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ABSTRACT

Identifying the stage of cancer is crucial because it greatly helps the chances of
successful treatment. In this study, we developed a new intelligent system, named
DriftNet, for the early detection of cancer stages. First, large DNA methylation
data are compressed into smaller meaningful signals using an autoencoder. Then,
we trained the model adopting contrastive learning to better distinguish cancer
stages, which pulls similar cases together and pushes apart different ones. Finally,
we combined these with simple patient information such as age and cancer type
in a two-branch deep learning model. DriftNet is tested on the TCGA dataset,
from 1,343 patients across multiple cancer-types. In the final evaluation, DriftNet
achieved the highest test accuracy of 67.82%, the highest macro F1-score of 0.6442,
and the highest Stage III F1-score of 0.5138. It outperformed both classical machine-
learning baselines and paper-inspired deep-learning baselines, especially for the
difficult Stage III class. These results show that supervised contrastive learning
and dual-branch fusion can improve pan-cancer Stage I/1I/1II classification using

methylation and clinical information.

Keywords: Cancer staging, Contrastive learning, Deep learning, DNA methylation,

Pan-cancer classification, TCGA, autoencoder
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Chapter 1

Introduction

Cancer staging is essential for treatment plans, as it describes the size of the tumour
and the extent of spread in the body, guiding decisions ( ). Incor-
rect staging may cause insufficient or excessive treatment, impacting important
parameters, such as survival and quality of life ( ). Clinical staging
usually depends on imaging, operative assessment, and microscopic evaluation of
tissue; however, these require expert review and may still miss subtle molecular
changes associated with early or progressing disease ( );

( ). These limitations motivate the development of intelligent methods
that complement and refine clinical staging by directly capturing tumour biology

(2021).

In this study, we propose a deep-learning system that uses DNA methylation
to perform pan-cancer staging in multiple types of tumour. DNA methylation
changes in a systematic manner as tumours start, grow, and spread ( ),
and large projects such as TCGA supply genome-wide methylation profiles with
matched clinical staging data ( ). However, methylation arrays
contain more than 450000 CpG sites per sample, and classical models struggle with
such high-dimensional and noisy features ( ). In light of this,
our approach first encodes genome-scale methylation using a variational autoen-
coder ( ). It then applies supervised contrastive learning with
triplet loss to learn stage-aware representations from the VAE-derived methylation
features and encoded clinical variables ( ). Finally, these learned
representations are integrated with clinical information in a dual-branch neural

network for Stage I-1II classification ( )-



1.1 Problem statement

Clinical staging usually depends on imaging, operative assessment, and microscopic
evaluation of tissue; however, these require expert review and may still miss subtle
molecular changes associated with early or progressing disease

( ) ( ). Incorrect staging may cause insufficient or excessive
treatment, impacting important parameters, such as survival and quality of life

(2017).

Although DNA methylation changes in a systematic manner as tumours start,
grow, and spread ( ), methylation arrays contain more than 450000
CpG sites per sample, and classical models struggle with such high-dimensional
and noisy features ( ). As a result, there is a need for intel-
ligent methods that can effectively compress, interpret, and utilize genome-scale

methylation data to improve cancer staging accuracy.

1.2 Aims, objectives & Motivation

The limitations of traditional staging methods and the availability of large-scale
methylation datasets motivate the development of deep-learning frameworks that
can capture tumour biology more directly. This study addresses this need by
proposing a multi-stage deep-learning system that integrates molecular and clinical

information for pan-cancer staging.

1.2.1 Aims

The main aim of this study is to propose a deep-learning system that uses DNA
methylation to perform pan-cancer staging in multiple types of tumour by integrat-

ing genome-scale methylation features with basic clinical variables.
1.2.2 Objectives
The objectives of this study are:

¢ To encode genome-scale DNA methylation data using variational autoen-
coders to compress more than 450000 CpG features into a compact latent

representation.



* To apply supervised contrastive learning with triplet loss to enhance the

separability of cancer stages, particularly between Stage II and Stage IIL

¢ To design a dual-branch neural network that integrates contrastive stage-

aware embeddings with clinical variables for final Stage I-III classification.

* To compare DriftNet with both classical machine-learning baselines and
paper-inspired deep-learning baselines, including multimodal neural fusion,
DBN-ELM-BP-inspired learning, autoencoder-based ANN classification, and
OmiVAE-style VAE classification.

1.2.3 Motivation

These limitations motivate the development of intelligent methods that comple-
ment and refine clinical staging by directly capturing tumour biology

( ). Large projects such as TCGA supply genome-wide methylation profiles
with matched clinical staging data ( ), creating an opportunity to
build robust pan-cancer staging models. By combining variational autoencoders, su-
pervised contrastive learning, and deep neural networks, this study is motivated by
the goal of improving stage separability, classification performance, and robustness
across heterogeneous cancer types.

1.3 Project Specification

This project aims to build a deep-learning system that can automatically predict the
stage of cancer using DNA methylation data and some basic clinical information.
The system will use one model to work with multiple cancer types, instead of
creating separate models for each disease.

The model should be able to classify cancer cases into three stages: Stage I,
Stage II, and Stage III. The success of the model will be measured using simple
performance metrics such as accuracy, precision, recall, and Fl-score. These metrics
will help show whether the model is making correct and reliable predictions.

To improve prediction quality, the system uses a contrastive learning approach
so that samples from the same stage become closer in the learned feature space,
while samples from different stages become more separated. The improvement



of feature quality will be measured using standard clustering metrics, such as
Silhouette Score and Davies—Bouldin Index.

The final project will include the trained model, the full implementation code,
and a simple web-based interface. The web interface will allow users to enter
patient data and see the predicted cancer stage in an easy-to-understand way.

Project requirements may change slightly during development as testing and
evaluation continue. Any changes will be made carefully to ensure that the main
goal of building a reliable and usable pan-cancer staging system remains un-

changed.

1.4 Expected Outcomes

The expected outcome of this research is an evaluated deep-learning framework
called DriftNet, designed to automatically predict cancer stage using DNA methy-
lation data combined with basic clinical information. The model is built as a
pan-cancer system, meaning it can be applied to multiple cancer types using a
single unified framework.

The final product will be provided as a reproducible research model, including
trained networks, source code, and documented results. DriftNet is designed to
be extensible, allowing future studies to incorporate additional molecular data or
evaluate the model on independent datasets.

The primary beneficiaries of this work include the biomedical research and
healthcare sector, particularly researchers and clinicians involved in cancer diag-
nosis and data-driven decision making. With further validation, the system may
support oncologists by assisting in cancer staging, especially in complex cases.

The findings of this project are expected to be shared through academic chan-
nels, including thesis submission, potential conference presentation, and journal

publication in the field of medical artificial intelligence.



Chapter 2

Literature Review

In this section, we review recent work related to DNA methylation analysis, deep
learning, and pan-cancer modeling. We aim to highlight what is currently known,
identify the limitations of existing methods, and position DriftNet within this
landscape. We organize the discussion into several themes, including methylation-
driven cancer research, TCGA-based pan-cancer resources, dimensionality-reduction
strategies, contrastive learning frameworks, and deep-learning approaches used in
clinical prediction.

2.1 DNA Methylation in Cancer Research

DNA methylation is a stable epigenetic mark that controls gene activity without
actually altering the DNA sequence ( )- Many studies have
demonstrated that the methylation patterns of cancer cells are different from those
of normal cells and that these patterns reflect important information about tumour
type, behaviour, and outcome ( ). Large-scale pan-cancer analyzes
of the TCGA data have mapped common and cancer-specific methylation changes
among multiple tumour types and used them in tasks such as tumour-of-origin
prediction and detection of aberrant regulatory regions ( ). These
works prove that methylation is a powerful signal for cancer biology (2008).

However, the majority methylation-based models are designed for cancer vs
normal detection, tumour-of-origin classification, or discovery of subtypes rather
than direct clinical stage prediction ( ). Some studies have
reported stage-specific methylation changes in single cancers such as breast or
colorectal cancer, but they usually build separate models for each cancer and for a

5



small number of markers. There is still no single methylation-driven system that

predicts AJCC Stages I, II, and III together in many cancers.

2.2 TCGA as a Pan-Cancer Resource

The Cancer Genome Atlas (TCGA) is one of the most important resources for cancer
genomics. It provides matched molecular data, including DNA methylation, and
detailed clinical information on age, stage, and outcome for over 11,000 patients
across 33 cancer study types ( ). TCGA Pan-Cancer Atlas projects
have investigated cross-cancer patterns of copy-number changes, expression, and
methylation and generated reference maps for many of the hallmarks of cancer
( ). Although TCGA contains 33 official cancer study types, most
individual patient records are actually classified with much more granular primary
diagnosis codes that differentiate anatomical sites and histological subtypes. Be-
cause TCGA contains many primary diagnoses measured on comparable platforms,
it is useful for pan-cancer machine-learning models ( )-
Simultaneously, TCGA methylation data is extremely high-dimensional, with
each sample having more than 450,000 CpG probes. This makes the direct use
of raw methylation in standard classifiers very difficult, both statistically and
computationally ( ). Many TCGA-based models handle
this with heavy feature selection, focusing on small gene panels, or working with
single cancer cohorts. A general pan-cancer staging model must, therefore face
both the biological heterogeneity across cancers and the technical challenge of
ultra-high-dimensional methylation data.

2.3 Dimensionality Reduction and Autoencoders

Dimensionality reduction in omics data has traditionally been performed using
classical approaches such as principal component analysis (PCA) or filter-based
feature selection ( ) ( ). These methods can
be helpful but are usually linear and lack the complexity of nonlinear relationships
that might exist ( ). VAEs present a deep learning approach that
can model nonlinear structure by learning a low-dimensional latent representation

and reconstructing the original input ( )- VAEs have been



used to summarize single-cell RNA-seq, metabolomics, and other high-dimensional
biological data, and their latent spaces can reveal meaningful biological gradients
(2018).

In cancer genomics, VAEs have commonly been used for multi-omics integration
and for learning compact codes to aid downstream prediction tasks

( ). Yet, a standard VAE’s objective is to minimise reconstruction error
plus a regularization term, not separate out specific clinical groups like stages.
Consequently, the latent features may be good at capturing variation in general
but not optimized for distinguishing Stages I, II, and III. This motivates our use
of VAEs only as a first compression step, followed by a second step reshaping the
latent space for the purposes of staging specifically.

Recent autoencoder-based studies have also shown that compressed multi-
omics features can support cancer classification tasks. Munquad et al. proposed
cancer-associated multi-omics latent variables (CMLV), where gene expression,
microRNA, and DNA methylation were integrated using an autoencoder

( ). The latent features from the bottleneck layer were then used with an ar-
tificial neural network for tissue-of-origin, subtype, and stage-related classification.
This study is relevant to DriftNet because both methods use compressed omics
representations before classification. However, CMLV-AE + ANN mainly relies
on autoencoder-derived latent features, while DriftNet further applies supervised
contrastive learning to make Stage I, Stage II, and Stage III more separable.

OmiVAE is another important VAE-based model for multi-omics cancer classifi-
cation. It combines autoencoder-based latent feature learning with a classification
network ( ). The model first learns a compact representation from
high-dimensional omics data and then uses this representation for multi-class can-
cer classification. OmiVAE is useful as a baseline for DriftNet because it tests
whether VAE-based representation learning alone is enough for classification. In
contrast, DriftNet uses VAE only as the first compression step and then improves

the representation using triplet-loss contrastive learning.

2.4 Contrastive Learning and Triplet-Loss Embeddings

Contrastive learning refers to a family of methods that learn representations by

contrasting pairs or triplets of samples. Triplet loss, originally popularised in



FaceNet for face recognition, takes an anchor sample, a positive sample from the
same class, and a negative sample from a different class, and encourages the model
to move the anchor closer to the positive and away from the negative in embedding
space ( ). This simple idea has been extremely successful in many
computer vision tasks and has been adapted to various medical imaging, such as
brain tumour classification and breast lesion segmentation ( )

(2025).

More recently, it has been applied to multi-modal and multi-omics data, where
it aligns different data types, hence reducing redundancy ( ). Some
works have developed their contrastive objectives to improve survival prediction or
clustering tasks in multi-omics cohorts ( ). However, to our best
knowledge, no earlier work has applied the supervised triplet-loss contrastive learn-
ing on VAE-compressed DNA methylation with the express aim of distinguishing
cancer stages or combined those embeddings with clinical variables in a pan-cancer
Stage I-III classifier. This is the central methodological gap that our work addresses.

2.5 Deep Learning and Ensemble Methods for Cancer
Prediction

Deep learning has changed the face of many areas within cancer research. Neural
networks and convolutional models have achieved very strong results in various
image analysis tasks (pathology, radiology) and in some genomic analyzes, partic-
ularly when regularization techniques such as batch normalization, dropout, and
early stopping were applied to control overfitting of the models (2015)
( ) ( ) ( ). Meanwhile, ensemble
tree-based models like random forests and gradient boosting retain much of their
competitive edge in performance for tabular biomedical data. For instance, extreme
gradient boosting (XGBoost) applied with multi-omics features on the classification
of various cancers and reported remarkable diagnostic performance. Support vector
machines (SVMs) are also widely used in cancer genomics because they perform
well in high-dimensional spaces ( )-
However, most of these models are designed for a single task like detection,
subtype classification, or survival and usually deal with one cancer type at a time

during the training process (2015). Only a few works attempt a unified



pan-cancer model, and even fewer tackle the specific challenge of AJCC staging

( ). In fact, the standard classical baselines, such as logistic regression,
SVM, random forest, gradient boosting, and k-nearest neighbours, usually base their
operation on hand-engineered or selected features, not on contrastive-learnt latent
representations. In this work, we consider these baselines, trained on the same
feature set, to show the added value of the DriftNet architecture and triplet-based
representation learning.

Amanzholova and Coskun proposed a hybrid deep-learning approach for can-
cer stage prediction using TCGA multi-omics data ( ).
Their method combined deep belief networks, extreme learning machines, and
backpropagation to predict early-stage and late-stage cancers. This work is impor-
tant because it directly focuses on cancer stage prediction using omics and clinical
information. However, their stage task mainly separates cancer into early and late
groups, while DriftNet directly predicts Stage I, Stage II, and Stage III as three
separate classes. For this reason, a DBN-ELM-BP-inspired baseline was included in
this study for fair comparison.

2.6 Handling Class Imbalance with Focal and Related
Losses

Clinical datasets often exhibit imbalanced class distributions, with early-stage cases
being more frequent than late-stage ones, or vice versa, depending on the screening
practices ( ). The model is then biased toward the majority
class by the standard cross-entropy loss, leading to poor recall for the minority
classes ( ). Focal loss was proposed as its solution, down-weighting
easy, well-classified examples and focusing the training on hard, misclassified
ones. Follow-up work adapted focal loss to medical image classification and other
challenging imbalanced settings, reporting better performance compared with plain
cross-entropy ( )-

In pan-cancer staging, stage III cases are usually much rarer and more hetero-
geneous compared to stage I or II. If this imbalance is not treated with much care,

the model can overpredict the more common stages and fail to recognize advanced



disease ( ). Our work employs a simple focal-loss variant to-
gether with class weights in order to ensure meaningful contributions of all stages,
in particular Stage III, to the training objective.

2.7 Multi-Modal and Multi-Omics Integration

A growing body of work has shown that the integration of different data types, such
as DNA methylation, gene expression, copy-number alteration, and clinical features,
will provide an enhanced prediction and subtyping of cancer
( ) ( ). Integration strategies span early fusion (concatenating
all features before the model) and late fusion (merging the outputs of separate
models) up to more complicated attention-based or graph-based fusion schemes
( ) ( ). Multi-omics models have been utilised to
define robust molecular subtypes and predict prognosis more accurately compared
to single-omics models ( )-

However, even in multi-modal settings, most models continue to use raw or, at
most, simply reduced features. They rarely use contrastive learning to shape the
representations of each modality before fusing them, and few treat DNA methyla-
tion as a primary signal for staging across cancers ( ). Our design
of DriftNet accordingly follows a dual-path architecture: Our design of DriftNet fol-
lows a dual-path architecture: one path processes the 128-dimensional contrastive
stage-aware embedding, and the other path processes encoded clinical features,
which are fused later in the network., which are fused later in the network. This
setup enjoys the benefits of multi-modal information while keeping each branch
specialised and well-structured.

Nair studied multimodal deep-learning models for cancer stage prediction us-
ing TCGA data ( )- The study used transcriptome profiling, copy-number
variation, and DNA methylation data to predict cancer stage across different cancer
types. This work is close to DriftNet because it also studies cancer stage prediction
using multimodal molecular information. However, DriftNet focuses on DNA
methylation-derived features and clinical information, and it adds supervised con-
trastive learning before the final classifier. Therefore, a Nair-style multimodal neural
network was used as a paper-inspired baseline to test whether simple multimodal
neural fusion can compete with DriftNet.

10



2.8 Evaluation Practices and Stability Analyses

Reliable evaluation is a critical challenge in medical machine learning. Most anal-
yses rely on a single train-test split, which may result in overly optimistic or pes-
simistic views dependent on the random seed and small changes in data

( ). Cross-validation, training with different seeds, and reporting metrics like
Cohen’s kappa and per-class performance give a more realistic picture of model
behaviour ( ) ( ). Some recent works stress the need
to report variability across runs, rather than a single best result, when datasets are
of moderate size.

In this study, we follow these best practices by adopting a fixed stratified split for
the main experiment, running DriftNet with multiple random seeds, and using strict
5-fold cross-validation. We report overall accuracy, per-stage precision, recall, F1-
score, and Cohen’s kappa, and provide the distribution of performances across the
seeds. This stable evaluation framework helps to establish evidence that observed
gains from contrastive learning and the DriftNet architecture are robust and not

due to chance.

2.9 Positioning DriftNet

Taken together, the literature shows that DNA methylation is a rich signal for cancer
biology, TCGA enables pan-cancer analyses, VAEs and contrastive learning can
produce useful representations, and deep and ensemble models can support clinical
prediction. However, no existing work brings all of these components together to
solve the specific problem of pan-cancer AJCC Stage I-1II classification using real
patient data. Prior methylation-based models rarely target staging, VAEs alone do
not directly separate cancer stages, contrastive learning has not been systematically
applied to VAE-compressed methylation for pan-cancer staging, and multi-modal
methods typically do not use contrastive, task-aware embeddings.

DriftNet is designed to address these gaps. It compresses more than 450,000 CpG
measurements into a compact 150-dimensional latent space using a VAE, applies
supervised triplet-loss contrastive learning to learn a 128-dimensional stage-aware
representation, and fuses this representation with clinical features using a dual-path

neural network trained with focal loss and strong regularisation.

11



To position DriftNet clearly, we compare it with both classical and paper-inspired
deep-learning baselines. The classical baselines include logistic regression, random
forest, gradient boosting, and k-nearest neighbours. The paper-inspired baselines
include a Nair-style multimodal neural network, a DBN-ELM-BP-inspired deep
model, a CMLV-AE + ANN baseline, and an OmiVAE-style VAE classifier
(2024); (2024); (2025); (2019).
These models were selected because they represent important related ideas, includ-
ing multimodal fusion, hybrid deep stage prediction, autoencoder-based latent
feature learning, and VAE-based omics classification. Unlike these baselines, Drift-
Net uses supervised contrastive learning to reshape the representation before final
Stage I/11/11I classification.

12



Chapter 3
Methodology

This section describes the methodological framework used to develop DriftNet,
detailing how high-dimensional methylation profiles and routine clinical variables
were processed and integrated to produce reproducible Stage I-III predictions. It
describes the compression of high-dimensional methylation data, the encoding of
simple clinical features, how contrastive learning forms stage-aware embeddings,
and how these pieces are combined into a two-branch neural network whose
predictions of Stage I, II, and III are transparent and reproducible. The proposed
model is shown in Figure 3.1.

Complete workflow of DriftNet, a deep-learning model for predicting cancer
stage (I/II/III) using TCGA methylation-derived and clinical data. The pipeline in-
cludes (1) integration and harmonisation of data, (2) compression of high-dimensional
DNA methylation into autoencoder-derived latent features and encoding of clinical
variables, (3) contrastive learning using a Siamese triplet network to learn stage-
aware embeddings, (4) a dual-branch neural network that combines contrastive
embeddings with clinical information, and (5) model evaluation using repeated

random-seed training, strict 5-fold cross-validation, and baseline comparisons.
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Figure 3.1: Overall DriftNet methodology workflow.

3.1 Autoencoder-Based Methylation Representation

The raw methylation data contains approximately 450,000 CpG sites per sample,
which is too high-dimensional for direct model training. To compress this data
into a more practical representation, we trained an autoencoder on the methylation

matrix. The encoder learned a compact latent representation of each methylation
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profile, while the decoder attempted to reconstruct the original CpG values from
this compressed representation.

Several latent-space sizes were tested, including 2, 100, 150, 200, 250, 300, 350,
400, 450, and 500 dimensions. For each latent size, reconstruction loss was measured
to assess how well the autoencoder could rebuild the original methylation profile.
Among the tested sizes, the 150-dimensional latent space was selected because
it provided a compact representation while maintaining strong reconstruction
performance. Larger latent spaces increased model complexity but did not provide
enough additional benefit for the final downstream pipeline.

The final autoencoder architecture used fully connected encoder layers to reduce
the input methylation profile into a 150-dimensional latent vector. The decoder
then reconstructed the input from this latent vector, and the model was trained
using mean squared error loss. Because the methylation data was stored in multiple
chunk files, the same autoencoder was trained continuously across all chunks rather
than training separate models for each chunk. A global min-max scaling strategy
was used so that all chunks followed the same scaling range. After training, the
encoder was used to extract 150 latent features for every sample, and all chunk-level
latent outputs were combined into one final latent-feature table for downstream

modelling.

3.2 Clinical Feature Encoding

In addition to methylation, we employed 13 straightforward clinical variables
commonly measured by physicians: sex, race, ethnicity, age at diagnosis, disease
type, primary diagnosis, tissue or organ of origin, tumour morphology, tissue type,
sample type, prior malignancy, prior treatment, and vital status.

Categorical variables (such as gender or race) were transformed into numbers
via label encoding. Continuous variables (such as age) remained as numbers. To
be used with the classic machine-learning baselines, we combined all 150 methy-
lation features with these 13 clinical features into one long vector per patient and
standardized all values to have zero mean and unit variance. For the classical
and paper-based baseline models, the 150 autoencoder-derived methylation latent

features and 13 encoded clinical features were combined into one pre-contrastive
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feature vector. For DriftNet, the contrastive encoder first transformed the prepro-
cessed features into a 128-dimensional stage-aware embedding, while the 13 clinical
features were scaled separately using a standard scaler fitted only on the training
set.

3.3 Triplet-Based Contrastive Feature Learning

Although the autoencoder produces a compact 150-dimensional representation
of methylation features, the resulting space does not fully resolve the separation
between Stage I, II, and III samples. There is considerable overlap remaining
between Stage II and Stage III. In order to make the stages more separable, we then
employed contrastive learning with triplet loss. The basic idea is straightforward:
it is to place samples from the same stage closer together and push samples from
different stages farther apart.

We implemented a Siamese encoder network that accepts a 163-dimensional
pre-contrastive feature vector, consisting of 150 autoencoder-derived methylation
features and 13 encoded clinical features, and returns a 128-dimensional stage-
aware embedding. During training, we input three samples at a time into the
encoder: an anchor, a positive from the same stage, and a negative from a different
stage. Triplet loss pushes the anchor to be closer to the positive relative to the

negative by a fixed margin, helping the network learn stage-aware representations.

3.4 DriftNet Stage Classification Model

DriftNet is a dual-branch neural network that combines the learned contrastive
embedding with clinical features for final Stage I/II/III prediction. The first branch
receives the 128-dimensional stage-aware contrastive embedding. A small Gaussian
noise layer is applied to improve robustness, followed by a dense layer with 64
neurons, ReLU activation, L2 regularisation, and dropout.

The second branch receives the 13 encoded clinical features. This branch uses a
dense layer with 32 neurons, ReLU activation, L2 regularisation, and dropout. The
outputs of the embedding branch and the clinical branch are then concatenated and
passed into a fusion layer with 64 neurons, ReLU activation, L2 regularisation, and
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Algorithm 1 Triplet-Based Contrastive Feature Learning (DriftNet-Emb)
Input:
Pre-contrastive feature matrix X € RN*193 where X = [Z, C]
Autoencoder methylation latent matrix Z € RN*150
Encoded clinical feature matrix C € RN*13
Stage labels y € {Stage I, Stage II, Stage III}
Number of triplets T; margin «

1: Standardise X using the scaler fitted for the contrastive-learning stage
2: Initialise encoder fg : R16% — R128

3: Generate triplet set 7 = { (x4, Xp, xn) }thl using labels y

4: repeat

5: Shuffle 7 and form mini-batches
6: for each batch B do
8: Normalise e, ep, ey using L normalisation
1
9: L« B Y. max(0, |les — epl|* — [lea — enl|* + )
(%a,%p,xn)EB
10: Update 6 with Adam to minimise L

11: end for
12: until validation loss stops improving
13: Compute E; < fyo(X;) foralli=1,...,N
Output:
Trained encoder fy; stage-aware embedding matrix E € RN*128

dropout. Finally, a dense softmax layer with three outputs predicts the probabilities
for Stage I, Stage II, and Stage IIL

The model was trained using sparse categorical cross-entropy. To reduce the
effect of class imbalance, class weights were computed from the training set and
then boosted for Stage II and Stage III, with the strongest boost applied to Stage III.
This was done because Stage Il had fewer samples and was clinically important to
detect.

3.5 Baseline and Paper-Based Validation Models

To evaluate DriftNet fairly, we compared it with both classical machine-learning

baselines and paper-inspired deep-learning baselines. The classical baselines were
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logistic regression, random forest, gradient boosting, and k-nearest neighbours.
These models were trained using the 150 autoencoder-derived methylation features
and 13 clinical features before contrastive learning.

Four paper-inspired deep-learning baselines were also implemented. First,
the Nair-style multimodal neural network used two branches: one branch for
methylation features and another branch for clinical features. The two branches
were then joined for final stage prediction. Second, the DBN-ELM-BP-inspired
baseline used stacked dense layers to simulate deep feature extraction, followed by
an ELM-like hidden layer and backpropagation-based training. Third, the CMLV-
AE + ANN baseline used an autoencoder to learn compact latent features and then
used an ANN classifier for Stage I/II/III prediction. Fourth, the OmiVAE-style
classifier used a VAE-like representation learning structure with a classification
head.

These baselines were trained on the 163-dimensional pre-contrastive feature
vector, while DriftNet used the learned 128-dimensional contrastive embedding to-
gether with the scaled clinical features. This design was chosen because contrastive
learning is the main contribution of DriftNet. If the baselines used DriftNet’s

contrastive embeddings, the comparison would not be fully independent.
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Algorithm 2 DriftNet Pan-Cancer Stage Classification Model

Input:

e Contrastive embeddings E € RN*128
e Clinical features C € RN*13

* Stage labels y and train/validation/test split

: Split E, C, and y into training, validation, and test sets
: Standardise clinical features using the training set statistics

3: Build embedding branch on E with Gaussian noise, dense layer, L2 regularisa-

10:
11:
12:
13:
14:
15:
16:
17:

18:
19:
20:

tion, and dropout
Build clinical branch on C with dense layer, L2 regularisation, and dropout
Concatenate both branch outputs
Add fusion dense layer with L2 regularisation and dropout
Add 3-way softmax output layer for Stage I, Stage II, and Stage III
Compute class weights from Yirain
Apply additional weight boosts for Stage II and Stage III
Define sparse categorical cross-entropy loss with class weights
Initialise Adam optimiser
repeat
Sample mini-batch (E;, Cp, y;,) from the training set
Pv < 8¢(Ep, Cp)
L < CrossEntropy(py, yp) with class weights
Update ¢ with Adam to minimise L
Evaluate validation accuracy and update early stopping / learning-rate
scheduler
until validation accuracy does not improve
Select the validation-best parameters ¢*
Evaluate g+ on the held-out test set

Output:

* Trained DriftNet g4+ (E, C) for Stage I/1I/1II prediction
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Chapter 4

Experiments and Result Analysis

This section describes how DriftNet was evaluated and summarises the resulting
performance. First, we describe the TCGA cohorts used in the study and the
procedures applied to clean, merge, and filter the methylation and clinical data to
obtain a reliable Stage I-III dataset. We then detail the training, validation, and
test splits, along with the standard settings that were used to ensure that other
researchers can repeat the work. Finally, it walks through the main results step by
step: how the autoencoder compresses methylation data, how contrastive learning
helps in separating stages, how well DriftNet predicts stage compared with baseline
models, and the stability and interpretability of these results across many runs.

4.1 Dataset and Pre-processing

The present study uses patient data from The Cancer Genome Atlas. For every
patient in TCGA, there are two types of information:

¢ DNA methylation measurements (many CpG sites)
* Basic clinical data such as age, cancer type, and stage.

We combined all files so each row in the resulting table is one patient with both
methylation and clinical features. Several filtering steps were performed on the
data to maintain quality and ensure results can be reproduced with reliable ac-
curacy. Starting with 7,465 raw samples from TCGA methylation arrays, after

autoencoder-based methylation compression and initial quality checks, we retained
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Table 4.1: Final cohort distribution by diagnosis and stage.

Primary diagnosis Stage I Stage 11 Stage 111 Total Percent

Breast, NOS 84 295 132 511 38.05
Thyroid gland 208 30 71 309 23.01
Kidney, NOS 171 37 76 284 21.15
Upper lobe, lung 147 64 28 239 17.80
Total 610 426 307 1343 100.00

7,404 samples that had complete methylation profiles, removing 61 samples whose
CpG measurements were missing or incomplete.

Then, we filtered the data by clinical stage to include only Stage I, Stage II, and
Stage III cases, as these stages have the most relevance for treatment decisions.
After filtering, there were 2,624 samples with valid stage labels, while 4,780 samples
lacked stage information, were labelled as Stage 0 or Stage IV, or had ambiguous
staging annotations. Stage 0 (in situ) and Stage IV (metastatic) cases were intention-
ally excluded because they represent distinct biological states that require separate
analytical frameworks. Samples containing missing key clinical values or latent
methylation features were removed, leaving a clean set ready for modelling, shown
in Table 4.1. Only primary diagnosis categories with > 238 samples were retained,
yielding 4 diagnoses and 1,343 patients for analysis.

We imposed a minimum sample size threshold for each category of primary
diagnosis to ensure statistical stability and prevent overfitting from small sample
groups. Among 66 unique primary diagnosis categories in our dataset, we excluded
62 smaller primary diagnosis categories; thus, 1,281 samples were removed. This
filtering is an important step, as the cancer types with very small representation may
introduce noise and provide unreliable performance estimates, compromising the
generalizability of this model. The final analysis cohort consisted of 1,343 patients
across 4 well-represented primary diagnoses, ensuring that each diagnostic category
meaningfully contributes to the model training and evaluation. The four retained
primary diagnosis groups were Breast, NOS; Thyroid gland; Kidney, NOS; and
Upper lobe, lung. These groups were retained because each had enough samples to
support stable training and evaluation.

In addition, strings like “~”, “unknown”, and “not reported” were converted

to proper missing values. Columns that were mostly missing were removed. Of
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Table 4.2: Input features used for modelling

Feature group Number of features
Latent methylation features 150

Clinical features 13

Total per patient 163

the remaining clinical fields, 13 simple but important variables were retained; for
example, gender, age, primary diagnosis, tissue of origin, prior malignancy, prior
treatment, and vital status. Only those patients with no missing values in these 13
variables were retained, and the 150 latent methylation features were kept for the
experiments. (Table 4.2)

Categorical clinical variables were encoded as integers; numerical ones such as
age were kept as continuous values. All features were standardised (zero mean,

unit variance) before training.

4.2 Experimental Setting

For the supervised experiments, the 1,343 labelled patients were split into three
non-overlapping groups by stratified sampling, so stages I, II, and III remained

roughly the same across each group. The final allocation was as follows:
* 70% (940 patients) for training.
* 15% (201 patients) for validation and model tuning.
* 15% (202 patients) for independent testing.

The contrastive encoder was trained to learn stage-aware representations for
DriftNet. For fair evaluation, the classical machine-learning baselines and paper-
inspired deep-learning baselines were trained using the pre-contrastive feature
set, consisting of 150 autoencoder-derived methylation features and 13 clinical
teatures. DriftNet was the only model trained using the 128-dimensional supervised
contrastive stage-aware embeddings together with the 13 clinical features. All
models used the same train-validation-test split to ensure a fair comparison. This
design ensures that the baseline models do not receive the benefit of DriftNet’s

contrastive learning module.
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Training was performed using mini-batches, the Adam optimizer with a fixed
learning rate, and early stopping based on validation accuracy to prevent overfitting.
Every experiment was run several times with different random seeds, and the results
were presented by showing the distribution of test accuracies across the runs for
stability, not just the best single number.

4.3 Evaluation Metrics

This study uses simple and standard metrics to allow the readers to clearly assess
how well DriftNet and the baseline models perform for each stage of cancer. All
metrics were derived from the confusion matrix of the held-out test set and were
averaged across multiple runs to account for variability.

* Opverall accuracy: The proportion of test patients who receive the correct stage
label. Easy to understand and allows us to quickly compare models.

* Precision: For one stage (say Stage III), precision asks: “Among the patients
the model calls Stage III, how many are actually Stage III?” High precision
means few false alarms for that stage.

* Recall / Sensitivity (per stage): For a given stage, recall quantifies the pro-
portion of true cases correctly identified by the model. High recall means the
model does not miss many cases in that stage, which matters for both early
and late stages.

¢ Fl-score (by stage): This shows the harmonic mean of precision and recall for
each stage. It is only high if both precision and recall are good. Therefore,
balancing false positives and false negatives.

* Macro-average F1: It is the simple average of three stage-wise F1 scores. It
gives equal importance to all stages, irrespective of the number of samples in
each stage, and reflects how well a model performs across various stages in a

balanced manner.

¢ Cohen’s kappa: While similar to accuracy, this measures the amount by which
the model’s predictions agree with the true labels over and above agreement
that could occur by chance. Values closer to one mean strong agreement;
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values around 0.5-0.6 are usually seen as “moderate to good” in medical

work.

¢ Confusion matrix: A 3x3 table displaying, for each true stage, the number
of patients predicted as Stage I, II, or III. It helps identify common mistakes,
especially how often Stage II is mixed up with Stage III and how rarely Stage
I is mistaken for Stage III.

4.4 Analysis of Experimental Results

This section provides a description of what the experiments show about the quality
of our representations, how accurate DriftNet is, and how reliable the results are.
First, we investigate how the autoencoder compresses the very large methylation
matrix into a 150-dimensional space and how we choose this latent size. Then, we
will demonstrate that contrastive learning reshapes this space such that the overall
stage-aware structure becomes clearer, both visually and according to clustering
metrics. Next, we will present the main staging results for DriftNet, including
per-stage precision, recall, F1-scores, and overall accuracy, and check how stable
these numbers are across many random seeds and cross-validation folds. We
turther compare DriftNet with several strong baseline models, which were trained
on exactly the same features, in order to see how much benefit the proposed
architecture and contrastive embeddings bring. Finally, we analyze confusion
patterns and representative failure cases to understand where misclassifications
occur, why most confusion arises between adjacent stages, and how these insights

may guide future methodological improvements.

4.4.1 Autoencoder Compression and Latent Dimension Selection

Each sample in the raw methylation data contains approximately 450,000 CpG sites,
which is too large to directly feed into a regular classifier. To reduce dimensionality
while retaining important biological signal, we trained an autoencoder to compress
the CpG profiles into a smaller latent representation. The encoder maps the high-
dimensional methylation profile into a low-dimensional latent vector, while the

decoder reconstructs the original CpG values from this compressed code. The
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model was trained by minimising reconstruction error, which indicates how well
the latent space preserves the original methylation information.

Several latent sizes were evaluated: 100, 150, 200, 250, 300, 350, 400, 450, and
500. For each latent size, the average reconstruction loss was recorded. As shown
in Figure 4.1, the 150-dimensional latent representation provided the best balance
between compactness and reconstruction quality, and it was therefore used as the

standard methylation representation in later experiments.
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Figure 4.1: Autoencoder reconstruction loss across latent dimensions.

4.4.2 Contrastive Learning Improves Stage Separability

Although the 150-dimensional autoencoder features provide a compact represen-
tation of the methylation profiles, they do not produce clear separation between
Stage I, II, and III samples. In fact, as we project the autoencoder latent space into
a two-dimensional scatter plot with t-SNE, Stage II and III samples exhibit a high
degree of overlap, as shown in the Figure 4.2 left panel. Hence, the differences

between the two stages are hard for any classifier to distinguish.
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To improve separability, we employed supervised triplet-loss contrastive learn-
ing. The intuition is simple: train a neural network, the contrastive encoder, to re-
shape the 163-dimensional pre-contrastive feature space into a new 128-dimensional
stage-aware space where samples from the same stage are pulled closer and samples
from different stages are pushed apart. We generated triplets of samples: an anchor,
a positive and a negative. The loss function enforces that the anchor-positive dis-
tance is smaller than the anchor-negative distance by a fixed margin. We generated
20,000 triplets from 1,343 patient samples to ensure adequate representation of
all three stages and trained the Siamese encoder for up to 100 epochs with early
stopping based on validation loss.

After training, the encoder was used to obtain 128-dimensional contrastive
embeddings for all samples, and the quality of the representations obtained was
examined through several clustering metrics. Compared with the original pre-

contrastive feature space, the contrastive embeddings demonstrated:

¢ Silhouette score improved from -0.0185 in the original feature space to 0.1461
in the contrastive space, indicating better overall stage grouping.

e Davies—Bouldin index decreased from 5.5563 to 2.4061, where lower values

indicate more compact and better separated clusters.

* Calinski-Harabasz score increased from 68.4 to 281.9, showing that the con-
trastive embeddings improved cluster separation.

¢ LDA classification score across all three stages improved from 0.6739 to 0.7453,

indicating better overall class discrimination after contrastive learning.

* Stage I-II centroid cosine similarity decreased from 0.9965 to 0.7996, showing
better separation between these two stages. However, Stage I-III similarity in-
creased from 0.0514 to 0.7281, and Stage II-1III similarity increased from 0.0328
to 0.3684. Therefore, the centroid similarity results are mixed. The strongest
evidence for improved representation quality comes from the Silhouette Score,

Davies—Bouldin Index, Calinski-Harabasz Score, and LDA score.

Overall, the contrastive learning stage improved the global structure of the feature
space, as shown by better Silhouette, Davies-Bouldin, Calinski-Harabasz, and LDA

scores. However, the cosine-similarity results show that adjacent cancer stages
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still remain difficult to separate perfectly, especially Stage II and Stage III. This is
consistent with the final classification and error-analysis results.

As illustrated in Figure 4.2, the t-SNE projection of the original 150-dimensional
autoencoder features shows substantial overlap among the stages, especially around
Stage II and Stage III. After applying contrastive learning, the 128-dimensional em-
beddings show clearer stage-wise structure and improved global cluster separation.
However, Stage II and Stage III still remain difficult to separate completely, which
is consistent with the classification and error-analysis results.
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Figure 4.2: A side-by-side t-SNE plot.

4.4.3 DriftNet Stage Classification Performance

DriftNet is a dual-branch neural network that uses the 128-dimensional contrastive
stage-aware embedding and 13 clinical features to predict cancer stage. The embed-
ding branch applies Gaussian noise, a dense layer with 64 neurons, L2 regularisation,
and dropout. The clinical branch processes the 13 clinical variables using a dense
layer with 32 neurons, L2 regularisation, and dropout. The outputs of both branches
are concatenated and passed through a fusion layer with 64 neurons before the final
softmax layer predicts Stage I, Stage II, or Stage III.

The model was trained using the Adam optimiser and sparse categorical cross-
entropy. Class weights were computed from the training set and then boosted for
Stage II and Stage III, with the strongest boost applied to Stage III. Early stopping

monitored validation accuracy, and the best model was selected based on validation
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Table 4.3: DriftNet performance on the held-out test set.

Stage Precision Recall F1-Score Accuracy
Stage I 0.8539 0.8261 0.8398 82.61% (76/92)
Stage II 0.6600 0.5156 0.5789 51.56% (33/64)
Stage 111 0.4444 0.6087 0.5138 60.87% (28/46)
Macro Avg 0.6528 0.6501 0.6442

Weighted Avg 0.6992 0.6782 0.6829 67.82%
Overall Accuracy 67.82%

performance. The final fixed split used 940 training samples, 201 validation samples,

and 202 held-out test samples. The main performance metrics are presented in
Table 4.3.

Confusion Matrix

e
DriftNet Performance

Best Test Accuracy: 67.82%

Average Test Accuracy: 66.46%

Cohen's Kappa: 0.5049
Stage I Recall: 82.61%

Stage II Recall: 51.56%

Stage III Recall: 60.87%

True
|

Per-Stage Recall
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Figure 4.3: DriftNet Performance Dashboard.
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(Figure 4.3) provides a comprehensive view of DriftNet model results on the test
set. This dashboard presents the confusion matrix, a summary of important metrics
including accuracy, kappa and recall at each stage, a bar plot of recall at every stage,
and a line plot presenting test accuracy over 20 runs with random seeds. This
tigure illustrates both the high performance and the stability of the model across
various test scenarios. Together, these results show that DriftNet achieved stable
performance across repeated seed runs and provides useful stage-wise prediction

behaviour on the held-out test set.
DriftNet Best Model Performance Analysis

ROC Curves on Validation Set Model Accuracy Learning Curve

True Positive Rate

Stage | (AUC = 0.81)
—— Stage Il (AUC = 0.81)

—— Stage Il (AUC = 0.67) —— Train Accuracy

-=- Random Guess Validation Accuracy

04 06 20
False Positive Rate Epoch

Figure 4.4: ROC curves and learning curve of the best DriftNet model.

Figure 4.4 shows the ROC curves for the three stages and the training-validation
accuracy curve for the best DriftNet model. Stage I and Stage II achieved AUC
values of 0.81, while Stage III achieved a lower AUC of 0.67. This indicates that
Stage III remained harder to distinguish from the other stages. The learning curve
shows that training accuracy increased and stayed above validation accuracy, while
validation accuracy remained around 0.60-0.63. This suggests that the model
learned useful patterns, but the gap between training and validation performance

also indicates some remaining generalisation difficulty.

4.4.4 Cross-Validation Analysis

We conducted a 5-fold stratified cross-validation on the entire group of 1,343 sam-
ples. In each fold, 80% of the data was used for training and 20% for testing, with
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Table 4.4: Five-fold stratified cross-validation results.

Stage Precision Recall F1-Score Accuracy

Stage I 0.8435 0.7246 0.7795 72.46% (442/610)
Stage II 0.6950 0.5188 0.5941 51.88% (221/426)
Stage III 0.4371 0.7134 0.5421 71.34% (219/307)
Macro Avg 0.6585 0.6522 0.6386 -

Weighted Avg 0.7035 0.6567 0.6664 -

Overall Accuracy 65.67% £ 2.62%

splits kept to have similar stage ratios. A new DriftNet model was trained from
scratch for every fold. The five-fold stratified cross-validation results are presented
in Table 4.4.

Figure 4.5 provides a visual summary of the cross-validation performance:

¢ Left panel: A violin or box plot of accuracy across the 5 folds.
¢ Middle panel: An aggregated confusion matrix for all 5 folds.

* Right panel: A grouped bar chart of the per-stage recall for each fold and the

overall mean; this is to show stable per-class performance.

Together, these results demonstrate that DriftNet achieves stable performance across
repeated resampling of the data.

Aggregated Confusion Matrix
Mean Accuracy: 65.67% * 2.62% " Aggregated Per-Class Performance Accuracy Distribution Across Folds

True Stage
!
Accuracy (%)

All Folds

i
Predicted Stage

Figure 4.5: Five-fold cross-validation performance summary.

4.4.5 Comparison with Classical and Paper-Based Baseline Models

To assess the added value of DriftNet, we compared it with two groups of baseline
models. The first group consisted of classical machine-learning models, including
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Table 4.5: Final comparison of DriftNet with comparison models.

Rank Model Model Group Accuracy Kappa MacroF1 Weighted F1 Stage III F1
1 DriftNet Proposed 67.82%  0.5049  0.6442 0.6829 0.5138
2 CMLV-AE + ANN Paper-Based Deep  64.85%  0.4517  0.6040 0.6483 0.4045
3 Gradient Boosting Regular ML 65.84%  0.4564  0.5996 0.6467 0.3797
4 Logistic Regression Regular ML 62.87%  0.4200  0.5816 0.6282 0.3778
5  DBN-ELM-BP-inspired Paper-Based Deep  61.39%  0.4075  0.5810 0.6213 0.3958
6  Nair-style Multimodal NN Paper-Based Deep  62.38%  0.4100  0.5714 0.6182 0.3373
7 Random Forest Regular ML 63.37%  0.4032  0.5398 0.5979 0.2222
8  Omiautoencoder-style autoencoder Classifier Paper-Based Deep  61.39%  0.3585  0.4686 0.5447 0.0400
8 KNN Regular ML 60.40% 03521  0.5336 0.5805 0.3158

Logistic Regression, Random Forest, Gradient Boosting, and k-Nearest Neighbours.
The second group included paper-inspired deep-learning baselines: a Nair-style
Multimodal Neural Network, a DBN-ELM-BP-inspired model, a CMLV-AE + ANN
model, and an Omiautoencoder-style autoencoder classifier.

All baseline models were trained using the same pre-contrastive feature represen-
tation, which consisted of 150 autoencoder-derived methylation features combined
with 13 clinical features. DriftNet, in contrast, used the 128-dimensional supervised
contrastive stage-aware embeddings together with the same 13 clinical features.
This evaluation design ensures that the baseline models are not given access to the
proposed contrastive representation. Therefore, the comparison reflects whether
the contrastive learning stage and the dual-branch DriftNet architecture provide
additional predictive value beyond standard autoencoder-based features.

As shown in Table 4.5, DriftNet achieved the strongest overall performance
among all evaluated models. It obtained the highest test accuracy of 67.82%, the
highest Cohen’s kappa of 0.5049, the highest macro Fl-score of 0.6442, and the
highest Stage III F1-score of 0.5138. These results indicate that DriftNet performed
well not only in overall classification accuracy, but also in balanced stage-wise
performance.

Among the classical machine-learning baselines, Gradient Boosting achieved the
highest accuracy, with 65.84%. However, its Stage III F1-score was 0.3797, which was
considerably lower than DriftNet’s Stage III F1-score. Among the paper-inspired
deep-learning baselines, CMLV-AE + ANN achieved the best performance, with
64.85% accuracy and a Stage III F1-score of 0.4045. Although these baselines per-
formed competitively, neither matched DriftNet’s overall ranking or its performance
on the Stage III class.
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This comparison suggests that the supervised contrastive learning stage con-
tributes meaningfully to the final classification performance. While the baseline
models used the 150-dimensional autoencoder latent features directly, DriftNet first
transformed these features into a 128-dimensional stage-aware embedding before
classification. This additional representation-learning step appears to improve
the separation of cancer stages, particularly for Stage III, which remains the most

challenging class in this study.

4.4.6 Impact of Dimensionality Reduction: Comparing Full di-
mensional and Autoencoder-based Latent Space

One important question in this study is whether compressing methylation data
helps or harms prediction performance. The original methylation data contains
486,362 CpG measurements per patient, which is very high-dimensional compared
with the number of available patients. Training directly on such a large feature space
can increase computational cost and may also cause the model to learn noise instead
of useful biological patterns. For this reason, we used a autoencoder to reduce the
methylation profile into a compact 150-dimensional latent representation.

To examine the effect of this dimensionality reduction, we compared two feature
settings. The first setting used the original full-dimensional methylation features
together with 13 clinical features. The second setting used the 150 autoencoder-
derived methylation features together with the same 13 clinical features. This
comparison helps show whether the compressed autoencoder representation pro-
vides a more useful input space for stage classification.

Table 4.6 summarizes the results. The full-dimensional feature setting achieved
56.13% test accuracy, while the autoencoder-based representation achieved 67.82%
test accuracy. This shows an improvement of 11.69 percentage points after using
autoencoder-based dimensionality reduction. The difference was also visible in the
stage-wise recall values. The full-dimensional setting achieved 81.15% recall for
Stage I, 55.29% for Stage 11, and only 8.06% for Stage III. In contrast, the autoencoder-
based setting achieved 82.61% recall for Stage I, 51.56% for Stage II, and 60.87% for
Stage III. The most important improvement was observed for Stage III, where recall
increased from 8.06% to 60.87%.

These results indicate that the autoencoder representation provides a more
useful and stable feature space than the original full-dimensional CpG matrix.
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Table 4.6: Performance comparison of full-dimensional and autoencoder features.

Metric Full-dimensional Features autoencoder-based Features
Test Accuracy 56.13% 67.82%
Stage I Recall 0.8115 0.8261
Stage II Recall 0.5529 0.5156
Stage III Recall 0.0806 0.6087
Macro F1 0.4561 0.6442

Although Stage II recall was slightly lower in the autoencoder-based setting, the
large improvement in Stage III recall shows that the compressed representation
helped the model detect advanced-stage cases much better. This is important
because Stage III is one of the most difficult classes in this study.

The full-dimensional methylation space contains far more features than patient
samples, which makes the model highly vulnerable to overfitting. In contrast, the
150-dimensional autoencoder representation reduces noise and keeps the most
meaningful structure of the methylation profile. Therefore, autoencoder compres-
sion not only reduces computational cost and memory usage but also improves the
model’s ability to generalize to unseen patients.

4.4.7 Error Analysis and Misclassification Patterns

Error analysis helps us understand where DriftNet performs well and where it still
makes mistakes. Cancer stages are not always easy to separate because adjacent
stages can share similar biological patterns. In this study, Stage II and Stage III are
especially difficult because their molecular differences may be small, and important
clinical details such as tumour size, lymph-node involvement, and exact anatomical
spread may not be fully captured by methylation and basic clinical variables alone.

Table 4.7 shows the transposed confusion matrix for the final DriftNet model
on the held-out test set. Out of 92 Stage I patients, 76 were correctly classified. For
Stage II, 33 out of 64 patients were correctly classified. For Stage III, 28 out of 46
patients were correctly classified. The model achieved the highest recall for Stage I
at 82.61%, while Stage III recall was 60.87%. Stage II was the most difficult class,
with a recall of 51.56%.
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Table 4.7: DriftNet misclassification patterns on the test set.

Predicted Stage True Stage I True Stage II True Stage III
Pred. Stage 1 76 6 7

Pred. Stage 11 6 33 11

Pred. Stage III 10 25 28

% Correct 82.61% 51.56% 60.87%

The main source of error was confusion between neighbouring stages, especially
Stage II and Stage III. For example, 25 Stage II cases were predicted as Stage III, while
11 Stage III cases were predicted as Stage II. This pattern is expected because Stage 11
and Stage III often represent adjacent levels of disease progression. Their difference
may depend on clinical information that is not fully represented in the current
feature set, such as tumour size, lymph-node status, and detailed pathological
measurements.

DriftNet also made some wider-stage errors. Ten Stage I cases were predicted
as Stage III, and seven Stage III cases were predicted as Stage I. These errors
are important because they may represent larger differences in disease severity.
Therefore, DriftNet should not be interpreted as a replacement for clinical staging.
Instead, it should be considered a research model and a possible decision-support
tool that may assist clinicians only after further validation.

Overall, the error analysis shows that DriftNet performs best on Stage I and
achieves the strongest Stage III F1-score among the compared models. However,
Stage II remains the most difficult class. Future work should include additional
clinical variables, such as tumour size, lymph-node involvement, and metastasis-
related details, to improve separation between Stage II and Stage III. Another useful
direction is to add uncertainty estimation, so the model can flag low-confidence

cases for expert review instead of making overconfident predictions.
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Chapter 5

Design and Development

This chapter presents the design and development of the DriftNet system. The
purpose of the system is to provide a complete research prototype that can accept
one methylation file and a set of clinical features, process them through the trained
DriftNet pipeline, and return a predicted cancer stage. The system was developed
as a web-based platform so that the trained model can be used in a clear, organized,
and user-friendly way.

The main design problem in this project is not only building a prediction model,
but also creating a practical system that can connect data input, preprocessing,
teature generation, classification, and result visualization in one complete workflow.
Since the model uses both DNA methylation information and clinical features, the
system must manage multiple input types while keeping the process simple for
the user. To solve this problem, DriftNet was developed using a modular design
that includes a frontend user interface, a backend processing layer, and the trained

machine-learning inference pipeline.

5.1 Design Overview

The overall design of DriftNet follows a modular architecture. The frontend is
responsible for user interaction, the backend handles validation and communication,
and the machine-learning subsystem performs feature transformation and final
prediction. This separation was used because it makes the system easier to organize,
test, debug, and extend in the future.

The web platform begins with a homepage section that introduces the system
and explains its purpose. Figure 5.1 shows the top section of the webpage. This part
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presents the project title, a short description of the system, and the key technical
highlights of the model, including the number of CpG probes, latent feature size,
contrastive embedding size, and number of clinical features.

DriftNet Backend connected  AP| Docs

DriftNet

A Contrastive Learning for Pan Cancer Stage Classification

Upload one methylation profile and enter clinical features
to receive a Stage |, I, or lll prediction — powered by
contrastive learning and a dual-branch neural classifier.

550K CpG Probes 150 Latent Features 128-dim Contrastive Embedding 13 Clinical Features

Figure 5.1: DriftNet homepage interface.

This homepage design helps users quickly understand what the system does
before interacting with it. It also acts as the first communication layer between the
technical model and the end user.

5.2 Web Interface Design

The DriftNet web interface was designed to guide the user step by step. Instead of
exposing the model internals directly, the system presents the workflow in a clear
sequence. This improves usability and reduces confusion.

5.2.1 Inference Workflow View

Figure 5.2 shows the four-step inference pipeline presented on the webpage. This
design explains the complete flow of the system in a visual way. The four stages are:
upload methylation file, enter clinical features, generate embeddings, and predict

cancer stage.
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DriftNet o Backend connected APl Docs
HOW IT WORKS

Four-Step Inference Pipeline

& & e

Upload Methylation File Enter Clinical Features Generate Embeddings Predict Cancer Stage

A sesame 13 patient and diagnosis features are
d using fitted label encoders fror

ng dataset.

Figure 5.2: Four-step DriftNet inference workflow.

This workflow section is important because it increases transparency. Users can
see that the result is not produced in one hidden step. Instead, the system processes
the input through a structured pipeline that matches the actual inference logic of

the trained model.

5.2.2 Main Prediction Page Layout

Figure 5.3 shows the main web view where the actual prediction process takes place.
This page contains the upload panel, the clinical feature form, and the prediction
controls. It serves as the central working area of the platform.
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DriftNet Backend connected  API Docs
RUN A PREDICTION

Upload & Classify

Provide a methylation file and complete the clinical form, then click Predict.

Methylation File & Clinical Features ona 8

Tab-separated .txt — no header required All 13 fields are required

GENDER VITAL STATUS
Select... v Select... v
Drag & drop your file here
click to browse RACE ETHNICITY
Lt Select... v Select... v
SAMPLE TYPE TISSUE TYPE
Expected file format Select... v Select... v

DISEASE TYPE

Select... v
PRIMARY DIAGNOSIS TISSUE / GRGAN OF ORIGIN

Select.. v Select.. v
MORPHOLOGY CODE (ICD-0} AGE AT DIAGNOSIS

A Predict Cancer Stage

Figure 5.3: Main DriftNet prediction interface.

This layout was selected to keep all required interaction in one place. The left
side is used for file upload, while the right side is used for clinical information. The

prediction controls are placed below so that the full process remains easy to follow.

5.3 Major Subsystems in the Design

The complete system contains three major subsystems: the frontend interface sub-
system, the backend processing subsystem, and the machine-learning inference
subsystem.

5.3.1 Frontend Interface Subsystem

The frontend is the visible part of the system. Its purpose is to allow the user to
interact with DriftNet without requiring knowledge of the internal model imple-
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mentation. It includes the homepage, workflow explanation, input forms, upload
areas, buttons, and the result display panel.

The frontend design focuses on clarity and simplicity. Important input fields
are grouped into meaningful sections, such as patient demographics, sample in-
formation, disease classification, and diagnosis details. Many of the fields are
implemented as dropdown menus to reduce typing mistakes and improve consis-

tency.

5.3.2 Backend Processing Subsystem

The backend connects the user interface with the trained model. Its main role
is to receive the methylation file and clinical values, validate the input, apply
preprocessing, load the trained encoders and classifiers, run inference, and return
the final prediction result to the frontend.

The backend also ensures that the same preprocessing steps used during training
are reused during deployment. This is important because differences between
training-time preprocessing and deployment-time preprocessing can reduce the

reliability of predictions.

5.3.3 Machine-Learning Inference Subsystem

The machine-learning subsystem is the main analytical core of the system. It is
responsible for transforming the raw inputs into the final cancer stage prediction.
The inference pipeline includes three major operations:

* autoencoder-based methylation compression,
* contrastive embedding generation,

e final DriftNet stage classification.

First, the methylation file is converted into a numeric CpG beta-value vector.
Then, the trained autoencoder encoder compresses this high-dimensional methy-
lation input into a 150-dimensional latent representation. After that, the latent
methylation features are combined with the encoded clinical variables to form the
pre-contrastive feature vector. This vector is passed through the trained contrastive
encoder to obtain a 128-dimensional stage-aware embedding. Finally, the DriftNet
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classifier uses the embedding together with the clinical branch to predict Stage I,
Stage II, or Stage III.

5.4 Input Design

The input part of the system must collect two types of data: a methylation file and
13 clinical features. Figure 5.4 shows the system after a methylation file has been

uploaded and the clinical form has been completed.

DriftNet  Backend connected APl Docs
GENDER VIIAL SIAIUS
@ female 23 Dead v
RACE ETHNICITY
sample4826.txt white v not hispanic or latino v
12.6 MB
SAMPLE TYPE TISSUE TYPE
Primary Tumor v Tumor v
Expected file format
cg000Ea29 0.125476
<g00000108 0.967176 DISEASE TYPE
cgd0rEBse7 NA
Adenomas and Adenocarcinomas v
PRIMARY DIAGNOSIS TISSUE / ORGAN OF ORIGIN
Papillary adenocarcinoma, NOS v Thyroid gland v
MORPHOLOGY CODE (ICD-0) AGE AT DIAGNOSIS
8260/3 v 31934

A Predict Cancer Stage O Clear form

Figure 5.4: DriftNet input interface after data entry.

The left part of the page contains the methylation upload area. The system
accepts a tab-separated text file containing CpG probe IDs and beta values. The
interface also shows an example format so that users know how the file should be
structured.

The right side contains the clinical feature form. This form includes the required
tields used in the trained model, such as gender, vital status, race, ethnicity, sample
type, tissue type, disease type, primary diagnosis, tissue or organ of origin, mor-
phology code, age at diagnosis, prior treatment, and prior malignancy. The form

40



also includes a completion indicator so the user can confirm whether all required
inputs are filled.
This input design reduces user error by keeping the format structured and by

separating methylation input from clinical data input.

5.5 Output Design

After the user submits the required inputs, the backend runs the complete inference
pipeline and returns the result. Figure 5.5 shows the output view of the system.

DriftNet ® Backend connected  API Docs

A& Predict Cancer Stage O Clear form

DRIFTNET PREDICTION

Y Stagelll

~ Stage Probabilities A Inference Details
Stage Il 89%  (¢pG Probes Detected 486,427

Stage Il Latent Shape [1, 15€]

stage | Embedding Shape [1, 128]

-
Confidence Leve high

Raw Confidence ©.8873

O New Prediction

Figure 5.5: DriftNet prediction output interface.

The output panel is designed to present the result in a simple but informative
way. The predicted stage is displayed clearly at the top. A confidence indicator is
shown beside it so that the user can easily understand whether the prediction is
strong or uncertain. Below that, the probability distribution across Stage I, Stage II,
and Stage Il is visualized using horizontal bars. This is useful because it shows not
only the final class, but also how strongly the model favors each class.

The interface also presents several inference details, including the number of
detected CpG probes, the latent feature shape, the embedding shape, and the raw
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confidence value. These details improve transparency and help confirm that the file

passed through the expected inference process.

5.6 Engineering Analysis and Design Decisions

The design of DriftNet was guided by several engineering considerations to ensure

that the system works reliably as a research prototype.

5.6.1 Input Validation

The system requires one methylation file and all 13 clinical features. Therefore,
validation is necessary before prediction begins. If the input is incomplete, the
system should not continue. This reduces invalid inference requests and helps

maintain reliable operation.

5.6.2 Feature Dimension Control

The trained pipeline depends on fixed input and output dimensions. The autoen-
coder must generate a 150-dimensional latent vector, and the contrastive model
must generate a 128-dimensional embedding. If these shapes are not maintained,
the final classifier will not work correctly. For this reason, feature dimension consis-
tency is one of the core engineering requirements of the design.

5.6.3 Pipeline Consistency

A major design requirement is that the deployment pipeline must follow the same
logic as the training pipeline. The same trained models, encoders, label mappings,
and preprocessing rules are reused during inference. This ensures that the system
behaves consistently with the way the model was originally trained and evaluated.

5.6.4 Usability and Error Reduction

Several interface design choices were made to reduce user mistakes:
* example file format is shown for the methylation input,

¢ uploaded file status is clearly displayed,
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* many clinical fields are dropdown-based,

related clinical variables are grouped into logical sections,

a completion counter is displayed for the clinical form,
¢ the output is presented using both text and visual probability bars.

These design choices improve the usability of the system and make the process
easier to follow.

5.7 Discussion of the Developed Design

The final design successfully solves the main system problem by connecting a com-
plex machine-learning inference pipeline with a practical web-based user interface.
The five figures presented in this chapter show the complete design flow of the
platform: introduction, workflow explanation, main working page, input collection,
and result presentation.

The homepage introduces the platform clearly. The workflow section explains
the prediction logic. The main page provides the working interface. The input view
shows how the system accepts the necessary user data, and the output view shows
how the prediction result is reported back in an understandable form.

Together, these parts create a complete and organized research system that is
understandable to users and faithful to the trained DriftNet pipeline.

5.8 Development Outcome

The final developed product is a functional web-based research prototype for pan-
cancer stage prediction. It accepts a methylation file and clinical features, processes
them through the trained DriftNet inference pipeline, and returns a predicted cancer
stage together with supporting probability and confidence information.

Overall, the design demonstrates how a trained deep-learning model can be
converted into a usable system. The platform is modular, readable, extendable, and
suitable for research demonstration. However, it should still be treated as a research
and decision-support prototype, not as a replacement for expert clinical judgement
or a fully validated clinical tool.
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Chapter 6

Plans and Deliverables

6.1 Timeline

This project is planned over a 12-month period, covering data preparation, model
development, experimentation, and evaluation. The final months are allocated for

result analysis, report writing, and thesis submission.

|
GANTT CHART TIMELINE ® Supervisor meeting

Evary Monday and Thursday
(June 2025- May 2026) {(Exceptexam and holidays)
TASKS JUNE JULY AUG SEP OCT NOV DEC JAN FEBE MAR APR MAY
Topic Selection & Initial
Planning -

Lierature Review 1 7 | [ ]|

Capstone A Report Writing _
and Submission

Data Preprocessing -
Model Selection & Classical _
ML Application

Methodology Finalization

Deep Learning (DriftNet) -
Implementation
Capstone B Report Writing -
and Submission
Model Evaluation, Analysis & _
Cross Validation
Design & Deployment -
Final Report Writing -

Capstone Final Report
Submission I

SEEEES  SENNESY FENRAENS SEENENE FENEE S SEREES ssee

Figure 6.1: Project timeline for the 12-month DriftNet research study
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6.2 Budget Planning

This project will run for 12 months and mainly uses computer-based work. The

data used in this research are already available online for free, and all software tools

are open source. However, some budget is still needed to support GPU computing,

internet usage, cloud storage, and printing the final report.

Cloud GPU services are needed to train deep-learning models and to run exper-

iments many times. Internet access is required to download large datasets and use

online platforms. Cloud storage helps keep data, trained models, and results safely

backed up. A small amount of money is also needed for printing and binding the

project report. Overall, the budget is kept low and realistic, suitable for a student

research project.

Table 6.1: Estimated budget planning for the 12-month DriftNet research project

Budget Item Description Estimated Cost
(BDT)

Computing & GPU Re- | Cloud-based GPU usage for deep-| 24,000

sources learning model training and repeated
experiments

Software Tools Open-source tools (Python, TensorFlow, | 0
PyTorch, Scikit-learn)

Dataset Acquisition TCGA methylation and clinical data (pub- | 0
licly available)

Internet Usage Research-related internet usage for data | 12,000
download and cloud access

Cloud  Storage & | Online storage for datasets, trained mod- | 6,000

Backup els, and experiment results

Documentation & Print- | Printing, binding, and submission of re- | 3,000

ing ports

Total Estimated Budget 45,000
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Chapter 7

Conclusion

Accurate cancer staging is important for treatment planning, but it remains chal-
lenging because cancer progression is complex and can vary across tumour types.
This study investigated whether artificial intelligence can support pan-cancer Stage
I/11/1I prediction using DNA methylation-derived features and basic clinical infor-
mation. Using 1,343 TCGA patients across four retained primary diagnosis groups,
DriftNet achieved the best overall performance among all evaluated models. The
tinal held-out test accuracy was 67.82%, with Cohen’s kappa of 0.5049, macro
Fl-score of 0.6442, and weighted F1-score of 0.6829.

DriftNet combines three main components: autoencoder-based methylation com-
pression, supervised triplet-loss contrastive learning, and a dual-branch neural net-
work for final stage classification. The autoencoder reduced the high-dimensional
methylation profile into 150 latent features. The contrastive learning stage then
transformed the pre-contrastive feature representation into a 128-dimensional stage-
aware embedding. This embedding was combined with 13 clinical features to
predict Stage I, Stage II, or Stage III.

A key finding of this study is that representation learning is valuable for high-
dimensional biological data. Using the original full-dimensional methylation fea-
tures achieved 56.13% accuracy, while the autoencoder-based representation with
the DriftNet pipeline achieved 67.82% accuracy. This improvement shows that
compact feature learning can reduce noise and support better generalisation when
the number of patient samples is much smaller than the number of CpG features.

The final evaluation also showed that DriftNet performed better than both
classical machine-learning baselines and paper-inspired deep-learning baselines.

DriftNet ranked first overall, achieving the highest accuracy, Cohen’s kappa, macro
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F1-score, weighted F1-score, and Stage III F1-score. The strongest classical baseline,
Gradient Boosting, achieved 65.84% accuracy, while the strongest paper-inspired
deep baseline, CMLV-AE + ANN, achieved 64.85% accuracy. DriftNet also achieved
the highest Stage III F1-score of 0.5138, showing better recognition of the difficult
advanced-stage class compared with the baseline models.

The model’s stability was evaluated through repeated random-seed experiments
and strict cross-validation. Across 20 random-seed runs, DriftNet achieved a mean
test accuracy of 66.46% with a standard deviation of 0.87%. In strict 5-fold cross-
validation, it achieved 65.67% =+ 2.62% accuracy. These results suggest that the
model did not depend only on one favourable split and maintained reasonably
stable performance across different evaluation settings.

However, this study also has limitations. Stage II remained the most difficult
class, and many errors occurred between Stage II and Stage III. This is expected
because adjacent cancer stages may share similar methylation patterns and may also
require additional clinical information, such as tumour size, lymph-node involve-
ment, and detailed pathological measurements. The model was also evaluated only
on TCGA data, so external validation on independent cohorts is required before
any clinical application.

Future work should include additional clinical and molecular data types, such
as gene expression, copy-number variation, tumour size, lymph-node status, and
survival-related variables. Future versions of DriftNet may also benefit from ordinal
loss functions because cancer stages follow a natural order. Another useful direction
is uncertainty estimation, which would allow the model to flag low-confidence
cases for expert review. Although this study used tissue-based methylation data,
the same general idea may later be adapted to liquid biopsy data as the technology
improves.

Overall, DriftNet provides a reproducible research framework for pan-cancer
Stage I/II/1II prediction using autoencoder-derived methylation features, con-
trastive learning, and clinical variables. While it is not ready to replace clinical
staging, it shows that stage-aware representation learning can improve cancer stage
prediction and can serve as a useful foundation for future decision-support research.
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7.1 Social, Legal, Ethical, and Environmental Issues

This research is based entirely on retrospective, de-identified data from The Cancer
Genome Atlas (TCGA), which follows established ethical guidelines for patient
consent and data usage. Since there was no direct patient interaction or intervention,
the study carries lower direct clinical risk. However, responsible use is still impor-
tant because Al-based staging predictions could influence medical interpretation if
used without proper validation.

From an ethical perspective, the use of artificial intelligence in cancer staging
raises important considerations related to transparency, reliability, and clinical
accountability. DriftNet is designed as a research decision-support prototype rather
than a replacement for clinicians. Its predictions should be interpreted together
with expert medical judgement, not used as independent clinical decisions. The
observed ambiguity between Stage II and Stage III also highlights the need for
uncertainty-aware deployment, where low-confidence or borderline predictions
can be reviewed more carefully by experts.

From a legal perspective, the system should not be used in real clinical work-
flows without external validation, institutional approval, and appropriate regu-
latory review. Any future deployment would need clear responsibility for how
predictions are interpreted and used. Data privacy is also important, especially if
future versions use hospital or patient-specific data. Secure data handling, access
control, and proper anonymisation would be required.

No major environmental concern arises directly from this study because it
relies on computational analysis of existing digital datasets and does not involve
laboratory experiments, chemical usage, or physical biological samples. However,
deep-learning experiments still require computing resources, so future work should
consider efficient training, model reuse, and responsible use of computational

infrastructure.

7.2 Expected Final Product

The expected final product of this project is a complete deep-learning research
system named DriftNet. The system is designed to predict cancer stage using
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autoencoder-derived DNA methylation features together with basic clinical infor-
mation. It works as a pan-cancer model, meaning one unified model is used across
the retained cancer diagnosis groups instead of building a separate model for each
cancer type.

In addition to the trained model, a web-based application will be developed to
demonstrate the practical use of the system. Through this interface, users will be
able to provide the required patient features and receive a predicted cancer stage in
a simple and understandable format. The web application is intended mainly as a
prototype to show how the trained model can be accessed, tested, and interpreted
in a user-friendly way.

The final product will include the trained DriftNet model, the web application,
source code, and supporting documentation. These outputs will make the system
reproducible and extendable for future research. Overall, DriftNet is intended to
serve as a research tool and prototype decision-support system. It may support
future cancer-staging research, but it should not be used for real clinical decision-

making without external validation, expert review, and proper regulatory approval.
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