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Abstract

Pain assessment relies heavily on a patient describing how they feel. Because this is
highly subjective, there is a need of objective, biological way to measure pain using protein
biomarkers. A laboratory technique called 2D-GE can map out these proteins visually, but
having humans analyze these complex image maps is slow and inconsistent. To solve this,
this thesis evaluates how deep learning can automatically scan 2D-GE images of different
bodily fluids to find objective, physical evidence of pain.

To achieve this, the study systematically evaluated three distinct neural network architec-
tures: convolutional neural networks (CNNs), specifically ResNet18 and ResNet34, and a
vision transformer (ViT). The models were trained and validated on a proprietary dataset
of 2D-GE images derived from heterogeneous bodily fluids (saliva, cerebrospinal fluid
[CSF], and blood plasma). The methodology evaluated both global (mixed-fluid) and
fluid-specific classification tasks. Monte Carlo cross-validation across 50 iterations was em-
ployed to ensure evaluation, comparing metrics such as accuracy, balanced accuracy, and
Matthews Correlation Coefficient (MCC). Furthermore, the necessity of transfer learning
was tested against training from scratch. To confirm the significance of the observed perfor-
mance disparities, two-sided pairwise permutation tests (10,000 resamples) and Wilcoxon
signed-rank tests (a = 0.05) were executed. Finally, visual explainability algorithms spe-
cially, GradCAM++ for CNNs and attention heatmap for the ViT were utilized to interpret
the spatial reasoning behind the models’ predictions.

The study established that pain classification is feasible but fluid-dependent. Models
trained on heterogeneous global data struggled to surpass a random-chance baseline due
to confounding factor. However, for fluid-specific classification, saliva emerged as an sig-
nificant diagnostic medium, achieving a good predictive accuracy of 82.49% + 5.63%. Con-
versely, blood plasma proved unsuitable for this task, largely due to high variations in
sample quality and background noise.

Computationally, transfer learning was proven necessary; without pre-trained weights, the
deeper ResNet34 model suffered considerable performance degradation by performing at
50%. With transfer learning, the CNN architectures demonstrated a significant statisti-
cal superiority over the ViT. For the overall binary classification task, ResNet34 achieved
the highest overall accuracy of 65.2% + 5.8%. Whereas, ResNet18 achieved an accuracy of
62.5% + 4.4% and ViT achieved an accuracy of 59.4% + 5.2%. For the complex 6-class mul-
ticlass task, ResNet34 achieved 63.0% + 4.0% accuracy against a 16.67% baseline, again
establishing significant superiority over the ViT (p = 0.0002). Despite the predictive
shortcomings of the ViT, explainability analyses revealed a crucial trade-off: GradCAM++
showed that ResNet models relied on broad, diffuse regional patterns, while the ViT atten-
tion heatmaps acted as a more localized focus, successfully pinpointing discrete, individual
protein spots.

Ultimately, this research demonstrates that while deeper CNN (ResNet34) are the superior
diagnostic classifiers for evaluating complex 2D-GE images, the ViT provides the precise
higher localized focus required for downstream biological identification. This thesis lays
a foundation for the algorithmic pain-related protein biomarkers detection. Future efforts
must focus on mitigating data scarcity within the underrepresented fluid cohorts and ex-
ploring multimodal data fusion to further enhance diagnostic capabilities.
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Introduction

1.1 Background

Pain is clinically de ned as an unpleasant sensory and emotional experience associated with,
or resembling that associated with, actual or potential tissue damage [1]. Because this ex-
perience is fundamentally subjective and relies heavily on patient self-reporting, accurately
diagnosing and quantifying chronic pain remains a major clinical challenge. This highlights

a critical need to discover objective, quanti able pain-related protein biomarkers, which can
be investigated at the molecular level through advanced proteomic techniques.
Two-dimensional gel electrophoresis (2D-GE) is a foundational technique in proteomics used
to separate complex protein mixtures from biological samples like plasma, cells, or tissues. By
separating proteins based on two independent biochemical properties, 2D-GE outperforms
simpler one-dimensional methods and can resolve thousands of proteins simultaneously [2,
3].

The 2D-GE process involves several intricate steps. First, proteins are extracted and solubi-
lized using denaturing agents and detergents to disrupt interactions while maintaining their
inherent charge properties. The rst dimension of separation is Isoelectric Focusing (IEF),
where proteins migrate through a pH gradient in an electrical eld until they reach their iso-
electric point (pl), the exact pH at which they have no net electrical charge. The development
of immobilized pH gradients (IPGs) has signi cantly enhanced this step, allowing for stable,
reproducible separations even for very acidic or basic proteins. Following IEF, the gel strip is
equilibrated with sodium dodecyl sulfate (SDS) to coat the proteins with a uniform negative
charge. The second dimension is SDS-polyacrylamide gel electrophoresis (SDS-PAGE), which
separates these proteins orthogonally based on their molecular mass. Finally, the separated
proteins are visualized using uorescent dyes, silver staining, or organic dyes, resulting in a
complex 2D image map of intact proteins, isoforms, and post-translational modi cations [2,
3].

Traditionally, these highly dense 2D-GE images are analyzed using computer-assisted soft-
ware and mass spectrometry to detect differently expressed proteins across samples. How-
ever, extracting data from 2D-GE images is labor-intensive, subject to inter-operator variabil-
ity, and challenged by the extreme complexity of the data [4]. Furthermore, traditional ma-
chine learning approaches, such as logistic regression on radiomic features, remain tedious
and highly subjective due to their reliance on manual feature engineering. These rigidly
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handcrafted features often fail to capture the complex, non-linear biological patterns inher-
ent to 2D-GE uid matrices. In contrast, deep learning architectures such as CNNs and ViTs
offer an ef cient, end-to-end predictive pipeline. By autonomously extracting features di-
rectly from raw pixel data, deep learning eliminates human bias and dramatically accelerates
diagnostics, strongly justifying its use. While arti cial intelligence has seen rapid adoption
for interpreting one-dimensional protein electrophoresis curves and automating disease clas-
si cation, the application of these deep neural networks to whole 2D-GE images remains a
relatively new frontier [4, 5].

In this thesis, 2D-GE microscopy images containing samples from healthy subjects and pa-
tients experiencing pain is utilized. While previous researchers have used electrophoresis
images to automate the classi cation of diseases like multiple myeloma, kidney disorders,
and sepsis [6, 5], utilizing deep learning speci cally for pain detection in 2D-GE images rep-
resents a highly novel approach in the eld. Identifying pain-related patterns or biomarkers
directly from the spatial distribution of proteins on 2D-GE images provides a completely new
way to diagnose chronic pain.

Current clinical scales rely entirely on patient self-reporting which is dif cult for non-verbal

or cognitively impaired patients to report pain. Additionally, subjective assessment often
leads to both the under-treatment of real pain or the over-prescription of painkillers. This
thesis aims to use deep learning to discover pain-related protein biomarkers in 2D-GE im-
ages.

1.2 Related Work

The foundational mechanics and evolving technologies of 2D-GE have been extensively doc-
umented. Rabilloud and Lelong (2011) provide a comprehensive tutorial on the ve-step
process of 2D-GE, emphasizing its immense value in resolving complete proteins and its
easy interfacing with downstream mass spectrometry. They highlight the enduring utility
of 2D-GE in proteomics for comparative quantitative analysis, despite inherent limitations
regarding hydrophobic membrane proteins and expression dynamics [2]. Similarly, Gorg et
al. (2004) comprehensively review the advancements in 2D-GE technology, particularly the
shift from carrier ampholytes to immobilized pH gradients (IPG-Dalt), which resolved his-
toric reproducibility issues and expanded the resolvable pH ranges [3].

In the realm of Al applied to electrophoresis, recent literature demonstrates a strong shift
toward deep learning. Chabrun et al. (2021) successfully developed "SPECTR," an arti -
cial intelligence tool utilizing four independent deep learning models to perform expert-level
interpretation of 1-D Serum Protein Electrophoresis (SPE) curves. Their transparent expert
system successfully identi ed quantitative and qualitative abnormalities (like M-spikes) for
monoclonal gammopathy diagnosis, proving that high-throughput Al interpretation of elec-
trophoretic data can match human expert reliability [7]. Extending deep learning to 2D for-
mats, Tobing et al. (2018) introduced "EP-CapsNet," combining a Capsule Network with a
Google Inception module for the binary classi cation of electrophoresis images. They by-
passed traditional feature extraction by feeding entire slide images directly into the classi er.
Their proposed architecture demonstrated that deep learning outperforms standard machine
learning baselines (like SVM and Random Forest) in classifying abnormal versus normal elec-
trophoresis patterns [4].

To address the common limitation of small datasets in clinical proteomics, Hayashi et al.
(2021) pioneered an Al-aided diagnosis of sepsis using HP-2D-PAGE images. Recognizing
the dif culty of training DNNs on fewer than 100 patient images, they successfully applied

a transfer learning algorithm. By pre-training a source DNN on a dataset of 2D-GE images
generated with varying experimental protocols, and subsequently reusing all layers (includ-
ing the output layer) for the target sepsis dataset, they achieved an outstanding classi cation
accuracy of 98%. This proved that deep learning can detect biologically meaningful protein
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spots that are invisible to the human eye, even with restricted data sizes [5].

Furthermore, the necessity of explainability in automated clinical diagnostics was addressed
by Lee et al. (2022). They developed a DenseNET-121 deep learning algorithm to classify six
different diseases from protein electrophoresis (PEP) densitogram and gel images. Crucially,
they utilized Gradient-weighted Class Activation Mapping (Grad-CAM) to visually highlight

the speci c regions of the PEP images that in uenced the algorithm's predictions. This en-
abled researchers to infer the biological reasons for true and false positives, underscoring the
importance of explainability in biochemical Al [6].

While the aforementioned studies successfully applied deep learning to diseases such as sep-
sis and multiple myeloma, the application of such models to pain remains largely unexplored.
In the context of pain proteomics, Wahlén et al. (2017) conducted a pivotal study using
2D-GE to explore systemic alterations in plasma proteins of women experiencing Chronic
Widespread Pain (CWP) compared to healthy controls. Utilizing multivariate statistical mod-
els (OPLS-DA) and mass spectrometry, they identi ed 22 signi cantly altered proteins in pain
patients, heavily implicating the complement system, metabolic, and in ammatory processes
(e.g., elevated Vitamin D-binding protein and ceruloplasmin) [8].

Wahlén et al. work rmly establishes that visual, quanti able protein alterations exist in
the 2D-GE pro les of patients experiencing chronic pain. However, their reliance on man-
ual spot matching and traditional statistical data analysis highlights a signi cant gap in the
literature. To date, no published research has utilized deep learning architectures or Vision
Transformers to automatically map these complex 2D-GE visual landscapes directly to pain
detection. Therefore, developing a deep learning pipeline to classify pain and utilizing ex-
plainability methods to trace these classi cations back to speci ¢ protein regions represents
a highly novel, unprecedented contribution to both the elds of proteomics and biomedical
Al.

1.3 Aim

Pain assessment is currently limited by its reliance on subjective self-reporting, highlight-
ing a need for objective biological markers. To address this, this master's thesis investigates
whether deep learning models can identify pain-related protein patterns in 2D-GE images.
Speci cally, the project evaluates convolutional neural networks (CNNs) and vision trans-
formers (ViT) for both binary (pain vs. no pain) and multiclass classi cation tasks. By em-
ploying transfer learning and visual explainability methods such as Grad-CAM and attention
heatmaps, this study attempts to localize the speci ¢ protein spots driving the models' pre-
dictions. Ultimately, this research explores the feasibility of using arti cial intelligence to
assist in identifying potential pain biomarkers from proteomic data. The research questions
that will be addressed in this thesis are as follows:

« Can deep learning models accurately classify pain vs. no pain from 2D-GE images?
» Can pain be predicted in the speci ¢ body uids?

* What is the impact of transfer learning compared to training from scratch on the per-
formance on 2D gel electrophoresis images?

 Are performance differences between models statistically signi cant?

« What drives the predictions according to explainability maps?

1.4 Challenges and Limitations

Despite the promising potential of deep learning for biomedical image analysis, several chal-
lenges and limitations arise when applying such methods to 2D-GE images for pain classi-
cation. Firstly, deep learning architectures typically require massive datasets that is, often
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tens of thousands to millions of images to achieve feature extraction and avoid over tting. In
clinical proteomics, acquiring such large volumes of 2D-GE data is practically unfeasible due
to the time, skill, and resources required for the electrophoresis process. With a small dataset,
training complex models from scratch carries a high risk of poor generalization, necessitat-
ing advanced methodologies like transfer learning to compensate for the small target domain
data.

Another limitation is the inherent variability and noise present in gel electrophoresis images.
Variations in experimental conditions, gel preparation, staining procedures, and imaging
quality can introduce inconsistencies across samples. These variations may lead to differ-
ences in protein spot intensity, shape, and alignment, which can affect the learning process of
deep learning models.

Furthermore, clinical pain assessment begins with subjective patient reporting, the 2D-GE
process captures the objective biological reality of that pain. However, unlike conditions
with pronounced, singular biomarkers, the proteomic footprint of pain is highly complex,
subtle, and distributed, making it dif cult to detect and quantify using traditional analytical
methods.

Despite these challenges and limitations, this study aims to investigate whether deep learn-
ing models can still extract meaningful patterns from 2D-GE images and provide insights into
pain-related protein expression. The combination of multiple architectures, cross-validation,
statistical evaluation, and explainability techniques is intended to address these limitations
and challenges and provide an assessment of model performance.

1.5 Ethical Considerations

The integration of deep learning into clinical proteomics carries signi cant ethical responsibil-
ities, particularly when evaluating a sensitive and subjective condition of pain. Throughout
this study, several ethical guidelines were considered to ensure the responsible development
and application of these predictive models. First and foremost, all 2D-GE images were ob-
tained in strict accordance with the ethical standards. All 2D-GE images were anonymized
and de-identi ed before being subjected to computational analysis. A primary goal of this
thesis is to reduce human bias in subjective pain reporting, which often leads to under-
treating vulnerable patients. However, it is ensured that these Al models do not introduce
algorithmic biases. Because deep learning relies entirely on its training data, future clinical
use will require diverse datasets and continuous auditing to guarantee equitable performance
across all patient. Finally, it is important to clearly de ne the intended clinical role of these
deep learning models. The objective pain-related protein biomarkers identi ed by these deep
learning models are designed to act as an assistive diagnostic tool rather than a replacement
for patient-physician communication. This computational approach is intended to validate
and quantify physiological pain, ensuring equitable and precise pain management for all pa-
tients.

1.6 Use of Generative Atrti cial Intelligence

In the preparation of this thesis, generative arti cial intelligence tools, speci cally OpenAl's
ChatGPT and Google Gemini, were utilized to assist with the formatting, re nement, and
visual illustration of the work. The primary applications of these tools included language
editing to improve readability, grammatical correction, and the restructuring of complex sen-
tences to ensure academic clarity. Additionally, Al assistants were used as a supplemental
resource during the computational phases of this research strictly for code debugging (e.qg.,
resolving PyTorch tensor dimension mismatches and identifying CUDA device allocation er-
rors) and troubleshooting minor programmatic issues. These minor troubleshooting tasks
included rectifying Python syntax typos, updating deprecated library functions, and format-
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ting LaTeX and BibTeX structures. Furthermore, generative Al applications were employed to
construct the graphical schematics and architectural diagrams used within the model descrip-
tions to visually interpret the network con gurations. Itis explicitly stated that generative Al
was not used to conceptualize the core objectives of the thesis, generate or alter any exper-
imental data, perform the primary statistical analyses, or fabricate citations. All Al-assisted
text, code, and graphical assets were rigorously reviewed, edited, and validated by the au-
thor. The author assumes full and sole responsibility for the scienti ¢ integrity, originality,
and accuracy of the entire content presented in this thesis.



Theory

This chapter outlines the theoretical foundations underpinning the deep learning architec-

tures, evaluation metrics, statistical validation techniques, and explainability methods uti-

lized in this study. Establishing these core concepts is essential for understanding how the
models extract features from complex images, how their performance is quanti ed, and how

their predictions are interpreted.

2.1 Deep Learning Foundations

This study evaluates deep learning architectures to extract complex visual features from 2D-
GE microscopy images. To provide a comprehensive theoretical background, this section
rst introduces the fundamental concepts of arti cial and convolutional neural networks [9],
followed by the speci ¢ mechanisms of residual networks and the architectures utilized in
this research: ResNet18, ResNet34, and vision transformers (ViT).

2.1.1 Arti cial Neural Networks (ANNS)

Arti cial neural networks (ANNs) form the foundation of deep learning, drawing inspiration

from the biological neural networks of the human brain. An ANN is composed of intercon-
nected nodes, or "neurons," organized into discrete layers: an input layer, one or more hidden
layers, and an output layer.

Each connection between neurons has an associated weight (w) and a bias (b). The operation
of a single arti cial neuron can be modeled mathematically as a linear combination of its in-
puts followed by a non-linear activation function. Given an input vector x = [X 1, X2, ..., %],
the output y of a neuron is computed as [10]:

n
y=f = wx+b =f(w x+b)
i=1

where w is the weight vector, b is the bias term, and () is a non-linear activation function,
such as the recti ed linear unit (ReLU), de ned as f(z) = max(0,z). The introduction of
non-linearity allows ANNs to model complex, highly non-linear relationships within data.
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