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Abstract

Colon adenocarcinoma is among the most prevalent cancers worldwide, and an accurate
histopathological diagnosis is critical for guiding treatment. However, conventional diagnoses
can be limited by observer variability and the potential for false negatives. In this study, a
computational framework is developed, that integrates image classification, deep feature vi-
sualization, and morphometric analysis to distinguish Hematoxylin and Eosin (H&E)-stained
slides between Colon adenocarcinoma (COAD) and normal colon tissue. A ResNet18-based
classifier was then trained on a balanced dataset of COAD and normal tissue samples from
The Cancer Genome Atlas. The model achieved a macro-averaged F1-score of 0.9330, with
perfect recall for benign samples. Deep features extracted from the network were further an-
alyzed with Principal Component Analysis, revealing clear clustering between cancerous and
normal tissues. To capture morphological differences, nuclei segmentation was applied with
Cellpose. Quantitative analysis showed that COAD tissue exhibited significantly larger nuclei
area fractions compared to normal tissue, consistent with the well-established phenomenon
of nuclear enlargement in malignancy. Representative examples confirmed that COAD nuclei
were more irregular and heterogeneous, while nuclei of benign cells remained uniform. Taken
together, these results demonstrate that deep learning methods can reliably capture visual
and morphometric features, distinguishing malignant from benign colon tissues. Beyond high
classification accuracy, the integration of feature visualization and segmentation provides bi-
ologically interpretable insights, aligning with pathological hallmarks of cancer. This work
highlights the potential for automated image analysis to complement diagnostic workflows
and reduce misclassification in colon cancer pathology.

Introduction

Early diagnoses are the key towards reducing cancer mortality rates. Hematoxylin and Eosin
staining (H&E) has long been regarded as the gold standard for pathological analysis to inform
diagnoses [18]. To obtain such a sample, patients’ tumors are excised, sectioned, and stained.
Hematoxylin is a basic, purple dye that stains acidic structures, such as the Nucleus or Mitochon-
dria, which contain nucleic acids and proton pump machinery, respectively. Conversely, Eosin, in
pink, stains basic structures, including the cytoplasm and Extracellular matrix (ECM) [5].

Pathologists analyze these stained tissues for a wealth of features, which provide information
on the benignity or malignancy of the tumor. Cellular organization patterns, like the remodeling
of tissue architecture into tube-like structures, appearance of cellular nests within tissues, or
significant ECM deposition, often provide clues as to whether a tissue is cancerous [17] [15] [1].
Furthermore, analysis of cell features, including size, Nucleus-to-Cytoplasm ratio, and more, can
provide insight into the replicative properties of a cell. Importantly, infinite replicative potential
is a hallmark of cancer [20] [2].
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Recent advances in deep learning have enabled the extraction of highly discriminative image
features from H&E slides. Feature embedding methods, such as those derived from Convolutional
neural networks (CNNs), allow for the separation of benign and malignant samples in lower-
dimensional space, often revealing structure invisible under traditional microscopy [10] [4]. In
addition, dimensionality reduction methods such as Principal Component Analysis (PCA) help
visualize how these extracted features naturally cluster, further validating the distinction between
normal and cancerous tissues [7].

Beyond classification, segmentation-based approaches provide an opportunity to quantify nu-
clear morphology at scale [3]. By computing metrics such as area fraction or distribution of nu-
clear sizes, one can capture differences that reflect underlying biological mechanisms. For instance,
larger and more variable nuclear size is strongly associated with aggressive tumor phenotypes, while
normal tissues typically display more uniform morphology [14]. These computationally extracted
morphometric features can therefore complement classification models, providing interpretable
biological insights.

Altogether, combining classification, feature extraction, and morphometric analysis offers a
powerful pipeline for histopathology. Such an approach could not only improve diagnostic accuracy,
but also provide pathologists with quantitative evidence to support clinical decisions. In this study,
such methods are applied for H&E slides to compare cancerous and benign colon tissues, ultimately
demonstrating their diagnostic potential.

Methods

Dataset

Histopathology slides were obtained from The Cancer Genome Atlas (TCGA) repository [11]. The
dataset consisted of Colon adenocarcinoma (COAD) and normal colon tissue samples. To ensure
balance across classes, 30 images per group were randomly selected for analysis. Images were
stored in PNG format and processed at a resolution of 224× 224 pixels unless otherwise noted.

Preprocessing

All images were normalized to have pixel intensity values in the range [0,1]. To reduce compu-
tational complexity and ensure uniformity across samples, color channels were standardized by
subtracting the dataset mean and dividing by the standard deviation. Augmentations, including
randomized flips and rotations, were applied during training to improve model generalization.

Classification Model

A supervised image classification model was trained to distinguish between COAD and benign
colon tissue. Specifically, a ResNet18 backbone was employed and pre-trained on ImageNet [6],
with the final fully connected layer modified to output two classes. Training was performed using
cross-entropy loss and the Adam optimizer, with a learning rate of 0.001. Data were split into
80% training and 20% test partitions. Performance was evaluated using accuracy, precision, recall,
F1-score, and confusion matrices.

Feature Extraction and PCA

Deep features were extracted from the penultimate layer of ResNet18 for all images. To visualize
separability between classes, PCA [9] was applied to reduce the 512-dimensional feature space
to two principal components. PCA projections were plotted to illustrate separate clustering of
COAD and normal tissue samples.
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Segmentation and Morphometric Analysis

To assess morphological differences between nuclei, segmentation was performed using the Cellpose
v3.0.8 model [16]. For each image, the total area of segmented nuclei was divided by the total image
area to obtain a nuclei area fraction. Box-and-Whisker were generated to compare distributions
of nuclei area fraction between COAD and benign tissues. In addition, representative images were
overlaid with segmentation masks to provide qualitative visualization of nuclear morphology.

Statistical Analysis

Differences in nuclei area fraction between COAD and benign tissues were assessed using a two-
sample t-test. Results were considered statistically significant at p < 0.05. All analyses were
conducted in Python 3.9 using PyTorch [12], scikit-learn [13], matplotlib [8], and scipy [19].

Results

Classification Performance

This supervised model achieved strong performance in distinguishing colon adenocarcinoma (COAD)
from normal colon tissue. The classification report is summarized in Table 1. The model achieved
a macro-averaged F1-score of 0.9330, with perfect precision for COAD and perfect recall for be-
nign tissue. The confusion matrix (Table 2) demonstrates that only two COAD samples were
misclassified as benign, while no benign samples were misclassified.

Table 1: Classification report for colon histology images.

Precision Recall F1-score
COAD (adenocarcinoma) 1.0000 0.8667 0.9286
Normal colon tissue 0.8824 1.0000 0.9375
Macro average 0.9412 0.9333 0.9330

Table 2: Confusion matrix showing predicted vs. true labels.

Predicted
True COAD Normal
COAD 13 2
Normal tissue 0 15

Feature Representation with PCA

To assess the separability of classes in feature space, 512-dimensional features from ResNet18 were
extracted and applied to PCA. As shown in Figure 1, COAD and normal tissues form distinct
clusters, with minimal overlap. This demonstrates that deep features capture biologically relevant
structure, capable of differentiating cancerous from normal tissue.

Nuclei Segmentation and Morphometric Analysis

To investigate morphological differences, nuclei were segmented using Cellpose. The fraction of
image area occupied by nuclei was calculated for each sample. As shown in Figure 2, COAD
tissue had significantly larger nuclei area fractions compared to normal tissue (p < 0.05). This
is consistent with the previously reported phenomenon of nuclear enlargement and polyploidy in
malignant cells.
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Figure 1: PCA projection of ResNet18 features. Orange: COAD samples, Blue: normal tissue.

Figure 2: Comparison of nuclei area fraction between COAD and normal tissue.

Qualitative Visualization

Representative segmentation overlays are shown in Figure 3. In COAD tissue (panel a), nuclei
appear enlarged and irregular, while in normal tissue (panel b), nuclei are smaller and more
uniform in shape and size.

Conclusion

In this work, a machine learning framework is presented to distinguish colon adenocarcinoma
(COAD) from normal colon tissue using Hematoxylin and Eosin (H&E)- stained histopathology
slides. This classifier achieved high accuracy, with strong precision and recall across both classes of
tissue. Feature visualization with PCA confirmed that deep representations captured biologically
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Figure 3: (a) Colon adenocarcinoma (COAD). (b) Normal colon tissue.

relevant differences, as the model was capable of separating malignant from benign samples. In
addition, segmentation-based morphometric analysis highlighted enlarged and irregular nuclei in
COAD tissue, consistent with established pathological hallmarks.

These findings demonstrate that automated analysis can go beyond simple classification by pro-
viding interpretable biological insights. The combination of deep learning and image segmentation
not only improves diagnostic accuracy but also has the potential to reduce observer variability and
false negatives in pathology. Future work will extend this approach to larger, multi-institutional
datasets and integrate genomic or clinical data to further support personalized treatment decisions.

These fundings underscore the value of computational pathology as a complementary tool for
cancer diagnosis, capable of assisting clinicians in making faster and more consistent decisions.
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