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ABSTRACT

Reliable classification of colon histopathology images plays an important role in the early
detection and diagnosis of colorectal cancer. However, conventional microscopic examination
is time-consuming and may be affected by inter-observer variability. This study proposes an
interpretable hybrid computational framework that combines Histogram of Oriented Gradients

Keywords: (HOG) features with graph-theoretic descriptors derived from the spatial organization of cell
Histopathology, Graph nuclei. To capture complementary structural information, four graph-based representations:
Theory, HOG, Feature Delaunay triangulation, Minimum Spanning Tree (MST), k-Nearest Neighbor (k-NN), and
Fusion, Medical Image Voronoi diagrams, are systematically examined. The extracted structural and texture features

Analysis, Digital Pathology. are integrated and used to train a Random Forest classifier. Experiments were performed on an
augmented dataset containing approximately 5,000 images per class. The results indicate that
the proposed feature-fusion approach provides improved classification accuracy, stability, and
sensitivity for cancer detection compared with the use of individual feature descriptors. By
combining image texture with interpretable spatial and structural information, the proposed
framework offers a balanced approach in terms of predictive performance, interpretability, and

computational efficiency, highlighting its potential for computer-assisted analysis of colon

histopathology images.
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INTRODUCTION

Colorectal cancer is one of the major causes of cancer-
related morbidity and mortality worldwide. Early and
accurate diagnosis plays an important role in improving
patient outcomes and supporting appropriate treatment
decisions.  Histopathological examination of tissue
specimens remains a fundamental method for the diagnosis
and assessment of colorectal cancer. The conventional
diagnostic process primarily depends on the visual
examination of stained tissue sections by experienced
pathologists. Although expert evaluation is essential, manual
interpretation can be time-consuming and may be
influenced by factors such as workload, fatigue, and
differences in individual experience, leading to inter-
observer variability.

The development of digital pathology and whole-slide
imaging has enabled the large-scale digitization, storage, and
analysis of histopathological specimens. The increasing
availability of digital tissue images has created opportunities
for developing computer-assisted diagnostic systems
capable of extracting quantitative information from complex
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tissue structures. Such systems can support pathologists by
providing objective and reproducible image-based
measurements while reducing the time required for routine

image analysis. Machine learning and deep learning
techniques have been increasingly investigated for
automated histopathology image classification. Deep

learning models, particularly convolutional neural networks,
have demonstrated considerable potential in learning
discriminative features directly from medical images.
However, their performance generally depends on the
availability of large, well-annotated datasets, and the
resulting models can be difficult to interpret. In medical
applications, interpretability is particularly important
because the features contributing to a classification decision
should be understandable and, where possible, related to
meaningful tissue characteristics. The morphological and
spatial organization of cells provides important information
about the underlying tissue architecture. During cancer
development, alterations in tissue organization may be
reflected in changes in nuclear morphology, spatial
distribution, cellular density, and clustering patterns. These
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structural characteristics provide a basis for representing
histopathological images using mathematical and graph-
based models. Graph theory offers a natural framework for
describing relationships among individual cells or nuclei,
where nuclei can be represented as vertices and their
spatial relationships as edges. Different graph constructions
can therefore capture complementary aspects of cellular
organization and tissue architecture.

Texture information provides another important source of
discriminative features in histopathology images. In
particular, Histogram of Oriented Gradients (HOG) can
describe local intensity and edge-orientation patterns that
characterize the visual texture of tissue regions. However,
texture descriptors alone may not adequately represent the
spatial relationships among cells. Conversely, graph-based
descriptors can capture structural organization but may not
fully describe local image appearance. Integrating these
complementary sources of information can therefore
providle a more comprehensive representation of
histopathological tissue patterns.

Motivated by these considerations, this study develops an
interpretable hybrid framework for colon histopathology
image classification by integrating texture-based and graph-
theoretic structural features. HOG features are combined
with  descriptors  derived from  multiple graph
representations, including Delaunay triangulation, Minimum
Spanning Tree, k-Nearest Neighbor, and Voronoi diagrams.
The fused feature representation is subsequently used with
a Random Forest classifier to distinguish between
histopathological classes. The proposed approach aims to
exploit both visual texture and nuclear spatial organization
while  maintaining a balance between classification
performance, interpretability, and computational efficiency.

CONTRIBUTIONS

*  Development of a hybrid framework integrating HOG
and graph-based structural descriptors.

*  Systematic evaluation of multiple graph constructions.

* Integration of interpretable spatial and texture
features.

*  Comprehensive experimental validation.

*  Detailed analysis of limitations and future directions

RELATED WORK

Over the past decade, computational histopathology has
progressed from conventional handcrafted image
descriptors to machine learning and deep learning-based
approaches. Early studies mainly employed texture,
statistical, and morphological descriptors such as Gray-
Level Co-occurrence Matrix (GLCM), run-length statistics,
fractal measures, Local Binary Patterns (LBP), Gabor filters,
and wavelet transforms to characterize tissue morphology
and heterogeneity. Histogram of Oriented Gradients
(HOG) has also been used to capture local edge
orientations and structural patterns. Such handcrafted
descriptors remain relevant because they provide compact
and relatively interpretable representations of histological
appearance. Recent work has continued to investigate
combinations of handcrafted features, including HOG and
other spatial and frequency-domain descriptors, for
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colorectal tissue classification. The increasing availability of
whole-slide imaging has subsequently accelerated the
adoption of machine learning and deep learning for
computational pathology. Convolutional neural networks
(CNN:s), vision transformers, weakly supervised learning,
and multiple-instance learning have been applied to tissue
classification, tumour detection, segmentation, prognosis
prediction, and molecular characterization. Unger and
Kather (2024) reviewed the application of deep learning to
cancer genomics and histopathology and highlighted its
potential for extracting clinically relevant information from
histological and genomic data. Similarly, Bahadir et al.
(2024) provided a broad review of artificial intelligence
applications in histopathology, discussing CNNs, vision
transformers, graph neural networks, weak and self-
supervised learning, and the challenges associated with
annotation, computational requirements, interpretability,
and cross-site variability.

Although deep learning models have achieved considerable
success, conventional CNN architectures may not explicitly
capture long-range spatial relationships among cells and
tissue components. This limitation has motivated increasing
interest in graph-based representations, in which cells,
nuclei, tissue regions, or image patches can be represented
as nodes and their spatial relationships as edges. Such
representations provide a natural framework for describing
cellular organization and tissue topology. Meng and Zou
(2023) reviewed clinical applications of Graph Neural
Networks (GNNs) in computational histopathology and
reported their use in classification, segmentation, and
prognosis-related tasks. More recently, Brussee et al
(2025) reviewed emerging trends in GNN-based
histopathology and emphasized that graph representations
can explicitly model pairwise interactions and topological
relationships within tissue structures, addressing some of

the spatial limitations of conventional CNN-based
approaches.
Graph-based modelling has also been investigated

specifically in colon cancer histopathology. A spatially aware
GNN framework was developed to transform whole-slide
images into graph-structured representations for modelling
spatial heterogeneity in colon cancer and predicting
molecular profiles across multiple cohorts. The study
demonstrated the potential of spatial graph representations
for capturing tissue-level organization beyond conventional
image features. Other recent work has investigated graph-
based representations of nuclei, where appearance and
geometric relationships between nuclei are used to identify
meaningful cellular communities, further demonstrating the
relevance of explicit nuclear spatial modelling in
histopathological analysis.

The importance of deep learning and computational image
analysis has also been demonstrated across other cancer
types. Jiang et al. (2024) reviewed deep learning applications
in breast cancer histopathology, including diagnosis,
classification, prognosis, and treatment-related applications,
and discussed continuing challenges associated with data
quality, model interpretation, and clinical translation. These
developments, together with the broader review by Unger
and Kather (2024), indicate a continuing transition toward
computational pathology methods that combine predictive
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performance with clinically meaningful information.

Despite these advances, there remains scope for
computationally efficient and interpretable approaches that
explicitly combine texture information with nuclear spatial
organization. Deep learning and GNN approaches can
provide powerful representations but may require
substantial computational resources and can be difficult to
interpret at the individual feature level. In contrast,
handcrafted  descriptors can  provide transparent
measurements but may not adequately represent complex
cellular relationships. Therefore, a hybrid representation
that combines both types of information is of particular
interest. Motivated by this gap, the present study integrates
Histogram of Oriented Gradients (HOG) with graph-
theoretic descriptors derived from Delaunay triangulation,
Minimum Spanning Tree (MST), k-Nearest Neighbor (k-
NN), and Voronoi diagrams. The resulting feature
representation is classified using a Random Forest model to
capture complementary information from local texture and
nuclear spatial organization while maintaining computational
efficiency and interpretability.

4. DATA DESCRIPTION

The study utilized a publicly available Lung and Colon
Cancer Histopathological Images dataset available from
Kaggle. In the present work, only the colon tissue subset
was considered for experimentation. The dataset contains
two categories: normal colon tissue images and colon
adenocarcinoma tissue images, organized into separate
folders as colon_n and colon_aca, respectively. Initially, the
dataset consisted of 250 benign colon tissue images and 250
colon adenocarcinoma images. To improve dataset diversity
and support robust model training, image augmentation was
performed using the Augmentor package, increasing the
dataset size to 5,000 images per class. All histopathological
images are provided in JPEG format with a spatial
resolution of 768%768 pixels.

In Data Preprocessing, the histopathological images were
initially loaded and standardized to ensure uniformity during
feature extraction and classification. Wherever required,
images were resized to maintain consistent input
dimensions across the dataset. The class labels were
encoded numerically, where normal colon tissue images
were assigned the label 000 and adenocarcinoma tissue
images were assigned the label |Il. To reduce
computational overhead during preliminary
experimentation, a smaller subset containing approximately
1,000 images from each class was first used for analysis and
model validation. After optimizing the workflow, the
experiments were extended to the complete augmented
dataset consisting of 5,000 images per class. Stratified
sampling with a 75:25 ratio is used. Five-fold cross-
validation is performed. Ground-truth annotations are
provided by expert pathologists.

5. METHODOLOGY

The processing pipeline consists of preprocessing,
segmentation, feature extraction, and classification.
Preprocessing includes color normalization, Gaussian
filtering, and morphological enhancement. Nuclei are
segmented using adaptive thresholding and watershed
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transformation. Connected component analysis extracts
centroid coordinates. HOG  descriptors  encode
distributions of oriented intensity gradients. Spatial graphs
are constructed using Delaunay, MST, k-NN, and Voronoi
methods. Structural features include degree statistics,
clustering coefficients, edge length moments, density mea
sures, and spectral eigenvalues.

Load Images from Colon

Dataset

Identify Key Points for
Graphs

'

Build Graphs (Delaunay /

Extract Raw HOG Features .
MST / KNN / Voronoi / V2)

o

Combine HOG + Graph
Features

!

Train Random Forest
Classifier

!

Evaluate Metrics (Accuracy,
Precision, Recall, F1, ROC,
Confusion)

'

Store Results in df_results

Figure 01: Methodology pipeline for Colon Tissue
Classification

5.1 Histogram of Oriented Gradients (HOG)
HOG is a classical feature descriptor used in image analysis.
It captures the distribution of
gradientorientationsinlocalizedportionsofanimage,effectively
encodingedgeandtexture information. HOG features are
widely used in object detection and medical imaging tasks
due to their robustness to lighting and minor deformations.
5.2 Graph-TheoreticFeatures
Graph-theoretic models are effective for representing the
spatial organization and connectivity patterns present in
histopathological images. In these approaches, image
components such as nuclei, cells, or key feature points are
treated as nodes, while the spatial relationships between
them are represented as edges. This representation helps in
capturing tissue architecture, cellular arrangement, and local
structural irregularities that are often difficult to describe
using conventional texture features alone.
5.2.1 Delaunay Triangulation
Delaunay Triangulation constructs triangles between
neighboring points in such a way that no point lies inside
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the circumcircle of any triangle. This method preserves
local geometric relationships and is useful for analyzing
cellular distribution, neighborhood density, and tissue
organization patterns.

5.2.2 Minimum Spanning Tree (MST)

The Minimum Spanning Tree connects all nodes in the
graph using the minimum possible total edge length without
forming cycles. MST-based features describe the overall
connectivity structure of the tissue and help in identifying
clustering behavior, structural compactness, and spatial
continuity among cells.

5.2.3 k-Nearest Neighbors (KNN) Graph

In the KNN graph, each node is connected to its kkk
nearest neighboring nodes based on Euclidean distance.
This approach focuses on local neighborhood interactions
and is particularly useful for capturing short-range spatial
dependencies and micro-architectural variations in tissue
regions.

5.2.4 Voronoi Diagram

The Voronoi Diagram partitions the image plane into
regions around seed points such that each region contains
all locations closest to its corresponding point. These
regions provide information about spatial influence,
territorial distribution, and variations in cellular dominance
across the tissue structure.

5.2.5 Enhanced Graph Variants (MST_V2 and
KNN_V2)

The enhanced variants, namely MST_V2 and KNN_V2,
extend the basic graph models by incorporating additional
statistical, topological, and structural descriptors derived
from node and edge properties. These variants provide a
more detailed characterization of tissue organization and
improve the discriminative capability of the extracted
graph-based features.

5.3 Al and Medical Imaging

The proposed work can be considered a significant
contribution to artificial intelligence—based medical image
analysis as it integrates machine learning techniques with
advanced feature extraction methods for tissue classification.
The study combines handcrafted image descriptors such as
Histogram of Oriented Gradients (HOG) with graph-
theoretic structural features to capture both texture and
spatial organization within histopathological images. By
incorporating graph-based representations, the work
explores the relationship between tissue architecture and
classification performance, providing a more comprehensive
understanding of structural patterns.

5.4 Combined Feature Representation

For each histopathological image, the extracted HOG
descriptors and graph-theoretic features were integrated to
form a unified feature representation. The HOG features
captured local texture patterns, edge orientations, and
intensity variations present in the tissue structure, while the
graph-based features represented the spatial organization
and connectivity relationships among cellular components.
The combined feature vector was constructed by
concatenating both feature sets into a single high-
dimensional representation:

This integration allowed the model to utilize both texture-
based and structural information simultaneously. During
experimentation, graph-only representations were found to
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capture tissue organization effectively but showed instability
in certain classification cases due to structural variability
across samples. By incorporating HOG descriptors along
with graph features, the representation became more
robust and discriminative. The combined framework
improved class separability between normal and
adenocarcinoma tissues and produced more stable
classification performance across different experimental
settings.

5.5 Classification Model

The classification stage was carried out using the Random
Forest algorithm implemented through the scikit-learn
library. Random Forest was selected because of its
robustness, ability to handle high-dimensional feature
spaces, and effectiveness in reducing overfitting through
ensemble learning. The classifier operates by constructing
multiple decision trees during training and generating
predictions based on majority voting.

Before classification, feature normalization was performed
using the StandardScaler technique to standardize the
feature distributions and ensure that all extracted features
contributed uniformly during model training. The dataset
was divided using a stratified train-test split in a ratio of
75:25, preserving the proportion of normal and cancerous
tissue samples in both training and testing subsets.

The performance of the proposed framework was
evaluated using several quantitative measures to provide a
comprehensive assessment of classification  quality.
Accuracy metrics were computed for overall classification
performance as well as separately for normal and cancer
classes. Precision, recall, and Fl-score were calculated to
analyze the balance between false positives and false
negatives. A confusion matrix was generated to visualize
correct and incorrect predictions for each class.

In addition, Receiver Operating Characteristic (ROC)
analysis and Area Under the Curve (AUC) values were
used to evaluate the discriminative capability of the
classifier across different decision thresholds. Feature
importance analysis was also performed to identify the
contribution of individual features toward classification
performance. To assess computational efficiency, timing-
related measures including total execution time, model
fitting time, and average processing time per image were
recorded during experimentation.

The effectiveness of the proposed framework is validated
through quantitative evaluation using multiple performance
measures including accuracy, precision, recall, Fl-score, ROC
analysis, confusion matrix, and computational efficiency. The
observed improvement in classification performance
demonstrates the capability of the proposed hybrid approach
for reliable and efficient tissue image analysis.

6. RESULTS AND DISCUSSIONS

This section presents a comprehensive evaluation of the
proposed hybrid framework using multiple quantitative and
qualitative measures. The experimental results indicate that
graph-theoretic features are capable of capturing meaningful
structural and spatial information from histopathological
images. Features derived from graph representations
effectively describe tissue organization, cellular connectivity,
and neighborhood relationships. However, when used
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independently, graph-based features were not sufficient to
consistently outperform the baseline HOG descriptors,
which  provide strong texture and edge-based
representations.
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Figure Ol: Accuracy Comparison Across Graph Types
This figure compares the classification accuracy obtained
using different graph-based feature extraction methods. The
results are presented separately for overall accuracy,
cancer tissue accuracy, and normal tissue accuracy. The
RAW HOG baseline achieved balanced performance, while
the combined graph-based methods demonstrated
noticeable improvements in several cases. Delaunay,
Voronoi, and MST_V2 produced the highest overall
accuracies among the combined models. The figure also
shows that graph-enhanced representations improve the
discrimination capability of the classifier, particularly for
cancerous tissue samples. Although certain graph methods
slightly reduced normal tissue accuracy, the overall trend
indicates that combining structural graph features with
HOG descriptors improves classification stability and
consistency.
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Figure 02: Precision, Recall, and F1-Score Comparison

The integration of HOG descriptors with graph-theoretic
features produced more reliable and consistent
classification  performance. The combined feature
framework achieved an overall improvement of nearly |-
2% in classification accuracy compared with the use of
HOG features alone. In particular, the enhanced graph
variants such as KNN_V2 and MST_V2 demonstrated
improved sensitivity toward cancerous tissue detection,
suggesting that enriched structural descriptors contribute
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valuable  discriminative  information  for
adenocarcinoma patterns.

These findings highlight the importance of combining
texture-based and structural representations in Al-driven
medical image analysis. While HOG features effectively
capture local intensity gradients and edge information,
graph-based descriptors provide complementary insights
into tissue architecture and spatial relationships among
cellular  components. The combination of both
representations  enables a more comprehensive

characterization of histopathological patterns.
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Figure 03: Raw vs Graph-ézged Models (Combined

Dataset)
This figure compares the classification performance of the
baseline RAW HOG model with the proposed graph-
enhanced models using the combined dataset. From the
figure, it can be observed that the integration of graph-
theoretic structural features with HOG descriptors
consistently improves the overall classification accuracy
compared to the baseline model. Among the evaluated
approaches, the Delaunay, Voronoi, and MST_V2 based
models achieved the highest overall performance, indicating
that structural connectivity information contributes
positively to tissue classification.
The figure also shows that the combined models provide
better balance between cancer and normal tissue
recognition. While the RAW HOG model already offers
strong texture-based representation, the addition of graph
features improves the classifier’s ability to capture tissue
organization and spatial relationships among cellular
structures. Enhanced graph variants such as KNN_V2 and
MST_V2 demonstrated improved cancer tissue detection,
suggesting that additional graph statistics help in identifying
structural irregularities associated with adenocarcinoma.
Another important observation from the figure is that the
improvement in accuracy is achieved without significant
variation across models, indicating stable and reliable
classification behavior. Overall, the figure demonstrates that
combining texture descriptors with graph-based structural
representations produces a more discriminative feature
framework for colon histopathology classification.
The heatmap visualizes classification accuracies for different
graph methods across the combined, cancer, and normal
tissue categories. Darker color regions correspond to
higher accuracy values. The combined dataset models
generally produced stronger performance than graph-only
approaches, particularly for Delaunay, Voronoi, and
MST_V2 methods. The heatmap clearly highlights the
improved balance between cancer and normal tissue
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recognition achieved by the hybrid feature framework.
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7. CONCLUSION
The experimental analysis demonstrates that graph-
theoretic  features  provide  meaningful  structural

information from histopathological tissue images. However,
graph-based descriptors alone were not sufficient to
outperform the RAW HOG baseline consistently. The
integration of HOG descriptors with graph representations
produced the most reliable results by combining texture
information with spatial tissue organization.

Among the evaluated graph methods, Delaunay, Voronoi,
and MST_V2 consistently achieved improved overall
performance when combined with HOG features. The
enhanced variants, particularly MST_V2 and KNN_V2,
improved cancer tissue detection by incorporating
additional graph statistics such as node degree distribution,
clustering coefficients, graph density, and edge-length
characteristics.

Another important observation is the computational
efficiency of the proposed framework. Despite the inclusion
of graph construction and structural feature extraction, the
average processing time per image remained low. This
indicates that the proposed methodology can potentially
support real-time or computer-assisted clinical diagnostic
systems.

Overall, the results confirm that combining texture-based
descriptors with graph-theoretic structural information
provides a more comprehensive representation of tissue
architecture and  improves colon histopathology
classification performance.
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