell tumour, and Sertoli cell tumour) from digitised haematoxylin and eosin-stained Whole-Slide Images 
(WSIs). To this end, 200 histological WSIs from 200 male dogs with histologically diagnosed testicular tumours 
were collected from the archives of the DIPSA laboratory, University of Naples Federico II. We fine-tuned the 
EfficientNet-B4 convolutional neural network (CNN) on tiles from WSIs and evaluated performance using 5-fold 
cross-validation with WSI-level partitioning. In addition, we implemented an attention-based multiple instance 
learning (ABMIL) framework as a complementary weakly supervised approach for WSI-level classification. The 
fine-tuned EfficientNet-B4 model provided the strongest tile-level discrimination, while Logistic Regression with 
mean probability aggregation achieved the highest WSI-level performance among the evaluated WSI-level ap
proaches (accuracy 0.84 ± 0.07). Furthermore, the ABMIL framework showed competitive WSI-level perfor
mance, reaching an accuracy of 0.80 ± 0.04. Finally, Grad-CAM heatmaps revealed that the fine-tuned CNN 
focused on histologically relevant tumour regions. Overall, our findings support the feasibility of AI-assisted WSI- 
level histopathological classification of canine testicular tumours and provide a proof-of-concept for the potential 
development of decision-support tools for veterinary pathologists.

1. Introduction

Among canine reproductive neoplasms, testicular tumours represent 
a frequent diagnostic finding, particularly in older dogs (Grieco et al., 
2008; Mosier, 1989; Riccio et al., 2026a, 2026b). The most common 
histological testicular tumour types include Seminomas, Leydig cell tu
mours, and Sertoli cell tumours (Orlandi et al., 2022). The transition 

from conventional microscopy to digitised WSIs has accelerated the 
development of Digital Pathology, creating new opportunities for 
computational image analysis, algorithmic decision-support, and data 
sharing (Aeffner et al., 2019; Ancheta et al., 2024; Prasad et al., 2025). 
In this context, AI systems represent a potential innovation for veteri
nary pathology, offering tools for the reproducible analysis of specific 
morphological patterns (Fotouh, 2025; Rogers et al., 2024; Xiao et al., 
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2025). These systems can assist pathologists and researchers by identi
fying image regions relevant to classification and supporting the inter
pretation of digitised histological slides (Ahmed et al., 2022; 
Campanella et al., 2019). Among feature-learning methods, deep 
learning approaches, particularly convolutional neural networks 
(CNNs), have been widely applied to digital slides because they can 
learn hierarchical representations and detect morphological variations 
that may elude manual assessment (Amaral et al., 2024; Gertych et al., 
2019; Ponzio et al., 2019; Sarvamangala and Kulkarni, 2022). Across 
species and tissue contexts, AI-based computational pathology has been 
applied to tasks ranging from the classification of human breast and lung 
tumours to the localisation of diagnostically informative regions in 
canine cutaneous mast cell tumours (Aubreville et al., 2020; Coudray 
et al., 2018; Sajiv and Ramkumar, 2023a, 2023b, 2023c). Beyond his
topathological classification, AI-based approaches have also been 
applied across different areas of oncology, including image enhance
ment, tumour detection and early diagnosis, as well as personalised 
treatment planning (Balakrishna et al., 2025; Kumar et al., 2026; Sajiv 
and Meenakshisundaram, 2025; Sivakumar et al., 2023). Despite these 
advances, the implementation of AI-based tools in veterinary pathology 
remains limited, mainly due to the lack of annotated image datasets and 
standardised validation protocols (Abels et al., 2019; Battazza et al., 
2024; Prasad et al., 2025; Zuraw and Aeffner, 2022). In light of these 
considerations, in our study we applied these approaches specifically to 
canine testicular pathology by integrating complementary tile-level and 
WSI-level classification strategies within the same validation frame
work. This design allowed local morphological discrimination to be 
evaluated alongside the diagnostically more relevant slide-level classi
fication, while Grad-CAM analysis provided an assessment of the his
tological regions contributing to CNN predictions. Therefore, the aims of 
this study were to: (1) develop and evaluate a reproducible artificial 
intelligence framework for the automated histopathological classifica
tion of the three main canine testicular tumours from whole-slide im
ages; (2) compare complementary tile-level and slide-level modelling 
strategies; and (3) assess CNN interpretability through Grad-CAM.

2. Materials and methods

2.1. Ethics approval and sample collection

All procedures were conducted in accordance with European Direc
tive 2010/63/EU and were approved by the Ethical Animal Care and Use 
Committee of the University of Naples Federico II (Protocol No. PG/ 
2023/0029409; approval date: 10 March 2023). Samples were collected 
exclusively during routine castration procedures; no additional pro
cedures were performed for research purposes, and no animals were 
euthanised for the purposes of this study.

2.2. Histopathological processing and WSI acquisition

Haematoxylin and eosin (H&E) stained slides from cases previously 
diagnosed by three veterinary pathologists as Seminoma, Leydig cell 
tumour, and Sertoli cell tumour were retrieved from the archives of the 
DIPSA Laboratory, Department of Veterinary Medicine and Animal 
Reproduction, University of Naples Federico II. For all cases, testes were 
sectioned longitudinally and fixed in 10% neutral-buffered formalin 
(05–01005Q, BioOptica, Milan, Italy) for 72 h. Following fixation, 
representative tissue samples were trimmed, placed in histological cas
settes, routinely processed, dehydrated, and embedded in paraffin wax 
(Power et al., 2026). Sections of 3–4 µm thickness were subsequently 
obtained and stained with H&E for histopathological evaluation (Piegari 
et al., 2024; Riccio et al., 2025). All slides were stained using a Leica 
Autostainer XL to ensure consistent staining quality (d’Aquino et al., 
2023; Zappulli et al., 2026) and subsequently digitised at high resolution 
using an Epredia Panoramic Scan scanner at 20 ×magnification 
(d’Aquino et al., 2026). The digitised slides were organised into 

category-specific directories as follows: Seminoma (label = 0), Leydig 
cell tumour (label = 1), and Sertoli cell tumour (label = 2). The dataset 
consisted of 200 whole-slide images (WSIs), one per animal (Seminoma 
n = 75, Leydig cell tumour n = 75, Sertoli cell tumour n = 50).

2.3. Tile extraction and preprocessing

From each WSI, 2500 non-overlapping tiles (380 × 380 px) were 
randomly sampled from tumour-containing regions of interest (ROIs) 
manually delineated by a trained researcher under veterinary patholo
gist supervision, resulting in a total of 5.0 × 10⁵ tiles before quality 
control (maximum yield: 200 × 2500). After multi-step quality control, 
91.6% of the tiles were retained, yielding 4.58 × 10⁵ tiles for model 
development and validation. For readability, aggregate tile counts in 
Table 1 are reported as rounded values. Table 1 summarises the dataset 
composition and preprocessing statistics. Quality control (QC) and 
preprocessing were performed using OpenSlide and OpenCV libraries. 
Otsu’s thresholding (Otsu, 1979) was applied for tissue detection, fol
lowed by exclusion of tiles dominated (>85%) by near-white (intensity 
>240) or near-black (intensity <15) pixels. Tiles were retained only if 
they exhibited sufficient contrast (grayscale SD ≥15), appropriate mean 
intensity (20–235), inter-channel colour variation (SD ≥10), and 
detectable structural content (≥1% edge pixels via the Canny detector) 
(Canny, 1986). Tiles passing QC underwent Reinhard colour normal
isation using a representative reference tile in LAB colour space to 
minimise staining variability across slides (Reinhard et al., 2001).

2.4. Feature extraction and classifier evaluation

Tile embeddings were extracted from normalised tiles using an 
ImageNet-pretrained EfficientNet-B4 backbone (Tan and Le, 2019) as a 
frozen feature extractor. After removal of the final classification layer, 1, 
792-dimensional tile embeddings were obtained from the penultimate 
convolutional block. All classification analyses were performed using a 
stratified 5-fold cross-validation scheme at the WSI level. In each iter
ation, one fold was held out for testing, while the remaining four folds 
were used for model development. Within the training partition, 10% of 
the WSIs were randomly selected in a stratified manner as an internal 
validation subset. All tiles originating from the same WSI were retained 
within the same partition throughout the cross-validation procedure, 
thereby preventing tile-level data leakage between training, validation, 
and test sets. The internal validation subset was used to monitor MLP 
training, whereas final performance was computed exclusively on the 
held-out test fold. Tile embeddings were standardised using z-score 
parameters estimated on the training set and applied to the corre
sponding validation and test sets. For qualitative visualisation of class 
separability, LDA (Fisher, 1936; Rao, 1948) was fitted on the training-set 
embeddings and applied to the corresponding validation and test sets.

The extracted tile embeddings were used to train three supervised 

Table 1 
Dataset composition and preprocessing summary. Tiles were retained after QC if 
Canny edge pixels ≥ 1%, mean intensity ∈ [20, 235], grayscale s.d. ≥ 15, inter- 
channel s.d. ≥ 10, and near-white/near-black pixel fraction < 85%. Aggregate 
tile counts are rounded for readability.

Diagnostic 
category

No. 
of 
WSIs

No. of 
animals

Tiles 
(pre-QC) 
(max 
2500 per 
WSI)

Tiles 
(post- 
QC) 
(total)

Retention 
(%)

Tiles 
per 
WSI 
(post- 
QC 
mean)

Seminoma 75 75 187,500 174,000 92.8 2320
Leydig cell 

tumour
75 75 187,500 168,000 89.6 2240

Sertoli cell 
tumour

50 50 125,000 116,000 92.8 2320

Total 200 200 500,000 458,000 91.6 2290
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classifiers: 1) Logistic Regression (LR) with class balancing (Hosmer 
et al., 2013); 2) a Multilayer Perceptron (MLP) with a 256-neuron hid
den layer, ReLU, dropout, and a three-neuron output layer (Rumelhart 
et al., 1986); and 3) a Random Forest (RF) with 200 trees and 
balanced class weights (Breiman, 2001). As a complementary WSI-level 
baseline, slide-level predictions were obtained by aggregating tile-level 
class probabilities from the LR classifier. For each held-out WSI, tile 
probabilities were computed with the fitted LR model. WSI-level prob
abilities were derived using either mean pooling across all tiles or top-k 
pooling (k = 50), in which the 50 tiles with the highest classification 
confidence were selected and their class-probability vectors were aver
aged to obtain the WSI-level prediction. The value of k was selected a 
priori and was not tuned on the validation set.

2.5. Fine-tuning of EfficientNet-B4

EfficientNet-B4 was also fine-tuned end-to-end on the tile-level 
dataset. The ImageNet-pretrained backbone (Deng et al., 2009) was 
adapted by replacing the output layer with a three-neuron classifier 
corresponding to the diagnostic classes and adding a dropout layer 
(p = 0.4). Data augmentation included random horizontal and vertical 
flips, 45◦ rotations, and mild colour jitter affecting contrast, saturation, 
brightness, and hue. Tiles were normalised using ImageNet mean and 
standard deviation statistics. Under the same cross-validation design, 
class imbalance was addressed through inverse-frequency weighting in 
the cross-entropy loss. Optimisation was performed using Adam 
(Kingma and Ba, 2014) with a learning rate of 1 × 10⁻⁴, batch size of 4, 
and up to 20 epochs. Early stopping (patience = 3) was based on the 
accuracy measured on the internal validation subset.

2.6. Attention-based multiple instance learning

An attention-based multiple instance learning (ABMIL) framework 
was implemented to perform weakly supervised WSI-level classification 
from fixed EfficientNet-B4 tile embeddings. Each WSI was treated as a 
collection of image tiles and assigned a single slide-level diagnosis, 
without requiring individual tile annotations. Tile representations were 
obtained using the frozen ImageNet-pretrained EfficientNet-B4 feature 
extractor. Tile embeddings were standardised using z-score parameters 
estimated from the training WSIs within each fold and applied to the 
corresponding validation and test WSIs. Under the same cross-validation 
design, the ABMIL architecture comprised a learnable projection block, 
followed by an attention branch producing instance-level attention 
weights. These weights quantified the relative contribution of individual 
tiles to the final WSI-level prediction. Attention-weighted aggregation 
yielded a slide-level representation, which was passed to a linear clas
sifier for three-class prediction. A maximum of 1200 tiles per WSI was 
randomly sampled at each training epoch. For validation and testing, up 
to 2000 QC-passed tiles per WSI were selected once at random within 
each fold using the fold-specific random seed. Class imbalance was 
handled using inverse-frequency weighting in the cross-entropy loss. 
The model was optimised with AdamW for up to 30 epochs, with early 
stopping (patience = 6) based on averaged F1-score measured on the 
internal validation subset.

2.7. Model explainability

Gradient-weighted Class Activation Mapping (Grad-CAM) (Selvaraju 
et al., 2017) was applied to the fine-tuned EfficientNet-B4 model to 
visualise the image regions contributing most to classification. For 
quantitative evaluation, a stratified random subset of 150 correctly 
classified test-set tiles (50 per class) was annotated with ROIs by a 
trained researcher under veterinary pathologist supervision, blinded to 
model predictions and Grad-CAM overlays. The analysis was restricted 
to correctly classified tiles in order to assess whether successful model 
predictions were supported by attention to histologically relevant 

regions. Because this was a single-annotator analysis, no inter-observer 
agreement was assessed; therefore, the quantitative Grad-CAM analysis 
should be considered exploratory. ROI annotations were used to 
compute Intersection-over-Union (IoU) between the expert ROI and the 
Grad-CAM map thresholded at the 70th percentile, Pointing Game Ac
curacy, and Top 20% Energy inside the ROI. As a sanity check, the 
Grad-CAM pipeline was repeated after model weight randomisation, and 
the same IoU metric was recomputed.

2.8. Computational framework and reproducibility

All procedures were implemented in Python 3.10 using OpenSlide, 
NumPy, OpenCV, PyTorch, and LMDB. Model training and inference 
were performed on a workstation equipped with an NVIDIA GeForce 
RTX 3050 GPU (6 GB GDDR6). Random seeds were fixed across tile 
extraction, fold partitioning, model training, and evaluation to improve 
reproducibility. Custom scripts for tile extraction, preprocessing, model 
training, and evaluation are available upon reasonable request.

2.9. Statistical analysis

The individual animal, represented by a single WSI, was considered 
the independent sampling unit; tile-level predictions from the same WSI 
were therefore treated as correlated observations. Model performance 
on the held-out test folds was evaluated using accuracy, macro-averaged 
F1-score, macro-averaged area under the receiver operating character
istic curve (ROC-AUC), and macro-averaged average precision (AP- 
macro). Fold-wise performance estimates were summarised as mean ±
standard deviation (SD). For WSI-level analyses, out-of-fold predictions 
were pooled, and 95% confidence intervals (95% CIs) were estimated 
using 10,000 stratified bootstrap resamples at the WSI level.

3. Results

3.1. Histopathological characterisation

Histopathological examination revealed distinct morphological fea
tures among the three tumour types. Seminomas consisted of relatively 
uniform germ cells arranged in lobules separated by fibrous septa (black 
arrow). Leydig cell tumours were composed of polygonal interstitial 
cells with eosinophilic cytoplasm (asterisk). Sertoli cell tumours were 
characterised by elongated columnar cells arranged in tubular structures 
(black arrowhead). Representative H&E-stained regions for each tumour 
type are shown in Fig. 1A–C.

3.2. Feature-based and tile-level classification performance

The evaluated models showed discrimination among tumour types. 
For qualitative assessment of class separability, LDA projections of the 
EfficientNet-B4 tile embeddings for the training, validation, and test sets 
are shown in Fig. 2A–C, indicating broadly preserved separation among 
the three tumour classes across data partitions. Mean row-normalised 
confusion matrices for MLP, Logistic Regression, and Random Forest 
across the five held-out WSI test folds are shown in Fig. 2D–F. Class- 
specific recall ranged from 0.54 to 0.71 for MLP, 0.66–0.78 for Logis
tic Regression, and 0.72–0.81 for Random Forest. Among the feature- 
based classifiers, Random Forest achieved the highest mean cross- 
validated accuracy (0.76). A summary of tile-level model performance 
is reported in Table 2.

When feature-based classifiers trained on deep embeddings were 
replaced by the fine-tuned EfficientNet-B4 end-to-end model, classifi
cation performance improved markedly across all tile-level metrics 
(Fig. 3). The network achieved a mean cross-validated tile-level accu
racy of 0.82 ± 0.03, with F1-macro = 0.81, AUC-macro = 0.95, and AP- 
macro = 0.91. Class-specific recall was 0.82 for Seminoma, 0.78 for 
Leydig cell tumour, and 0.86 for Sertoli cell tumour, confirming 
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Fig. 1. Representative histopathological features of the three main canine testicular tumour types on H&E-stained sections. (A) Seminoma, showing lobular ar
chitecture with relatively uniform germ cells separated by fibrous septa (black arrow). (B) Leydig cell tumour, composed of polygonal interstitial cells with 
eosinophilic cytoplasm (asterisk). (C) Sertoli cell tumour, characterised by tubular arrangements of elongated columnar neoplastic cells (black arrowhead). Original 
magnification, 20 × ; scale bar = 50 μm.H&E: haematoxylin and eosin.

Fig. 2. (A–C) LDA projections of EfficientNet-B4 tile embeddings from a representative cross-validation iteration, shown for the training, validation, and held-out 
WSI test sets, respectively. The LDA transformation was fitted on the training-fold embeddings and applied to the corresponding validation and test sets. (D–F) Mean 
row-normalised confusion matrices across the five held-out WSI test folds for MLP (D), Logistic Regression (E), and Random Forest (F), in the class order Seminoma, 
Leydig cell tumour, and Sertoli cell tumour. LDA: linear discriminant analysis; MLP: multilayer perceptron; WSI: whole-slide image.

Table 2 
Performance of the evaluated models under 5-fold cross-validation. Feature-based models are evaluated at tile-level; EfficientNet-B4 results are reported at tile-level.

Model Approach Accuracy (mean ±
SD)

F1-macro AUC- 
macro

AP-macro Class-wise recall (Seminoma; Leydig cell tumour; Sertoli cell 
tumour)

MLP Feature- 
based

0.64 ± 0.06 0.63 
± 0.07

0.84 
± 0.05

0.82 
± 0.06

0.57 ± 0.09 / 0.54 ± 0.10 / 0.71 ± 0.07

Logistic Regression Feature- 
based

0.71 ± 0.05 0.70 
± 0.05

0.89 
± 0.03

0.87 
± 0.04

0.71 ± 0.07 / 0.66 ± 0.08 / 0.78 ± 0.06

Random Forest Feature- 
based

0.76 ± 0.05 0.74 
± 0.04

0.91 
± 0.03

0.90 
± 0.03

0.75 ± 0.06 / 0.72 ± 0.07 / 0.81 ± 0.05

EfficientNet-B4 (fine- 
tuned)

End-to-end 
DL

0.82 ± 0.03 0.81 
± 0.06

0.95 
± 0.02

0.91 
± 0.03

0.82 ± 0.04 / 0.78 ± 0.05 / 0.86 ± 0.04
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consistent inter-class discrimination. Precision–recall and ROC analyses 
(Fig. 3A, B) demonstrated stable performance across the three diagnostic 
categories, with AP values ranging from 0.89 to 0.93 and AUC values 
from 0.94 to 0.95. The calibration curves (Fig. 3C) suggested broadly 
consistent agreement between predicted probabilities and observed 
outcomes across the three tumour classes. The normalised confusion 
matrix is shown in Fig. 3D. Compared with the best feature-based 
approach (Random Forest), the end-to-end model achieved higher 
overall accuracy (0.82 vs 0.76), better inter-class balance, and lower 
variance across folds (SD = 0.03 vs 0.05). Overall, the fine-tuned Effi
cientNet-B4 provided the strongest tile-level performance.

3.3. WSI-level classification performance

WSI-level evaluation was performed separately by aggregating tile 
probabilities at the slide level. Using mean pooling, Logistic Regression 
achieved a WSI-level accuracy of 0.84 ± 0.07, an F1-macro of 0.80 
± 0.10, an AUC-macro of 0.90 ± 0.06, and an AP-macro of 0.84 ± 0.08. 
Using top-k pooling (k = 50), Logistic Regression achieved an accuracy 
of 0.79 ± 0.11, an F1-macro of 0.75 ± 0.10, an AUC-macro of 0.90 
± 0.06, and an AP-macro of 0.85 ± 0.08. The ABMIL model achieved a 
mean WSI-level accuracy of 0.80 ± 0.04 and a F1-macro of 0.76 ± 0.06. 
In the pooled ABMIL analysis, AP values were 0.81 for Seminoma, 0.92 
for Leydig cell tumour, and 0.63 for Sertoli cell tumour (Fig. 4A), while 
the corresponding one-vs-rest AUCs were 0.92, 0.92, and 0.84, respec
tively (Fig. 4B). Calibration curves indicated moderate agreement be
tween predicted probabilities and observed frequencies overall, with 
less stable calibration for Sertoli cell tumour (Fig. 4C). The row- 
normalised confusion matrix showed class-specific recall of 0.82 for 
Seminoma, 0.83 for Leydig cell tumour, and 0.70 for Sertoli cell tumour, 

indicating comparatively lower sensitivity for Sertoli cell tumour 
(Fig. 4D). WSI-level probability-aggregation results, together with 
ABMIL performance, are summarised in Table 3. Analysis of pooled out- 
of-fold predictions provided complementary estimates of case-level 
performance with 95% CIs. Logistic Regression with mean pooling 
achieved an accuracy of 0.85 (95% CI: 0.80–0.89), F1-macro of 0.80 
(95% CI: 0.73–0.86), AUC-macro of 0.90 (95% CI: 0.86–0.94), and AP- 
macro of 0.85 (95% CI: 0.79–0.90). Logistic Regression with top-k 
pooling achieved an accuracy of 0.79 (95% CI: 0.74–0.85), F1-macro 
of 0.76 (95% CI: 0.69–0.82), AUC-macro of 0.90 (95% CI: 0.86–0.94), 
and AP-macro of 0.84 (95% CI: 0.78–0.90). For ABMIL, pooled out-of- 
fold performance was 0.80 for accuracy (95% CI: 0.75–0.86), 0.77 for 
F1-macro (95% CI: 0.71–0.83), 0.89 for AUC-macro (95% CI: 
0.85–0.93), and 0.79 for AP-macro (95% CI: 0.71–0.86). Among the 
evaluated WSI-level approaches, Logistic Regression with mean pooling 
showed the highest numerical accuracy and F1-macro.

3.4. Grad-CAM visualisation

Grad-CAM heatmaps were computed for correctly classified tiles in 
the test set to visualise the regions that most influenced the model’s 
predictions. Representative examples are shown in Fig. 5A–F, including 
the original H&E tiles for Seminoma, Leydig cell tumour, and Sertoli cell 
tumour (Fig. 5A–C) and the corresponding Grad-CAM overlays 
(Fig. 5D–F). Heatmap colour gradients represented the intensity of 
model attention, ranging from very high (red) to very low (blue). The 
highlighted regions corresponded to morphological structures relevant 
to tumour classification. In Seminoma (Fig. 5D), activations were mainly 
localised in dense clusters of germ cells and areas of nuclear crowding. In 
Leydig cell tumour (Fig. 5E), the network focused on large polygonal 

Fig. 3. Tile-level performance of the fine-tuned EfficientNet-B4 model. (A) Precision-recall curves for the three tumour classes. (B) One-vs-rest ROC curves for the 
three tumour classes. (C) Class-wise calibration curves showing the agreement between predicted probabilities and observed outcomes. (D) Row-normalised 
confusion matrix for the fine-tuned EfficientNet-B4 model at tile level, aggregated across the held-out test folds. ROC: receiver operating characteristic.
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tumour cells with abundant eosinophilic cytoplasm and well-defined 
cell borders. In Sertoli cell tumour (Fig. 5F), activations were predom
inantly distributed along tubular and trabecular structures, with elon
gated, parallel-oriented nuclei located near luminal surfaces, 
corresponding to the typical organisation of Sertoli cells. An exploratory 
quantitative analysis performed on an annotated subset (n = 150 tiles) 
was consistent with these observations, showing an average IoU of 0.47 
± 0.08, Pointing Game Accuracy = 0.86 ± 0.05, and Top 20% Energy 
inside ROI = 0.73 ± 0.07 (Table 4). The randomisation sanity checks 
yielded IoU of 0.09 ± 0.04, supporting that the Grad-CAM activation 
patterns were related to learned morphological representations rather 
than random activations.

4. Discussion

Artificial Intelligence systems are increasingly being integrated into 
computational pathology workflows, with growing evidence of their 

value for histopathological image analysis and classification 
(Campanella et al., 2019; Sarvamangala and Kulkarni, 2022; Wulcan 
et al., 2025). Recent studies have further extended AI-based image 
analysis to disease-specific applications in veterinary histopathology, 
highlighting its emerging role in diagnostic support (Zuraw and Aeffner, 
2022). In this context, the present study demonstrated the feasibility of 
an AI-assisted computational pathology framework for the classification 
of Seminoma, Leydig cell tumour, and Sertoli cell tumour from digitised 
WSIs. By integrating complementary tile-level and WSI-level classifica
tion strategies within the same validation framework, the study enabled 
the assessment of both local morphological discrimination and 
whole-slide diagnostic classification. Overall, our results indicated that 
model performance depended on the level at which classification was 
assessed. End-to-end fine-tuning of EfficientNet-B4 improved tile-level 
discrimination compared with the feature-based approaches, whereas 
at the WSI level, aggregation of Logistic Regression probabilities pro
vided the highest numerical case-level performance among the 

Fig. 4. WSI-level performance of the ABMIL model based on pooled out-of-fold predictions from the five held-out test folds. (A) Class-wise precision–recall curves for 
the three tumour classes. (B) Class-wise one-vs-rest ROC curves. (C) Class-wise calibration curves showing the agreement between predicted probabilities and 
observed outcomes. (D) Row-normalised confusion matrix derived from pooled out-of-fold WSI-level predictions. ABMIL: attention-based multiple instance learning; 
ROC: receiver operating characteristic; WSI: whole-slide image.

Table 3 
WSI-level performance of probability-aggregation and ABMIL approaches. Values are mean ± SD across five test folds, followed by pooled out-of-fold estimates with 
95% bootstrap confidence intervals.

Model / aggregation Input Accuracy (mean ±
SD)

F1-macro (mean ±
SD)

AUC-macro (mean ±
SD)

AP-macro (mean ±
SD)

Logistic Regression (mean pooling) Tile probabilities 0.84 ± 0.07 
0.85 (0.80–0.89)

0.80 ± 0.10 
0.80 (0.73–0.86)

0.90 ± 0.06 
0.90 (0.86–0.94)

0.84 ± 0.08 
0.85 (0.79–0.90)

Logistic Regression (top-k pooling, 
k = 50)

Tile probabilities 0.79 ± 0.11 
0.79 (0.74–0.85)

0.75 ± 0.10 
0.76 (0.69–0.82)

0.90 ± 0.06 
0.90 (0.86–0.94)

0.85 ± 0.08 
0.84 (0.78–0.90)

ABMIL EfficientNet-B4 
embeddings

0.80 ± 0.04 
0.80 (0.75–0.86)

0.76 ± 0.06 
0.77 (0.71–0.83)

0.91 ± 0.03 
0.89 (0.85–0.93)

0.84 ± 0.05 
0.79 (0.71–0.86)
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evaluated strategies. These findings supported the potential of AI-based 
methods as decision-support tools in veterinary histopathology, while 
emphasising the importance of evaluating performance at the WSI level.

The difference between tile-level and WSI-level performance also 
highlighted the importance of integrating information across multiple 
tissue regions when approaching histopathological classification at the 
case level. Rather than relying on isolated image patches, WSI-level 
aggregation incorporated predictions derived from a broader represen
tation of tumour morphology. Similar case-level aggregation strategies 
have been reported in veterinary histopathology. Fragoso-Garcia et al. 
(2023) combined patch-wise predictions for slide-level classification of 
canine skin tumours, whereas Defourny et al. (2026) aggregated 
tile-level CNN predictions to obtain biopsy-level diagnoses in feline in
testinal disease.

To further investigate which tissue regions contributed to the CNN 
predictions, Grad-CAM heatmaps were evaluated. Class-specific activa
tion patterns spatially coincided with characteristic histomorphological 
features of the three tumour types, including germ-cell-rich regions in 
Seminoma, polygonal eosinophilic neoplastic cells in Leydig cell tu
mours, and tubular or trabecular architecture in Sertoli cell tumours 
(Samek et al., 2021; Selvaraju et al., 2017). This spatial concordance, 
further supported by the exploratory quantitative analysis, suggested 
that model inference was informed, at least in part, by diagnostically 
relevant architectural and cytomorphological features.

In addition to the tile-level CNN framework, we explored a com
plementary weakly supervised ABMIL strategy operating directly at the 
WSI level (Ilse et al., 2018; Lu et al., 2021). Under the same 5-fold 
WSI-level cross-validation design, ABMIL showed competitive 
WSI-level performance, supporting the feasibility of slide-level classifi
cation using attention-based aggregation of deep morphological em
beddings without tile-level supervision (Ilse et al., 2018; Lu et al., 2021). 
Notably, within the present single-centre dataset, simple WSI-level ag
gregation of tile probabilities from Logistic Regression achieved higher 
numerical case-level accuracy than ABMIL. This suggested that, under 
relatively homogeneous acquisition conditions, averaging tile-level 
predictions may provide an effective slide-level decision rule in this 
setting.

Taken together, these findings emphasised that tile-level and WSI- 
level analyses provide complementary information, with the latter 
being more directly aligned with the diagnostic assessment performed in 
veterinary pathology. In this setting, ABMIL provided a complementary 
weakly supervised WSI-level classification strategy without requiring 
individual tile annotations (Ilse et al., 2018; Lu et al., 2021). However, 
several limitations should be acknowledged, including the single-centre 

Fig. 5. Representative Grad-CAM visualisations for correctly classified tiles from the fine-tuned EfficientNet-B4 model. (A–C) Original H&E tiles for Seminoma, 
Leydig cell tumour, and Sertoli cell tumour. (D–F) Corresponding Grad-CAM overlays highlighting the regions that contributed most to the model predictions. 
Heatmap colours range from high activation (red/yellow) to low activation (green/blue). Grad-CAM: gradient-weighted class activation mapping; H&E: haema
toxylin and eosin.

Table 4 
Quantitative Grad-CAM assessment on annotated tiles. Values are mean ± SD 
across tumour classes (50 tiles per class). ROI, region of interest.

Metric Definition Mean ±
SD

IoU (70th-percentile 
threshold)

Intersection-over-Union between the Grad- 
CAM mask thresholded at the 70th 
percentile and the expert ROI

0.47 
± 0.08

Pointing Game Accuracy Proportion of tiles in which the maximum 
activation lies within the ROI

0.86 
± 0.05

Top 20% Energy inside 
ROI

Fraction of Grad-CAM energy within ROI 0.73 
± 0.07

Randomised IoU (70th- 
percentile threshold)

IoU after model weight randomisation 
using the same 70th-percentile threshold

0.09 
± 0.04
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design, the homogeneous staining and scanning conditions, and the 
absence of an independent external validation cohort. Despite these 
limitations, to the best of our knowledge, this study represents the first 
application of an AI-based computational pathology framework to the 
histopathological classification of canine testicular tumours.

From a veterinary pathology perspective, the WSI-level results 
more closely reflect the diagnostic unit routinely evaluated by pa
thologists than predictions generated from individual image tiles. The 
ability of the proposed framework to distinguish among the three 
major canine testicular tumour types at the slide level therefore pro
vides initial evidence that computational approaches may support 
histopathological assessment at the case level. In this context, AI 
should be considered a potential complementary decision-support tool 
rather than a replacement for pathological evaluation. Its future inte
gration into digital pathology workflows could provide additional 
support in cases showing overlapping morphological features, while 
the spatial information provided by approaches such as Grad-CAM may 
help relate model predictions to histologically recognisable tumour 
patterns. Therefore, given the single-centre design of this dataset and 
the absence of external validation, this AI-based framework should 
currently be regarded strictly as an experimental proof-of-concept for 
research use, rather than a clinical decision-support tool or automatic 
diagnostic system. Future studies should focus on expanding multi- 
institutional datasets to reduce bias and improve generalisation, and 
on including a blinded ring test involving veterinary pathologists with 
varying levels of experience.

5. Conclusions

The present study supports the feasibility of AI-based histopatho
logical classification of canine testicular tumours from WSIs. The fine- 
tuned EfficientNet-B4 achieved the strongest tile-level performance, 
whereas Logistic Regression with slide-level probability aggregation 
yielded the highest WSI-level accuracy among the evaluated WSI-level 
approaches. While this study demonstrates the technical feasibility of 
WSI-level classification, the reliance on a single-centre dataset and the 
lack of external validation preclude any immediate clinical applicability. 
Consequently, this work must be regarded as a foundational proof-of- 
concept rather than a diagnostic system. Future studies must prioritise 
validation across diverse, multi-institutional datasets with heteroge
neous scanning protocols, alongside blinded ring tests involving veter
inary pathologists with varying expertise. From a One Health 
perspective, integrating molecular and clinical data with morphological 
features may further advance precision pathology and translational 
insight into shared oncogenic mechanisms in human and veterinary 
medicine.
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