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Abstract

Background: Accurate prediction of protein subcellular localization is critical for understanding
protein function and guiding experimental research. Recent advances in deep learning have
enabled high-throughput image-based methods to tackle this problem by leveraging large-scale
immunofluorescence microscopy datasets. The aim of this study is to comparatively evaluate
convolutional neural network (CNN) architectures and Transformer-based models for the multi-
label classification of protein subcellular localization in eukaryotic cells, using large-scale
immunofluorescence image datasets.

Methods: In this study, we comparatively evaluated convolutional neural network (CNN)
architectures (DenseNet121, Xception, and InceptionVV3) and transformer-based models (Vision
Transformer and Swin Transformer) for multi-label classification of protein localization in
eukaryotic cells. Using 12,565 immunofluorescence images from the Human Protein Atlas—
representing 15 subcellular compartments—we performed transfer learning by replacing the final
layers of pretrained ImageNet models to accommodate multi-label output. All models were trained
with iterative stratification to handle class imbalance and evaluated on held-out test images.

Results and discussion: Our findings indicate that CNN-based models, particularly DenseNet121
and Xception, achieve the highest overall accuracy and F1-scores, successfully recognizing both
abundant and underrepresented classes. In contrast, transformers demonstrated variable
performance. While the Swin Transformer surpassed the Vision Transformer, neither consistently
matched CNN performance—Ilikely reflecting the data requirements and hyperparameter
sensitivity of transformer architectures. Visualization techniques (Grad-CAM in CNNs and
attention maps in transformers) confirmed that well-performing models localize salient features to
biologically relevant regions, suggesting they learn meaningful morphological cues

Conclusion: These results underscore CNNs’ suitability for subcellular localization analysis with
moderate-scale datasets, while transformers may require more extensive tuning or larger training
sets to reach comparable accuracy. Our findings suggest that CNNSs, especially DenseNet121 and
Xception, exhibit superior performance over transformer models in predicting protein localization.
CNN-based models demonstrate higher accuracy and interpretability, positioning them as
preferred choices for advancing functional proteomics and computational drug discovery.

Keywords: Protein Subcellular Localization, Convolutional Neural Networks, Vision
Transformers, Deep Learning, Multi-Label Classification.
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Chapter One

1 Introduction

The subcellular localization of a protein refers to its specific position within a cell. This
information is critical in fields such as molecular cell biology, proteomics, and systems biology,
as it sheds light on the protein's function. The location of a protein is essential for its role
biologically because the different cellular compartments offer unique chemical environments,
potential interaction substrates or partners, necessary for diverse functions. Consequently,
understanding a protein's subcellular localization is a key step in deciphering its function (Wang
& Weli, 2022). Many cellular processes, such as the transportation of nucleocytosolic transcription
factors (Stewart, 2007), the localization of mitochondrial proteins during apoptosis (Mayor &
Pagano, 2007), and the uptake of endocytic cell-surface cargo receptors, depend on precise protein
localization (Garapati et al., 2020; Wang & Wei, 2022). Misplaced proteins can disrupt their
functionality, potentially leading to diseases such as cancers (Wang & Wei, 2022),
neurodegenerative disorders (Barmada et al., 2010; Ziff et al., 2023), and metabolic conditions
(Xiang et al., 2006; Lundberg et al., 2019). Thus, identifying protein subcellular locations can aid
in anticancer therapies (Lomenick et al., 2011 Therefore, determining the subcellular locations of
proteins can benefit anticancer treatment (Lomenick et al., 2011) and improve target identification
for drug discovery (Wang & Wei, 2022).

Moreover, protein localization provides insights into the cellular processes of hypothetical and
newly discovered proteins (Tahir et al., 2014). For example, drug molecules can more easily access
plasma membrane proteins and secreted proteins due to their surface location (Tscherepanow et
al., 2008). Subcellular localization also plays a role in the early diagnosis of diseases, as abnormal
localization is often observed in conditions like Alzheimer's and cancer. Additionally, accurately
identifying protein localization helps determine the functional environment of proteins (Chen et
al., 2006). In summary, precise knowledge of protein localization is crucial for drug identification
and efficacy (Tahir et al., 2014)..

Several experimental techniques are available for analyzing protein localization. Quantitative mass

spectrometry enables the identification of proteins across different fractions (Jakobsen et al., 2011;
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Christoforou et al., 2016; Itzhak et al., 2016; Orre et al., 2019). Temporal and spatially resolved
proteomic maps can be obtained in living cells using targetable peroxidase (Rhee et al., 2013;
Hung et al., 2014; Lee et al., 2016). In addition, methods such as immunofluorescence and high-
resolution confocal microscopy have facilitated the visual estimation of protein localization within
individual cells (Chong et al., 2015; Barbe et al., 2008; Stadler et al., 2010; Thul et al., 2017; Burns
et al., 2017). These experimental methods yield high-resolution location of targeted proteins for
researchers, enabling direct observation to uncover biological processes and metabolic

mechanisms (Xiao et al., 2024).

However, these wet lab experimental methods also have several significant drawbacks: they often
require expensive equipment and time-consuming steps, making them costly for large-scale studies
(Xiao et al., 2024). These problems are exacerbated because newly discovered proteins are

increasing exponentially in the post-genomic era.

To address these issues, computational methods and machine learning (ML) techniques have
become essential for predicting protein subcellular localization. Researchers have developed
numerous bioinformatics-based prediction systems integrated with ML approaches to localize a
wide range of proteins (Chebira et al., 2007; Hamilton et al., 2007; Khan et al., 2008; Khan et al.,
2011; Lin et al., 2007; Murphy et al., 2003; Nanni & Lumini, 2008; Nanni et al., 2010a; Zhang et
al., 2009).

Machine Learning (ML), a subfield of Artificial Intelligence (Al), has driven much of the recent
progress in Al applications. ML focuses on using data to solve specific tasks—such as predicting
protein properties based on known data from other proteins by leveraging algorithms trained on
data sets to create self-learning models that are capable of predicting outcomes and classifying
information without human intervention (Xiao et al., 2024; Coursera Staff, 2024). A significant
subset of ML, known as deep learning (DL), has particularly revolutionized predictive capabilities,
enabling models to achieve unprecedented accuracy across a variety of domains. Deep learning is
an advanced branch of machine learning that excels at handling a broader spectrum of data types—
including text and unstructured forms like images—while needing even less human oversight
(McKinsey & Company, 2024). This often leads to results that surpass the accuracy of traditional
machine learning. The technique relies on neural networks that mimic the behavior of human brain

neurons, processing information through several layers (McKinsey & Company, 2024). As data
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moves through these successive layers, the network is capable of identifying progressively more

intricate patterns and features (McKinsey & Company, 2024).

In protein localization prediction, DL methods have been instrumental, setting new standards in
fields such as object detection (He et al., 2015), semantic segmentation (Girshick et al., 2014),
image captioning (Vinyals et al., 2015), and biological applications spanning regulatory genomics
(Alipanahi et al., 2015; Zhou & Troyanskaya 2015; Kelley et al., 2016) to electron microscopy
(Ciresxan et al., 2012, 2013; Tan et al. 2015; Angermueller et al. 2016; Rampasek & Goldenberg
2016). In many tasks, these models even outperform human performance, underscoring their

transformative potential (Jiang et al., 2021).

Given these advancements, determining protein subcellular localizations using computational
methods integrated with ML techniques have become essential. In this context, researchers have
worked to develop various bioinformatics-based prediction systems, using ML approaches, to
localize a wide range of proteins (Chebira et al., 2007; Hamilton et al., 2007; Khan et al., 2008;
Khan et al., 2011; Lin et al., 2007; Murphy et al., 2003; Nanni and Lumini, 2008; Nanni et al.,
2010a; Zhang et al., 2009). Importantly, experimental and computational methods for protein
localization are complementary. Experimental annotations often serve as ground truth labels for
computational approaches, and computational models are trained on these data to predict the
localization of other proteins (Jiang et al., 2021). Given their cost-effectiveness, automation, and
high-throughput capabilities, computational methods are invaluable for large-scale protein

subcellular localization characterization (Jiang et al., 2021).

This rapidly evolving field of deep learning has driven numerous successful real-world
applications, including image recognition (LeCun et al., 1998), gaming (Silver et al., 2017), and
autonomous vehicles (Bojarski et al., 2016). In recent years, Convolutional Neural Networks
(CNNs) have become the dominant method for image classification, segmentation, and object
detection, particularly in data-intensive areas like biological image analysis. Unlike traditional
techniques like Loc-CAT, which depend on manually crafted features, CNNs directly process raw
images and learn hierarchical feature representations in an end-to-end manner. These
representations can be further refined through transfer learning (Jiang et al, 2021). Transfer
learning in machine learning involves taking the knowledge a neural network has acquired from

one task and applying it as a starting point for training the model on a different task (Linkon et al.,
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2021; Ahmed et al., 2023). This approach leverages an existing model trained on a large dataset
(such as ImageNet) to serve as a feature extractor within a convolutional neural network. The
method involves removing the final fully connected (classifier) layer of the pre-trained network
and repurposing the remaining layers for a new task (Linkon et al., 2021). Instead of retraining the
entire network, only a new classifier is trained on top of the extracted features, which considerably
accelerates the training process (Linkon et al., 2021; Ahmed et al., 2023). This capability allows
CNNs to efficiently and scalably capture cellular localization patterns (Liimatainen et al., 2021;
Ehteshami et al., 2017; Krizhevsky et al., 2012; Ouyang et al., 2019).

CNNs have been the predominant architecture in biological image analysis, but the recently
introduced Vision Transformers (ViTs) (Dosovitskiy et al., 2020) have yet to be fully explored in
this field. Unlike CNNs, which rely on convolutional operations, ViTs are free from convolution-
induced biases, allowing the model to learn global features and capture complex relationships in
the data. Given the success of transformers in natural language processing (Devlin et al., 2018; Liu
et al., 2019), this raises the question of whether ViTs could be the next breakthrough in image

recognition and potentially replace CNNSs in the future (Gai et al., 2024).

Current CNN-based approaches have achieved high accuracy but often lack interpretability, while
transformer-based methods remain underexplored in the context of protein localization
(Dosovitskiy et al., 2020). Furthermore, existing research has not fully evaluated the comparative
strengths and limitations of these architectures in the same experimental setting (Gai et al., 2024)..
This study addresses that gap by systematically comparing CNN and transformer-based models,
aiming to provide insights into how each method can be optimized for protein localization
prediction.

While CNNs have demonstrated outstanding performance in many image-based tasks,
transformers offer a global attention mechanism that captures complex relationships and long-
range dependencies (Casola, Lauriola & Lavelli, 2022; Chen, 2022; Pratap, 2023). Their success
in natural language processing suggests they could be equally transformative for image-based
applications, including protein subcellular localization (Dosovitskiy et al., 2020). By directly
comparing CNNs with Vision Transformers, this work provides a clearer understanding of the

conditions under which transformer-based models might outperform or complement CNN
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approaches, thereby guiding future research toward more interpretable and scalable solutions (Gai
et al., 2024).

Here, 1 aim to compare CNNs and Transformer models for predicting protein localization in
eukaryotic cells through image analysis, specifically using immunofluorescence techniques. While
CNNs have proven effective in biological image analysis, their ability to capture local patterns
through convolutional layers has some limitations, especially in learning global features and
complex relationships. In contrast, ViTs utilize self-attention mechanisms to capture both local
and global information, offering a potentially more robust approach to protein localization
prediction (Pratap, 2023). By directly processing raw images without relying on manually crafted
features, CNNs and ViTs can autonomously learn the intricate patterns of protein localization in a
variety of subcellular compartments. This research will explore the effectiveness of both
architectures, comparing their ability to accurately predict protein localization in eukaryotic cells
and potentially identify new trends in applying deep learning to bioinformatics. Ultimately, my
work seeks to improve our understanding of protein localization through computational methods,

paving the way for more efficient and scalable approaches to bioinformatics in cell biology.
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Chapter Two- Literature Review

2 Protein Localization and Machine Learning-Based Prediction
Models

The subcellular localization of a protein refers to its specific position within a cell. This
information is crucial in molecular cell biology, proteomics, and systems biology, as it provides
insights into the protein’s function. The location where a protein resides is essential for its roles
biologically, because the different cellular compartments offer unique chemical environments,
such as redox conditions and pH balance, and potential interaction partners, necessary for diverse
functions. Understanding a protein’s subcellular localization is therefore a critical step in
deciphering its function (Wang & Wei, 2022). Many cellular processes, including transport of
nucleocytosolic transcription factors (Stewart, 2007), the localization of mitochondrial proteins
during apoptosis (Mayor & Pagano, 2007), and the uptake of endocytic of cell-surface cargo
receptors, depend on precise protein localization (Garapati et al., 2020; Wang & Wei, 2022).
Misplaced proteins can disrupt their functionality, potentially leading to diseases such as cancers
(Wang & Wei, 2022), neurodegenerative disorders (Barmada et al., 2010; Ziff et al., 2023), and
metabolic conditions (Xiang et al., 2006; Lundberg et al., 2019). Consequently, identifying protein
subcellular locations can aid in anticancer therapies (Lomenick et al., 2011) and improve target

identification for drug development (Wang & Wei, 2022).

Additionally, protein localization helps describe various cellular processes involving hypothetical
and newly discovered proteins (Tahir et al., 2014). For instance, drug molecules can more easily
access plasma membrane proteins and secreted proteins due to their surface location
(Tscherepanow et al., 2008). Subcellular localization also plays a role in the early diagnosis of
diseases, as abnormal localization is often observed in conditions like Alzheimer’s and cancer
(Chen et al., 2006). Furthermore, accurately identifying protein localization helps determine the
functional environment of proteins (Chen et al., 2006). In summary, precise knowledge of protein

localization is vital for drug identification and efficacy (Tahir et al., 2014).
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Several experimental techniques are available for analyzing protein localization. Quantitative mass
spectrometry enables the identification of proteins across different cellular fractions (Jakobsen et
al., 2011; Christoforou et al., 2016; Itzhak et al., 2016; Orre et al., 2019). Temporal and spatially
resolved proteomic maps can be generated in living cells using targetable peroxidase (Rhee et al.,
2013; Hung et al., 2014; Lee et al., 2016). Techniques such as immunofluorescence and high-
resolution confocal microscopy allow for the visualization of protein localization within individual
cells (Chong et al., 2015; Barbe et al., 2008; Stadler et al., 2010; Thul et al., 2017; Burns et al.,
2017; Kohnhorst et al., 2016; Feng et al., 2017). Immunoelectron microscopy, which uses labeled
antibodies against target proteins, is considered a gold standard for providing high-resolution
electron microscopy (Xiao et al., 2024). These methods offer high-resolution data, enabling
researchers to directly observe and uncover biological processes and metabolic mechanisms (Xiao
et al., 2024). However, these experimental approaches have significant drawbacks: they are time-
consuming and require expensive equipment, which makes them impractical for large-scale studies
(Xiao etal., 2024). In this post-genomic era this challenge is exacerbated by the exponential growth

of newly discovered proteins (Xiao et al., 2024).

Take the UniProt Database as an example - over the past decade, the disparity between reviewed
and unreviewed proteins has notably widened (Figure 1A). Specifically, as shown in Figure 1B,
the latest UniProt release (2024_01) reveals that a substantial majority of entries are unreviewed
proteins within TTEMBL. Given this scale, relying solely on wet lab experiments to determine
subcellular localization across vast datasets from multiple species (Figure 1C) is increasingly
impractical. However, the extensive repository of accurately annotated protein data available in
databases (Figure 1D) provides valuable resources for developing robust predictive models (Xiao
et al., 2024). Notably, the smaller size of Swiss-Prot compared to TrEMBL reflects the intensive

manual curation applied to Swiss-Prot entries.

In contrast, TTEMBL includes computationally analyzed records, resulting in a significant volume
of protein sequences pending annotation before integration into Swiss-Prot (Xiao et al., 2024).
Fortunately, manual curation demands might be reduced by validating transcript-translated
sequences through proteomics. An example of this approach is seen in the Human Protein Atlas

(HPA), where RNA sequencing (RNA-seq data) was used to support immunofluorescence
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subcellular localization results. In this context, computational models, especially Artificial
Intelligence (Al) driven techniques adept at managing large-scale datasets, can provide substantial

advantages (Xiao et al., 2024).
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Figure 1: Growth trends of proteins in UniProt databases over time.

A) Depicts how the number of proteins has increased over time in TrEMBL (unreviewed proteins) versus Swiss-Prot (reviewed
proteins). Newly identified uncharacterized proteins grow at a much faster rate than those experimentally verified. (B) Shows the
ratio of newly added proteins in each database for the 2024_01. version. (C) Highlights the taxonomic distribution of the protein

sequences. (D) Illustrates the number of proteins found in the top 10 subcellular locations.

In this context, computational methods coupled with machine learning (ML) techniques are
essential for determining protein subcellular localization. ML, a subfield of Al, has driven much
of the recent progress in Al applications. It uses data to solve specific tasks, such as predicting
protein properties based on known data from other proteins. A significant subset of ML, known as
deep learning (DL), has revolutionized predictive capabilities, enabling models to achieve
unprecedented accuracy across various domains. In protein localization prediction, DL methods
have set new benchmarks in fields such as object detection (He et al., 2015), semantic segmentation
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(Girshick et al., 2014), image captioning (Vinyals et al., 2015), and biological applications ranging
from regulatory genomics (Alipanahi et al., 2015; Zhou & Troyanskaya, 2015; Kelley et al., 2016)
to electron microscopy (Ciresan et al., 2012, 2013; Tan et al., 2015; Angermueller et al., 2016;
Rampasek & Goldenberg, 2016). These models often outperform human performance,
highlighting their transformative potential. Researchers have developed numerous bioinformatics-
based prediction systems integrated with ML approaches to localize a wide range of proteins
(Chebira et al., 2007; Hamilton et al., 2007; Khan et al., 2008; Khan et al., 2011; Lin et al., 2007,
Murphy et al., 2003; Nanni & Lumini, 2008; Nanni et al., 2010a; Zhang et al., 2009).

In recent decades, in-silico techniques for predicting protein subcellular localization have
advanced rapidly. These techniques can be broadly categorized into three approaches: (i)
knowledge-based techniques, which draw on annotations of proteins from various databases; (ii)
sequence-based techniques, that rely solely on amino acid sequences; and (iii) image-based
methods, which leverage bioimages to extract features indicative of subcellular localization. The
substantial progress in ML and DL, along with the growing availability of experimentally
determined localization data, imaging records in public databases and functional annotations, has
made these computational frameworks increasingly accurate and efficient. This review focuses
exclusively on the third category—image-based methods—highlighting the potential of ML-
driven techniques to enhance protein subcellular localization predictions based on bioimage data.

Bioimage-Based Methods

Imaging data shows direct visual evidence of protein localization within different cell components,
allowing precise and accurate location determination. Through imaging processing, computational
models can analyze the spatial distribution of proteins at the single-cell level and quantify their
localization patterns (Xiao et al., 2024). Florescence-based imaging techniques are the standard in
protein localization investigations because of the ability to visualize intracellular proteins, either
through the expression of fluorescent fusion proteins or the recognition of target proteins by
fluorophore-detected, antibody-based techniques (Xiao et al., 2024). The complexity of images
offers different levels of features, which also require multiple preprocessing steps, deep
classification models, and a longer running time to deal with for better performance (Liimatainen
et al., 2021; Xiao et al., 2024)
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The task of protein localization through bioimages is a form of image annotation, where the
assigned labels correspond to different cellular compartments (Long et al., 2019). Unlike
conventional image annotation, this problem is more complex since labels are associated with
proteins instead of individual images. A single protein may appear in multiple images taken from
different experimental conditions, requiring careful consideration of localization patterns present
across the entire dataset (Long et al., 2019). Additionally, the number of images per protein varies,
leading to datasets of different sizes. This challenge aligns with a specialized machine learning
approach known as multi-instance learning (Foulds & Frank, 2010; Zhou, 2004).Furthermore,
proteins can localize to multiple cellular compartments, making this a multi-instance multi-label
problem (Zhou et al., 2012). In multi-instance learning, each data point consists of multiple
instances grouped together in a “bag,” and its label depends on the overall characteristics of these
instances. A sample is classified as positive if at least one instance in the bag is positive; otherwise,
it is considered negative (Long et al., 2019). Meanwhile, in multi-label learning, a single sample

can be linked to multiple labels instead of just one (Long et al., 2019).

Bioimage-Based Features

Representing proteins with 2D images, rather than amino acid sequences, offers a more intuitive
and concise approach for determining subcellular localization. As microscopic imaging
technology has rapidly advanced, bioimage-based methods for protein localization have gained
significant attention (Wang & Wei, 2022; Xiao et al., 2024). Improved computational hardware,
particularly advances in graphics processing units (GPUSs), now enables researchers to tackle
complex calculations required for such analysis (Kobayashi et al., 2022). This progress, alongside
developments in neural network architectures, has greatly accelerated DL applications in bioimage

analysis (Jiang et al., 2021).

To support high-quality bioimaging data, the HPA program was launched in 2003 to map all
human proteins across cells, tissues, and organs (The Human Protein Atlas, n.d; Thul et al., 2017).
This open-access database contains imaging data, mass spectrometry-based proteomics, and
transcriptomics, among others (HPA, n.d). The subcellular section of HPA, which has recently
been updated to version 23, contains detailed information on protein expressions and spatial

distributions for 13,147 genes, making it a vital resource for developing computational methods in
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bioimaging (Thul & Lindskog, 2018; Ouyang et al., 2019). This study will draw from the HPA
data to build and train ML models for predicting the subcellular localization of proteins.
Immunofluorescence (IF) and immunohistochemistry (IHC) images are widely used in recent

studies as benchmark sources for training and testing bioimage models (Xiao et al., 2024).

Predicting protein subcellular localization involves identifying specific cellular compartments—
such as the cytoplasm, nucleus, or vesicle—where a protein resides, achieved through image
analysis and classification (Xiao et al., 2024). By examining distinct visual characteristics in
protein images, bioimage-based models aim to categorize proteins into established subcellular
patterns (Jiang et al., 2021). This process of subcellular localization prediction can be framed as a
multiclass classification problem involving two core steps: feature extraction and classification
(Jiang et al., 2021). Effective feature extraction is essential, as it significantly impacts the ML
model’s performance. Traditionally, image descriptors for protein localization prediction have

been categorized into global and local features (Galar et al., 2011; Wen et al., 2015).

Subcellular location features (SLF) are divided into global and local categories (Xu et al., 2018).
Global features, which include DNA distribution information and overall image texture, provide a
broad description of spatial structures within the image. Examples include morphological features,
local binary patterns (LBP) (Nanni et al., 2012), and Haralick and Zernike moments (Tahir et al.,
2012). Zernike moments (Tahir et al., 2012). Zernike moments (Tahir et al., 2012) provide features
that remain unchanged under image transformations like translation and rotation. These features
are often integrated with others, such as Haralick texture descriptors, to enhance the prediction of
protein subcellular localization (Tahir et al., 2012). Additionally, DNA distribution characteristics
play a role in evaluating the spatial organization of human cells, contributing to improved
variability analysis in research (Newberg & Murphy, 2008; Xu et al., 2013; Yang et al., 2014b;
Zuo et al., 2020). The LBP technique, which relies on predefined spatial patterns, is used to
generate histograms that help characterize the structural aspects of protein localization (Nanni et
al., 2012; Tahir et al., 2013; Yang et al., 2014a). Various LBP extensions, such as Local Quinary
Pattern (LQP) and Local Ternary Pattern (LTP) , further refine the extraction of local features
useful for predicting protein localization (Tahir et al., 2012; Yang et al., 2014b). Moreover, the
Haralick texture descriptor is widely applied in pattern analysis, providing statistical insights

through metrics like correlation, contrast, and entropy derived from the gray-level co-occurrence
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matrix (Haralick et al., 1973). In contrast, local features capture finer micro-patterns that global
features may overlook. Techniques such as invariant LBP, Speeded-Up Robust Features (SURF)
and the bag-of-visual-words approach, are commonly applied for this purpose (Glorot et al., 2011;
Shao et al., 2017). Additionally, the scale-invariant feature transform (SIFT) is useful for
identifying salient points in fluorescence images, enhancing performance when combined with
global features (Ouyang et al., 2019). This combined approach ensures robust analysis of
fluorescence bioimages, facilitating accurate protein localization predictions (Ouyang et al., 2019).

However, these manually designed features represent only basic, low-level image information and
are constrained by current IF imaging knowledge, limiting localization performance
advancements. In contrast, with its robust feature representation and learning capabilities, DL has
recently been widely adopted for predicting protein subcellular locations.

2.3 Bioimage-Based Al Methods for Protein Localization

Image-related methods can be roughly organized into three phases based on the algorithms and the
number of data types used: conventional ML, DL, and complex fusion methods. Figure 2 shows

the development of these models from simple to complicated.
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Figure 2: Categories of computational approaches for protein localization
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There are three main categories of computational methods for processing imaging data, represented here by a red arrow denoting
the increasing complexity of predictive models and signaling advancements toward more sophisticated frameworks. Features used
for model training are highlighted in a blue rectangle, and location prediction algorithms are noted in green. First, Conventional
Machine Learning Methods rely on manually crafted features that capture both global and local aspects of images, then employ
simpler predictive models. Next, Deep Learning Methods add deep image representations derived from neural networks, combining
them with hand-crafted features. Finally, Complex Fusion Models incorporate multiple data types—such as sequence information,
annotation text, and image data—into a single model, offering a more comprehensive and interpretable approach to protein
subcellular localization. Commonly used techniques and acronyms include SURF (Speeded Up Robust Features), SIFT (Scale-
Invariant Feature Transform), SVM (Support Vector Machine), KNN (K-Nearest Neighbor), RF (Random Forest), LASSO (Least
Absolute Shrinkage and Selection Operator), CNN (Convolutional Neural Network), DNN (Deep Neural Network), GAN
(Generative Adversarial Network), and LSTM (Long Short-Term Memory). Deep neural network implementation typically serves

as the starting point, providing a foundation for more advanced or specialized enhancements

Traditional ML models for protein subcellular localization have historically relied on hand-crafted
features for classification (Liu et al., 2020; Newberg & Murphy, 2008; Zou et al., 2023). These
methods manually select and engineer specific image features based on domain knowledge. For
instance, Lietal. (2012) utilized structured latent variables in a logistic regression model to capture
complex patterns in various image regions, while Ullah et al. (2021) employed a two-layer feature
selection model with an SVM using both radial basis function and linear kernels. While these
approaches can achieve high accuracy, they are often sensitive to noise and variations in imaging
data, resulting in decreased model robustness. Spatial relationships embedded in images are also

rarely detected due to manual feature engineering, which limits scalability (Xiao et al., 2024).

In contrast, DL models have revolutionized image-based protein localization by automatically
extracting features from raw data without requiring manual feature engineering (Chandra et al.,
2023). DL models are distinct in that they operate as end-to-end systems, removing the need for
manual feature engineering typically required in traditional ML (Chandra et al., 2023). Instead of
relying on predefined input features, deep neural networks autonomously learn to interpret raw
protein image data and convert it into meaningful internal representations. This approach enables
highly accurate protein subcellular localization predictions by embedding data processing and
classification within a single step, enhancing the model’s precision and adaptability to complex
image data (Khan et al., 2019; Xiao et al., 2024). This transition from hand-crafted to learned
features has significantly improved model performance, especially on large, complex datasets, as

it allows for deeper and more nuanced feature extraction (Newberg & Murphy, 2008).
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During image preprocessing, deep neural networks (DNNS) utilize processed image segmentation
as input for multi-layer convolutional neural networks (ML-CNN) to enhance feature extraction
(Parnamaa & Parts, 2017). Some models incorporate both low- and high-level bioimage features
to conduct a more comprehensive analysis. For multi-label classification, conventional CNNs are
modified using a specialized learning approach that takes into account both label-attribute
relationships and label-label dependencies. This technique helps refine predictions by accurately
determining the final subcellular localization (Wang & Wei, 2022; Su et al., 2021).

More recently, Transformer-based models have shown promising results in bioimage analysis by
utilizing attention mechanisms to capture global image contexts (Vaswani et al., 2017; Chandra et
al., 2023). Unlike CNNSs, which rely on local receptive fields, Transformers employ self-attention
to create a combined representation of the entire image. This capability has been demonstrated by
Long et al. (2020), who integrated self-attention and multi-head attention mechanisms to enhance
the feature representations in immunohistochemistry images. Vision Transformers (ViTs), as
implemented by Wang and Wei (2022), are particularly suited for multi-scale feature extraction,
as they enable the model to learn and aggregate information across various scales, which is
beneficial for capturing complex spatial patterns within cells (Dosovitskiy et al., 2021). Although
transformer models have yet to be widely applied to protein subcellular localization, studies such
as Zhao et al. (2024) suggest that these models, when optimized with techniques like graph and
resolution-based transformers, have great potential to fully exploit the depth of information within

imaging data.

Despite their strengths, transformer models still face limitations in efficiency and computational
demands compared to CNNs, particularly in large-scale analyses. This review will compare the
efficacy of CNNs and transformer-based models for predicting protein localization in eukaryotic

cells through bioimage analysis.

In the following section, we delve into how DL techniques specifically address protein subcellular

localization prediction challenges.
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Deep Learning for Protein Subcellular Localization Prediction

2.4.1 Introducing Neural Networks in Protein Localization

The architecture of a neural network—its layout, depth, and connectivity patterns—defines its
learning capabilities and inherent assumptions about the data it processes. Different architectures,
including multilayer perceptrons (MLPs), convolutional neural networks (CNNs), and recurrent
neural networks (RNNs), have been developed to address diverse data types and specific
applications (Koumakis, 2020). Each architecture brings unique strengths to deep learning

applications, especially when tailored to specific prediction tasks.

Among these, MLPs, CNNs, and RNNs (Figure 3) are some of the most widely used and effective
architectures, often applied individually or in combination to solve complex tasks. For example,
CNNs are widely used for feature extraction in protein fold recognition, while RNNs are valuable
for sequence-based data, such as protein sequences (Koumakis, 2020). Additionally, word
embedding models like Word2Vec are employed in natural language processing tasks to generate
meaningful embeddings of words or amino acid sequences, often using the continuous bag-of-

words and skip-gram models (Liu et al., 2020).
2.4.2 MLP, CNN, and RNN Architectures in Deep Learning

MLPs are straightforward neural networks consisting of an input layer, several hidden layers, and
an output layer (Chandra et al., 2023). They are versatile and can handle different types of inputs
but require dense connectivity, where each neuron in one layer is connected to every neuron in the
next. CNNs, on the other hand, are optimized for image data, employing convolution operations
to automatically extract hierarchical features from input images (Mikolov et al., 2011; Mikolov et
al., 2013a). These convolution layers apply learned filters to detect local features, while pooling
layers reduce the dimensionality, preserving essential patterns. While CNNs excel in image and
audio analysis, they also offer promising results in analyzing sequence data, including protein

sequences and DNA-protein binding (Zeng et al., 2016).
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Figure 3: Three prominent deep learning architectures include:

(A) Multilayer Perceptrons (MLPs): These networks consist of an input layer, several hidden layers, and an output layer.
(B) Convolutional Neural Networks (CNNs): In CNNs, convolution operations are used within layers to learn filters that
automatically extract features from the input data (e.g., images, audio signals, time series, or protein sequences). Eventually, the
learned features are flattened into a vector, which is typically fed into one or more fully connected layers at the end. (C) Recurrent

Neural Networks (RNNs): RNNs process input sequences one element at a time, handling the sequence step by step.

RNNs introduce sequential processing capabilities by maintaining an internal state that captures
information from previous inputs, making them especially suited to time series and sequence data.
This architecture is advantageous in handling the sequential nature of protein data and has been

effective in combination with CNNs for hybrid models in protein analysis.

MLPs, CNNs, and RNNSs, play a pivotal role in protein subcellular localization prediction. Each
architecture brings specific strengths to bioimage analysis, with CNNs excelling in capturing
spatial patterns within image data, while RNNs handle sequence data effectively (Chandra et al.,
2023). Selecting the appropriate architecture is critical in building effective prediction models, as
each type of neural network offers unique advantages depending on the nature of the data and the
prediction goals (Koumakis, 2020; Liu et al., 2007; Mikolov et al., 2013b; Zeng et al., 2016).
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Integrating DL into protein subcellular localization prediction represents a significant step forward
in enhancing both the accuracy and efficiency of classification models, paving the way for a more
nuanced understanding of protein function and cellular processes (Zeng et al., 2016).

2.5 CNN for Protein Subcellular Localization Prediction

In recent years, CNNs have emerged as the dominant approach for tasks involving image
classification, segmentation, and object detection, particularly in data-rich fields like biological
image analysis (Lambin et al., 2014; Aerts et al., 2014; Yamashita et al., 2018; Chandra et al.,
2023)). Unlike traditional methods such as Loc-CAT, which rely on hand-crafted features, such as
texture or intensity measures, followed by machine learning classifiers like random forests or
SVMs, which require significant human intervention in feature selection and workflow design
(Lambin et al., 2014; Aerts et al., 2014), CNNs process raw images directly, learning hierarchical
feature representations end-to-end. This ability enables CNNs to capture cellular localization
patterns with remarkable efficiency and scalability (Liimatainen et al., 2021; Ehteshami et al.,
2017; Krizhevsky et al., 2012; Ouyang et al., 2019).

CNNs are now foundational to biological image analysis, with applications ranging from multi-
label classification of protein localization in yeast to more complex cellular analyses (Moen et al.,
2019; Godinez et al., 2017; Hofmarcher et al., 2019). Key advancements in CNN architectures,
such as ResNet (He et al., 2016), Inception (Srivastava et al., 2014), and DenseNet (Huang et al.,
2017), alongside training techniques like Dropout, Batch Normalization, Focal Loss, Cyclical
Learning Rates, and AutoAugment, have substantially improved CNN performance and
accessibility (He et al., 2016; Huang et al., 2017; Srivastava et al., 2014; loffe & Szegedy, 2015).
Libraries like PyTorch (Paszke et al., 2017) and TensorFlow (Abadi et al., 2016) have made CNNs
accessible to a broad audience, while AutoML techniques like hyperparameter optimization, meta-
learning, and neural architecture search streamline model development and reduce the need for
deep technical expertise (Abadi et al., 2016; Lin et al., 2017; Paszke et al., 2017; Smith, 2017
Falkner et al., 2018; Cubuk et al., 2018; VVanschoren, 2018; Hutter et al., 2019).
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2.5.1 Building Blocks of a CNN: Convolution and Convolutional Layers

CNNs are designed for grid-structured data, such as images, drawing inspiration from the
organization of the animal visual cortex (Fukushima, 1980; Aerts et al., 2014). CNNs
automatically learn spatial hierarchies of features, progressing from simple to more complex

patterns, which is key to their efficacy in image processing tasks (‘Yamashita et al., 2018).

The core architecture of a CNN comprises three primary layer types: convolutional layers, pooling
layers, and fully connected layers. The convolutional layers perform feature extraction by applying
learnable filters (or kernels) across the input data, detecting specific features in the image through
a sliding window approach (Nair & Hinton, 2010; Yamashita et al., 2018). Each kernel generates
a feature map, or activation map, which highlights particular characteristics in the input, enabling
the network to identify a diverse array of patterns in the data (Nair & Hinton, 2010) (Figure ).
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Figure 4: Components of a convolutional neural network (CNN)

A CNN is built by layering several fundamental components, including convolutional layers, pooling layers (such as max pooling),
and fully connected (FC) layers. The network's performance, given a specific set of kernels and weights, is assessed by a loss
function during forward propagation over a training dataset. Subsequently, these learnable parameters—namely the kernels and
weights—are adjusted using backpropagation combined with a gradient descent optimization algorithm. The activation function

ReLU (rectified linear unit) is also utilized in this process.

Following the convolutional layers, pooling layers reduce the spatial dimensions of the feature

maps, increasing computational efficiency and supporting the network’s hierarchical feature
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learning process. Pooling preserves the most relevant aspects of each feature map by
downsampling, typically using max-pooling, which selects the maximum value within each region
(Yamashita et al., 2018). This dimensionality reduction also mitigates overfitting by focusing on
the most prominent features and allows the CNN to recognize features invariant to minor

transformations.

Finally, fully connected layers aggregate the learned features from convolutional and pooling
layers, generating a final prediction, such as classifying an image into predefined categories. This
structure enables CNNs to effectively model complex relationships within the data (Glorot et al.,
2011; Ramachandran et al., 2017).

2.5.2 Convolution Operations and Network Efficiency

The convolution operation lies at the heart of CNN functionality, involving the application of a
kernel across the input tensor, which is often a 2D grid of pixel values in digital images
(Ramachandran et al., 2017). The kernel performs element-wise multiplication as it slides over the
input, summing the results to produce corresponding values in the output feature map. This
process, known as weight sharing, reuses the same kernel across all input regions, ensuring
translation invariance—the ability to recognize features regardless of their position in the image.
Weight sharing also significantly reduces the model’s parameter count, making CNNs more

computationally efficient (Ramachandran et al., 2017) (Figure ).

The convolution operation described earlier does not permit the center of a kernel to align with
the outermost element of the input tensor, resulting in an output feature map that is smaller in
height and width than the input tensor. To remedy this, padding—typically zero padding—is
applied. This technique involves adding rows and columns of zeros around the input tensor,
allowing the kernel's center to cover the outermost elements and maintaining the same spatial
dimensions during the convolution process (Yamashita et al.,, 2018; Koumakis, 2020).
Contemporary CNN architectures generally use zero padding to preserve in-plane dimensions,
enabling the application of additional layers. (Nair & Hinton, 2010; Glorot et al., 2011;
Ramachandran et al., 2017). Additionally, the stride parameter, or step size of the kernel’s

movement, can be adjusted to control downsampling. While a stride of one is typical, larger strides
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can further reduce the feature map dimensions, complementing pooling for efficient feature

extraction (Yamashita et al., 2018).
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Figure 5: Illustration of convolution operation using a 3x3 kernel

a-c Consider a convolution operation using a 3x3 kernel, no padding, and a stride of 1. In this process, the kernel is systematically
moved across the input tensor. At each position, an element-wise multiplication is performed between the kernel and the
corresponding section of the input tensor, and the resulting products are summed. This sum forms the output value at the

corresponding location in the resulting tensor, known as a feature map.

2.5.3 Optimizing CNNs through Training

Training a CNN involves optimizing the kernel weights to minimize prediction errors relative to
the true labels, a process achieved through backpropagation and gradient descent algorithms
(Yamashita et al., 2018). In backpropagation, errors are calculated at the output layer and
propagated backward, adjusting the weights in each layer to reduce discrepancies in the next
iteration. This iterative process allows CNNs to learn highly effective feature extractors specific
to the prediction task, which is essential for achieving high performance and accuracy (Yamashita
etal., 2018).

CNNs’ powerful combination of automated feature extraction, hierarchical learning, and
efficiency makes them indispensable in tasks requiring spatial pattern recognition, such as protein
subcellular localization prediction. With their ability to learn from large-scale data and adapt to
intricate image patterns, CNNs are now pivotal in advancing our understanding of protein

localization and function within cellular environments.
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2.5.4 Advances in CNN Architectures for Protein Localization Analysis

Modern CNN architecture also extends to three-dimensional data (3D-CNNSs), allowing for
volumetric processing, which is particularly beneficial in studying spatially complex biological
samples (Howard, & Gugger, 2020). For protein localization, 3D-CNNs provide enhanced
capability to capture depth-related information, modeling three-dimensional relationships across
subcellular structures to yield a more comprehensive view of protein distribution within cells
(Yamashita et al., 2018; Koumakis, 2020). 3D-CNNs can deepen our understanding of protein

behavior and interactions within the cellular landscape by capturing these spatial hierarchies.

2.6 Transformer Models

The Transformer model, introduced by Vaswani et al. in 2017, initially achieved state-of-the-art
results in language translation, notably reducing training times compared to previous models
(Vaswani et al., 2017; Chandra et al., 2023). The Transformer is a neural network architecture
mainly designed for natural language processing (NLP) tasks, including language translation, text
summarization, and question-answering (Pratap, 2023). Its primary breakthrough lies in the self-
attention mechanism, which enables the model to assess and prioritize different parts of the input
when generating predictions (Pratap, 2023). A Transformer is an encoder-decoder model: the
encoder maps input sequences into internal representations, while the decoder interprets these
representations to generate output sequences (see Figure 6 A for a general structure). Unlike CNN
models, the Transformer uses an architecture component called attention (Table 1), which enables
the model to assess interactions between all elements of a sequence and automatically identify
relationships crucial for prediction (Cheng et al., 2021; Chandra et al., 2023).
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Figure 6: Sequence-to-sequence framework using transformer models

(A) Depicts the conceptual framework of sequence-to-sequence modeling, similar to the Transformer model proposed by Vaswani

et al. (2017), which relies on an encoder-decoder architecture to convert an input sequence into an output sequence.(B) Provides
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an example of using the Transformer language model to predict protein properties. The encoder block contextualizes the input
embedding, creating an internal representation—essentially the model’s learned embedding of the input sequence. This
representation can be extracted as amino acid features and passed along to a separate machine learning model in a subsequent
step. Typically, the decoder block is not employed after training for protein property prediction, since it offers little benefit for that

task; however, it remains an essential element in natural language processing (NLP) applications, such as machine translation.

The core innovation in Transformers lies in multi-head self-attention, where multiple attention
modules work in parallel to learn various relationships within the input sequence. Each attention
head assigns weights to every token relative to others in the sequence, allowing the model to focus
on essential parts of the data dynamically (Vaswani et al., 2017). Self-attention mechanisms enable
the model to determine the significance of various parts of the input when generating predictions.
This process involves calculating a dot product between the query, key, and value vectors for each
element in the input sequence. The resulting dot product helps compute a weighted sum of the
values, where the weights are assigned based on the similarity between the query and key vectors.
This approach allows the model to dynamically focus on relevant parts of the input rather than
depending on a predefined set of learned features. This attention mechanism makes Transformers
particularly effective in tasks that require understanding both local and global dependencies, such
as analyzing spatially complex protein structures (Chandra et al., 2023). Their ability to model
complex dependencies between elements in a sequence, such as spatial relationships in protein
structures, presents a promising avenue for advancing protein analysis beyond the current
capabilities of CNNs.

Table 1: Key Components of CNNs and Transformers

CNN Convolutional Layers Utilize filters to scan input
data and identify distinct

features within an image.

Pooling Layers Reduce the spatial size of
feature maps to enhance
model robustness against

image translations.




23| Page

Fully Connected Layers Process the extracted features
from previous layers to

generate predictions.

Transformer Multi-head Self-Attention Layers Compute relationships
between different parts of the
input sequence using query,
key, and value vectors,
helping the model focus on

relevant information.

Feed-Forward Neural Networks Further process the self-
attention outputs to refine

predictions.

Layer Normalization Normalizes inputs across
layers to improve training

stability and efficiency.

The Vision Transformer (ViT) adapts the Transformer model for computer vision tasks by
representing images as sequences of patches instead of a pixel grid (Rustamy, 2023; Pratap, 2023).
These patches are then processed through multiple layers, similar to the encoder structure in the
original Transformer (Pratap, 2023). ViT employs a self-attention mechanism akin to the
Transformer but with notable differences. Instead of using convolutional layers like traditional
CNNs, ViIT applies a linear projection to process image patches, enabling the model to learn a
more flexible and expressive feature space (Pratap, 2023). Additionally, VIiT incorporates a multi-
head self-attention mechanism, utilizing multiple sets of query, key, and value vectors. This allows
the model to focus on various aspects of the input simultaneously, enhancing its ability to capture

meaningful patterns in visual data (Pratap, 2023).

Transformers are typically trained using self-supervised learning, often through one of two
methods: (1) autoregressive language modeling, where the model predicts the next token in a
sequence based on previous tokens, or (2) masked language modeling (MLM), where a subset of

tokens is masked, and the model learns to predict these tokens using the remaining context (Peters
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et al., 2018; Devlin et al., 2018). MLM, in particular, has proven highly successful, as it enables
Transformers to consider the entire input sequence, making them adept at capturing long-range
dependencies and yielding accurate sequence embeddings (Nambiar et al., 2020; Elnaggar et al.,
2020a; Rives et al., 2021; Brandes et al., 2021; Rao et al., 2021; He et al., 2021).

2.6.1 Solving Protein Prediction Tasks Using Transformers

While Transformer models have shown remarkable promise in various protein prediction tasks,
their application to protein subcellular localization prediction based solely on image data remains
limited (Chandra et al., 2023). This limitation arises from challenges such as the novelty of image-
based prediction methods, the complexity of protein localization patterns, and the scarcity of
labeled datasets for training large Transformer models (Chandra et al., 2023). However, as
Transformers evolve and demonstrate their potential across protein-related tasks, there is growing
interest in adapting them for localization prediction within bioimage data.

Transformers have been effectively applied to several protein prediction tasks, including protein
structure prediction, residue contact mapping, protein—protein interactions (PPI), drug—target
interactions (DTI), post-translational modifications (PTMs), and homology studies. These tasks
can be categorized as either local (focusing on specific sites of interest within a sequence) or global
(analyzing the entire sequence). For local tasks, a fixed-size Transformer representation can be
generated by selecting a fixed window around the sites of interest, whereas for global tasks, a
sequence representation is achieved by averaging residue vectors, providing a robust protein

sequence vector (Véth et al., 2022).

A key advantage of Transformer models in these tasks is their ability to generate meaningful
representations without relying on multiple sequence alignments (MSASs) or structural
information. Traditional methods often use profile-to-profile comparisons derived from MSAs,
such as PSI-BLAST (Altschul etal., 1997) and HMMER (Finn et al., 2011). However, MSA-based
techniques have inherent limitations due to sequence gaps from deletions and insertions
(Golubchik et al., 2007) and perform poorly on sequences with few homologs (Phuong et al.,
2006). Moreover, although structural features like secondary structures can enhance predictive
models, they remain imperfect due to unresolved structural information challenges (Sutkowska et
al., 2012; Schmiedel & Lehner, 2019).
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Transformers bypass these limitations by creating embeddings directly from sequence data. For
instance, recent frameworks such as that by Chowdhury et al. (2022) have used Transformer-based
language models to outperform even advanced MSA-based tools like AlphaFold2 (Jumper et al.,
2021) on structure prediction tasks for sequences lacking homologs. Some Transformer models
also incorporate evolutionary information from MSAs during pre-training, but once pre-trained,
they can generate representations for new proteins using only the internal states of the model. This
approach not only reduces computational costs but also builds richer and more complete features
for proteins with low homology, offering a compelling alternative to traditional MSA tools that
require extensive searches across databases like UniProt—a time-intensive process (Hong et al.,
2021; Wang et al., 2022).

In protein subcellular localization, ongoing research highlights promising strategies to adapt
Transformer-based architectures for image data. Methods such as GraphLoc, which utilizes graph
neural networks with image data, demonstrate the feasibility of capturing spatial relationships
within protein images, while approaches like DeepLoc apply deep learning techniques directly to
image-based protein localization (Chandra et al., 2023). Although these models do not directly
incorporate Transformers, they provide foundational steps for exploring Transformer architectures
in protein subcellular localization (Chandra et al., 2023). Leveraging the attention mechanisms
within Transformers could enable these models to capture complex relationships within bioimages,
transcending the limitations of CNNs by considering global contextual dependencies and long-

range spatial interactions (Chandra et al., 2023).

Transformers’ ability to capture intricate sequence relationships, bypass traditional alignment
methods, and generate representations from diverse data types suggests a promising direction for
applying them to protein localization tasks (Chandra et al., 2023). As Transformer models continue
to be adapted for protein-related analyses, their application in protein subcellular localization may
unlock new dimensions of accuracy and efficiency in bioimage analysis (Chandra et al., 2023).

2.7 Transformer models vs CNN models

Unlike conventional DL methods like RNNs, which process sequences step-by-step, Transformers

handle sequences holistically. RNNs often suffer from issues such as vanishing and exploding
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gradients and are limited by their inability to capture context from both directions within a
sequence (Bengio et al., 1994; Pascanu et al., 2013; Hanin, 2018). Furthermore, RNNs cannot
efficiently parallelize computations, leading to slower training (Wang et al., 2019). CNNs, while
successful for image analysis, rely on hierarchical feature learning through local receptive fields,
which can make them less efficient in capturing long-range dependencies within sequential data,
as multiple layers are required to extend the receptive field (Raghu et al., 2021). Additionally,
CNNs are spatially invariant, meaning they do not leverage positional information within

sequences—an aspect that can be critical in protein localization tasks (Albawi et al., 2017).

Transformers address these challenges by utilizing the attention mechanism to consider
relationships between all elements in a sequence directly. Each token can influence the weights of
all other tokens, allowing the model to attend to distant dependencies without needing extensive
layers (Dehghani et al., 2018). This direct interaction between tokens enhances training efficiency
and captures nuanced relationships essential for protein analysis, positioning Transformers as a

valuable alternative to CNNSs.

Moreover, Transformers are highly parallelizable, allowing for efficient computation due to their
reliance on attention modules and fully connected layers rather than recurrent or convolutional
structures. This makes Transformers not only computationally efficient but also highly scalable
for handling complex protein data (Wang et al., 2019; Vath et al., 2022). By integrating both local
and global information, Transformers offer an advanced approach to subcellular localization tasks,
potentially unlocking more intricate insights into protein function and organization within cells
(Wang et al., 2019).

Compare and Contrast CNNs and Transformers
CNNs and Transformer models bring unique strengths to the protein subcellular localization
prediction field, each excelling in specific domains. CNNs are particularly effective at extracting
spatial features from protein images, with their hierarchical structure allowing them to recognize
detailed patterns and spatial hierarchies. This strength makes CNNs well-suited for tasks that rely
heavily on localized image features. On the other hand, Transformers are powerful in sequence
modeling, capturing intricate dependencies and contextual information across entire sequences,

which is invaluable in modeling complex relationships within protein data.
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A promising area of innovation lies in hybrid models that combine the spatial feature extraction of
CNNs with the sequence modeling capabilities of Transformers. These hybrid models could
leverage the complementary strengths of both architectures, enabling them to capture the nuanced
interplay between protein image features and sequence information. This synergy holds the
potential to significantly improve the accuracy, robustness, and interpretability of subcellular

localization predictions.

2.7.2 Handling Spatial Dependencies in Transformers

Transformers rely on self-attention mechanisms to model spatial dependencies in images, which
differs fundamentally from the convolution-based operations in CNNs. In a CNN, each
convolutional filter focuses on local receptive fields, capturing patterns in a patchwise manner. To
learn larger spatial contexts, CNNs stack multiple layers so that the receptive field gradually
expands (Rustamy, 2023; Pratap, 2023). In contrast, Vision Transformers (ViTs) split an image
into patches, project each patch into a latent embedding, and then apply multi-head self-attention
across all patch embeddings simultaneously (Liu, Qian, Xia, & Wang, 2024). This attention-based
approach enables ViTs to aggregate information from any part of the image, regardless of the
physical distance between patches. As a result, Transformers can capture global dependencies in
a single step, whereas CNNs typically require deeper architectures and pooling operations to learn

long-range relationships (Liu, Qian, Xia, & Wang, 2024).

Because Transformers treat spatial positions more explicitly through positional embeddings, they
can better preserve the absolute or relative locations of image regions (Liu, Qian, Xia, & Wang,
2024). However, this global attention can be computationally more expensive since it considers
every patch’s relationship with every other patch. Nonetheless, for tasks like protein subcellular
localization—where fine-grained details and overarching spatial context can both be pivotal—
Transformers may offer an advantage by modeling complex spatial interactions more directly than
CNNs (Liu, Qian, Xia, & Wang, 2024) .
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2.7.3 Key Advantages and Disadvantages of Transformers Over CNNs in Image

Analysis

Transformers offer several notable benefits for image analysis. First, their global contextual
awareness allows them to capture relationships between distant regions of an image in a single
forward pass, which can be especially useful for biological images where important signals may
be scattered across the cell. Next, because images are treated as sequences of patches,
Transformers exhibit greater flexibility with varying image sizes, bypassing the rigid kernel
structures typically found in CNNs (Liu, Qian, Xia, & Wang, 2024). Furthermore, self-attention
mechanisms enable substantial parallelization, as computations between patches remain
independent until attention weights are computed. This can accelerate training on large datasets,
provided there is sufficient computational power (Liu, Qian, Xia, & Wang, 2024). Finally,
Transformers embody a reduced inductive bias, relying purely on the data to learn spatial
dependencies rather than assuming local invariance, potentially capturing subtle or complex

patterns that might elude convolutional filters (Liu, Qian, Xia, & Wang, 2024).

Despite their strengths, Transformers also have limitations. Their quadratic computational
complexity can impose a bottleneck when dealing with high-resolution images or large batch sizes,
leading to elevated processing costs (Roell, n.d; Liu, Qian, Xia, & Wang, 2024) . Additionally,
Transformers tend to be data-hungry, often requiring extensive labelled datasets or self-supervised
pretraining to perform effectively (Roell, n.d; Liu, Qian, Xia, & Wang, 2024). This dependence
can result in overfitting for smaller datasets unless substantial regularization or data augmentation
is employed. Another challenge is the need for explicit positional embeddings to encode spatial
information, while CNNs inherently capture locality through convolutions (Roell, n.d; Liu, Qian,
Xia, & Wang, 2024) . Finally, interpreting Transformer-based filters can be more challenging than
their CNN counterparts, as attention maps—though powerful—may demand more advanced
visualization techniques to yield clear biological insights (Roell, n.d; Rustamy, 2023; Pratap, 2023,
Liu, Qian, Xia, & Wang, 2024).

2.8 Future Directions

Looking forward, several key directions stand out for advancing deep learning in protein

localization prediction. Developing hybrid CNN-Transformer architectures represents a critical
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next step, as these models could bridge the gap between image-based and sequence-based analysis,
ultimately creating a more holistic approach to protein localization (Raghu et al., 2022; Pratap,
2023). Additionally, graph neural networks (GNNSs) offer a promising pathway for protein
prediction tasks by capturing relationships within protein structures and across cellular
environments, further enhancing predictive capabilities (Fout et al., 2017; Gainza et al., 2020;
Zhang et al., 2023).

Moreover, as DL models evolve, there is a growing need for interpretable models to elucidate the
biological mechanisms driving protein localization patterns (Lomenick et al., 2011; Wang & Wei,
2022). Interpretability will be essential for advancing scientific understanding and fostering trust
in model predictions, particularly in applications related to health and disease,

Multi-modal data integration and the creation of large-scale, high-quality annotated datasets will
also be pivotal in increasing the generalizability of prediction models. Integrating diverse data
sources—such as genomic, proteomic, and imaging data—can provide a more comprehensive
view of protein behavior, thus enhancing model performance and applicability across varied

biological contexts.

Ultimately, these future endeavors hold the potential to revolutionize biological research and open
new doors in drug discovery and personalized medicine, offering precise insights into protein

function, localization, and their implications for human health.

2.9 Rationale of the Study

Although CNN-based approaches have demonstrated high accuracy in predicting protein
subcellular localization from bioimages, they often lack interpretability regarding which features
drive classification decisions (Jiang et al., 2021). Meanwhile, Transformer-based architectures,
which excel in modelling long-range dependencies, remain relatively underexplored for protein
localization tasks (Dosovitskiy et al., 2020). Addressing this gap is essential for determining
whether these novel attention-driven methods can outperform or complement CNNs in accuracy,
scalability, and interpretability (Dosovitskiy et al., 2020). Furthermore, as high-throughput
imaging and large-scale proteomics datasets continue to grow, a systematic comparative analysis
will help clarify which modelling techniques are most suitable for real-world applications (Wang
& Wei, 2022; Xiao et al., 2024). By investigating both CNN- and Transformer-based pipelines
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under a unified experimental framework, this study aims to provide new insights into the design
of robust, explainable models. This work also improves upon previous studies by integrating
carefully curated immunofluorescence microscopy data, exploring both local feature extraction
(CNNs) and global contextual modeling (Transformers), and thus laying the groundwork for more
precise protein localization predictions that could accelerate discoveries in cell biology and drug
development (Ouyang et al., 2019; Jiang et al., 2021; Liimatainen et al., 2021).
The accurate subcellular localization of proteins is fundamental in understanding cellular function,
disease mechanisms, and drug discovery (Lomenick et al., 2011; Wang & Wei, 2022).
Mislocalized proteins have been implicated in a wide range of diseases, including
neurodegenerative disorders (e.g., Alzheimer’s, Parkinson’s), metabolic syndromes, and various
cancers, where their aberrant distribution can disrupt normal cellular processes (Lomenick et al.,
2011; Wang & Wei, 2022). In biomedical and systems biology research, subcellular localization
is critical for identifying therapeutic targets, understanding protein-protein interactions, and
elucidating pathways involved in disease pathogenesis (Garapati et al., 2020; Wang & Wei, 2022).
Pharmacologically, predicting protein localization can enhance drug target identification, optimize
therapeutic interventions, and improve precision medicine approaches by revealing protein

behavior within different cellular compartments (Garapati et al., 2020; Wang & Wei, 2022).

Traditionally, protein localization has been studied using experimental techniques such as
immunofluorescence microscopy, mass spectrometry-based proteomics, and biochemical
fractionation (Jakobsen et al., 2011; Christoforou et al., 2016; Itzhak et al., 2016; Orre et al., 2019).
While these methods provide high-resolution insights into protein distributions, they are labour-
intensive, costly, and often unsuitable for large-scale applications (Xiao et al., 2024).
Consequently, computational approaches have emerged as efficient alternatives, leveraging
bioimage data and predictive modelling to infer subcellular localization from large-scale datasets
(Chebira et al., 2007, Hamilton et al., 2007, Khan et al., 2008, Khan et al., 2011, Lin et al., 2007,
Murphy et al., 2003, Nanni and Lumini, 2008, Nanni et al., 2010a, Zhang et al., 2009).

With the rise of Al and deep learning, significant advancements have been made in automating
and accelerating protein localization prediction (Xiao et al., 2024; Coursera Staff, 2024). Deep
learning models, particularly CNNs, have demonstrated remarkable accuracy in analysing

bioimages by capturing intricate spatial patterns. CNN-based approaches have successfully
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identified protein locations using immunofluorescence images, enabling large-scale analyses that
would be impractical using traditional methods (Liimatainen et al., 2021; Ehteshami et al., 2017;
Krizhevsky et al., 2012; Ouyang et al., 2019). However, despite their high accuracy, CNNs have
notable limitations, particularly in learning long-range dependencies and providing explainable
predictions (Gai et al., 2024). CNNs primarily focus on local spatial relationships, making them
less effective at capturing complex global dependencies within cellular structures (Gai et al.,
2024).

Recent developments in Al have introduced Transformer-based architectures, which have
revolutionized sequence-based tasks, notably in natural language processing (e.g., BERT, GPT)
and protein structure prediction (e.g., AlphaFold) (Jumper et al., 2021). AlphaFold, developed by
DeepMind, has significantly accelerated biological discovery by accurately predicting protein 3D
structures, surpassing previous computational models and experimental techniques in speed and
precision (Roell, n.d; Rustamy, 2023; Pratap, 2023; Liu, Qian, Xia, & Wang, 2024). Given the
success of Transformers in modelling complex relationships, their potential in subcellular protein
localization remains underexplored (Barmada et al., 2010; Lomenick et al., 2011; Wang & Wei,
2022; Ziff et al., 2023). Unlike CNNs, which rely on local feature extraction, Transformers utilize
self-attention mechanisms to capture both local and global dependencies, making them particularly
suited for analysing high-dimensional, structured bioimage data (Casola, Lauriola & Lavelli, 2022;
Chen, 2022; Pratap, 2023). However, Transformers have limitations as well (Casola, Lauriola &
Lavelli, 2022). Their computational complexity makes them expensive to train, and they often
require very large datasets to generalize effectively (Casola, Lauriola & Lavelli, 2022; Chen, 2022;
Pratap, 2023). These constraints raise an important question: Can Transformers outperform or
complement CNNs for protein localization, particularly in real-world bioimage datasets that

may not always be large or well-annotated (Gai et al., 2024)?

This study aims to bridge this gap by evaluating both CNN- and Transformer-based models for
protein subcellular localization prediction. By leveraging high-throughput immunofluorescence
microscopy datasets, we systematically compare these two deep learning paradigms within a
unified experimental framework. Specifically, CNNs excel at capturing fine-grained spatial
patterns, while Transformers offer enhanced scalability and global context modelling (Liimatainen
etal., 2021; Ehteshami et al., 2017; Krizhevsky et al., 2012; Ouyang et al., 2019). By implementing
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and optimizing both approaches, we aim to determine their relative strengths, trade-offs, and

potential synergies in protein localization tasks.

Furthermore, this study seeks to enhance model interpretability by employing visualization
techniques such as Grad-CAM for CNNs and attention rollouts for Transformers (Selvaraju et al.,
2017b; Moujahid et al., 2021). This will provide insights into how these models identify
subcellular structures and contribute to the development of explainable Al in
bioinformatics(Selvaraju et al., 2017b; Moujahid et al., 2021) .

Beyond its computational contributions, this research carries significant implications for
experimentalists working in molecular and cell biology. High-throughput protein localization
analysis is a crucial yet time-consuming task, and deep learning-based tools can
dramatically reduce the reliance on labour-intensive experimental methods. By identifying the
most suitable deep learning framework for subcellular protein localization, this study aims to
provide computational biologists and experimental researchers with more efficient, scalable, and
interpretable tools for large-scale protein analysis, ultimately reducing the time and cost of
experimental validation. These insights can also facilitate large-scale screening of novel protein
functions and accelerate biomedical discoveries by integrating Al-driven predictions with

traditional experimental workflows.

Ultimately, our research contributes to the growing intersection of Al and cell biology by
advancing computational techniques for protein localization (Gai et al., 2024). The findings have
the potential to accelerate discoveries in molecular biology, facilitate high-throughput screening
of novel drug targets, and improve our understanding of disease mechanisms through Al-driven
localization predictions. By systematically evaluating CNNs and Transformers, this work lays the
foundation for more precise, scalable, and interpretable models in bioimage-based protein

localization.

2.10 Objectives

2.10.1General Aim

To train convolutional neural network (CNN) architectures and Transformer-based models for the
multi-label classification of protein subcellular localization in eukaryotic cells using large-scale
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immunofluorescence image datasets and subsequently compare their performance to determine

their relative strengths and limitations.

2.10.2 Specific objectives

1. To develop and train CNN-based models using immunofluorescence images from the

Human Protein Atlas to establish baseline accuracy and F1-scores.

2. To train and optimize Transformer-based models for subcellular localization, assessing

their performance under similar training conditions.

3. To assess the explainability of trained models using Grad-CAM for CNNs and attention
maps for Transformers, evaluating how each architecture identifies biologically relevant

regions in cellular images.

4. To assess model scalability and generalization by examining performance across abundant
and underrepresented classes, highlighting strengths and limitations for practical

applications in proteomics.

2.10.3 Ethics Statement

This study was approved by the Faculty of Health Sciences Human Research Ethics Committee
(HREC) at the University of Cape Town (UCT) under ethics clearance number HREC REF:
557/2023. This study utilizes publicly available data from established repositories, specifically the
Human Protein Atlas (HPA). All images and metadata from HPA are collected under protocols
approved by relevant institutional review boards, and the data are shared with the research
community for non-commercial purposes. No new patient samples or personal identifying
information were collected for this study. Hence, additional ethical approval was not required. All

analyses and results comply with the terms of use stipulated by the data providers.
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Chapter Three- Methods

3 Data Collection and Dataset Preparation

All experiments were conducted using a high-performance computing environment equipped with
a Quadro RTX 8000 GPU (16 GB VRAM) and 64 GB of system RAM. We sourced our dataset
from the Human Protein Atlas (HPA) (The Human Protein Atlas, n.d.), focusing on subcellular
localization annotations of various proteins (Thul et al., 2017). The data was provided in a tab-
separated values (TSV) file containing fields such as 'Gene’, 'Gene name', subcellular location
reliability categories (‘'Enhanced’, 'Supported’, 'Approved’, ‘Uncertain’), and specific subcellular
localization terms. We imported this dataset into a Pandas DataFrame to facilitate preprocessing
and exploratory data analysis. All data preprocessing and analysis were performed using Python

3.9 (Van Rossum & Drake, 2009) in a Jupyter Notebook environment (version 7.0.8).

To provide a clear overview of the full workflow, Figure 7 summarizes the major steps undertaken
in this study — from data collection and preprocessing to model training, evaluation, and
prediction. This diagram is intended to guide the reader through the methodological framework

described in detail in the subsequent sections.

Data Collection and
Dataset Preparation

Web Scraping and
Image Retrieval

Training Deep
Learning Models

Cs Neural
Network Models

Madels Used for Pro-
Used for Protein tein Localization
Localization Prediction Classification

1 s

Training of the Three { Training Transformer-

CNN Models for Based Models for
Protein Localization Predicting Subcellular
using Transfer Learning Localization of Proteins

Evaluation of the Trained
CNN and Transformer
Models

Evaluation
of the Trained CNN
and Transformer Model$.

Figure 7: Protein Localization Prediction Workflow.

Overview of the methodological pipeline used for protein subcellular localization prediction. The workflow begins with data
collection and preparation, followed by image retrieval, preprocessing, and training of both CNN and Transformer-based models.
After model evaluation, final predictions on protein localization are generated
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3.1 Web Scraping and Image Retrieval

To obtain the necessary protein images, we programmatically retrieved them from the Human
Protein Atlas (HPA) using a Python-based web scraping pipeline. For each protein entry in the
dataset, we constructed URLSs by combining the base HPA URL (https://www.proteinatlas.org/)
with the corresponding Gene and Gene name fields, followed by the /antibody#ICC suffix to
access the immunocytochemistry section.

We used the requests library to fetch HTML content from each constructed URL, and parsed the
content using BeautifulSoup v4.12.2 (Richardson, 2007). Within each page, we identified <a> tags
containing the class color box, and extracted href attributes containing the _selected substring,
which indicated high-resolution image links. We modified these links by removing _medium from

the path and prepended the base URL to construct the full image download links.

Downloaded images were subjected to a quality control step using a brightness threshold. Images
were opened using the Pillow v9. 5.0 library and converted into NumPy v1.23.5 arrays to assess
the mean pixel intensity of the green channel, which encodes the localization pattern of the protein
of interest. Images with a mean intensity below 70 were excluded to eliminate low-quality or
underexposed samples (Rahadianti et al., 2021; Cham, 2023; Rasheed et al., 2023).

Each image was composed of four fluorescent channels: green (protein of interest), blue (nucleus
counterstained with DAPI), red (microtubules labeled with anti-tubulin), and yellow (endoplasmic

reticulum).

After image retrieval and filtering, we standardized the subcellular localization annotations. For
each protein, we merged all non-null annotations across reliability categories (Enhanced,
Supported, Approved, and Uncertain) into a unified list. We normalized the names to ensure
consistency with our label dictionaries (e.g., mapping 'Rods & Rings' to 'Rods & rings') and

converted them into numerical format using predefined mappings.

To prepare the dataset for model training, we implemented a multi-label stratified splitting

approach using the MultilabelStratifiedKFold method from the iterstrat v0. 1.7 library (Sechidis et
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al., 2011; Trent, 2018). This ensured that class distributions were proportionally maintained across

the training, validation, and test sets.

3.2 Training Deep Learning Models

For the classification task, we conducted a comparative study involving both CNNs and
transformer-based models. Specifically, we trained three CNN architectures and two transformer-
based models to evaluate and compare their performance characteristics. CNNs were implemented
using TensorFlow v2.11.0 (Abadi et al., 2016) and Keras v2.11.0 (Chollet, 2015), which provided
a high-level, flexible framework for building and fine-tuning convolutional layers. In parallel, we
leveraged the Hugging Face Transformers v4.31.0 library (Wolf et al., 2020) to implement and
fine-tune Vision Transformer and Swin Transformer architectures. This approach provided a
comprehensive assessment of the strengths and limitations of each architectural family in the
context of subcellular localization classification, enabling a clearer understanding of how different
deep learning frameworks and model designs can capture the spatial and morphological

complexities of protein localization.

3.3 Convolutional Neural Network Models Used for Protein Localization

Prediction

We employed three convolutional neural network (CNN) architectures—DenseNet121 (Huang et
al., 2017), InceptionV3 (Szegedy et al., 2016) , and Xception (Chollet, 2017) —to perform multi-
label classification of protein subcellular localization. These three models were originally
developed by external research teams and have already been pretrained on the ImageNet dataset,
which contains over 14 million images and 1,000 classes (Russakovsky et al., 2015). We
leveraged this pretrained foundation through transfer learning by replacing each model’s final
classification layer with a new fully connected layer consisting of 15 nodes—corresponding to our
15 target classes—and appending a sigmoid activation function. This modification ensures that
each class can be predicted independently, thus accommodating the multi-label nature of our task.

The revised models were then fine-tuned on our dataset, significantly reducing the amount of data
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and computational resources required while retaining critical feature representations from
ImageNet(Error! Reference source not found.).
We choose these three pretrained CNNs for the following reasons: First, DenseNet121 has
demonstrated outstanding performance while requiring less memory and computational power
compared to other leading-edge methods and consists of 121 layers organized into densely
connected blocks, where each layer is directly connected to all subsequent layers (Huang et al.,
2017; Albelwi, 2022). This design enhances gradient flow, mitigates the vanishing gradient
problem, and encourages feature reuse, allowing the network to achieve high accuracy with fewer
parameters and reduced computational overhead. Its efficiency is advantageous for complex
classification tasks that require discerning subtle structural and textural cues (Arulananth et al.,
2024). By reusing features from earlier layers, DenseNet121 can effectively learn fine-grained
characteristics relevant to subcellular localization (Albelwi, 2022).
Secondly, InceptionVV3 comprises 48 layers and incorporates employs Inception modules and
factorized convolutions to capture multi-scale features efficiently (Szegdy et al., 2016; Ahmed et
al., 2023). The extensive use of batch normalization improves training stability and reduces the
overall parameter count while maintaining high accuracy (Dong, Zhao, & Chang, 2020).
Pretrained on ImageNet, InceptionVV3 has demonstrated its versatility and effectiveness across
various domains, including flowers (Maji et al., 2013), apparel (Hsiao et al., 2017), fast foods
(Martinel et al., 2016), and traffic signs (Yuan et al., 2018). Its ability to adapt to a wide range of

visual tasks makes it well-suited for delineating the intricate patterns of subcellular organelles.

Lastly, Xception (Chollet, 2017; Lo, Yang, & Wang, 2019,) builds upon the Inception architecture
by employing depthwise separable convolutions and residual connections (He et al., 2016; Viso
2024) to enhance feature extraction and mitigate representational bottlenecks (Sharma, & Kumar,
2022). It accepts 299x299 RGB inputs and comprises a total depth of 126 layers, with 36
convolutional layers strategically structured into entry, middle, and exit flows (Chen, Yang and
Zhang, 2020). These design choices reduce computational complexity while preserving accuracy.
By separating channel-wise and spatial operations, Xception reduces computational complexity
without sacrificing performance. Its substantial accuracy on ImageNet (Russakovsky et al., 2015)
highlights its capability to handle intricate image classification tasks. When fine-tuned for protein
subcellular localization, Xception’s design supports the nuanced capture of subtle visual

distinctions necessary for distinguishing between closely related subcellular compartments.
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Model: "functional_a”

| Layer (type) output Shape | Param # |

xception {(Functional) ( s 2848)

dense_12 (Densa)

batch_normalizaticn_12 { , 1824} 4,895
{Batchnormali ion)
dense_13 (Dense) 4 , 1@z} 1,849,608
batch_normalization_13 { , l@z4) 4,826
{Batchnormalizaticon)
dense_14 (Dense) ( , 15) | 15,375

Figure 8: Modified Xception model summary for multi-label classification
Shows the model summary of the Xception architecture after replacing the final classification layer with a fully connected layer

of 15 nodes and a sigmoid activation function. This modification accommodates multi-label classification of the 15-target protein
subcellular localization classes

3.4 Training of the Three CNN models for Protein Localization using

Transfer Learning

We resized the Images to meet the input requirements of each model. For DenseNet121, images
were resized to 224 x 224 pixels (Albelwi, 2022). For Xception and InceptionV3, images were
resized to 299 x 299 pixels (He et al., 2016; Viso 2024). Each original image is subjected to random
augmentations every time it is passed through the training pipeline (Hasan et al., 2021). Over 10
epochs of training, each image were effectively augmented 10 times, resulting in 10 distinct
variations per original image data augmentation techniques, including random rotations, flips, and
zooms, were applied to enhance model robustness and mitigate overfitting (Error! Reference

source not found.).

Original Augmented 1 Augmented 2 Augmented 3 Augmented 4 Augmented 5

Figure 9: Example image augmentations during training
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The first panel shows the original input image, and subsequent panels show variations produced by random rotations, flips, and
other transformations applied during training. This illustrates how the model “sees” slightly different versions of the same image
each epoch to improve robustness and reduce overfitting

We trained The CNN models were using a batch size of 16 for up to 60 epochs. We then employed
the Adam optimizer with an initial learning rate of / x /0~*} and then used binary cross-entropy
as the loss function due to the multi-label classification nature of this task. Early stopping was

implemented to prevent overfitting, monitoring the validation loss with a patience of 10 epochs.

3.5 Transformer-Based Models Used for Protein Localization

Classification

In addition to the CNN architectures described above, we explored transformer-based models for
the classification of protein subcellular localization. Transformers, developed initially for natural
language processing tasks (Vaswani et al., 2017), have increasingly gained prominence in
computer vision due to their capacity for flexible, global context modeling without the inherent
locality constraints of convolutional filters. Importantly, transformer-based models operate on
sequences of image patches rather than entire images, enabling them to capture long-range
dependencies and integrate feature representations across spatial locations (Dosovitskiy et al.,
2020).

For this study, we implemented and fine-tuned two prominent transformer-based architectures on
our dataset: the Vision Transformer (ViT) (Dosovitskiy et al., 2020) and the Swin Transformer
(Liu et al., 2021). Similar to the CNN models, both transformers were pretrained on ImageNet
(Russakovsky et al., 2015), which facilitated transfer learning. We adapted the final classification
layers of these models by introducing a fully connected layer with 15 output nodes—corresponding
to our 15 classes—followed by a sigmoid activation function, to handle the multi-label nature of
the task.

Briefly, the VIT architecture applies the standard transformer design, initially conceived for
sequential data (Vaswani et al., 2017), directly to image patches (Dosovitskiy et al., 2020). Input

images are divided into fixed-size patches, which are then linearly embedded and combined with
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positional embeddings to retain spatial information. Multi-head self-attention layers allow ViT to
attend to different parts of an image simultaneously from multiple representational subspaces,
effectively integrating global contextual information (Dosovitskiy et al., 2020; Vaswani et al.,
2017). Residual connections (He et al., 2016) and layer normalization (Ba et al., 2016) help
stabilize training and mitigate vanishing gradients. Notably, ViTs have demonstrated competitive
performance with CNNs in various image classification tasks (Dosovitskiy et al., 2020), and their
integrated saliency maps offer interpretability advantages by highlighting regions of interest in the
image (Chefer et al., 2021). This global receptive field and robust feature integration can be
advantageous for protein subcellular localization, particularly when distinguishing classes with

subtle morphological differences.

The Swin Transformer refines the transformer paradigm for computer vision tasks through a
hierarchical structure and shifted windowing strategy (Liu et al., 2021). Unlike ViT, which treats
images as a flat sequence of patches, the Swin Transformer organizes patches into non-overlapping
windows and applies local self-attention within these windows. Periodically shifting the window
partitioning achieves greater receptive field coverage while maintaining computational efficiency.
This hierarchical approach mirrors the multi-scale feature representation in CNNs, enabling Swin
Transformers to capture local and global patterns. The architectural innovations in Swin improve
latency and computational efficiency and enhance performance on a range of vision tasks, from
image classification to object detection and segmentation (Liu et al., 2021). When applied to our
protein subcellular localization problem, the Swin Transformer’s hierarchical, windowed attention
mechanism can potentially focus on relevant structural details of subcellular compartments while

maintaining a global context.

3.6 Training Transformer-Based Models for Predicting Subcellular

Localization of Proteins

We employed a slightly different training strategy for the transformer-based models to account for
their unique input representations and architectural requirements. While both the Vision
Transformer (ViT) (Dosovitskiy et al.,, 2020) and the Swin Transformer (Liu et al., 2021)
ultimately require inputs of images of size 224 x 224 pixels—similar to the CNNs—the data
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preprocessing and model compilation procedures were adapted to better align with the transformer

frameworks.

First, we integrated the Hugging Face Transformers (Wolf et al., 2020) library, which provided
specialized feature extractors for each transformer model architecture. Rather than relying solely
on standard TensorFlow/Keras (Chollet, 2015; Abadi et al., 2016) image preprocessing pipelines,
images were passed through a feature extraction process that converted them into pixel values
tailored for the transformer input format. This step ensured that the multi-head self-attention
mechanisms within the models could effectively capture spatial relationships between image

patches.

The training regime for the transformer-based models was designed to maintain consistency with
the CNN approach while accommodating the transformers’ different computational patterns. As
with the CNNs, we trained the VIiT and Swin Transformer using a batch size of 16 and up to 60
epochs. The Adam optimizer (Kingma and Ba, 2015), initialized with a learning rate of 1 x 1074,
and binary cross-entropy loss were retained for direct comparability. We also applied similar data
augmentation techniques to ensure a fair evaluation, though the feature extraction step was unique

to the transformer pipelines (Hasan et al., 2021).

One key difference in the Swin Transformer training was including a hierarchical window-based
attention mechanism, which required a custom training argument setup (Liu et al., 2021). Unlike
the standard CNN training loop, where the optimizer and learning rate scheduling were managed
directly through Keras, the Swin Transformer was compiled using Transformers create_optimizer,
allowing for fine-grained control over learning rate schedules and warm-up steps (Kingma and Ba,
2015). This approach aimed to ensure efficient convergence given the increased complexity of

transformer-based architectures.

3.7 Evaluation of Model Performance the Trained CNN and Transformer
Models

Model performance for both CNN and transformer models was evaluated on the test set comprising
2,473 images. We computed metrics including the accuracy, precision, recall, F1-score, and the

area under the receiver operating characteristic curve (AUC-ROC) to assess classification
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performance. Confusion matrices and ROC curves were generated to visualize the models'

performance across different classes.

To ensure a fair comparison, all models were trained and evaluated under the same conditions,
using identical training and validation splits and consistent data preprocessing and augmentation

techniques.

3.8 Class Activation Mapping and Attention Visualization

To interpret the spatial saliency and attention within our deep learning models, we employed a
combination of Grad-CAM-based visualization for convolutional networks and attention-based

methods for Transformer architectures.

We utilized Grad-CAM v0.8.1 (Selvaraju et al., 2017) to generate class activation maps (CAMs)
for CNNs. We defined a Grad-CAM function that constructs a modified model with an output at
the final convolutional layer (i.e., “conv5 blockl6 concat” for DenseNetl2l,
“block14 sepconv2 act” for Xception, and “mixed10” for InceptionV3). A gradient tape then
records the activations and gradients, enabling class-specific localization maps to be computed
(Selvaraju et al., 2017). The resulting heatmaps were superimposed on the original images using
OpenCV’s color-mapping capabilities (Bradski, 2000). This overlay offers a visual representation
of the region's most responsible for a given prediction. For display, we used Matplotlib (Hunter,

2007) to arrange both raw images and heatmaps into a grid layout.

For hierarchical Transformer architectures such as Swin Transformer (Liu et al., 2021), we
retrieved raw local window attentions by enabling output_attentions=True in the Hugging Face
Transformers framework (Wolf et al., 2020). We employed a TensorFlow-converted Swin-Tiny
model, pretrained on ImageNet. Each input image was resized to 224x224 pixels (matching the
Swin configuration) and normalized using the AutolmageProcessor class (Cheng et al., 2021). We
then selected specific layers and heads (e.g., final stage, head 0) to visualize the attention matrices
in local windows. By upscaling and color-mapping these attention values via OpenCV, we
obtained heatmaps that highlight the spatial regions of focus for the Transformer’s final attention

stage (Bradski, 2000; Cheng et al., 2021).
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For Vision Transformer models (Dosovitskiy et al., 2021), we adapted an attention rollout
procedure (Abnar & Zuidema, 2020) to aggregate attention across multiple layers. We employed
a pretrained “ViT-Base” model from Hugging Face Transformers with output_attentions=True
(Wolf et al., 2020). Each image was again resized to 224x224 and processed via a ViT-specific
feature extractor. To visualize global attention (including the class token), we computed a
cumulative propagation of attention across layers. The final aggregated matrix was then reshaped,
normalized, and mapped back onto the original image to highlight the most strongly attended
patches (Chefer, Gur, and Wolf, 2020).

By combining Grad-CAM, local window attention maps, and attention-rollout techniques, we
obtained a comprehensive view of feature importance for both convolutional and Transformer-

based architectures.

Chapter Four — Results

4 Results

4.1 Data Collection and Curation

Following the retrieval and preprocessing of images from the Human Protein Atlas, we evaluated
the composition of the dataset to assess its suitability for model training. Initially, the dataset
contained 28 unique subcellular localization classes. However, this distribution was highly
imbalanced, with certain classes such as "Rods & Rings" and "Cytoplasmic Bodies" comprising
fewer than 100 samples, while others like "Nucleoplasm™ and "Cytosol" were significantly

overrepresented (Figure 10).

To ensure sufficient representation for each class during model training, we applied a filtering step
that removed all classes with fewer than 200 instances. This reduced the dataset to a total of 12,565
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images across 15 unique subcellular localization classes. The filtered class distribution is

illustrated in Figure 9.

Class Distribution of Subcellular Locations
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Figure 10: Class distribution of subcellular locations in the dataset
The bar chart illustrates the distribution of instances across various subcellular locations in the dataset. Each bar represents the
count of instances for a specific class, labeled on the x-axis. The y-axis shows the number of samples per class. Classes such as

"Nucleoplasm™ and "Cytosol" have the highest representation, with counts of 4643 and 5081, respectively. In contrast, classes like
"Rods & Rings" and "Cytoplasmic Bodies" are underrepresented, with counts below 100

We then prepared the data for model development using a multi-label stratified splitting strategy,
appropriate for the nature of subcellular localization annotations which often include multiple
labels per image. We employed the MultilabelStratifiedKFold function from the iterstrat library to
ensure proportional representation of each class across the training, validation, and testing datasets.
Of the 12,565 images, 80% (10,092 images) were allocated to the training set, and 20% (2,473
images) to the test set. Within the training set, 10% (1,009 images) were further set aside for
validation. Figure 11 shows the relative percentage distribution of each class label across the entire
dataset, training set, and validation set. Notably, the consistency of class proportions across splits

indicates a well-balanced stratification.
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Percentage Distribution of Labels Across Dataset Splits
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Figure 11: Percentage label distribution across data splits

This bar plot shows the percentage distribution of class labels in the entire dataset (sky blue), training set (medium sea green), and
validation set (light coral). Each bar represents the proportion of a specific class, listed along the x- axis, across the respective
dataset splits. The y-axis indicates the percentage distribution. The plot highlights the over-representation of certain major classes
(e.g., Cytosol, Nucleoplasm) and the under-representation of rare classes (e.g., Nuclear membrane, Intermediate filaments). The

consistency between training and validation sets reflects a balanced data split for model training and evaluation. Numerical
percentages are annotated above each bar for clarity

To provide a qualitative overview of the dataset, we selected representative microscopy images
for each of the 15 valid subcellular localization classes (Figure 12). These examples highlight the
distinct morphological features associated with each compartment. Each image includes four
fluorescent channels: the green channel marks the protein of interest, while the blue, red, and
yellow channels serve as references for the nucleus (DAPI), microtubules (tubulin), and
endoplasmic reticulum, respectively. These visual examples support the interpretation of
downstream classification results and reinforce the biological relevance of the class labels used.
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Figure 12: Representative images of 15 valid subcellular localization classes

Representative images illustrating the distinct subcellular localizations of protein we sought to predict in this study. Each panel
displays a single cell image chosen from the dataset, exemplifying one of the valid classes included in the analysis (e. g.,
Nucleoplasm, Nuclear membrane, Golgi apparatus, etc.). The labeling and color channels highlight specific proteins and cellular
structures, allowing clear visualization of morphological differences and the unique distribution of markers within each
compartment. These representative examples provide a qualitative overview of the cellular features that define each subcellular
category and support the quantitative classification results presented

4.2 Overall Models’ Performance for Classification of Protein

Localization

Table 2. Validation loss and accuracy for each model.

Model Validation Loss Validation Accuracy (%) Test Accuracy (%)
DenseNet121 0.1452 68.62 67.32

Xception 0.1406 66.28 66.14

InceptionV3 0.3294 56.58 58.1

Swin Transformer 0.2196 60.51 61.58

Vision Transformer (ViT) 0.2746 38.0 37.08
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We evaluated the performance of three convolutional neural network (CNN) models—
DenseNet121, Xception, and InceptionVV3—alongside two transformer-based models—the Swin
Transformer and the Vision Transformer—on the multi-label classification task of subcellular

protein localization using confocal fluorescence microscopy images (Table 2).

Among the CNN models, DenseNet121 demonstrated the best overall performance with a
validation accuracy of 68.62%. Although Xception achieved a slightly lower validation loss
(0.1406) than DenseNet121 (0.1452), its validation accuracy was marginally lower at 66.28%. The
higher accuracy of DenseNet121 suggests a better balance between precision and recall, leading

to more correct predictions on the validation set.

InceptionV3 showed moderate performance with a validation accuracy of 56.58% and a validation
loss of 0.3294. While it did not perform as well as DenseNet121 and Xception, it provides a

valuable point of comparison due to its unique architectural features.

The transformer-based models showed varied results. The Swin Transformer achieved a validation
accuracy of 60.51% with a validation loss of 0.2196, outperforming the Vision Transformer, which
had a significantly higher validation loss (0.2746) and a low validation accuracy of 38.0% (Figure
13). The comparatively poor performance of ViT may be attributed to its higher data requirements

and sensitivity to hyperparameter settings, which are critical factors in transformer architectures.
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0.7} 0.69

0.66 Validation Loss
Il Validation Accuracy

viuL

0.6

0.5}

0.4}

0.3f

Performance Metrics

0.2¢

0.15 0.14

0.1yp

0.0

Models

Figure 13 : Validation loss and accuracy for various deep learning models

Comparison of validation performance metrics across different deep learning architectures. Each pair of bars represents a single
model, with the orange bar indicating the mean validation loss and the purple bar indicating the mean validation accuracy attained
by that model. Lower validation loss and higher validation accuracy correspond to better predictive performance. Models shown
from left to right are DenseNet, Xception, InceptionV3, ViT Transformer, and Swin Transformer. Numerical values above the bars

specify the exact metric for each model, allowing direct performance comparisons

4.3 In-Depth Class-by-Class Performance Analysis

To gain deeper insights into the models' capabilities, we examined precision, recall, and F1-score
for each subcellular localization class. Micro- and macro-averaged precision, recall, and F1-scores
are shown for the five models evaluated on protein subcellular localization: Xception,
InceptionV3, DenseNet, Swin Transformer, and ViT Transformer. Micro-averaging calculates
metrics globally (summing over all classes), while macro-averaging treats each class equally
(averaging per-class metrics). The data reflect each model’s performance in correctly classifying

proteins into multiple subcellular compartments (Table 3).
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DenseNet121 demonstrated high F1-scores across most classes, indicating a balanced ability to
correctly identify both major and minor subcellular locations (Figure 14). Notably, it achieved
high precision and recall in well-represented classes such as Nucleoplasm (F1-score: 0.83),
Cytosol (F1-score: 0.71), and Mitochondria (F1-score: 0.81). However, it showed relatively lower
performance in classes like Nuclear bodies (F1-score: 0.59) and Intermediate filaments (F1-score:
0.48), suggesting challenges in capturing features for underrepresented or visually ambiguous
classes.

Table 3: Micro and Macro Performance Metrics for Each Model.

Xception 0.82 0.67 0.74 0.81 0.57 0.65
InceptionV3 0.66 0.55 0.60 0.51 0.33 0.35
DenseNet 0.83 0.66 0.74 0.81 0.57 0.66
Swin 0.16 0.73 0.26 0.10 0.47 0.15
ViT 0.20 0.27 0.23 0.03 0.13 0.04

Xception performed comparably to DenseNet121 in major locations such as Nucleoplasm (F1-
score: 0.83), Nucleoli (F1-score: 0.78), and Cytosol (F1-score: 0.75). It exhibited slightly better
adaptability for some underrepresented classes, such as the Nucleoli fibrillar center (F1-score:
0.53), outperforming DenseNet121 in this category. However, Xception showed noticeable dips
in performance for Nuclear bodies (F1-score: 0.44) and Nuclear speckles (F1-score: 0.71),

indicating areas where it struggled with recall and could benefit from further optimization.

InceptionV3 underperformed compared to the other CNN models in several key classes. While it
achieved acceptable performance in major classes like Nucleoplasm (F1-score: 0.79) and Cytosol
(F1-score: 0.67), it showed significant deficiencies in classes such as nuclear membrane (F1-score:
0.00), Intermediate filaments (F1-score: 0.00), and Nucleoli fibrillar center (F1-score: 0.06). These
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results suggest that InceptionV3 had difficulty handling minor or ambiguous subcellular locations

effectively and may require substantial adjustments or further pretraining optimization to be viable

for this task.

Class-Level F1-Score Comparison for CNN Models
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Figure 14: F1-score comparison for CNN-based architectures

F1 Score Comparison. This bar chart compares the class-level F1-scores for three CNN-based architectures: DenseNet, Xception,
and InceptionV3. Each bar along the x-axis group corresponds to one of the considered subcellular compartments. The F1-score,
represented by the bar height, indicates the model’s ability to correctly identify the class while minimizing false positives and false

negatives. By examining these class-by-class results, it becomes possible to discern the strengths and weaknesses of each CNN
architecture, as well as their relative capabilities in distinguishing specific cellular structures

The Swin Transformer exhibited moderate performance, with an overall validation accuracy of
60.51%. It demonstrated high recall but low precision in major classes like Nucleoplasm
(precision: 0.38, recall: 0.99) and Cytosol (precision: 0.41, recall: 0.99), resulting in moderate F1-
scores due to a high rate of false positives. This indicates that while the model could identify the
most true instances of these classes, it incorrectly labeled many other instances as belonging to
them (Figure 15).

The Vision Transformer performed poorly across all classes, with a validation accuracy of only
38.0%. It achieved high recall for Nucleoplasm (recall: 1.00) and Cytosol (recall: 1.00) but with
very low precision (precision: 0.38 and 0.41, respectively), leading to moderate F1-scores due to
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a high false-positive rate. The model failed to correctly identify instances for other classes,

resulting in precision, recall, and F1-scores of 0.00 (Figure 15).

Class-Level F1-Score Comparison for Transformer Models
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Figure 15 : F1-score comparison for transformer-based models

F1 Score Comparison. This bar chart compares the class-level Fl-scores for two transformer-based architectures: ViT
Transformer and Swin Transformer. Each class along the x-axis represents a distinct subcellular compartment (e.g., Nucleoplasm,
Nuclear membrane, Golgi apparatus), and the height of each bar indicates the F1-score achieved by that model on that specific

class. By comparing the pairs of bars for each class, differences in the models’ performance can be observed, highlighting which
architectural design better captures the features of particular cellular structures

Confusion matrices are widely used tools for evaluating the performance of classification models,
providing a summary of predictions made by a model compared to actual class labels. Each cell in
the matrix represents the number of predictions for a specific class, highlighting true positives,
false positives, and misclassifications (Provost & Kohavi, 1998). In this study, confusion matrices
and classification metrics (precision, recall, and F1-score) were used to compare the performance
of CNN-based models (DenseNet, InceptionV3, Xception) and Transformer-based models (Swin

Transformer, ViT) in the task of subcellular localization (Figure 16).
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Figure 16 : Confusion matrices for five deep learning architectures
Confusion matrix analysis. Confusion matrices showing classification performance of DenseNet,, Xception and InceptionV3, Swin

Transformer and Vision Transformer (ViT) models for subcellular localization (A-E). The matrices illustrate the true labels (y-
axis) against the predicted labels (x-axis) for different cellular compartments, with darker shades indicating higher counts

DenseNet emerged as the best-performing model among the CNN architectures, achieving a micro
F1-score of 0.74 and a macro F1-score of 0.66. Its confusion matrix highlights strong classification
accuracy for dominant classes, particularly "Nucleoplasm,” with minimal misclassifications.
However, DenseNet struggled with smaller and visually similar classes, such as "Nucleoli fibrillar
center” and "Intermediate filaments,” which had lower recall. Xception performed similarly to
DenseNet, with a micro F1-score of 0.74 and a macro F1-score of 0.65, but its confusion matrix
reveals more pronounced misclassifications for minority classes like "Nuclear bodies.”
InceptionV3, by contrast, showed the weakest performance among CNNs, with a micro F1-score

of 0.60 and a macro F1-score of 0.35. Its confusion matrix illustrates widespread misclassification
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across almost all minority classes, particularly "Nuclear membrane™ and "Nucleoli fibrillar center,"

underscoring its difficulty in capturing subtle features within these categories.

Transformer-based models, Swin and ViT, underperformed relative to their CNN counterparts,
with Swin achieving a micro F1-score of 0.26 and a macro F1-score of 0.15, while VIiT reported a
micro F1-score of 0.23 and a macro F1-score of 0.04. Swin showed moderate success in predicting
"Nucleoplasm” and "Plasma membrane,” as observed in its confusion matrix, but failed to
generalize well across most minority classes. ViT exhibited severe overfitting to "Nucleoplasm,”
with nearly all other categories being misclassified into this dominant class. This limitation reflects
the challenges transformer models face in handling highly imbalanced datasets without extensive

fine-tuning.

Overall, the results reveal the significant impact of class imbalance on model performance.
Dominant classes, such as "Nucleoplasm,” received disproportionately higher precision and recall
scores, as evidenced by the micro-average metrics in all models. In contrast, macro averages,
which weigh all classes equally, highlighted the difficulty in accurately classifying
underrepresented categories. CNN models, particularly DenseNet, excelled in leveraging localized
feature extraction to distinguish between visually similar classes, whereas transformers, which rely
on global attention mechanisms, struggled to capture the granularity required for subcellular

localization tasks.

4.4 Precision-Recall Scatter Plot Evaluating Model Trade-Offs

We further evaluated the models using precision-recall scatter plots to gain deeper insights into
how each model balanced precision and recall across different classes (Figure 17). In these plots,
the dashed line represents a perfect balance where precision equals recall. Points closer to this line
indicate a well-balanced trade-off, suggesting that the model accurately identifies true positives

(high recall) while avoiding false positives (high precision).
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Precision-Recall Balance Across Models
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Figure 17: Precision-recall balance for various models and classes

Precision-Recall Balance. This scatter plot displays the precision-recall balance of multiple models for various classes. Each point
corresponds to a particular model’s performance on a given class, with precision on the vertical axis and recall on the horizontal
axis. The dashed line represents perfect balance (precision equals recall). Points above the line show where precision exceeds
recall, while points below indicate recall outweighs precision. The different colors and markers represent various architectures
(DenseNet, Xception, InceptionV3, ViT Transformer, and Swin Transformer), enabling a direct comparison of how each model
trades off between capturing positive instances accurately (precision) and capturing as many positives as possible (recall).

DenseNet121 exhibited many points close to or above the balance line, especially for well-

represented classes. This distribution indicates a good precision-recall balance across various

classes, suggesting DenseNet121's reliability in identifying instances and minimizing false

positives in subcellular localization. However, a few points were below the line, particularly in

regions with lower precision and recall,

underrepresented or visually ambiguous classes.

indicating that DenseNet121 struggled with
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Xception performed comparably to DenseNet121, with several points near the balance line. The
model generally maintained a similar balance of precision and recall, demonstrating consistent
performance across most classes. Notably, there were a few classes where Xception showed higher
precision and lower recall, as indicated by points to the right of the line. This pattern suggests that
Xception may slightly prioritize avoiding false positives over identifying every true positive in

some instances, indicating a more conservative approach to specific class predictions.

InceptionV3 had most points falling far from the balance line, particularly in the low precision and
recall region. Many of its points were significantly below the line, indicating difficulty in
maintaining a balance between precision and recall. For certain classes, InceptionVV3 exhibited
either very low precision or very low recall—evident from points near the x or y-axis—suggesting
that it struggled to identify these classes without a high misclassification rate accurately. This
performance indicates that InceptionV3 may require substantial improvements or tuning to

distinguish between certain subcellular locations reliably.

The Vision Transformer had points clustering near the recall axis at the bottom-right of the plot,
showing very high recall but very low precision for some classes. This distribution indicates that
the model frequently predicted positive instances but included many false positives. The imbalance
between precision and recall highlights challenges in discriminating between classes, suggesting

that ViT struggled to make accurate predictions despite identifying the most true positives.

Compared to VIiT, the Swin Transformer achieved a better balance between precision and recall,
with points distributed closer to the perfect balance line. While it still struggled with certain
classes—evident from some points near the recall axis indicating high recall but low precision—
the overall distribution suggests improved performance over ViT. The Swin Transformer's
hierarchical architecture may have contributed to its enhanced ability to capture both local and
global features, leading to a more balanced trade-off.

4.5 ROC curve analysis Assessing Discriminative Power

The provided set of ROC (Receiver Operating Characteristic) curves compares the performance
of five different models: Xception, InceptionV3, DenseNet, Swin Transformer, and ViT
Transformer, based on their ability to distinguish between classes. The Area Under the Curve
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(AUC) metric is a summary statistic used to evaluate the overall model performance (Figure 18).
Higher AUC values indicate better model performance, reflecting a higher true positive rate

(sensitivity) for a lower false positive rate.
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Figure 18 : ROC curves and AUC scores for each deep learning model

ROC (Receiver Operating Characteristic) Area Under the Curve (AUC) metric is a summary. Each panel shows a Receiver
Operating Characteristic (ROC) curve for a different deep learning model, including, DenseNet, Xception, InceptionV3, Swin
Transformer, and ViT Transformer. The ROC curve plots the True Positive Rate (TPR) versus the False Positive Rate (FPR) across
various decision thresholds. A curve closer to the top-left corner indicates better discriminative ability. The Area Under the Curve

(AUC) value in each subplot provides a single numerical performance measure, with higher AUC values indicating superior overall
classification accuracy.

The ROC curves highlight the superior performance of Xception and DenseNet, both achieving an
AUC of 0.94, indicating excellent classification ability. InceptionV3 follows with an AUC of 0.84,
demonstrating good performance but slightly less robust than the top two models. The Swin
Transformer shows moderate capability with an AUC of 0.70, while the VIT Transformer performs
poorly, with an AUC of 0.46, indicating that it is unsuitable for the current task. These results
suggest that Xception and DenseNet are the most reliable models for the subcellular classification

problem, with InceptionV3 as a viable alternative for further exploration.
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4.6 Assessing Biological Relevance and Explainability of the Models
using Grad-CAM

Deep neural networks often function as “black boxes,” making it non-trivial to confirm whether
the network is leveraging biologically relevant features for its predictions. Visualization methods
like Grad-CAM or attention rollouts help us inspect model decision-making by highlighting spatial
regions most responsible for classification outcomes (Selvaraju et al., 2017b; Moujahid et al.,
2021). If these highlighted regions correlate with bona fide subcellular structures (e.g.,
nucleoplasm, mitochondrial morphology), we gain confidence that the model is not just
memorizing noise or artifacts. The top rows showcase the original immunofluorescence
microscopy images for reference, representing subcellular structures such as the nucleoplasm,
nuclear membrane, nucleoli, and more complex patterns like the Golgi apparatus, mitochondria,
and cytosol. These images are essential benchmarks for evaluating the regions highlighted by the
attention mechanism. The corresponding attention rollout/ GRAD-CAM heatmaps in the bottom
rows reveal the regions of the input images the model attended to during classification (Figure 19-
21).

Figure 19 presents Grad-CAM overlays for three convolutional neural network (CNN)
architectures—DenseNet, Xception, and InceptionVV3—applied to a diverse range of subcellular
localization patterns. Each column corresponds to a specific class, with the top image displaying
the original immunofluorescence micrograph and the subsequent rows showing Grad-CAM

overlays from each model.

For classes that exhibit relatively straightforward morphological signatures (e.g., nucleoplasm,
nucleoli, nuclear membrane), all three networks consistently localize their attention to biologically
meaningful regions. The Grad-CAM hot spots (red/yellow regions) align well with the expected
anatomical domains, suggesting that the networks rely on morphologically relevant features. This
correspondence provides further evidence that the models are capturing and utilizing canonical
patterns of subcellular architecture.

In contrast, more intricate classes such as Golgi apparatus, actin filaments, and centrosomes

present greater interpretive challenges. Here, the Grad-CAM maps become more diffuse and
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variable across architectures. DenseNet, Xception, and InceptionVV3 may each emphasize slightly
different subcellular regions, and the intensity of their attention may be less concentrated on well-
defined morphological structures. This dispersion in the Grad-CAM signal suggests that these
classes are more challenging for the models to delineate, possibly reflecting underlying biological

complexity or subtle visual cues that differ significantly across samples.

Notably, differences across architectures also emerge. DenseNet’s attention forms more coherent
clusters, while Xception and InceptionVV3 sometimes display more spatially distributed attention
patterns. Such differences could stem from architectural design choices—such as dense
connectivity in DenseNet or branching modules in InceptionV3—and their respective abilities to

integrate multi-scale features.
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Figure 19: Grad-CAM visualizations for CNN models on subcellular structures

Visualization methods with Grad-CAM or attention rollouts. The figure demonstrates Class Activation Maps (CAMs) generated
using Grad-CAM for DenseNet, Xception, and InceptionV3 models. Each column represents a specific subcellular localization
pattern, with the first row showcasing the original immunofluorescence microscopy images for reference. Easy patterns, such as
nucleoplasm, nucleoli, and nuclear membrane, are visualized in the first set of columns, while more complex patterns, including
Golgi apparatus, actin filaments, and centrosome, are shown in the latter columns. For each pattern, the Grad-CAM overlays
highlight regions of interest used by the models for classification. Warmer colors (red/yellow) indicate regions with stronger model
attention, while cooler colors (blue) represent lower attention. Models demonstrate consistent attention to biologically relevant
regions in easy patterns but show variability in intricate patterns, reflecting differences in interpretability and performance.

Unlike CNNSs, Vision Transformers and Swin Transformers employ self-attention instead of
convolutional kernels. Classic Grad-CAM depends on the gradient flow through convolutional
layers. Directly applying Grad-CAM to Transformers is less straightforward because attention—
rather than localized receptive fields—underpins their feature representation. (Chefer, Gur, and
Wolf, 2020; Chefer, Gur, and Wolf, 2021)

Swin Transformer refines ViT’s global attention by restricting it to local windows. Each stage
attends to features within small patch regions, making “pure attention rollout” trickier than in ViT.
Instead, we can visualize per-window attention from the final stage (Figure 20). The heatmaps
reveal discrete patches (red blobs) corresponding to how each window attends to local features.
Since attention is computed within each local 7x7 patch region, the overlays appear “patchy” rather
than continuous (Chefer, Gur, and Wolf, 2020; Cheng et al., 2021). Merging or stitching across
multiple windows to form a single global map is non-trivial. Despite this, extracting pure attention
still provides insight into which sub-regions each Swin window deems critical for classification
(Cheng et al., 2021).

The class-level F1-score comparison (Figure 15) reinforces this interpretation. For classes like
nucleoplasm and cytosol, where localized features are sufficient and relatively straightforward, the
Swin model achieves competitive or higher F1-scores than ViT. This suggests that the localized
attention mechanism helps effectively capture the salient features needed for classifying these

simpler patterns.

However, for more complex or morphologically subtle classes (e.g., Golgi apparatus, intermediate
filaments), the Swin model’s performance still may not match the intuitive neatness of global

attention maps. Instead, it scatters attention across multiple local patches, potentially indicating
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difficulty consolidating these dispersed cues into a single, strong classification signal. Despite this,
the Swin model often outperforms or matches VIiT in Fl-score for several challenging classes,
implying that its windowed attention structure may help isolate and leverage fine-grained features

otherwise lost in global averaging.

Nucleoplasm Nuclear membrane Nucleoli Nucleoli fibrillar center  Nuclear speckles

Pure Attention Pure Attention

Pure Attention Pure Attention Pure Attention

Intermediate filaments  Actin filaments

Nuclear bodies  Endoplasmic reticulum  Golgi apparatus

Pure Attention Pure Attention Pure Attention Pure Attention Pure Attention
Microtubules Centrosome Plasma membrane Mitochondria Cytosol

Pure Attention

Pure Attention Pure Attention Pure Attention

Figure 20: Swin Transformer attention maps across localization classes

Pure Attention

Visualization methods with Grad-CAM or attention rollouts. Visualization of local window attention in a Swin Transformer model
for 15 subcellular localization classes. Top Rows: Original immunofluorescence microscopy images highlighting structures such
as the nucleoplasm, nuclear membrane, nucleoli, and more complex compartments like the Golgi apparatus and mitochondria.
Bottom Rows (““‘Pure Attention”): Overlayed attention maps extracted from the Swin Transformer’s final stage. Because Swin uses
local windows rather than global attention, each attention patch appears as distinct “blobs,” illustrating the regions within each
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window the model focuses on. Warmer areas (red/yellow) indicate higher local attention, suggesting more substantial relevance
for classification. Cooler colors (blue) reflect lower attention. This “patchy” appearance reflects Swin’s hierarchical, window-
based architecture, as opposed to a single global map. Together, these images demonstrate how local self-attention mechanisms
identify biologically meaningful features in each subcellular localization class

For VIiT, attention is global: each patch can attend to all other patches in every self-attention layer.
This structure permits attention rollout—an approach aggregating layer-by-layer attention weights
to visualize how the model routes information from the class token to image patches. In the
visualization of VIiT attention rollout maps (Figure 21), we see how the Vision Transformer
allocates its attention across various subcellular localization patterns. For more straightforward
classes, such as nucleoplasm or cytosol, the rollout maps show the model consistently focusing on
image regions that correspond to the expected biological structures. This alignment between
attention hotspots and visually discernible cellular components suggests that ViT is leveraging

relevant morphological cues for these more straightforward classes.

However, when faced with more complex patterns—such as the Golgi apparatus or intermediate
filaments—the attention rollout maps become more diffuse or less intuitively aligned with specific
features. This indicates that the model may struggle to pinpoint the key distinguishing patterns,

potentially correlating with lower predictive performance for these classes.

The class-level F1-score comparison (Figure 15) provides quantitative support for the qualitative
insights gleaned from the attention maps. For classes where ViT shows coherent and biologically
meaningful attention patterns (e.g., nucleoplasm), the model also achieves relatively higher F1-
scores. Conversely, for challenging categories like Golgi apparatus or less distinctive patterns, the
F1-scores are noticeably lower, reflecting the difficulty in extracting consistent, discriminative

features.

Compared to the Swin Transformer, the ViT model’s performance exhibits some variance across
classes. While ViT and Swin may both handle simpler patterns comparably well, Swin’s windowed
attention mechanism can sometimes better localize features in classes where ViT’s global attention
approach proves less effective. This disparity highlights that while ViT can excel at capturing
global context, it may not always be optimal for classes requiring fine-grained spatial

discrimination.
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In summary, ViT’s attention to rollout maps and class-level F1-scores reveal a pattern: the model
excels in classes easily captured by global patch-to-patch relations but struggles in more intricate
cases. These findings underscore the importance of selecting appropriate transformer architectures
or feature extraction strategies based on the complexity of the biological structures under

investigation.

u(eolasm Nuclear membrane

Auen(lon Rollout Attention Rollout

Nucleoli Nucleoli fibrillar center

Attention Rollout

Intermediate filaments

Nuclear speckles

Attention Rollout Attention Rollout

Nuclear bodies

Attention Rollout Attention Rollout

Endoplasmic reticulum

Golgi apparatus Actin filaments

Attention Rollout Attention Roliout Attention Rollout

Microtubules Centrosome Plasma membrane Mtochondrla Cytosol

Attention Rollout Attention Rollout Attention Rollout Attention Rollout

Figure 21: VIT attention rollout maps for different cellular compartments

Attention Rollout

Visualization methods with Grad-CAM or attention rollouts. For classes like nucleoplasm or nucleoli, the rolled-out attention map
aligns closely with the regions containing the relevant organelle features, reinforcing that ViT focuses on biologically valid signals.
Categories such as mitochondria or Golgi apparatus show more diffuse or inconsistent attention distributions. The potential
mismatch in localizing these structures is consistent with the model’s lower accuracy on these classes and underscores the inherent
difficulty of capturing morphological nuances in purely patch-based global attention. Warmer areas (red/yellow) indicate higher
local attention, suggesting stronger relevance for classification. Cooler colors (blue) reflect lower attention
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When comparing the Grad-CAM visualizations for the CNN models to the attention maps
produced by the transformer-based models (ViT and Swin), distinct differences in interpretability
emerge. The Grad-CAM overlays from DenseNet, Xception, and InceptionV3 typically form
smooth, contiguous heatmaps that align closely with recognizable morphological features. In
contrast, ViT’s global attention maps and Swin’s patch-based attention patterns often appear more
fragmented, with key areas highlighted at the patch-level rather than forming a single coherent
region. Although transformers may sometimes outperform CNNs in certain challenging classes,
their attention maps reflect the more flexible, tokenized nature of their representations, making
their visualization less straightforward to interpret. Nonetheless, each approach provides valuable
insights, with CNN-based Grad-CAM offering more intuitive object-like saliency, while
transformers reveal the underlying patch-level decision-making that can capture complex or subtle

spatial cues.
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Chapter Five -Discussion

5 Discussion

We trained and evaluated multiple deep learning architectures—spanning both convolutional
neural networks (CNNs) and Transformers—to classify subcellular localization patterns in
fluorescent microscopy images. Overall, the CNN-based approaches demonstrated superior
performance, showing robust feature extraction capabilities for these complex tasks, whereas the

Vision Transformer exhibited comparatively weaker results.

As summarized in Table 2, both DenseNet121 and Xception outperformed the other models in
terms of validation loss and accuracy. Their superior performance can be linked to architectural
features that facilitate efficient feature extraction (Banumathi et al., 2021; Albelwi, 2022).
DenseNet121 employs dense connectivity, ensuring enhanced gradient flow and feature reuse, a
crucial advantage for parsing complex fluorescent microscopy images (Huang et al., 2017; Hasan
et al., 2021). Similarly, Xception leverages depthwise separable convolutions, allowing it to

effectively learn spatial hierarchies with reduced computational overhead (Chollet, 2017).

These results indicate that DenseNet121 and Xception are particularly suited for multi-label
subcellular protein localization tasks. DenseNet121’s connectivity pattern alleviates the vanishing
gradient problem and encourages learning nuanced details—an imperative factor when dealing
with intricate fluorescence data. Meanwhile, Xception’s separation of cross-channel and spatial
correlations enables efficient feature extraction at multiple scales, offering another pathway to
robust performance (Chollet, 2017; Lo, Yang, & Wang, 2019). The close similarity in validation
loss for both models further suggests that each successfully minimizes error, supporting their

applicability in this domain.

By contrast, InceptionV3 exhibited lower accuracy, possibly reflecting challenges in capturing
underrepresented classes in a multi-label context. While Inception-style architectures have

historically performed well (Szegedy et al., 2015; Nandini & Puviarasi 2021), Xception—derived
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as an “Extreme Inception” variant—appears better optimized for this particular dataset through its
novel use of depthwise separable layers (Wu, Liu, Yang, & Chen, 2020). This outcome
underscores the importance of carefully matching architectural choices with task-specific

demands, especially in specialized bioinformatics applications (Litjens et al., 2017a).

Turning to the transformer-based models, the Swin Transformer outperformed the Vision
Transformer, yet still fell short of matching DenseNet121 and Xception’s validation accuracy
(Table 2). The hierarchical architecture and shifted window mechanism of Swin Transformers
likely enhanced its performance by capturing localized patterns more efficiently than Vision
Transformers (Liu et al., 2021). This combination of efficiency and effectiveness makes Swin
Transformers a notable improvement over Vision Transformers, especially in applications where
scalability and computational resources are important factors (Liu et al., 2021; Feeser, n.d.). In
contrast, Vision Transformers faced challenges with the dataset’s size and multi-label
requirements, highlighting their dependence on large-scale datasets (Dosovitskiy et al., 2020).
ViTs also demand considerable computational resources, particularly for high-resolution images,
due to their attention mechanism, which compares all patches to one another (Kamsetty, Fricke &
Liaw, 2020; Feeser, n.d.).

While transformers have demonstrated remarkable success in natural language processing and
large-scale vision tasks (Vaswani et al., 2017), their application to specialized domains, such as
subcellular protein localization, may require additional strategies to achieve optimal performance
(Casola, Lauriola & Lavelli, 2022). For instance, transformers are known to be sensitive to
hyperparameter choices and may necessitate extensive tuning to perform effectively in specialized
tasks (Chen, 2022). Future work may explore larger training sets, more extensive hyperparameter
searches (e.g., learning rate warm-up, weight decay schedules), or more aggressive data
augmentations to unlock their potential fully (Chen, 2022). As a result, CNN-based models
currently seem better aligned with the demands of multi-label subcellular protein localization
(Table 2).

From a class-level perspective, DenseNet and Xception consistently deliver superior F1-scores,
particularly on challenging compartments like nuclear structures and cytoskeletal filaments.

InceptionV3 remains competitive in certain classes but shows noticeable dips in performance for
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more intricate subcellular features. On the transformer side, Swin Transformer surpasses ViT for

almost all classes, though both generally trail behind the best CNNSs.

These observations underscore the importance of architectural choices and data availability when
applying deep learning to specialized biomedical imaging tasks. CNN-based models—especially
those with advanced connectivity or filter design—continue to be robust, while transformers,
despite their success in other domains, may require further adjustments or larger datasets to unlock
their potential in subcellular protein localization fully. However, because proteins often localize
to multiple compartments (e.g., cytosol and nucleoplasm) simultaneously, the task requires multi-
label classification rather than a single-label approach. Although we use binary cross-entropy and
standard metrics like accuracy, F1-scores, and AUC, these can obscure crucial nuances of multi-
label performance. For example, a model predicting only the most common label per sample might
attain deceptively high accuracy in an imbalanced dataset. More specialized multi-label metrics—
such as Hamming loss, subset accuracy, or average precision—can provide deeper insights,

particularly for underrepresented compartments.

Grad-CAM and attention rollout analyses reveal that CNNs (DenseNet, Xception, InceptionV3)
often generate smooth, contiguous activation maps aligning with known subcellular structures—
an encouraging sign that these models rely on morphologically relevant features rather than
spurious correlations. Meanwhile, transformer-based models exhibit more “patchy” or globally
diffuse attention, reflecting their self-attention mechanisms. Though less visually intuitive, this
token-by-token approach can sometimes detect patterns that CNN kernels miss. Confirming these
attention maps with expert cell biologists would strengthen confidence that the learned features

correspond to genuine biological patterns rather than artifacts

5.1 Biological Context and Impact

Accurate, high-throughput subcellular protein localization prediction has significant implications
for basic biology and translational research. Mislocalized proteins are often implicated in diseases
such as cancer and neurodegeneration (Wang & Wei, 2022; Barmada et al., 2010). Rapid
computational screens can highlight candidate proteins for subsequent laboratory validation,
saving time and expense compared to purely experimental methods (Xiao et al., 2024). As deep

learning models become increasingly adept at parsing complex imaging data, they may guide
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large-scale functional annotation of newly discovered proteins, accelerate drug discovery
pipelines, and bolster personalized medicine approaches by revealing cell-type—specific
localization phenomena (Jiang et al., 2021).

Overall, DenseNet121 and Xception stand out for their ability to capture complex spatial
dependencies within microscopy images, while InceptionV3 and transformer-based models—
particularly ViT—face limitations possibly tied to architecture-specific requirements and dataset
size constraints. Although Swin Transformer showed moderate promise, further experimentation
with data augmentation and hyperparameter tuning may be needed to close the performance gap.
These findings align with previous studies highlighting the critical role of architectural design and
training strategies when applying deep learning to specialized biomedical imaging tasks (Litjens
et al., 2017b; Johnson & Khoshgoftaar 2019).

5.2 Limitations and Future Directions

Several constraints may have influenced model performance. First, although the Human Protein
Atlas is a rich resource, it may not fully capture the diversity of cell types, imaging conditions, or
staining protocols across different laboratories (Liimatainen et al., 2021). Second, transformers,
especially ViT, often require massive datasets to converge well; while reasonably sized for
biomedical standards, our dataset is still modest relative to ImageNet-scale corpora (Viso, 2024).
Third, limited hyperparameter exploration—especially for ViT—may have capped performance.
More fine-grained tuning (e.g., adjusting window sizes in Swin or altering the number of self-

attention heads in ViT) could yield further improvements (Chandra et al., 2023).

Beyond hyperparameter optimization, combining multi-modal data (e.g., 3D z-stacks or time-lapse
microscopy) could address subtle morphological features that 2D images may obscure (Alpert,
2023). Additionally, specialized data augmentations reflecting biological reality—such as
morphological transformations or synthetic expansion of underrepresented classes—could help
address the class imbalance and improve generalizability (Rana et al., 2023; Morales-Hernandez,

Van Nieuwenhuyse & Rojas Gonzalez, 2023).

In this study, We acknowledge that certain subcellular compartments are inherently underrepresent

(Figure 10). However, we opted not to apply class imbalance remediation techniques (e.g.,
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oversampling, undersampling, or class weighting) for several reasons. First, our goal was to
preserve the intrinsic distribution of the dataset, which more accurately reflects real-world
biological scenarios where some protein localizations are naturally rarer than others (Buda, Maki
and Mazurowski 2018). Applying strong resampling or weighting methods can distort the true
prevalence of each class and potentially inflate performance for classes that remain genuinely
infrequent in practice (Wallace et al. 2011; Johnson and Khoshgoftaar 2019). Second, because our
multi-label setup already combines overlapping compartments (e.g., cytosol and nucleoplasm),
additional manipulation of class frequencies risked introducing further complexity into model
training (He and Garcia 2009; Litjens et al. 2017a; Johnson and Khoshgoftaar 2019). Finally, the
scale of the overall dataset—and the filtering step that removed classes with minimal samples—
provided a sufficient baseline for each model to learn meaningful patterns without artificially
balancing the classes (Johnson & Khoshgoftaar 2019). Nonetheless, future work could incorporate
more targeted approaches (e.g., focal loss or cost-sensitive learning) if improving performance on

rarely observed subcellular compartments becomes a primary objective (Chawla 2009).

Chapter Six- Conclusion
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6 Conclusion

Our findings underscore that while transformer-based models continue to show promise—
particularly with Swin’s hierarchical attention—well-established CNNs like DenseNet121 and
Xception currently lead in multi-label subcellular protein localization tasks under these
experimental conditions. Optimizing architectures, dataset size, and hyperparameters could narrow
the performance gap for transformers. In parallel, rigorous interpretability methods remain
essential to ensure model decisions align with true biological markers and to further our
understanding of disease mechanisms that arise from protein mislocalization. As image analysis
and deep learning co-evolve, the synergy between computational predictions and experimental

validation will prove invaluable for mapping the proteome’s spatial organization within cells.

Future work should address class imbalance through advanced data augmentation strategies or
oversampling techniques to improve recall for minority classes. Transformer models may benefit
from hybrid architectures that integrate convolutional layers for finer spatial feature extraction
while leveraging attention mechanisms for global context. Additionally, fine-tuning
hyperparameters and applying regularization techniques may enhance the generalization ability of
transformer models. These adjustments could further improve the robustness of both CNN and

Transformer-based architectures in complex classification tasks.

7 Data availability

The dataset used for this analysis was obtained from the Human Protein Atlas (HPA), a publicly
available repository of high-resolution immunofluorescence microscopy images. The dataset
includes subcellular localization annotations for various proteins, facilitating large-scale deep
learning-based predictions. Access to the dataset follows the terms and conditions set by the HPA

for non-commercial research purposes.
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