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Abstract
Background  Recent advances in histology scanning technology and Artificial Intelligence (AI) offer great 
opportunities to support cancer diagnosis. The inability to interpret the extracted features and model predictions 
is one of the major issues limiting the acceptance of AI models in clinical practice, and a clear representation of the 
relevance of the extracted features and model predictions is lacking. Focusing on the problem of prostate cancer 
(PCa) diagnosis and grading, this study aims to detect which are the most discriminant features for distinguishing 
malignant from non-malignant tissue and Gleason patterns, leaving the evaluation of models’ classification 
performances as a secondary goal.

Methods  Utilizing a dataset of 187 annotated H&E-stained whole-slide images, the study explores three 
magnification levels, extracting 1971 features per tile. Two machine-learning classification tasks are conducted 
(Malignant vs. Non-malignant and High-grade vs. Low-grade) for each magnification. SHapley Additive exPlanations 
method was used to investigate models’ interpretability, estimating the importance of pathomic features and their 
impact on prediction models.

Results  Wavelet features were consistently prominent in “High-grade vs Low-grade” classification task, together with 
local binary pattern descriptors. Some histogram features appeared as key features for diagnostic classification tasks. 
The identified key discriminant features were classified for their specificity with respect to WSI magnification. Very 
high AUC values were reached for PCa diagnosis task (0.97 < AUC < 0.99), while task involving Low- versus High-grade 
classification exhibit lower AUC values (maximum AUC: 0.72–0.73).

Conclusions  This work provides new insights for the explanation of hand-crafted pathomic-based classification 
models for PCa diagnosis and grading.

Clinical trial number  Not applicable.
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Introduction
Artificial intelligence (AI) is rapidly transforming the 
field of medical pathology, particularly in oncology, 
where the computational analysis of digital pathology 
images (pathomics) is garnering substantial interest for a 
wide range of applications. Pathomics converts digitized 
whole-slide images (WSIs) into analysable datasets using 
AI, linking pathological features to clinically related indi-
cators. This innovative approach can improve tasks such 
as cancer classification, offering benefits like improved 
workflow, efficiency, reproducibility, cost reduction, and 
better training opportunities [1].

In pathomics, Machine Learning (ML) models are 
trained with datasets of WSIs that have been annotated 
and/or classified by pathologists [1].

ML-based techniques use predefined hand-crafted fea-
tures from WSI patches or regions of interest to develop 
pattern-recognition criteria for classification tasks.

Deep learning (DL), an advanced subset of ML, has 
gained popularity for its ability to bypass hand-crafted 
features by using neural networks with multiple hidden 

layers, combining feature learning and classification. 
With sufficient data and techniques, DL identifies dis-
criminative patterns, achieving high classification perfor-
mance. However, limited labeled training data remains a 
challenge in the medical field.

Focusing on suitable clinical applications, one of the 
most important open challenges in the field of digital 
pathology is the accurate identification and grading of 
prostate cancer (PCa) on WSI [2].

This because PCa, other than being one of the most 
common and high-mortality cancers worldwide [3], is 
also characterized by an extremely high heterogeneity, 
both within and between individuals [4]. The Gleason 
grade is a key histological parameter for assessing PCa 
aggressiveness based on glandular structures in biopsy 
or prostatectomy specimens. It stratifies patients into five 
prognostic grade groups, determined by the two most 
predominant Gleason patterns and their corresponding 
score [5–7].

Figure 1 displays examples of tumor regions with dif-
ferent Gleason patterns and benign prostatic tissues, 

Fig. 1  Examples of prostatic cancerous and benign tissue regions. (A) well-formed glands (Gleason pattern 3); (B) poorly formed glands (Gleason pattern 
4); (C) poorly formed glands and single cells (Gleason pattern 5); (D) Normal tissue; (E) Stroma
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illustrating the textural variation between grades due to 
abnormal changes in gland structures.

Accurate Gleason grading is crucial for determining 
appropriate treatment but is time-consuming, labor-
intensive, and prone to variability due to PCa’s biological 
heterogeneity, posing risks of misdiagnosis and over-
diagnosis [8].

Automating Gleason grading could significantly 
improve clinical decision-making, efficiency, and 
consistency.

Recent advances in histology scanning technology, AI 
and computer vision offer great opportunities to improve 
the PCa diagnosis and Gleason grading fidelity.

Several published studies on digital pathology have 
addressed automatic PCa diagnosis and grading [9, 10], 
with early approaches focusing on gland-nuclei-based 
methods leveraging glandular structures and nuclei char-
acteristics within tissue samples [11]. However, these 
methods encountered notable challenges when con-
fronted with the task of effectively classifying regions of 
high-grade carcinoma where some of the tissue struc-
tures (e.g. glands) cannot be differentiated.

In contrast, texture-based techniques operate at the 
tissue level, simplifying the computational process by 
avoiding intricate cellular or glandular segmentations. 
These methods translate textural patterns within WSIs 
into meaningful insights, directly impacting decision-
making [12].

Recent advancements in deep learning (DL) have 
revolutionized PCa computational pathology, showing 
remarkable ability to identify complex patterns in pathol-
ogy images [13]. However, DL models face challenges 
due to their lack of interpretability, often seen as “black 
boxes”, hindering understanding of their classifications. 
Additionally, the need for large annotated datasets limits 
their applicability in settings with limited data [14].

Subsequent breakthroughs in the applicability of DL 
models toward reproducible PCa AI diagnostic tools 
started in 2019 with models trained and tested on very 
large cohorts [15–17].

Despite progress, further advancements are needed 
before widespread clinical adoption. A comprehensive 
solution requires understanding how these methods 
work together, leveraging their strengths while address-
ing their limitations. Of note, interpretability remains a 
key barrier to AI adoption in medicine.

Although many pathomic models have been developed 
and achieved good results, pathologists are often hesitant 
to adopt such models due to the unclear internal mecha-
nisms or unexplained features [18].

This study focuses on well-established problems such 
PCa diagnosis and grading, which are areas where the 
scientific community is actively engaged.

A multiscale, multi-channel pathomic-based classifica-
tion tasks was explored for PCa diagnosis and Gleason 
Grade classification from H&E-stained digital pathology 
images. The study design encompasses not only a thor-
ough evaluation of the efficacy of the developed models 
in distinguishing malignant from non-malignant tissue 
and classifying different Gleason patterns, but also to 
detect which are the most discriminant features for auto-
mated diagnosis and Gleason grade estimation.

By delving into an extensive range of features, the aim 
is to provide novel pathomic insights into PCa diagnosis 
and grading.

Materials and methods
In this section, data used in this study, as well as the pre-
processing, feature extraction and selection methods are 
introduced. Moreover, the classifier modelling and met-
rics used for the evaluation are provided. The overall 
methodologic workflow is shown in Fig. 2.

The minimum information about clinical AI modeling 
(MI-CLAIM) was used to provide transparency in the 
documentation of the developed algorithms, including an 
evaluation of bias and instructions for external reproduc-
ibility [19]. The MI-CLAIM checklist is provided in Sup-
plementary Materials.

Dataset
A public dataset of H&E-stained whole slide image data-
set of prostatectomy specimens was used (​h​t​t​p​​s​:​/​​/​a​g​g​​c​2​​2​
.​g​​r​a​n​​d​-​c​h​​a​l​​l​e​n​g​e​.​o​r​g​/​A​G​G​C​2​2​/). It consists of 187  ​H​&​E​
-​s​t​a​i​n​e​d WSIs dataset of prostatectomy with annotations 
performed by experienced pathologists. The WSIs were 
acquired with brightfield imaging at 0.5 μm × 0.5 μm per 
pixel resolution (20× magnification).

Class labels of the annotations include Gleason pattern 
3 (G3), Gleason pattern 4 (G4), Gleason pattern 5 (G5), 
normal prostatic tissue, and stroma tissue [10].

Preprocessing
To minimize the impact of staining variations on the 
computation of textural features, the Macenko normal-
ization method, which utilizes color deconvolution, was 
employed [20]. The method was implemented in MAT-
LAB using the following parameters: alpha = 1.0 (Optical 
Density -OD- pseudo-min/max tolerance), beta = 0.15 
(OD threshold for transparent pixels), and Io = 255 (trans-
mitted light intensity). A representative H&E-stained 
slide from the dataset was selected as the reference (tar-
get) image. Stain concentration vectors were normalized 
using the 99th percentile, and color reconstruction was 
performed via exponential transformation of the stain 
concentration and target stain matrix. This ensured con-
sistent color representation across all patches prior to 
feature extraction.

https://aggc22.grand-challenge.org/AGGC22/
https://aggc22.grand-challenge.org/AGGC22/
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As suggested in Doyle et al. [21], histological features 
may be meaningful at different resolutions. Thus, image 
patches at different magnification scales were processed.

Three magnification levels, 5×, 10× and 20×, were 
investigated, and a patch size of 512 × 512 pixels for til-
ing without overlap (thus, the scales correspond to 
1024 × 1024µm2, 512 × 512µm2 and 256 × 256µm2, respec-
tively). The patches are cropped from the native 20× 
resolution of the core image, and lower scales (10× and 
5×) are downsampled into patches of size 512 × 512 pix-
els (Fig.  3). The tiling algorithm that developed selects 
tiles from the images while obeying the following rules: at 
least 90% overlap with tissue annotations and tile overlap 

of 0%. ROIs that were too small to extract 5 tiles from 
were excluded.

Feature extraction
Four sets of descriptors were investigated: histogram, 
texture features computed in terms of gray level co-
occurrence matrix (GLCM), wavelet and local binary pat-
tern (LBP). All features were extracted from the original 
native RGB images converted to grayscale, as well as from 
the RGB and HSV color spaces. Additionally, features 
were derived from H and E stains separated through 
color deconvolution.

Tiles were processed using a custom, in-house MAT-
LAB function to extract pathological features. The first 

Fig. 3  Example of 512 × 512 tiles of a Gleason pattern 3. Gleason pattern 3 tile at 5× (A), 10× (B), and 20× (C) magnification

 

Fig. 2  Workflow of the pathomic approach implemented in the study. Starting from H&E prostatectomy WSIs, the approach starts with the WSI tiling at 
three different magnification scales (5×, 10× and 20×). Pathomic features were then extracted from each tile and selected to train classification models
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set was constructed using the gray level histogram of 
each image, yielding 18 histogram-based features.

The second set consisted of 14 Haralick features derived 
from the gray-level co-occurrence matrix (GLCM) as 
described by Haralick et al. [22] were calculated. The 
third set included 128 wavelet features obtained by apply-
ing a discrete wavelet transform with the Haar wavelet 
function to each pathology image, followed by the extrac-
tion of histogram and GLCM texture features from the 
wavelet-transformed images. Lastly, the fourth set com-
prised 59 uniform local binary pattern (LBP) features, 
extracted using MATLAB’s extractLBPFeatures function 
[23, 24].

Overall, 219 features were extracted from 9 images, 
namely the RGB-to-grayscale conversion image, Red (R), 
Green (G), Blue (B), Hue (Hu), Saturation (S), Value (V), 
H stain (H), E stain (E), for a total of 1971 features for 
each tile, regardless of the associated magnification scale 
(5×, 10×, 20×). Refer to Supplementary Materials Sect. 2 
for the complete feature glossary and information on fea-
ture calculations.

Feature selection
Features selection was conducted using a correlation fil-
ter that leverages the absolute values of pairwise Spear-
man’s correlation (ρ) coefficient to minimize feature 
redundancy and prevent model overfitting. The threshold 
for ρ was set to 0.9. When two features had ρ > 0.9, the 
function evaluated the mean absolute correlation of each 
variable, removing the one with the largest mean abso-
lute correlation. Further feature reduction was achieved 
through a univariate analysis using a nonparametric 
Wilcoxon rank-sum test to assess their statistical signif-
icance in relation to the binary outcome, depending on 
the classification task being investigated. Features with a 
p-value < 0.05 were retained. In order to account for mul-
tiple comparisons and control the false discovery rate 
(FDR), p-values were also adjusted using the Benjamini-
Hochberg method [25]. The optimal feature set from 
these remaining features was then identified using the 
least absolute shrinkage and selection operator (LASSO) 
algorithm, which selects the most outcome-related fea-
tures by minimizing the number of non-zero elements 
to ensure a unique solution. The shrinkage parameter 
lambda in the LASSO algorithm was chosen based on 
the smallest misclassification error in a 5-fold cross-vali-
dation. The selected features were then used to construct 
pathomic-based prediction models. These feature selec-
tion procedures were implemented using R studio soft-
ware, version 4.0.2 (http://www.r-project.org/).

Data processing
Z normalization was performed on the training set prior 
model training and applied to the test set.

For binary classification, tissue tiles were grouped into 
distinct categories: G3, G4, and G5 tiles were classified as 
“Malignant,” while normal and stroma tissue tiles were 
categorized as “Non-malignant.” Additionally, G4 and 
G5 tissue tiles were combined into a “High-grade” group, 
with G3 designated as “Low-grade”. The following clas-
sification tasks were investigated: Malignant vs. Non-
malignant, and Low-grade vs. High-grade. These tasks 
were conducted at each magnification level, resulting in a 
total of six classification tasks.

Model building and performance evaluation
Before data processing, data were randomly split into 
training (80%) and testing sets (20%) but stratified to 
ensure that the ratio of positive samples to negative sam-
ples was the same between the training and test set.

This strategy maintained the proportional distribution 
of classes (positive or negative) in both the training and 
testing sets, ensuring an accurate representation of the 
various sample categories.

Additionally, to preserve the individuality of each 
patient in the training and testing data, an additional 
step was taken for balancing. While each patient may 
contribute multiple tiles to the overall dataset, it was 
ensured that patient IDs did not appear simultaneously 
in both the training and testing sets. This approach was 
implemented to prevent any potential loss of model gen-
eralization due to the simultaneous presence of the same 
patients in both sets, thus ensuring a fair and balanced 
representation of data diversity in the model training and 
evaluation process.

Five different models were used to evaluate the dis-
crimination power of pathomic features: Gradient 
Boosting Machine (GBM), Linear Discriminant Analy-
sis (LDA), Random Forest(RF), Multi-layer Perceptron 
(MLP), eXtreme Gradient Boosting (XGB). The Random 
forests were constructed using the ranger R package [26].

K-Fold patient-level cross-validation with K = 5 was 
applied to the training data set for model selection 
(features-selection, normalization and hyperparameter 
tuning). In this setup, folds were defined at the patient 
level to ensure that validation was always performed on 
patients not seen during training. To address the imbal-
ance between positive and negative conditions, a downs-
ampling strategy was employed, randomly reducing the 
majority class size to match or approximate the minority 
class size.

Receiver operating characteristic (ROC) curve analysis 
was applied to evaluate the predictive performance of the 
6 classification models. The area under the receiver oper-
ating curve (AUC-ROC) was calculated and accuracy, 
sensitivity or recall, specificity, precision, and F1-score 
were employed to evaluate the diagnostic performance 
of resulting models in the hold-out test set. Confusion 

http://www.r-project.org/
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matrices were computed on the test set to analyze model-
specific misclassification patterns.

To further investigate the sources of prediction errors, a 
qualitative evaluation was performed by visually inspect-
ing representative tiles from each confusion matrix cat-
egory -True Positive (TP), True Negative (TN), False 
Positive (FP), and False Negative (FN). For each classifi-
cation task, model, and magnification level, four mosaics 
(one per category) were generated by selecting samples 
from the test set, enabling an intuitive exploration of the 
morphological characteristics underlying correct and 
incorrect predictions. The complete set of mosaics is pro-
vided in the Supplementary Material (Figs. S3-S32).

To quantitatively support the visual inspection of 
model predictions, misclassified tiles were further ana-
lyzed by comparing image-derived features between 
selected confusion matrix categories – specifically FN vs. 
TP and FP vs. TN – across models, classification tasks, 
and magnification levels. These comparisons were cho-
sen to focus on the distinction between correctly and 
incorrectly classified tiles within each class. Pairwise Wil-
coxon tests with FDR correction were used to identify 
statistically significant differences potentially associated 
with misclassification.

Models building and evaluation were implemented 
using Caret package in R studio software, version 4.0.2, 
downloadable from http://www.R-project.org.

Model explanation and visualization
SHapley Additive exPlanations (SHAP) method was used 
to investigate models’ interpretability and identify which 
were the key determinant features impacting on the 
models accounting for the classification tasks [27].

SHAP method is based on game-theoretically optimal 
Shapley values [27] and addresses the black-box nature of 
machine-learning models, enabling feature prioritization 
for classification.

SHAP explains predictions by computing each feature’s 
contribution to the outcome. Using coalitional game 
theory, it treats features as players in a game, where the 
prediction represents the “victory.” Shapley values fairly 
allocate contributions by evaluating all possible feature 
combinations and determining each feature’s marginal 
impact [28]. SHAP has several advantages, including 
illustrating the importance of the features and their 

impact on the overall prediction model and understand-
ing the importance of individual features to the model 
output in a model-independent way [29].

For each classification task, the feature importance 
bar plot and summary plot were used to understand the 
relationship between the feature and the impact on the 
prediction. Together, these visualizations enhance inter-
pretability by illustrating both the relevance and direc-
tional impact of the top features for each model and 
magnification setting.

Moreover, given the multiple classification tasks per-
formed at different magnification scales, as well as the 
five different models employed to investigate, a sum-
marised representation of the results concerning the fea-
ture importance analysis was added.

Results
The total number of tiles according to tissue compart-
ments and magnification scales are shown in Table 1.

For the diagnosis task, selection of pathomic features 
returned 53, 41, and 38 features, respectively for 5×, 10× 
and 20× magnification. For the grading task, selection of 
pathomic features returned 59, 53, and 51 pathomic fea-
tures, respectively for 5×, 10× and 20× magnification.

Tables  2 and 3, and 4 reported the predictions of the 
classification models, respectively for 5×, 10× and 20× 
magnification. Figure 4 show the ROC curves represent-
ing performances of each classifier on the test set, at 
each magnification. Very high AUC values were reached 
for the Malignant vs. Non-malignant classification task 
(0.97 ≤ AUC ≤ 0.99). Lower AUC values for tasks involv-
ing the low-grade vs. high-grade classification, with 
maximum AUC values between 0.71 and 0.73 reached for 
MLP and LDA models, both for 5×, 10× and 20× magni-
fication scales. Confusion matrices (Supplementary Figs. 
S1-S2) confirmed these trends, showing few misclas-
sifications in the diagnosis task and a higher proportion 
of misclassifications in the grading task, particularly at 
lower magnifications.

Visual assessment of the mosaics of tile-level predic-
tions (Supplementary Figs. S3–S32) offered further 
interpretability by highlighting recurring morphological 
trends across correctly and incorrectly classified tiles. 
For instance, some misclassified samples in the diag-
nostic task appeared to exhibit lower tissue density or 

Table 1  Number of tiles according to tissue compartments and magnification scale
Magnification
5× 10× 20×

Tissue 
Compartment

G3 2755 14,341 68,296
G4 4863 24,234 112,662
G5 195 1391 7843
Normal 1462 9140 46,994
Stroma 1989 9750 43,411

http://www.R-project.org
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ambiguous glandular architecture, while in the grading 
task, increased morphological heterogeneity was more 
commonly observed in tiles associated with misclassified 
samples.

Pairwise comparisons of image-derived features 
between correctly and incorrectly classified tiles (TP vs. 
FN and TN vs. FP) revealed several statistically signifi-
cant differences after FDR correction. These differences 
involved features related to texture, local intensity varia-
tion, and multi-scale structural information, including 
GLCM, LBP, and wavelet-based descriptors. A summary 
of significant features across comparisons is reported in 
Supplementary Sect. 5.

Concerning model explanation and visualisation using 
SHAP, the top 10 most important features responsible 
for each model, at each magnification scale, for each 
classification task are reported in Figs.  5 and 6 through 
side-by-side feature importance bar and summary plots. 
Moreover, a summarised representation of the most 
important features according to the SHAP results are 
reported in Figs. 7 and 8. Heatmaps representing feature 
importance were built for each model, at each magnifica-
tion scale, for each of the four classification tasks.

For larity, and to improve the readability of the follow-
ing text, feature names are abbreviated while retaining 
key information on the image channel, transformation 
type, and statistical metric. These abbreviations are used 
consistently throughout the rest of the Results and Dis-
cussion sections. A complete legend mapping each abbre-
viation to its full feature name is provided in Table 5.

Out of the most important features responsible for 
diagnosis task, R_or_fo_Median, R_wavLL_fo_SD, and 
S_or_fO_90P were found to be common in both 5×, 
10× and 20× settings, regardless of the resampling tech-
nique. Feature H_wavHL_glcm_InfoCorrII was found to 
be among the most important features for both 10× and 
20× classification tasks. Of note, E_wavLL_glcm_DV was 
among the most important features at 5× magnification, 
regardless of the resampling technique employed. The 
same happened for features H_wavHL_glcm_DV and H_
wavLH_glcm _SV for the 10× classification task.

Out of the most important features responsible for 
grading task, S_wavLH_glcm _Var features were found 
to be the most common in settings 5× and 10×. Feature 
S_wavHL_glcm_ H_wavLL_fo_IQR were found to be 
the most common in 10× and 20× classification tasks. 
Of note, H_wavHL_glcm_SV and B_or_glcm_Var _glcm 
were among the most important features at 5× and at 
10× magnification scales, respectively, regardless of the 
resampling technique. B_or_fo_90P, G_lbp_hf_Var7, and 
G_lbp_hf_Var9 were among the most important features 
at 20× magnification.

Discussion
Integrating AI into clinical practice is limited by chal-
lenges in interpreting features and their relevance to pre-
diction models. This study aimed to identify key features 
for distinguishing malignant from non-malignant pros-
tate tissue and classifying Gleason patterns using a multi-
scale, multi-channel pathomic approach on H&E-stained 
images.

A comprehensive evaluation of the model’s per-
formance in these tasks was pursued as a secondary 
objective.

To address the critical issue of interpretability, SHAP 
was employed given its capability of illustrating the 
importance of the features and their impact on the over-
all prediction model and understanding the importance 
of individual features to the model output [27, 28]. By 
combining SHAP and pathomic, the aim of the study was 
to provide a transparent and clinician-friendly frame-
work for PCa diagnosis and classification.

According to the obtained results, it is interesting to 
note that key features were found in common across dif-
ferent magnifications.

S_or_fo_90P and R_or_fo_Median were key determi-
nant features impacting on models addressing for “Malig-
nant vs Non-malignant” classification task, in both three 
magnification scales.

SHAP summary plots further reveal that H_wavHL_
glcm_InfoCorrII has the greatest influence on distin-
guishing malignant from non-malignant patterns at 10× 
and 20× magnification.

Interestingly, features derived from wavelet transfor-
mations are consistently prominent in “High-grade vs 
Low-grade” classification task, confirming their signifi-
cance in capturing texture and structural information 
from histopathological images and suggesting their rel-
evance in characterizing tissue patterns associated with 
tumor grading [12, 30, 31]. LBP features also contributed 
to the classification, confirming their value in capturing 
tissue microstructure and texture [32, 33].

It is worth noting that also some histogram features 
from color channels of original images such as Ninetieth 
Percentile, Median, and Variance appeared as key fea-
tures for diagnostic task. Colour histogram and wavelet 
features were also found to be relevant for PCa grad-
ing and diagnosis in study by Bhattacharjee et al. [30]. 
Moreover, Tabesh et al. [34], also found that color chan-
nel histograms were fairly effective in tumor/non-tumor 
classification. This is interesting given the simplicity of 
these features, which may reflect the overall intensity dis-
tribution within the tissue, possibly indicating differences 
in cellularity or tissue composition between malignant 
and non-malignant regions [35].

Common features across magnifications indicate their 
robustness as tissue structure descriptors, consistently 
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capturing broad architectural patterns or statistical prop-
erties regardless of magnification [5, 36, 37].

However, the presence of unique features associated 
with each magnification, such as E_wavLL_glcm_DV for 
the Malignant vs. Non-Malignant task at 5× and feature 
H_wavLH_glcm_SV at 10×, underscores that each mag-
nification level provides distinct information about tissue 
morphology and texture [5, 36, 37].

Moreover, the presence of features that are important 
for individual ML models could stem from the inher-
ent differences in how each ML algorithm processes 
and weighs features. This emphasizes the importance 
of utilizing diverse models to capture a comprehensive 
understanding of the data, as different algorithms may 
highlight distinct aspects of the underlying patterns pres-
ent in the histopathological images [38].

It was foreseeable that the key features would be differ-
ent between the diagnostic and grading tasks. Features 
important for low-high grade classification (e.g., nuclear 
morphology, mitosis, proliferation, complex tumor 
structures) could differ from those simply distinguishing 
malignant from non-malignant tissue (e.g., cell density, 
nuclear structure, necrosis, tissue organization), as they 
focus on more subtle shades of tumor pathology charac-
terizing the transition from one Gleason grade to another 
[5].

Concerning the classification performances, it was 
foreseeable that G3, G4, and G5 patterns could be eas-
ily distinguished from patterns characterizing benign 
tissues, as also confirmed by the consistently high AUC 
values obtained for the PCa diagnosis task. Lower AUC 
values for tasks involving the low-grade vs. high-grade 
classification, with maximum AUC values between 0.71 
and 0.73 reached for MLP and LDA models, both for 5×, 
10× and 20× magnification scales.

To complement standard performance metrics and 
provide greater interpretability, confusion matrices and 
representative visualizations of tile-level predictions 
across models and magnifications were included. These 
analyses were aimed at highlighting common trends 
in model predictions and exploring possible sources of 
misclassification. In the diagnosis task, confusion matri-
ces showed a very low rate of false predictions across 
all models, in line with the very high AUC values (0.97–
0.99). Visual assessment of misclassified tiles suggested 
that errors often occurred in regions with reduced tissue 
content or less clearly defined glandular structures, which 
may affect feature extraction and model confidence. For 
the grading task, where performance was comparatively 
lower, confusion matrices revealed a higher frequency of 
misclassified cases, particularly at lower magnifications. 
The visual inspection of tiles suggested that samples mis-
classified by the models tended to exhibit more heteroge-
neous morphology or less distinctive glandular patterns.

This qualitative interpretation was supported by a 
complementary quantitative analysis, which revealed sig-
nificant differences in image-derived features between 
correctly and incorrectly classified tiles (TP vs. FN and 
TN vs. FP). In particular, features capturing texture com-
plexity, local intensity variation (e.g., GLCM, LBP), and 
multi-scale structural patterns (e.g., wavelet descriptors) 
were frequently associated with classification outcomes. 
These results, despite the variability in selected features 
across models and tasks, reinforce the notion that certain 
image characteristics may contribute to misclassification, 
especially in more challenging grading scenarios.

The obtained classification results align with Bhat-
tacharjee et al. [30] who examined wavelet-based and 
color features to train MLP model to perform different 
classification tasks (Benign vs. Malignant, Benign vs. G3, 
Benign vs. G4, Benign vs. G5, and G3 vs. G4 + G5). Their 
results also revealed lower classification performance 
for the “G3 vs. G4 + G5” classification task (85% accu-
racy) with respect to the “Benign vs Malignant” task (95% 
accuracy). Similar results were found by Alexandratou et 
al. [39], who achieved an accuracy of 97.9% for tumour-
non-tumour and a lower accuracy of 80.8% for low-
high grade discrimination. Kim et al. performed texture 
analysis using the GLCM method and carried out clas-
sification using SVM and KNN models for multiple tasks. 
The highest accuracy of 90% was achieved for benign vs. 
grade 4 and 5 [40]. Xu et al. also presented an automatic 
LBP-based approach for PCa grading [9]. They obtained 
an accuracy of 77% and an AUC of 0.93 for a three-class 
Gleason Score classification task (Gleason score 6 vs. 
Gleason score 7 vs. Gleason score ≥ 8).

While these studies consistently support the rel-
evance of texture and color features in PCa diagnosis 
and grading, and their reported performances provide 
valuable reference points, direct comparison remains 
partially limited by the heterogeneity of experimental 
settings, including differences in WSI preprocessing, 
feature extraction pipelines, feature types, and classifi-
cation frameworks. Nevertheless, these results serve as 
an important benchmark, helping to contextualize the 
performance of the present work within the broader lit-
erature. Crucially, what distinguishes the present study 
is not only the use of a publicly available dataset, which 
ensures transparency and reproducibility, but also the 
integration of multiscale and multi-channel handcrafted 
features with SHAP-based interpretability, offering a 
comprehensive and transparent framework for PCa 
classification. To our knowledge, this is the first work 
to apply a pathomic approach combined with SHAP for 
both diagnosis (malignant vs. non-malignant) and Glea-
son pattern grading tasks on this dataset.

As anticipated, most recent literature on automatic 
Gleason Grading is based on DL approaches [14–17, 41]. 
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Fig. 4  Receiver Operating Characteristic (ROC) curves of prediction models. ROC curves are shown for each magnification scale (5×, 10×, and 20×, shown 
on the rows), and for each classification task (“Malignant vs. Non-Malignant” and “High-Grade vs. Low-Grade”, shown on the columns). Each plot includes 
ROC curves for five classification models: Gradient Boosting Machine (GBM, red), Linear Discriminant Analysis (LDA, light green), Multilayer Perceptron 
(MLP, green), Random Forest (RANGER, blue), and Extreme Gradient Boosting (XGB, fuchsia)
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Fig. 5  SHAP feature importance and summary plots for the Malignant vs. Non-malignant classification task. Each subfigure displays the top ten most 
relevant features identified by SHAP values, shown side by side as a bar plot (left) and a summary plot (right). Rows correspond to classification models—
Gradient Boosting Machine (GBM), Linear Discriminant Analysis (LDA), Multi-layer Perceptron (MLP), Random Forest (RF), and eXtreme Gradient Boosting 
(XGB)—while columns represent the three magnification levels (5×, 10×, 20×). Bar plots indicate the average absolute SHAP values of each feature, 
highlighting their overall importance in the classification process. Summary plots display the distribution of SHAP values for individual predictions, with 
each point representing a sample. Orange indicates high feature values, and purple indicates low values. A labeled colorbar or annotation indicates this 
color gradient in each plot
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Fig. 6 (See legend on next page.)
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Notably, Huo et al. released the image dataset employed 
in the present study and employed a multi-instance 
learning framework to analyse PCa WSIs, demonstrating 
the effectiveness of DL in capturing complex tissue pat-
terns and achieving high accuracy in Gleason Grading 
cross-scanners. Their workflow integrates quality control 
(A! MagQC), cloud-based annotation (A! HistoClouds), 
and AI-assisted review (PAI), achieving high F1 scores 
in classifying Gleason patterns: 0.93 for G3, 0.84 for G4, 
0.44 for G5, and 0.99 for non-malignant tissue. Notably, 
they also implemented image harmonization to reduce 
scanner variability, which improved the F1 score from 
0.73 to 0.88 across external scanners [41].

Similarly, the PANDA Challenge [15] represents one of 
the largest and most comprehensive benchmarks for AI-
based Gleason grading, involving over 10,000 biopsies 
across multiple international centers. The top-perform-
ing DL models achieved agreement levels comparable 
to expert pathologists (quadratically weighted κ = 0.862–
0.868), confirming the scalability and robustness of DL 
approaches in multicenter settings.

While these studies highlight the strong performance 
of DL in prostate cancer grading, they typically rely on 
large datasets, high computational resources, and archi-
tectures that are often difficult to interpret. In contrast, 
the present study aims to provide a transparent and light-
weight alternative, combining multiscale handcrafted 
features with SHAP-based interpretability.

Although it does not aim to compete directly with DL 
models, it proposes a viable and interpretable alternative 
suited for data-constrained or low-resource settings.

By adopting a pathomic framework based on hand-
crafted features and SHAP analysis, that emphasizes 
interpretability and applicability in data-constrained set-
tings. By adopting a pathomic framework based on hand-
crafted features and SHAP analysis, the approach ensures 
transparency and offers direct associations between 
image features and tissue morphology—potentially pro-
viding novel insights for pathologists.

Texture-based features were chosen for their ability to 
represent patterns and structures in pathological images, 
capturing relevant information with less data than DL 
methods while maintaining accuracy [12]. This approach 
is suited for scenarios with limited datasets.

Unlike the majority of studies that are traditionally lim-
ited to specific feature subsets such as wavelet, color, or 
LBP [30, 42, 43], an expansive feature space was explored, 

integrating multiple channels beyond grayscale-con-
verted RGB images, and incorporating color features to 
align with human visual interpretation in pathology.

The investigation of first-order, GLCM, LBP, and wave-
let features stems from their extensive use in literature 
for a wide range of applications and their potential to 
capture crucial aspects of PCa pathology [21, 44].

Histogram-based features capture texture and outli-
ers, while GLCM and LBP analyze pixel variability, offer-
ing insights into glandular structure and local texture. 
Wavelet features, which improve classification by captur-
ing texture at multiple scales, provide a comprehensive 
understanding of PCa [30, 44, 45].

The decision to perform analyses at multiple magni-
fication scales is based on a thoughtful consideration of 
what can be perceived at each level [37]. For example, at 
middle magnification levels (such as 5–10×) it is possible 
to distinguish between glands, while at the highest ones 
(such as 20–40×) it is possible to better resolve cells [46].

Of note, some few approaches to integrate multiple 
magnification levels have recently been explored [17, 37].

This departure from focusing on specific scales 
enriches the diagnostic landscape, providing enhanced 
granularity crucial for nuanced Gleason grading.

Despite the encouraging results, several limitations 
need to be addressed to ensure accurate interpretation 
and guide future research.

The relatively small dataset (187 prostatectomies) may 
impact model generalizability, and larger, more diverse 
datasets are needed for further validation. The small sam-
ple size is partly due to challenges in digitizing WSIs, as 
WSI technology is still seen as an augmentation rather 
than a replacement for traditional microscopy, limiting 
DL approaches that require large datasets [47].

Another limitation of this study is the absence of exter-
nal validation, which is essential to fully assess model 
generalizability in real-world settings. However, to miti-
gate overfitting and assess robustness, both the final 
evaluation and internal model selection were conducted 
under strict patient-level partitioning. Specifically, a 
5-fold patient-level cross-validation was applied during 
training, ensuring that validation was always performed 
on patients unseen by the model. Final performance met-
rics were computed on a separate, patient-exclusive hold-
out test set. This design reduces the risk of overfitting and 
better simulates deployment on unseen clinical cases, 

(See figure on previous page.)
Fig. 6  SHAP feature importance and summary plots for the High-grade vs. Low-grade classification task. Each subfigure displays the top ten most 
relevant features identified by SHAP values, shown side by side as a bar plot (left) and a summary plot (right). Rows correspond to classification models—
Gradient Boosting Machine (GBM), Linear Discriminant Analysis (LDA), Multi-layer Perceptron (MLP), Random Forest (RF), and eXtreme Gradient Boosting 
(XGB)—while columns represent the three magnification levels (5×, 10×, 20×). Bar plots indicate the average absolute SHAP values of each feature, 
highlighting their overall importance in the classification process. Summary plots display the distribution of SHAP values for individual predictions, with 
each point representing a sample. Orange indicates high feature values, and purple indicates low values. A labeled colorbar or annotation indicates this 
color gradient in each plot
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particularly important in tile-based pathology where 
intra-patient correlation can otherwise bias results.

Although the public dataset included duplicate acquisi-
tions of the same prostatectomies on different scanners, 
these alternative scans could not be used for validation 
due to redundancy at the tissue level, which would artifi-
cially inflate performance.

Future work will focus on acquiring larger, multi-insti-
tutional datasets with independently digitized cases, 
to enable fully external validation and support clinical 
translation.

Another issue to be consider is the challenge of 
using color features due to high correlation between 
color channels [24]. To address this, a correlation fil-
ter was applied during feature selection to mitigate 
dependencies.

At last, the G5 pattern was not treated as a standalone 
class due to its rarity in the dataset and was combined 
with other groups (G4 for “High-Grade” and G3 + G4 for 
“Malignant”). This scarcity also posed a limitation in the 

study by Huo et al. [41], who emphasized the need for 
more G5 data for better evaluation. In the present study, 
G5 tiles originated from only 5 patients, making inde-
pendent classification of this pattern unfeasible without 
incurring significant risks of class imbalance and overfit-
ting. Although the number of tiles increases with mag-
nification, this simply reflects finer sampling of the same 
few specimens rather than increased biological diversity.

Although data augmentation could in theory be used to 
boost the number of training samples [48], its utility in 
such low-patient contexts is questionable, as it may rein-
force specimen-specific biases and further compromise 
model robustness.

Additionally, an intrinsic limitation of tile-based mod-
eling in digital pathology must be acknowledged. Despite 
careful patient-level partitioning between training and 
testing sets, multiple tiles extracted from the same his-
tological specimen remain inherently correlated. These 
intra-sample dependencies may introduce subtle forms of 
data leakage and compromise the reliability of the model, 

Fig. 7  Summarised representation of the most important features according to SHAP analysis for the “Malignant vs Non-Malignant” classification task. The 
summarised representation includes 5× (left), 10× (center), and 20× (right) magnification scale. Selected features contributing to the models were listed 
on the right. Each square of the heatmaps corresponds to a certain feature importance according to the colorbar. The colorbar is annotated to indicate 
that yellow = low feature importance, red = high importance
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Table 5  Abbreviated feature names and their corresponding full descriptors
Feature name Feature abbreviation
B_original_firstorder_NinetiethPercentile B_or_fo_90P
B_original_glcm_Variance B_or_glcm_Var
E_wav_LL_glcm_DifferenceVariance E_wavLL_glcm_DV
G_lbpU_histfunc_Var7 G_lbp_hf_Var7
G_lbpU_histfunc_Var9 G_lbp_hf_Var7
H_wav_HL_glcm_DifferenceVariance H_wavHL_glcm_DV
H_wav_HL_glcm_InformationMeasureOfCorrelationII H_wavHL_glcm_InfoCorrII
H_wav_HL_glcm_SumVariance H_wavHL_glcm_SV
H_wav_LH_glcm_SumVariance H_wavLH_glcm _SV
H_wav_LL_firstorder_InterquartileRange H_wavLL_fo_IQR
R_original_firstorder_Median R_or_fo_Median
R_wav_LL_firstorder_StandardDeviation R_wavLL_fo_SD
S_original_firstorder_NinetiethPercentile S_or_fo_90P
S_wav_HL_glcm_DifferenceVariance S_wavHL_glcm_DV
S_wav_LH_glcm_Variance S_wavLH_glcm _Var

Fig. 8  Summarised representation of the most important features according to SHAP analysis for the “Gleason 4 + Gleason 5 vs Gleason 3” classification 
task. The summarised representation includes 5× (left), 10× (center), and 20× (right) magnification scale. Selected features contributing to the models 
were listed on the right. Each square of the heatmaps corresponds to a certain feature importance according to the colorbar. The colorbar is annotated 
to indicate that yellow = low feature importance, red = high importance
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particularly for rare patterns like G5, where one or two 
patients may dominate the entire class distribution [49]. 
For these reasons, the G5 pattern was merged with other 
groups, prioritizing stability and interpretability of the 
classification task. Nonetheless, the biological and prog-
nostic distinctiveness of G5 is fully recognized, and the 
development of future datasets with greater and more 
balanced G5 representation remains essential to enable 
dedicated modeling and refined risk stratification of 
high-grade prostate cancer.

To our knowledge, this study was the first to assess 
PCa diagnosis and grading by integrating pathomics with 
the SHAP method. Previous studies were performed 
on explainability of model based on radiomics, genom-
ics and clinicopathologic features [50–52], as well as 
pathomic but applied to other cancer types [53, 54].

The strengths of the study lay also in its holistic and 
explicit approach, encompassing multiple magnification 
scales and channels for feature extraction. The trans-
parent emphasis on interpretability addressed a critical 
concern in AI-based pathology, and the inclusion of an 
extensive feature space enhanced the versatility of the 
proposed methodology.

Future perspectives include exploring the fusion of 
information across magnification scales, mimicking 
pathologists’ practices from low (e.g., 5×) to high (e.g., 
20×) resolutions.

In this context, several existing articles explored the 
domain of multi-scale models employing DL method-
ologies. For example [55], introduces a pioneering cross-
scale multi-instance learning algorithm that adeptly 
amalgamates multi-scale information and inter-scale 
relationships. Moreover, D’Amato et al. [37] also applied 
a multiple instance learning framework aiming at classi-
fying histopathology images in both a single- and multi-
scale setting, showing a consistent improvement in 
performance of the multi-scale models over single-scale 
ones.

Another avenue is comparing this approach with DL 
methods. While the present study focuses on hand-
crafted features, future work could compare these with 
DL-based features for PCa Gleason Grade classifica-
tion, potentially combining DL models with Deep SHAP 
for improved interpretability [27, 56, 57]. Moreover, 
future work could explore the application of emerging 
paradigms designed to address limited data availability 
and label noise, which are particularly relevant in his-
topathology. Semi-supervised learning approaches [58] 
could leverage unannotated regions of WSIs to improve 
generalization without requiring additional expert 
annotations. Few-shot learning [59] might support clas-
sification of rare patterns like Gleason 5, where training 
examples are extremely limited. Similarly, weakly super-
vised methods [60] could help exploit coarse or partial 

annotations—e.g., slide-level or region-level Gleason 
scores—thus reducing the annotation burden. Multi-
modal learning strategies [61] could enable the integra-
tion of histological features with clinical, genomic, or 
radiological data to improve risk stratification and dis-
ease characterization. Finally, the recent advances in large 
language and vision-language models (LLMs/VLMs) [62] 
may offer novel ways to incorporate prior medical knowl-
edge and contextual reasoning into histopathological 
analysis.

Such directions are especially valuable for clinical 
translation, as they promise to increase robustness and 
reduce reliance on large, fully annotated datasets, which 
remain a bottleneck in computational pathology.

Conclusion
In conclusion, the study presented a pathomic-based 
approach to meet the challenge of the trade-off between 
performance and model interpretability for PCa diagno-
sis and grading. Key pathomic features were identified 
using various ML models with a wide range of features 
across magnification scales and color channels, show-
ing promising performance. The approach offers clini-
cian-friendly explanations and visualizations, advancing 
precision medicine for PCa and the real-world use of 
hand-crafted pathomic features.

The study also opened avenues for future research, 
emphasizing the need for ongoing refinement, validation 
on diverse datasets, and, by increasing the dimensionality 
of the dataset, the comparison with DL approaches.
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