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Mastering the Unseen:
Approaches to Hard-to-Detect Viral Cytopathic Effect

Abstract:

Viral infections pose persistent global health challenges, making rapid, accurate assess-
ment of viral activity crucial for research and diagnostics. Cytopathic Effect (CPE),
morphological changes in host cells upon viral infection, serves as a critical visual
indicator of viral load, yet its manual microscopy based assessment is laborious and
subjective. Furthermore, simple automated classification often fails to quantify infection
severity and struggles with "hard-to-detect" cases. This work presents a comprehensive
survey and performance evaluation of various computer vision techniques, ranging from
image classification to weakly and strongly supervised segmentation with both classical
and deep learning-based models, for the automated detection and localisation of CPE
induced by xenotrophic murine leukemia virus (x-MuLV). Our analysis demonstrates
that supervised segmentation techniques provide a significantly more robust pathway for
viral load quantification than explainability-based classification methods, particularly
when analysing images displaying subtle cellular alterations with low viral load. This
automated methodology offers an efficient, objective, and scalable alternative to manual
inspection, facilitating high-throughput analysis and deeper insights into infection dynam-
ics. Following extensive data preparation, this work systematically compared existing
computer vision methodologies, thereby identifying and validating best-performing ap-
proaches for consistent and quantitative Cytopathic Effect characterisation, which offers
a powerful tool to accelerate drug discovery, advance fundamental viral research, and
improve automated virological assays.
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Niahtamatu Taltsutamine: Lihenemisviisid Raskesti Avastatava Viiru-
se Tsiitopaatilise Efekti Tuvastamiseks

Lithikokkuvote: Viirusnakkused on maailma tervisele pidevaks viljakutseks, mistottu
on viiruse aktiivsuse kiire ja tdpne hindamine viga oluline nii teadustoos kui diagnostikas.
Tsiitopaatiline efekt (CPE) — viiruse pohjustatud morfoloogilised muutused peremees-
rakkudes — on tédhtis visuaalne néitaja viiruskoormuse kohta, kuid mikroskoobiga kisitsi
hindamine on aeg-ndudev ja subjektiivne. Lisaks ei suuda lihtsad automaatsed klassifi-
kaatorid tihti nakkuse raskusastet tdpselt modta ning jddvad hitta «rasketuvastatavate»
juhtumitega. Siin uuringus anname pohjaliku iilevaate ja hindame eri arvutindgemise vot-
teid — alates pildiklassifikatsioonist kuni norgalt ja tugevalt juhendatud segmenteerimiseni,
kasutades nii klassikalisi kui stigavoppe mudeleid — xenotroopse hiire leukeemiaviiruse
(x-MuLV) poolt tekitatud CPE automaatseks tuvastamiseks ja lokaliseerimiseks. Analiiiis
niitab, et juhendatud segmenteerimismeetodid on viiruskoormuse kvantifitseerimisel
mirksa tookindlamad kui selgitavusel pohinevad klassifitseerijad, eriti kui piltidel on
vaid drnad rakumuutused ja madal viiruskoormus. See automatiseeritud lahendus pakub
tohusat, objektiivset ja skaleeritavat alternatiivi késitsi vaatlemisele, voimaldades korge
labilaskevOoimega analiiiisi ning siigavamat arusaama infektsiooni diinaamikast. Pérast
ulatuslikku andmete ettevalmistust vorreldi siistemaatiliselt olemasolevaid arvutinédge-
mise meetodeid ning tuvastati ja kinnitati parimad ldhenemised CPE jdrjepidevaks ning
kvantitatiivseks iseloomustamiseks. Tulemuseks on voimas tooriist, mis kiirendab ravimi-
te avastamist, toetab viroloogia alusuuringuid ja parandab automatiseeritud viroloogilisi
analiiiise.

Votmesonad:
Biomeditsiiniline arvutindgemine, siivadpe, viiruslik tsiitopaatiline efekt

CERCS: T111 - Pilditehnika; P176 - Tehisintellekt; B110 - Bioinformaatika, meditsiini-
informaatika, biomate maatika, biomeetrika
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1 Introduction

1.1 Problem and Motivation

Viral infections represent persistent global health challenges, with certain viruses possess-
ing the capacity to spread rapidly and cause widespread public health crises, as tragically
highlighted by past pandemic [1]. In responding to such threats, the development and
deployment of rapid and accurate diagnostic techniques are vital. Within virological re-
search and diagnostics, cell cultures are indispensable tools for studying viral behaviour,
screening antiviral compounds, and producing vaccines. A critical indicator of viral
activity in these cultures is the Cytopathic Effect (CPE), which is a common symptom for
many viruses. CPE refers to a spectrum of morphological changes in host cells caused by
viral infection, including alterations in cell shape, detachment from the culture substrate,
fusion into giant cells, or the appearance of intracellular inclusion bodies [2]. Detecting
and characterising CPE is thus fundamental for confirming viral presence, understanding
mechanisms of viral pathogenesis, and evaluating the efficacy of antiviral therapies [3].

Traditionally, the identification and assessment of CPE in cell cultures are performed
manually by trained laboratory personnel observing samples under brightfiled microscopy.
While established, this manual process is inherently labour-intensive, time-consuming,
and susceptible to inter-observer variability, particularly when distinguishing subtle "hard-
to-detect" CPE. This matter is further complicated since different viruses have unique
CPE [2, 4]. In an era where high-throughput screening and rapid data turnaround are
increasingly critical, these limitations can create significant bottlenecks in research and
diagnostic workflows, underscoring the need for more efficient and objective solutions.

The field of biomedical computer vision, propelled by significant advancements
in machine learning methodologies, particularly deep learning [5], and the growing
availability of large-scale image datasets [6], offers transformative potential in this
domain. Tasks previously deemed impractical or reliant on extensive manual expert
intervention are now possible to automate. By leveraging these computational tools,
biomedical image analysis can be significantly enhanced, allowing researchers and
medical professionals to focus on more complex interpretative tasks, thereby improving
overall efficiency and the reliability of outcomes in both research and clinical settings.

This research is motivated by the potential to significantly streamline viral CPE
analysis workflows, reduce subjectivity, and provide more rapid, detailed insights for
virological research.

1.2 Goals

This thesis addresses the pressing need for automated and quantitative analysis of viral
CPE by developing a computer vision-based pipeline. The research specifically focuses
on detecting and characterising CPE induced by xenotrophic murine leukemia virus



(x-MuLV), a model retrovirus, also used for the development of gene therapy [7].
The primary objectives of this study are:

1. To develop robust machine learning models capable of accurately detecting the
presence of viral CPE, distinguishing between infected and uninfected cell popula-
tions from bright-field microscopy images.

2. To move beyond binary (presence/absence) classification by exploring and im-
plementing segmentation approaches. These techniques aim to localise specific
regions exhibiting CPE, thereby providing more granular information that can be
used to quantify the extent or severity of viral infection within an image or well.
This quantitative aspect is crucial for applications such as viral load estimation or
detailed tracking of infection dynamics.

1.3 Contribution

This thesis makes a primary contribution through the comprehensive application and
comparative evaluation of various computer vision methodologies, from classical algo-
rithms to deep learning models, for the detection and, importantly, the quantification of
xenotrophic murine leukemia virus-induced Cytopathic Effect. A distinctive aspect of
this work is its systematic investigation of segmentation for CPE characterisation. While
prior automated approaches to CPE detection have largely focused on image-level clas-
sification [4, 8, 9, 10], this research demonstrates that segmentation can yield granular,
quantitative insights into the extent of viral infection. Consequently, this study establishes
the feasibility of leveraging automated techniques for a more efficient, objective, and
detailed assessment of viral load, offering substantial benefits over traditional manual
methods, especially for challenging "hard-to-detect” CPE manifestations.

1.4 Thesis structure

The thesis is structured as follows:

1. Background: This section provides a comprehensive overview of the viral CPE
problem and explores relevant computer vision techniques applied in the biomedi-
cal domain.

2. Data and Methods: This section details the datasets and methodologies em-
ployed in this study, including the specific approaches used for classification and
segmentation.

3. Results and Discussion: This section presents the findings obtained from the
application of the various methods and approaches described in the previous



section and interprets the results, assessing their significance and implications
within the context of the research question and previous studies.

4. Conclusion: This section summarises the key findings of the study and outlines
potential directions for future research.



2 Background

Computer vision has revolutionised biomedical imaging, particularly in classification
[11], object detection [12], and segmentation [13], driven by large datasets and advance-
ments in image processing and hardware [14]. This chapter focuses on the application of
these techniques to viral CPE detection. It is vital for identifying viral presence, studying
infection dynamics, and assessing antiviral treatments in virology. However, a lot of
labour is devoted towards manual labelling of infected cell lines on brightfield microscopy
images. This section introduces the significance of CPE and then explores the techniques
that enable not only the detection but also the detailed segmentation-based quantification.
These techniques range from traditional image processing to deep learning approaches,
including Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs).
Given the challenges of limited annotations in biological data, we then examine Multiple
Instance Learning for weakly labelled scenarios. Finally, we discuss Explainable Al
techniques, which are crucial for interpreting and validating complex models.

2.1 Viral Cytopathic Effect

a) b) ©)

Figure 1. Examples of brightfiled microscopy images of infected and uninfected cells
with strong cell death and aggregation (a), star-like morphology (b) and healthy cells,
with possible signs of cytotoxicity in the top-right corner (c).

The study of viral infections relies heavily on cell cultures, where viruses are incu-
bated to assess treatment efficacy and conduct routine analyses. CPE, visually detectable
through bright-field microscopy, has long been a critical metric for identifying and quan-
tifying viral activity [15]. However, the complexity of CPE lies in its diverse presentation
(see Figure 1). Different viruses induce a spectrum of cellular changes, including cell
death, lysis, morphological variations (rounding, enlargement, star-like formation), func-
tional disruption, granulation, and detachment [2, 3]. This variability, coupled with the
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fact that not all viruses exert CPE in cell cultures, defines the need for supplementary
detection methods [16].

Many laboratory techniques are available for virus detection, with one of the most
commonly employed being the Tissue Culture Infectious Dose (TCIDs) assay [17].
This method utilises cell stains, such as crystal violet, but typically requires several days
to generate results. Another widely used approach involves conventional brightfield
microscopy. However, this method is both time-consuming and labour-intensive due
to the necessity for manual inspection and labelling. Additionally, the development of
visible CPE can take between 1 and 14 days, depending on factors such as viral load and
virus type [17], which might not be the optimal if real time detection is needed and more
labor intense techniques should be used instead such as green fluorescent protein (GFP)
labeling, monoclonal antibodies and ATeam probe [15].

To overcome the limitations of traditional methods, recent research has focused on
developing automated and rapid computer vision methodologies for viral CPE detection
[8]. Studies have demonstrated the feasibility of using deep learning for classifying CPE
induced by various viruses [9, 10]. For instance, researchers successfully developed a
computer vision model for influenza virus CPE detection [10]. Dodkins et al. achieved
accurate CPE identification and discrimination across four major viral categories (DNA,
RNA, enveloped, and non-enveloped) [9]. Another study showed a strong correlation (12
= (0.986) between predicted TCIDs5, and ground truth for eight human-affecting viruses,
further validated by activation maps that aligned with plaques and distinct CPE features
[4]. More recently, similar methodologies have been applied to successfully detect animal
viruses in two cell lines [8]. In a more advanced approach, spatial light-interference
microscopy has been utilised to identify viral agents, including SARS-CoV-2 [18].

The specific focus of this thesis is xenotrophic murine leukemia virus (x-MuLV), a
retrovirus known to induce cancer in murine hosts and capable of infecting other species.
This virus was inoculated in the PG4 cell line of cat glial cells. This particular virus-cell
line combination is known to exhibit a range of symptomatic expressions and is valuable
for quantification assays [19]. The virus induces distinct CPE morphology, and automatic
recognition has not been demonstrated for it in the literature. Apart from the virus, the
novelty of this work is that related research used "label-free" approach [4, 8, 9, 10]
and did not use segmentation masks. "Label-free" means that there were no precise
annotations of the infected area, but only one class per image. This approach is discussed
in the following sections, starting with classical computer vision and machine learning
techniques, followed by their deep learning successors.

2.2 Classic Computer Vision Approaches

Computer vision, the field of enabling machines to interpret and understand visual data
from the world, has evolved significantly over the decades [20]. Classical approaches
to computer vision laid the foundations for modern techniques. These methods, which
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operate without the use of neural networks, provide a foundation for understanding image
processing and analysis, and remain relevant for specific applications [20]. In the context
of viral CPE detection, classical computer vision offers valuable tools for initial analysis
and feature extraction.

Among these techniques, thresholding is a fundamental method for image segmenta-
tion, effectively separating foreground from background based on pixel intensity. One
particular algorithm, Otsu thresholding [21], automatically sets the threshold between 2
classes by maximising inter-class variance. This approach can be particularly useful for
identifying regions of severe CPE, where significant cellular changes are evident. Edge
detection algorithms, such as Canny [22] and Sobel [23], play a crucial role in delineating
boundaries within images by detecting abrupt changes in intensity. These algorithms
can aid in highlighting distinct CPE features or, when combined with blob detection, in
identifying individual wells in cell culture plates. Feature descriptors methods, such as
histogram of oriented gradients (HOG) [24], were found to be useful as feature extractors
coupled with classical machine learning methods for viral CPE detection [4].

Classical computer vision offers several advantages, particularly in scenarios where
computational resources are limited or data scarcity is a concern [20]. These methods
are often straightforward to implement, requiring less computational power than deep
learning models, making them suitable for real-time applications. Furthermore, classical
techniques are inherently more interpretable, allowing researchers to understand and
debug algorithms more readily and identify potential sources of bias. This transparency
is crucial in biomedical applications where understanding the underlying processes is
essential. Additionally, these methods can be effective with limited data, a significant
advantage in situations where data collection is challenging or expensive, or where the
task is simple, such as basic colour detection.

However, classical computer vision approaches are not without limitations. Their
performance heavily relies on the quality of hand-crafted features, which require domain
expertise and can be time-consuming to develop [14]. Moreover, these techniques
can be sensitive to variations in input data, such as changes in illumination, occlusion,
or noise. This sensitivity poses a significant challenge in biomedical imaging, where
such variations are common and can significantly impact analysis accuracy. Therefore,
while classical methods provide a valuable starting point, they may not be sufficient for
the nuanced and complex analysis required for robust viral CPE detection in diverse
experimental conditions.

2.3 Deep Learning Computer Vision Approaches

Deep learning, a subset of machine learning, has revolutionised computer vision and
other domains, achieving state-of-the-art performance in areas ranging from robotics to
biomedical applications [25]. The field’s rapid advancement is attributed to increased
dataset availability, methodological innovations, and hardware improvements. The 2012
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AlexNet study [11] marked a turning point, enabling end-to-end learning at scale and
eliminating the need for manual feature engineering [14]. This advancement was further
facilitated by the release of large-scale datasets such as ImageNet and COCO [26, 27].
Computer vision, well-suited for deep learning, has benefited significantly from these
advancements, addressing tasks like classification, object detection, segmentation, and
generative tasks such as image-to-image regression and enhancement [28].

At its core, deep learning builds upon the fundamental Artificial Neural Network
(ANN) model, the perceptron [29, 30]. A perceptron consists of artificial neurons that
perform weighted sums of inputs with biases, adjusted through backpropagation based
on a loss function [31, 32]. Non-linear activation functions are applied after each neuron
computation, enabling the network to approximate complex functions. The power of
deep learning arises from expanding the network’s width (neurons per layer) and depth
(number of layers), giving name to deep learning and allowing it to learn intricate patterns,
as demonstrated in tasks like handwritten digit recognition [33]. However, for more
complex tasks, more specific architectures are required, which will be discussed in the
following chapters.

Supervised training, where input samples are paired with corresponding labels, is
the primary learning paradigm in deep learning. In computer vision, these labels can
range from image categories to object bounding boxes, segmentations, or descriptive
text. For viral CPE detection, image classification, object detection, and segmentation
are particularly relevant.

Deep learning offers several advantages over classical computer vision, including
end-to-end learning, scalability, and adaptability. End-to-end learning eliminates the
need for manual feature extraction, although annotation remains a challenge. Weakly
supervised or self-supervised learning can mitigate this burden. Deep learning models
can effectively process large datasets and generalise to unseen data, making them suitable
for applications like medical imaging [25, 28]. Furthermore, these models can adapt to
variations in input data, provided sufficient training data and appropriate augmentations
are used. The double-descent effect, challenging the bias-variance tradeoff, is another
notable phenomenon in deep learning [34]. However, deep learning’s superiority is most
evident in complex tasks with large datasets. While it integrates feature extraction and
inference, hybrid approaches combining classical and deep learning techniques also exist

[20].

2.3.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) have long been recognised for their exceptional
ability to learn hierarchical visual patterns, drawing inspiration from the architecture
of biological vision systems [32, 36]. However, their widespread adoption was initially
hindered by the substantial computational demands of the backpropagation algorithm
and the lack of efficient parallel processing on CPUs. This limitation was overcome
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Figure 2. CNN structure [35]. Input signal is convolved through convolution kernels,
activation functions, pooling(subsampling), by subsequent flattening and a feed-forward
neural network.

with the advent of GPU acceleration, enabled by technologies like CUDA [37], which
significantly accelerated the training of deep networks. This breakthrough propelled
CNN s to victory in the ImageNet competition and, subsequently, surpassing human
performance in certain visual recognition tasks [38, 39].

CNNss are a specialised class of deep learning models designed to process structured
grid data, such as images. Their ability to automatically and adaptively learn spatial
hierarchies of features has made them the cornerstone of numerous computer vision
applications [5]. A typical CNN architecture comprises multiple layers, including
convolutional layers, pooling layers, and fully connected layers. Convolutional layers
apply learnable filters to input images, extracting relevant features. Pooling layers
then downsample these feature maps, reducing spatial dimensions and computational
complexity. Finally, fully connected layers perform the final classification based on
the extracted features (Fig. 2). The network’s weights and biases are adjusted through
backpropagation, driven by a loss function, to optimise performance.

As CNN architectures evolved, researchers addressed various challenges to improve
performance and efficiency. One significant obstacle was the vanishing and exploding
gradients problem, which hindered the training of deeper networks [40]. This led to
the development of innovative architectures, such as Inception [41], which focused on
computational efficiency, and ResNet [42], which incorporated residual connections to
mitigate gradient issues. More recently, models like EfficientNet [43] and EfficientNetV2
[44] have optimised architecture efficiency further, achieving state-of-the-art performance
with improved efficiency at that time.

CNNs have demonstrated remarkable success across various computer vision tasks,
including image classification, object detection, and semantic segmentation. In the
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biomedical domain, CNN-based architectures have gained significant traction, with
U-Net [13] becoming a widely adopted model for biomedical image segmentation. Its
successors, such as nnU-Net [45], DC-UNet [46], and MultiResUNet [47], have further
improved segmentation performance in medical applications.

For object detection and segmentation tasks, the Region-Based CNN (R-CNN) family
[12], including Mask R-CNN [48], has achieved notable success. However, these models
are computationally demanding, limiting their applicability in resource-constrained
environments. To address this, the lightweight YOLO (You Only Look Once) family
of models emerged [49], offering a balance between accuracy and efficiency, making
them particularly suitable for real-time applications and deployment on low-end GPUs
or CPU-only systems.

2.3.2 Transformers

HE
el L1

Linear Projection of Flattened Patches

Patch + Position
Embedding

Transformer Encoder

Class: -

No CPE

Transformer Encoder

‘ Embedded Patches

Figure 3. Diagram of ViT. Image patches are processed as input with position embedding,
and then the transformer encoder uses a multi-layer perception as a classifier.

Originally developed for Natural Language Processing (NLP), transformers have
revolutionised deep learning by utilising self-attention mechanisms to capture long-
range dependencies in sequential data [50]. Their remarkable success in NLP prompted
researchers to explore their applicability in computer vision, leading to the develop-
ment of Vision Transformers (ViTs), which have emerged as a powerful alternative to
Convolutional Neural Networks (CNNs) [51].
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The first major adaptation of transformers to computer vision was the ViT [51],
which demonstrated that self-attention-based architectures could achieve state-of-the-art
performance in image classification when trained on extensive datasets. Unlike CNNss,
which leverage hierarchical convolutional operations to extract spatial features, ViTs
treat an image as a sequence of patches, mirroring how NLP transformers process words
in a sentence.

ViTs first divide an input image into fixed-size patches, which are then flattened
and linearly embedded into a lower-dimensional space, as depicted on Figure 3. Each
patch embedding is combined with a positional encoding to retain spatial information, as
transformers lack the intrinsic inductive biases of CNNs, such as locality and translation
equivariance. These embedded patches are then processed by a standard transformer
encoder, consisting of:

» Multi-Head Self-Attention (MHSA): Computes attention scores between all patches,
allowing the model to capture both local and global relationships within the image.

* Feedforward Neural Networks (FFN): Fully connected layers with non-linear
activations applied to each patch embedding.

* Layer Normalization and Skip Connections: Helps stabilize training and improve
gradient flow, similar to ResNet-style architectures.

The final representation is processed by a classification head for image recognition
tasks. This architecture enables ViTs to learn long-range dependencies more effectively
than CNNs.

Following the success of ViT, several variants and improvements have been proposed
to enhance efficiency and performance: DeiT (Data-efficient Image Transformer) [52]
introduced knowledge distillation techniques to train ViTs with significantly less data,
Swin transformer [53] incorporated hierarchical feature maps and shifted window atten-
tion to improve computational efficiency and adaptability to dense prediction tasks, PiT
(Pooling-based Vision Transformer) [54] introduced pooling layers to reduce the number
of tokens, mimicking the downsampling effect of CNNs.

ViTs offer several advantages over CNNs, particularly in their ability to capture global
context and scale effectively with larger datasets. Their reliance on self-attention enables
them to model long-range dependencies more efficiently, making them particularly well-
suited for tasks such as image classification, object detection, and semantic segmentation.
However, ViTs typically require extensive computational resources and large-scale
datasets for effective training, as they lack the strong inductive biases of CNNs, which
allow for more efficient learning with limited data.
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2.3.3 Training approaches

Deep learning models can be trained using three primary approaches, each with distinct
advantages and limitations:

1. Training from Scratch: This approach involves initialising the model with random
weights and training it on a specific dataset. While it offers the highest flexibility
for learning domain-specific features, it demands substantial amounts of labeled
data and extensive computational resources. This method is typically employed
when the target domain significantly differs from existing pre-training datasets.

2. Transfer Learning: This technique utilises a pre-trained model, often trained on
a large dataset like ImageNet, as a feature extractor. The backbone layers of the
model are frozen, and only the task-specific layers, such as a classification head,
are trained on the new dataset. This approach is particularly advantageous when
labelled data is scarce, as it significantly reduces training time while capitalising
on knowledge acquired from previous datasets [55].

3. Fine-Tuning: Similar to transfer learning, fine-tuning involves using a pre-trained
model. However, instead of freezing the backbone, the entire model or a portion of
it is further trained on the new dataset using a lower learning rate. This allows the
model to adapt more effectively to domain-specific characteristics while retaining
valuable pre-trained knowledge [56]. Fine-tuning is most effective when the new
dataset shares similarities with the original pre-training dataset.

While fine-tuning is highly effective for adapting models to similar tasks, it is less
suitable for domains with significantly different data modalities or problem domains. In
such scenarios, training new architectures from scratch is often necessary to learn task-
specific representations. However, random weight initialisation can lead to suboptimal
convergence and sensitivity to initialisation strategies [57, 58].

To address the challenges of training from scratch, particularly in low-data scenarios,
recent research has explored improved weight initialisation techniques, architectural
modifications, and self-supervised learning approaches. Moreover, hybrid strategies
combining fine-tuning with novel training paradigms, such as contrastive learning and
meta-learning, are being investigated to enhance model adaptation across diverse biomed-
ical applications [25].

2.3.4 Multiple Instance Learning

Within machine learning, there is a specialised domain that deals with noisy, incomplete,
or weakly labelled data, making it well-suited for weakly supervised learning. This
approach falls within the broader category of semi-supervised and multiple-instance
learning (MIL).
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a) b)

Figure 4. The visualisation of the difference between single instance learning (a) and
multiple instance learning bags (b) for a binary classification problem.

In MIL, data is organised into bags of instances, where individual instances lack
explicit labels, but a label is provided for the entire bag (Fig. 4). For example, in digital
pathology, a whole-slide gigapixel image may be labelled as cancerous, but its individual
patches (subregions) do not have specific annotations. The model must then learn to
identify relevant patterns from weakly labelled data [6].

This type of weakly supervised learning is particularly valuable in histopathology,
where vast amounts of imaging data are available but expert annotations are limited. As
the number of medical professionals declines and Al-assisted diagnostics improve, MIL-
based approaches are becoming increasingly popular in medical imaging and automated
disease detection [6]. This approach is incredibly useful for the CPE detection problem
since precise expert-labelled annotations for our task are unavailable.

2.4 Explainable Al in Computer Vision

Explainable AI (XAI) aims to make the decision-making process of AI models more
understandable and transparent to humans. In the context of computer vision, XAl
techniques help interpret the predictions made by deep learning models, providing
insights into how the models arrive at their conclusions.

As computer vision models become more complex and integrated into critical applica-
tions, the need for explainability increases. XAl techniques enhance trust, accountability,
and usability of Al systems by making their internal workings more comprehensible.

Various methods are used to achieve explainability in computer vision models. These
include gradient-based methods, perturbation-based methods, and attention-based tech-
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niques. Gradient-based methods, such as Grad-CAM [59], Grad-CAM++ [60], highlight
the regions in the input image that contribute most to the model’s prediction. Perturbation-
based methods like LIME [61] or SHAP [62] involve modifying the input data and
observing the changes in the model’s output to understand its decision-making process.
Attention-based techniques, specific to transformer architectures, provide insights into
the model’s focus areas within the input data, and are especially visible with Dino family
models, where attention maps could be easily interpreted as segmentations [63, 64, 65,
66].

XAl techniques have been applied to various computer vision tasks, including medical
imaging, autonomous driving, and quality control. In medical imaging, XAI helps
clinicians understand the model’s predictions and make informed decisions.
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Figure 5. A 96-well plate illustrating the experimental layout, featuring a left-to-right
decreasing virus concentration gradient. Well borders are color-coded according to visual
inspection: blue for wells with evident CPE, green for virus-exposed wells without
CPE, and orange for uninfected control wells. Most of CPE in wells beyond column
4, corresponding to lower virus titres, are considered "hard-to-detect" due to its subtle
presentation.

3 Data and Methods

This section provides a comprehensive overview of the data and methodologies employed
in this research. The primary objective was to develop robust models capable of accurately
detecting both subtle and pronounced instances of viral CPE, while maintaining overall
high performance. To achieve this, a range of techniques was investigated and evaluated,
focusing on selecting those most suitable within the given constraints. This section
begins with a detailed description of the dataset, followed by an exploration of the
experimental approaches utilised for image classification, Multiple Instance Learning,
and segmentation.
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2) b) c)

Figure 6. Representative bright-field microscopy images illustrating different manifes-
tations of viral CPE compared with uninfected control cells. Zoomed-in patches are
shown for detailed inspection. (a) Easy CPE cases are characterised by distinct and
widespread cellular alterations such as cell rounding and aggregation(dark clusters). (b)
A hard CPE case, displaying subtle and less obvious morphological changes indicative
of viral infection; a representative area is highlighted by a red circle in the zoomed
patch. (c) Uninfected control cells exhibited a healthy, confluent monolayer with normal
morphology.

3.1 Dataset

The source dataset comprised 432 bright-field microscopy images of virally infected and
uninfected cells, each with a resolution of 7546 <7546 pixels and an 8-bit depth. These
images, all annotated with image-level labels indicating the presence or absence of CPE,
depict a single cell line infected with the same virus type.

This dataset originated from six 96-well plates. For this study, three plates were
selected for detailed analysis based on their relative homogeneity in viral concentration
gradients and consistent image stitching quality, yielding a total of 252 images. The
remaining three plates were excluded due to significant out-of-distribution heterogeneity;
this heterogeneity was primarily attributed to inconsistencies in viral concentrations
and the presence of prominent image stitching artefacts (examples of such artefacts are
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Table 1. Summary of the annotated image dataset, detailing the number of images
classified into distinct categories based on visual assessment: "Easy CPE" (distinct viral
effects), "Hard CPE" (subtle viral effects), and "No CPE" (uninfected/control).

’ Plate \ Easy CPE \ Hard CPE \ no CPE \ Total ‘

H [27 11 58 96
L |31 11 54 96
X |4 4 54 60
| Total | 82 | 26 [ 166|252 |

provided in supplementary Figure A.1. An overview of the dataset outline on 96-well
plate is presented in Figure 5.

Viral CPE refers to a range of morphological changes in host cells resulting from viral
infection, which can include cell rounding, shrinkage, detachment from the substrate,
syncytia formation (fusion of multiple cells), and the appearance of inclusion bodies.
In this context, "easy" CPE cases are those where these morphological changes are
pronounced and widespread, often recognisable with minimal magnification. In contrast,
"hard" CPE cases exhibit more subtle or focal manifestations of these viral-induced
cellular alterations, requiring more detailed examination for reliable identification when
compared to uninfected cells (refer to Figure 6 for visual examples).

The selected 252 reliable image subset consists of 82 images exhibiting easily visually
discernible CPE ("easy CPE"), 26 images presenting challenging, subtle CPE cases ("hard
CPE"), and 166 images without any visible CPE ("no CPE"). A detailed summary of the
data distribution per plate is available in Table 1. Despite selecting the best plates without
clearly distinguishable artefacts, some are still present. Average per pixel image intensity
is visualised in supplementary Figure A.2 and clearly shows stitches and brightness
gradient.

The annotation process for this dataset was iterative and involved several refinement
stages. Initial segmentation predictions for both easy and hard CPE cases were provided
by a partner company using their proprietary algorithms. However, visual inspection
revealed these initial predictions to be insufficiently accurate for training robust models.
Consequently, a manual correction and re-annotation workflow was implemented using
Label Studio [67], augmented by the Segment Anything Model (SAM) [68].

This refinement process involved:

1. Visual inspection of images to identify regions exhibiting CPE-like morphology
that were either incorrectly segmented or entirely missed by the initial proprietary
algorithms.

2. Manual annotation of these identified regions with bounding boxes.
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3. Utilization of these bounding boxes as prompts for SAM to generate initial seg-
mentation masks.

4. Manual correction and refinement of the SAM-generated segmentation masks to
ensure they accurately delineated the humanly discernible CPE structures.

Furthermore, during the development and testing of our own segmentation models,
instances of previously overlooked CPE were identified in images initially labelled as
"no CPE". These findings prompted a further round of re-annotation, guided by retrained
model predictions, to enhance the overall accuracy and completeness of the ground truth
dataset.

3.2 Applied Methods for CPE Detection

This subsection outlines the experimental approaches employed for CPE detection. Ini-
tially, with only image class labels available, image classification and multiple instance
learning were explored. As algorithmic predictions and manual annotations became ac-
cessible, the methodologies were subsequently enhanced with segmentation and instance
segmentation techniques.

3.2.1 CPE C(Classification

For the automated detection and classification of viral CPE in images (categorising them
as infected or not infected), an image classification approach was adopted. Utilising the
available image annotations, this aimed to establish a baseline using both classical feature
descriptors and deep learning models. The simplicity and efficiency of this approach
made it a suitable initial step in the analysis. CPE image classification was explored
using classical computer vision techniques combined with classical machine learning
algorithms, and the results were compared against those obtained using deep learning
models such as ResNet, EfficientNet, ViT, and Swin Transformer. Various training
strategies were implemented, including training from scratch, fine-tuning, and transfer
learning.

To establish a baseline with classical methods, HOG features were extracted from
the images after resizing them to 1600 x 1600 pixels. To enhance the signal-to-noise ratio
and focus on relevant information, images were cropped to exclude areas outside the
well boundaries. The parameters for the hog function from scikit-image [69] were set as
follows: orientations=8, pixels_per_block=(32, 32), and blocks_per_cell=(2, 2). This
configuration resulted in a flattened 59008-length feature vector per image. The resulting
HOG features were then normalised to a consistent scale by subtracting the mean and
dividing by the standard deviation. Principal Component Analysis (PCA) was applied
to reduce dimensionality for visual inspection of possible heterogeneity and clustering.
Scaled HOG features were subsequently used to train classical machine learning models,
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including Logistic Regression, Nearest Neighbors, Support Vector Machines (SVMs),
Random Forest, and Extreme Gradient Boosting (XGBoost). To ensure robust evaluation,
an 8-fold cross-validation strategy, grouped by the physical row of 96-well plates, was
employed. Normalisation was performed independently for the training and validation
splits within each fold.

For deep learning-based classification, models from the ResNet and EfficientNet
families of classical CNNs were utilised. Transformer-based models, ViT and Swin
Transformer, were also included in the experiments. These models were trained using
images scaled to 1024 x 1024 pixels and their corresponding labels. To mitigate over-
fitting, checkpoints corresponding to the best validation accuracy were saved, and an
early stopping patience of 10 epochs, based on validation loss, was set. This ensured
that training was terminated if no improvement in validation accuracy was observed for
10 consecutive epochs. For model evaluation on the test data, the weights from the best
validation checkpoint were restored. Several augmentation strategies were employed to
increase data variability and improve model robustness, such as random cropping and
random 360-degree rotation (due to the circular shape of the wells), as well as brightness
and contrast alterations.

3.2.2 Multiple Instance Learning

Multiple Instance Learning provides a suitable computational framework for addressing
weakly supervised learning problems inherent in biological imaging, such as viral CPE
detection. In typical CPE assays, annotations are assigned at the image level (e.g.,
"infected" or "uninfected"), which constitutes weak supervision because the underlying
cellular landscape is often heterogeneous. Images labelled as "infected" may contain a
mixture of healthy cells and cells exhibiting CPE, particularly at early time points or low
viral concentrations. This discrepancy between the coarse annotation level (the "bag")
and the fine-grained, spatially varying biological reality (the "instances" or regions within
the image) necessitates an MIL approach.

In this study, we adopted an MIL strategy leveraging deep learning features. Image
patches were generated by partitioning the area within each image boundary into a
20x20 grid. Each resulting patch was downscaled to 224 x 224 pixels to serve as input
for feature extraction. A ResNet50 model, pre-trained on ImageNet, was utilised as a
convolutional neural network (CNN) backbone to generate high-dimensional feature
embeddings for each patch, capturing salient visual characteristics. These patch-level
embeddings (instances) collectively form the representation of the image (bag).

The instance embeddings for each bag were subsequently processed by an attention-
based deep MIL model, drawing inspiration from the architecture proposed by Ilse et al.
[70]. This model employs an attention mechanism to learn the relative importance of
each instance within the bag for the final classification task. The attention weights allow
the model to focus on patches most indicative of CPE. Weighted instance features are
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then aggregated to form a bag-level representation, which is subsequently used to classify
the entire image. Model parameters, including fine-tuning of the ResNet50 backbone
and the MIL aggregator, were optimised via backpropagation based on the image-level
labels.

3.3 Applied Methods for CPE Localisation
3.3.1 CPE Localisation via Explainable Al of Classification

Both classical and deep learning methods offer tools to provide insights into model
decision-making. Generally, simpler models (e.g., linear models, decision trees) are
more inherently interpretable, while more advanced models like Random Forest and deep
learning models need specific explainability techniques.

The interpretability of linear models is straightforward, achieved by examining the
model coefficients. Each coefficient directly indicates feature importance, assuming
features were normalized during training. The linear feature importance derived from
HOG can then be mapped back to the pixels from which the features originated. However,
a limitation exists: each HOG feature has a 2 X2 x 8 dimensionality and cannot be directly
visualised in 2D. To address this, the features were mapped back to the original image
space by aggregating the average coefficient value for each pixel. To tailor the explanation
to a specific image, the HOG feature vector of that image (after normalisation) can be
multiplied by the model coefficients to provide insights into the model’s decision-making
process for that particular instance.

Explainability with deep learning models is more challenging due to the inherently
interdependent nature of their internal representations. Among the various methods that
work relatively well for both CNN-based and transformer-based vision models are Grad-
CAM (Gradient-weighted Class Activation Mapping), which weights 2D activations by
the average gradient, and Grad-CAM++, an extension of the former method that utilises
second-order gradients. The resulting important areas identified by these methods can
then be segmented to highlight regions indicative of CPE.

3.3.2 CPE Localisation through Fully Supervised Segmentation

To achieve precise localisation of areas exhibiting viral Cytopathic Effect within the
microscopy images, fully supervised segmentation techniques were used. This involved
training models on images with corresponding pixel-level annotation masks, which
were initially provided by a partner company and subsequently refined and augmented
through the iterative process described in the Dataset section. Two main deep learning
architectural families were investigated for this purpose: U-Net for semantic segmentation
and YOLO-family models for instance segmentation.
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For pixel-wise classification of CPE regions (semantic segmentation), the U-Net
architecture was selected due to its proven efficacy in biomedical image segmentation
[13, 45]. The U-Net is characterised by its symmetric encoder-decoder structure:

* The encoder (contracting path) consists of a series of convolutional and max-
pooling layers that progressively downsample the input image, capturing hierarchi-
cal contextual features at increasing levels of abstraction.

* The decoder (expansive path) then symmetrically upsamples these feature maps
using up-convolutions (or transposed convolutions), while concatenating them
with high-resolution features from corresponding stages in the encoder via skip
connections. These skip connections are crucial as they allow the network to
combine precise low-level detail (important for accurate boundary localisation)
with abstract high-level semantic information (important for class identification),
enabling accurate delineation of segmentation boundaries.

To enhance feature extraction capabilities and potentially accelerate convergence, the
standard encoder of the U-Net was replaced with a pre-trained EfficientNet-BO model.
EfficientNet-B0, known for its excellent balance of high accuracy and computational
efficiency [43]. Its weights, pre-trained on the ImageNet dataset, provided a rich set of
general visual features that were subsequently fine-tuned for the specific task of CPE
segmentation. The output feature maps from the various stages of the EfficientNet-BO
encoder were then fed into the U-Net’s decoder, which performed the upsampling and
produced the final pixel-level segmentation mask indicating CPE-affected areas.

For the distinct task of not only segmenting CPE but also identifying individual
instances of CPE regions (e.g., separate cell clumps or affected areas), models from the
YOLO family were selected. YOLO models are renowned for their efficiency and strong
performance in object detection and instance segmentation. We utilised YOLO versions
that natively support instance segmentation, providing both bounding box coordinates
and pixel-level masks for each detected CPE instance. In the training class weights were
introduced on the instance level.

Our investigation included YOLOvVS [49], a widely adopted iteration known for
significant architectural advancements over its predecessors. Key features of YOLOvS
include:

* Backbone: An improved backbone based on Cross Stage Partial (CSP) principles,
notably utilizing C2f modules. These modules, evolving from the C3 modules of
earlier versions like YOLOVS, efficiently enhance feature extraction capabilities
and improve gradient flow through the network by effectively combining high-level
features with contextual information.
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* Neck: The neck architecture typically integrates a Path Aggregation Network
(PANet) combined with Feature Pyramid Network (FPN) structures. This design
facilitates robust multi-scale feature fusion by effectively merging features from
different backbone stages — the FPN creates a top-down pathway to propagate
strong semantic features, while PANet adds a bottom-up pathway for enhanced
localisation information.

* Head: Significantly, YOLOvV8 employs an anchor-free detection head. This ap-
proach directly predicts object properties like centres and dimensions rather than
relying on offsets to predefined anchor boxes, which simplifies the output stage and
can improve generalisation across diverse object shapes and sizes. Furthermore,
YOLOVS often utilises a decoupled head, separating the classification, bounding
box regression, and (for segmentation models) mask coefficient prediction tasks
into different branches, which can lead to improved accuracy for each task. These
design choices contribute to its well-regarded balance of speed and accuracy.

We also explored YOLOv11, which is designed to introduce a more efficient archi-
tecture aimed at enhancing small object detection and improving overall accuracy while
maintaining the high inference speed characteristic of the YOLO family. The architecture
of YOLOv11 optimises both speed and accuracy by building on advancements from
earlier YOLO versions. The main architectural innovations in YOLOv11 revolve around:

e C3K2 Blocks: At the heart of YOLOvV11’s backbone are C3K?2 blocks, an evolution
of the CSP bottleneck concept. The C3K2 block optimizes information flow by
splitting feature maps and applying a series of smaller 3x3 kernel convolutions,
which are computationally more efficient than larger kernels while retaining the
model’s ability to capture essential image features at different network stages. The
SiLU (Sigmoid Linear Unit) activation function is commonly used within these
blocks.

» SPFF (Spatial Pyramid Pooling Fast) Module: YOLOvV11 retains the SPFF module,
designed to pool features from different regions of an image at varying scales. This
improves the network’s ability to capture contextual information and detect objects
of different sizes, especially beneficial for small objects which have historically

been a challenge for YOLO models.

* C2PSA (Cross Stage Partial with Spatial Attention) Block: One of the significant
innovations in YOLOV11 is the C2PSA block. This module introduces attention
mechanisms that allow the model to focus more effectively on important regions
within an image, such as smaller or partially occluded objects, by emphasising
spatial relevance in the feature maps, thereby improving detection and segmentation
precision.
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e Multi-Scale Prediction Head: Similar to earlier YOLO versions, YOLOv11 uses a

multi-scale prediction head to detect objects (and produce masks) at different sizes.
The head typically outputs predictions for three different scales (e.g., corresponding
to low, medium, and high-resolution feature maps) generated by the backbone and
neck.

3.3.3 Iterative Training and Refinement

Computer Vision Model

2) Prediction and
1) Annotation human review
and initial
model training

3) Retraining

Figure 7. The flow diagram shows the summary of segmentation approach improvements.

An iterative refinement strategy was implemented to continually improve the model’s
detection and segmentation capabilities, particularly for challenging or subtly presented
CPE cases. This process involved a cyclical workflow:

1.

Initial Training: A baseline YOLO model was trained using the initially available
set of manually annotated images.

Prediction & Review: The trained model was applied to predict CPE regions on a
larger pool of images, including unannotated or partially annotated images.

. Correction & Enrichment: These model predictions were manually reviewed.

Corrections were made to inaccurate predictions (false positives, false negatives,
inaccurate masks/boxes), and importantly, new annotations were added, with a
focus on identifying previously missed difficult-to-detect ("hard") CPE instances.

. Retraining: The enriched dataset, containing the original annotations plus the

newly verified and corrected data, was used to retrain the YOLO model.
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This human-in-the-loop approach facilitated annotation effort and progressive en-
hancement of the model’s robustness as depicted in Figure 7. The training process
evolved: initially, model development prioritised the accurate detection and segmentation
of "hard" CPE cases, as these represented the primary diagnostic challenge due to their
often subtle morphological changes. As the dataset expanded through iterative refinement
cycles and incorporated more examples, including distinct ("easy") CPE morphologies,
the model was subsequently trained for multi-class detection and segmentation, enabling
it to differentiate between "hard" and "easy" CPE categories within the same framework.

3.4 Addressing Class Imbalance with Loss Weighting

A significant challenge during training was the inherent class imbalance within the
annotated dataset. Instances corresponding to "hard" CPE were substantially less fre-
quent than instances of "easy" CPE or background regions. Training directly on such
imbalanced data typically results in models biased towards the majority classes, leading
to poor sensitivity for the underrepresented "hard" CPE class.

To counteract this bias, a class weighting scheme was integrated into the model’s loss
function during training. This technique assigns different weights to the loss calculated
for each class, effectively increasing the penalty for misclassifying samples from minority
classes. The weight (w; ) for a given class ( j ) was determined using an inverse frequency
calculation:

Where:

 w; represents the calculated weight assigned to class ( j ).

* N is the total number of annotated instances (e.g., segmented CPE regions) across
all classes in the training dataset.

* (' denotes the total number of distinct classes (e.g., background, easy CPE, hard
CPE).

» N; signifies the total number of annotated instances belonging specifically to class
J.

By applying these weights, the contribution of the rarer "hard" CPE class to the
overall training loss was amplified, compelling the model to learn its distinguishing
features more effectively despite its limited sample size.
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3.5 Evaluation

The performance of the developed models was assessed through a multi-faceted evalua-
tion strategy operating at distinct levels, reflecting both the primary classification goal
and the underlying instance segmentation task.

First, image classification accuracy was evaluated. Balanced accuracy was used from
sklearn package, which is average recall obtained on each class. This represents the most
critical benchmark from a practical standpoint, as the ground truth labels assigned to
entire image (e.g., "infected" vs. "uninfected") are the most reliable annotations available
in our dataset. Standard classification metrics, including f1 score, precision, recall, were
calculated on a cross-validation. Cross validation was performed in a grouped manner by
leaving out each row, resulting in 8 folds.

Second, segmentation performance was analyzed. The performance metric in this
case was loU. Segmentation models were not assessed for well classification purposes
due to a high false-positive rate at uninfected wells.

Third, instance-level segmentation performance was analysed to evaluate the models’
capability to accurately localise and/or segment individual regions exhibiting CPE. Anno-
tating the same image twice by hand resulted in IoU < 0.7. Thus, instance-level metrics
such as precision and recall were recorded based on an IoU 0.5 threshold. Crucially,
given the focus on identifying different CPE morphologies, instance-level results were
further stratified and reported separately for "easy" and "hard" CPE categories. This
allowed for a granular understanding of model performance across varying levels of
detection difficulty and validated the effectiveness of strategies employed to handle
challenging cases, such as the class balancing applied during YOLO training.

3.6 Manuscript Refinement and Language Editing

To ensure clarity and accuracy in this thesis, several writing enhancement tools were used.
The built-in grammar and spell-checking functionalities of Overleaf were employed for
initial error correction. Additionally, Grammarly (Chrome extension) provided further
assistance in refining grammar, spelling, and sentence structure for improved readability.
For stylistic enhancements, some sections were reviewed and refined with the assistance
of Large Language Models (LLMs), specifically Gemini 2.5 Pro and Flash. It is important
to emphasise that these LLMS were used exclusively for rephrasing and improving the
readability and academic tone of existing content, not for generating original text.
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4 Results and Discussion

This section presents and discusses the experimental outcomes from the application of
various methodologies to detect and characterise viral Cytopathic Effect. The findings are
structured in the following order: we begin with an exploration of classical unsupervised
analysis techniques, followed by supervised image classification using both classical
machine learning algorithms and deep learning architectures. The interpretation of deep
learning models is further enhanced through XAI techniques. Subsequently, the results
from weakly-supervised MIL are presented. The section will then transition to evaluate
approaches for CPE segmentation, encompassing both classical image processing and
deep learning supervised and unsupervised strategies, finalising with an analysis of
advanced instance segmentation performance using YOLO-family models.

4.1 Image classification

Our investigation commenced with image classification as a foundational step. The
motivation was to first assess the task difficulty of Cytopathic Effect detection at an
image level — a task considered easier as an initial approach compared to the direct
segmentation of specific CPE regions, which would be required for detailed segmentation.
This fully supervised strategy, where each microscopy image is associated with a single
overall label (e.g., "CPE present" or "No CPE"), aimed to establish baseline performance
levels for CPE detection and to compare the efficacy of classical machine learning
techniques against modern deep learning models before progressing to more granular,
localization-focused analyses.
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Figure 8. First 2 principal components of HOG features for all images with colour coding
for different CPE types (a) and 96-well plates (b). H, L, X depict different plates.
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4.1.1 Classical CPE Detection Approach

Classical machine learning methods for image classification traditionally depend on
feature descriptors to represent image content. For this study, histogram of oriented
gradients [24], as described in more details in Sections 2.2 and 3.2.1, was selected as
the primary feature descriptor, valued for its robustness in capturing edge and shape
information, which is important to identifying morphological changes indicative of CPE.
HOG features were employed in both unsupervised and supervised workflows.

Initially, extracted HOG features from all images were standardised and subjected
to Principal Component Analysis (PCA) for dimensionality reduction and exploratory
data analysis. Inspection of the first two principal components aimed to reveal possible
bias sources, such as clustering corresponding to CPE-infected versus uninfected wells,
or distinctions between different experimental 96-well. As illustrated in Figure 8, this
analysis revealed two distinct clusters in the PCA projection. However, these clusters did
not directly align with the physical plate origins or pattern of well positions within the
plates.

Another observation from the PCA plot was an apparent gradient across the data
points, roughly corresponding to progression from easy to hard CPE to uninfected images.
This gradient suggested that HOG features capture some discriminative information,
indicating a moderate potential for successful classification using classical machine
learning algorithms. The lack of distinct clustering for samples from different plates when
viewed globally suggested that plate-specific features were not dominant, suggesting a
moderate opportunity for models to generalise across different plates.

Table 2. Performance metrics for classical machine learning models trained on HOG
features for Cytopathic Effect classification.

Sensitivity
| Model Type | F1 | Accuracy | Specificity | All | Easy | Hard
LogisticRegression | 0.84 | 0.86 0.87 0.84 | 0.93 | 0.58
SvC 0.81 | 0.83 0.94 0.73 | 0.84 | 0.38
RandomForest 0.74 | 0.78 0.94 0.63 | 0.67 | 0.5
XGBoost 0.73 1 0.78 0.9 0.66 | 0.74 | 0.38
KNeighbors 0 0.5 1 0 0 0

Following unsupervised exploration, the normalised HOG features were utilised to
train various supervised classical machine learning models to predict the CPE status
of the corresponding images. A comprehensive comparison of these models, including
Logistic Regression, Support Vector Classifier (SVC), Random Forest, XGBoost, and
K-Nearest Neighbors, is presented in Table 2.

The results clearly indicate that Logistic Regression demonstrated the best overall
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classification performance among the classical techniques tested. It achieved the highest
F1-score (0.84) and accuracy (0.86). Notably, Logistic Regression also exhibited the
strongest sensitivity, correctly identifying 93% of "easy CPE" cases and a leading 58%
of the more challenging "hard CPE" cases. While its specificity was a robust 0.87,
other models such as SVC and Random Forest achieved even higher specificity (0.94),
indicating a very low rate of misclassifying uninfected samples. However, this came at
the cost of lower sensitivity, particularly for "hard CPE" cases, where SVC and Random
Forest only achieved sensitivities of 0.38 and 0.50, respectively. XGBoost’s performance
was comparable to Random Forest but did not surpass the leading models.
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Figure 9. Visualisation of the average value of linear model coefficient per HOG descrip-
tor cell. Higher value red, lower blue. a) represents initial setup with uncropped image
with shortcut learning, which indicates that features at the left of the image add weight
towards predicting CPE class, while higher value on the right results in higher weight for
CPE absent class b) shows the same visualization but after the edge area was cropped
much further and no significant gradient is present for edges.

Given its superior performance, the trained linear model was further analysed to gain
insights into which HOG features were most influential in its predictions. The average
coefficient values assigned to each HOG feature descriptor across cross-validation folds
were examined. This explainability step proved crucial, as it led to the discovery of a
shortcut learning phenomenon, depicted in Figure 9a. The model was found to be using
artifactual gradients or features near the edges of images, rather than relying solely on
cellular morphology. To mitigate this, a systematic image cropping was done, iteratively
adjusting the crop until no significant feature importance was attributed to the extreme
edges (Figure 9b). This corrected image preprocessing (cropping) was subsequently
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adopted as a standard step for all downstream deep learning experiments to prevent
similar shortcut learning issues. This was also taken into account for PCA plots.

4.1.2 Deep Learning CPE Detection Approach

Moving beyond classical techniques, various deep learning architectures and training
strategies were explored for the CPE detection task. This included evaluating different
model families, assessing the impact of fine-tuning pre-trained models versus trans-
fer learning (with a frozen backbone) or training models entirely from scratch, and
investigating the effects of class balancing.

Table 3. Performance comparison of different training strategies for the ResNet50 model
in viral Cytopathic Effect image classification: fine-tuning pretrained ImageNet weights,
training from scratch with random weights, and transfer learning with a frozen ImageNet
pretrained backbone.

Sensitivity
’ Model& Weights \ F1 \ Accuracy \ Specificity \ All \ Easy \ Hard
ResNet50
ImageNet weights 0.89 | 0.9 0.99 0.81 | 0.99 | 0.27
ResNet30 0.8 |0.83 0.91 0.74 | 0.91 | 0.19
random weights
ResNet50
ImageNet weights | 0.67 | 0.75 1 05 |0.66 |0
frozen backbone

Initial experiments were conducted using the ResNet50 architecture, a widely adopted
baseline for numerous computer vision tasks, to determine the optimal training strategy.
The objective was to compare the efficacy of full fine-tuning of ImageNet pretrained
weights, using the pretrained model as a fixed feature extractor (transfer learning with
a frozen backbone), and training the model with randomly initialised weights (from
scratch). The findings, summarized in Table 3, clearly indicate that fine-tuning the
entire network from ImageNet pretrained weights yielded the best results among these
ResNet50 configurations, achieving an F1-score of 0.89, an accuracy of 0.90, and perfect
sensitivity (0.99) for "easy" CPE cases, though with a lower sensitivity of 0.27 for "hard"
CPE cases.

Comparing this top ResNet50 performance to the best classical model (Logistic
Regression with HOG features, which had an F1-score of 0.84), the fine-tuned ResNet50
demonstrated a notable improvement in overall Fl-score and accuracy. However, it
is crucial to highlight that for the challenging "hard" CPE cases, the classical Logis-
tic Regression model showed superior sensitivity (0.58) compared to the fine-tuned
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ResNet50 (0.27) at this stage. This suggests that while deep learning showed potential
for higher overall performance, detecting subtle CPE remained a significant challenge
where simpler models sometimes held an advantage, or this could be a potential shortcut
indicator for classic methods, since no data augmentations were applied there.

The general success of fine-tuning is consistent with established practices [56, 55],
as it allows the model to use the features learned from the vast ImageNet dataset while
adapting them to the specifics of the CPE microscopy domain, often leading to faster
convergence and superior performance. In contrast, using ResNet50 as a fixed feature
extractor (transfer learning with a frozen backbone) resulted in considerably poorer
performance, with an F1-score of only 0.67 and a complete failure to detect "hard" CPE
cases (sensitivity of 0.00). This suggests that the high-level abstract features learned
from ImageNet were not directly transferable or optimal for representing the distinct
morphological features of viral CPE in cell lines without further adaptation, highlighting
a significant domain shift. Training from randomly initialised weights, conversely,
achieved the second-best performance among these three strategies, with an F1-score
of 0.80 and a sensitivity of 0.19 for "hard CPE" cases, confirming the benefit of either
learning domain-specific features from scratch or effectively adapting prelearned general
features via fine-tuning.

Table 4. Comparative performance of various deep learning models for image
classification-based detection of viral Cytopathic Effect.

] Sensitivity
’ Model \ F1 \ Accuracy \ Specificity \ All \ Easy \ Hard
EfficientNet-BO | 0.96 | 0.97 0.99 094 | 1 0.77
ResNet50 0.89 | 0.9 0.99 0.81 | 0.99 | 0.27
ResNetl8 0.88 | 0.9 0.98 0.81 | 0.98 | 0.31
Swin-s 0.86 | 0.88 0.99 0.77 | 1 0.04
ViT-bl6 0.85 | 0.87 1 0.74 |1 0.94 | 0.12
EfficientNet-B3 | 0.73 | 0.78 0.94 0.62 | 0.78 | 0.12

Having established fine-tuning as the preferred strategy, a broader set of experiments
was performed, evaluating multiple classifier architectures from different families, includ-
ing Convolutional Neural Networks like various ResNet and EfficientNet architectures,
as well as Vision Transformer-based models such as ViT and Swin Transformer, spanning
a range of model sizes. The comprehensive results are detailed in Table 4. Surprisingly,
EfficientNet-B0O emerged as the top-performing model across all key evaluation metrics,
despite being one of the smallest models tested. It achieved an impressive F1-score of
0.96, with high sensitivity for "easy" CPE cases (1.0) and a notable sensitivity of 0.77
for the challenging "hard" CPE cases. This performance significantly surpassed that of
larger models like ResNet50, which, while achieving comparable sensitivity for "easy"
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CPE, only managed a sensitivity of 0.27 for "hard" CPE, resulting in a lower overall
F1-score of 0.89.

It is noteworthy that nearly all models demonstrated high specificity (close to 1.0),
maintaining a low false-positive rate (i.e., uninfected samples being misclassified as
CPE). This high specificity could be attributed to the distinct and relatively uniform
visual characteristics of healthy, uninfected cell monolayers, which models may learn to
differentiate effectively. It might also suggest that the features distinguishing infected
from uninfected states are quite robust, even if detecting subtle infection (as in "hard"
CPE) remains challenging.

Consistent with expectations for vision tasks on datasets of this scale, transformer-
based models (ViT, Swin) generally did not match the performance levels of the top CNN
architectures. This is likely because transformers, particularly when trained or fine-tuned
on smaller, specialized datasets, often require more extensive data to effectively learn
visual patterns compared to CNNs. CNNs possess inherent inductive biases (such as
translation equivariance) beneficial for image analysis, which transformers typically lack,
making the latter more data-hungry to achieve comparable performance levels.

The image classification experiments collectively demonstrate the general superiority
of deep learning approaches over classical methods for CPE detection. However, it is also
observed that the best classical model (Logistic Regression, F1 0.84) did manage to out-
perform some of the less effective deep learning configurations, such as EfficientNet-B3
(F1 0.73). This observation could indicate possible shortcut learning, since no augmenta-
tions were applied for classical methods compared to deep learning, or suboptimal deep
learning performance could also be caused by a small dataset size and data complexity.

Table 5. Comparison of deep learning models for viral CPE detection with class weights.

Sensitivity
| Model | F1 | Accuracy | Specificity | All | Easy | Hard
EfficientNet_BO | 0.96 | 0.97 0.99 094 | 1 0.77
EfficientNet-BO | ) 5 1 9.9 0.92 0.89 | 0.96 | 0.65
class weights
ResNet50 0.89 | 0.9 0.99 0.81 |0.99 | 0.27
ResNet50 0.88 | 0.89 0.94 0.85 | 0.98 | 0.46
class weights

After achieving superior performance with EfficientNet-B0, subsequent experiments
aimed to further enhance its capabilities, particularly for the underrepresented "hard CPE"
class, through class balancing. This involved assigning different weights to the classes
(no CPE, easy CPE, hard CPE) within the loss function during training, as described
in the Methods section 3.4. These experiments primarily focused on CNN models due
to their demonstrated stability and strong performance on the dataset. However, the
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outcomes of class balancing were inconclusive, as shown in Table 5. For instance, while
applying class weights to ResNet50 led to an improvement in sensitivity for "hard"
CPE cases, this came at the expense of performance on other classes or overall metrics,
a common trade-off in imbalanced classification. Conversely, for the top-performing
EfficientNet-B0, the introduction of class weights paradoxically led to a degradation in
performance across nearly all categories.

a) b)

Figure 10. Grad-CAM++ values are colored in range from red to for easy CPE
(a) and hard CPE (b).

The exceptional performance metrics, particularly with EfficientNet-BO, raised the
concern of potential shortcut learning. To investigate the decision-making process of the
best-performing model, XAl techniques were employed. Various methods were applied
to visualise the regions of an image that EfficientNet-BO deemed most important for
its predictions, using activations from its final convolutional block. Grad-CAM++ was
found to produce particularly robust and interpretable saliency maps. Representative
visualisations for test set images corresponding to CPE classifications are presented in
Figure 10. These activation maps confirmed that the model was focusing on relevant
cellular regions exhibiting morphological changes consistent with CPE, rather than
relying on edge artifacts (as the image cropping was consistently applied). This successful
application of explainable Al provided critical validation, increasing confidence that the
model learned genuinely meaningful features and was not exploiting dataset biases or
shortcuts. The results of Grad-CAM-++ activations are also useful for CPE localisation,
which will be explored further in the following section.
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4.2 CPE Localization

Following image-level classification, the research progressed to the more granular task
of CPE localisation, aiming to identify and localise specific regions within the images
that exhibit cytopathic effects. This was pursued through both classical image processing
techniques and various deep learning-based strategies.

4.2.1 Classical Segmentation

a) b)

Figure 11. Easy CPE case and local Otsu thresholding visualisation. Original image with
CPE annotation in blue (a), combination of both with segmentation through Otsu in red

(b).

Table 6. Comparative IoU scores of various segmentation approaches, including classical
and deep learning-based methods, for localising Cytopathic Effect across all, "easy", and
"hard" case categories.

IoU
| Model All | Easy | Hard
Local Otsu thresholding 0.04 | 0.06 | 0.03
HOG + Linear Model 0.04 | 0.05 | 0.02
EfficientNet-BO GradCAM++ | 0.16 | 0.16 | 0.15
EfficientNet-B0O Unet 0.57 | 0.60 | 0.34
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a) b)

Figure 12. Hard CPE case and local Otsu thresholding visualisation. Original image with
CPE annotation in blue (a), combination of both with segmentation through Otsu in red

(b).

A range of classical image segmentation techniques was initially explored. One of the
simplest, yet often effective for certain image types, is thresholding. Due to considerable
brightness gradients observed across different images and even within different positions
in a single well, global thresholding was unusable. Instead, local adaptive thresholding
techniques were implemented to account for this variation. An initial approach com-
bined local adaptive thresholding with Otsu’s method for determining the optimal local
threshold. However, as detailed in Table 6, the performance metrics for this method
were uniformly poor across all CPE categories, with 0.04 IoU performance for all cases.
Otsu-based local thresholding demonstrated some capability in segmenting "easy" CPE
cases, which often manifest as large, dark cell aggregates that create a somewhat bimodal
local histogram (Figure 11). This could potentially be improved via blob detection and an
area filter. Conversely, for "hard" CPE cases, which are characterised by subtle changes
in cell morphology rather than distinct intensity shifts, this method failed to identify
CPE and instead tended to segment individual cells or background noise (Figure 12).
This issue is due to the underlying assumption of thresholding methods, which rely on
intensity differences that are not consistently present or distinct in "hard" CPE images.
Another attempted method was the multiplication of standardised HOG features by the
linear model trained on image classes. However, this also resulted in nearly random
performance (see example for easy case on Figure 13.

Fully supervised classical segmentation approach was also attempted using HOG
features. For this, ground truth annotation masks were downscaled to match the dimen-
sionality of the extracted HOG features, and a model was trained to predict these mask
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Figure 13. Analysis of an "easy" CPE image: ground truth annotation and linear model
feature importance derived from HOG predictions. (a) Original bright-field microscopy
image of the ’Easy CPE’ case. (b) Composite image displaying the ground truth CPE
annotation (in blue) overlaid with a feature importance map. This map visualizes the
model’s assessment, derived from the sum of HOG features weighted by linear model
coefficients, using a red (low summed value) to (high summed value) gradient
to highlight regions influential in the CPE classification. White areas (e.g., original
background or white regions if pre-processed) indicate absence of CPE or low feature
importance.

representations. While this HOG-based segmentation model was capable of overfitting to
the training images, it failed to generalise to unseen images, yielding poor performance
on the test set. Due to these limited initial results and pressing time constraints, further
development of classical segmentation methods was discontinued in favour of exploring
more promising deep learning approaches.

4.2.2 MIL

MIL approach encountered significant challenges: despite the application of data aug-
mentation techniques, the model exhibited rapid overfitting to the training images. This
is likely attributable to the inherent complexity of the transformer architecture relative
to the limited size of our specialised microscopy dataset. Visualisations of the learned
attention scores, which were intended to highlight important image regions, did not
reveal a meaningful spatial correlation with actual CPE features. A much larger dataset
is required for this approach to work. Given these issues of severe overfitting and

39



uninformative attention mechanisms in this context, this specific MIL approach was
subsequently abandoned in favour of more directly supervised localisation methods.

4.2.3 Deep Learning Segmentation

a) b)

Figure 14. Grad-CAM-++ visualization on top of the image with activation corresponding
to CPE class. The ground truth annotation masks are highlighted in blue and Grad-
CAM++ values are colored in red to gradient. The lowest 10th percentile of
Grad-CAM++ values is masked. a) showcases the easy CPE case, b) is the hard CPE
case.

The initial deep learning segmentation of images was performed in an unsupervised
manner. This was based on the Grad-CAM+ thresholding. The threshold value was
chosen to maximize loU.

An initial exploration into deep learning-based segmentation was performed by
classification model explainability thresholding (i.e., without using segmentation masks
for training this specific step). This method used the class activation maps generated by
the previously trained high-performing image classifier (EfficientNet-B0). Specifically,
Grad-CAM++ saliency maps, which highlight image regions most influential for the
classifier’s CPE prediction, were generated. These maps were then thresholded to
produce binary segmentation masks, with the threshold value optimised to maximise loU
against a validation subset of ground truth masks.

Visual examples of this technique on test set images are presented in Figure 14a for
an "easy" CPE case. The resulting saliency map from Grad-CAM++ often showed a
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notable visual resemblance to the actual ground truth annotations that were subsequently
used for training supervised segmentation models. More strikingly, as shown in Figure
14b, even for some "hard" CPE cases, the activation maps appeared to correctly localise
regions of subtle infection. This was a somewhat surprising outcome, given the limited
number of hard CPE’ examples in the original classification training set, suggesting
the classifier had learned some genuinely subtle discriminative features. Despite these
encouraging qualitative observations, the quantitative performance of this thresholded
Grad-CAM++ approach was modest, as detailed in Table 6. The overall IoU plateaued
around 0.16, which is relatively low. This was largely attributed to the nature of CAMs,
which tend to highlight broader regions of interest rather than producing tightly bounded
segmentations; the activations often extended well beyond the precise ground truth
boundaries, thereby "diluting" the union term in the IoU calculation and reducing the
score.

Thresholding and metrics calculation based on the Grad-CAM++ is referenced in
Table 6. The IoU metric for all cases is not great, around 0.16, and is largely limited
because activations go far beyond ground truth labels, which dilutes the union.

a) b)

Figure 15. Segmentation results from the U-Net model with EfficientNet-BO backbone
on test images, comparing model predictions against ground truth annotations for CPE.
Ground truth masks are depicted in blue, model-predicted masks in red, and areas where
these overlap are in purple. (a) Visualisation for an easy CPE case. (b) Visualisation for
a hard CPE case.

Following the insights from unsupervised methods, fully supervised deep learning

segmentation was performed using the well-established U-Net architecture. To leverage
learned features and potentially accelerate training, the U-Net’s encoder was initialized
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with pre-trained weights from the EfficientNet-BO model on ImageNet, which had
demonstrated the best performance in the classification task. Representative segmentation
outputs from this model on test set images are shown in Figure 15. Quantitatively, the
U-Net model achieved a mean IoU of approximately 0.60 for "easy" CPE cases, a
substantial improvement over classical and unsupervised deep learning approaches.
However, performance on "hard" CPE cases was considerably lower, with a mean IoU of
around 0.34.

A significant factor potentially influencing these IoU scores, particularly for "hard"
CPE, is the challenge and subjectivity in annotating subtle biological phenomena. To
illustrate this, an internal consistency check was performed where the primary annotator
(author) re-labelled the same image after a period of several weeks, resulting in an loU
of approximately 0.7 between the two sets of self-generated annotations for visible
CPE structures. This highlights the intrinsic difficulty in achieving perfect pixel-wise
annotation consistency, especially without multiple expert, cross-verified annotations.
These data quality considerations, originating from the subjective visual assessment by a
single annotator for the initial segmentation masks, likely impose a practical upper limit
on achievable segmentation performance and represent a key limitation of the current
dataset.

To further refine the localization and enable the delineation of individual CPE in-
stances, instance segmentation was approached using YOLO-family models. It is impor-
tant to note that the dataset for instance segmentation was iteratively improved; initial
annotations were supplemented over time as more predictions were made, manually
reviewed, and corrected. Early experiments with larger, general-purpose pre-trained
YOLO models exhibited significant overfitting to our specific CPE dataset and did not
generalize well. To rigorously evaluate models under these conditions and select the best
performers, a fixed, representative test set was established.

Table 7. Results of segmentation model.

Instance Precision | Instance Sensitivity IoU
Model Type | All | Easy | Hard | All | Easy | Hard | All | Easy | Hard
Yolol1s 0.82 1 0.83 | 0.62 | 0.61 | 0.63 | 0.17 | 0.45 | 0.49 | 0.15
Yolo8m 0.83 1 0.84 | 0.17 | 022 | 0.23 | 0.02 | 0.43 | 0.47 | 0.09

Among the evaluated configurations, models denoted as YOLOv11s and YOLOv8m
were shortlisted as the most promising. Notably, the smaller YOLOv11s model ultimately
outperformed the larger YOLOv8m variant, as detailed in Table 7. This outcome may
suggest that for this specialized dataset with subtle and sometimes limited features, a
smaller, more agile model architecture was less prone to overfitting and better able to
capture the relevant characteristics of CPE instances. The sample from the test set is
visualized in Figure 16.
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To visually compare the efficacy of the investigated deep learning approaches on
challenging instances, Figure 17 presents the respective segmentation outputs all applied
to a representative hard CPE case selected from the test set.

a) b)

Figure 16. Instance segmentation results from the YOLOv1 1s model on representative
test images, comparing model predictions against ground truth annotations for CPE.
Ground truth masks are depicted in blue, model-predicted masks in red, and areas where
these overlap are in purple. (a) Visualisation for an easy CPE case. (b) Visualisation for
a hard CPE case.

a) b) )

Figure 17. Segmentation of a challenging hard CPE case using various approaches. (a)
Unsupervised segmentation generated by thresholding Grad-CAM++ activations from an
EfficientNet-BO classifier. (b) Supervised semantic segmentation produced by a U-Net
architecture with an EfficientNet-BO encoder. (c) Instance segmentation predictions
yielded by a YOLOv11s model.
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5 Conclusion

An important aspect in virological research and diagnostics is the observation of CPE
— the spectrum of morphological alterations induced in cells by viral replication. This
serves as a visual indicator of infection in cell cultures. While the unique characteristics
of CPE can be indicative of specific virus-cell interactions, the traditional reliance on
manual brightfield microscopy inspection for its detection is inherently labor-intensive,
time-consuming, and susceptible to inter-observer subjectivity, presenting a considerable
bottleneck in an era demanding rapid and high-throughput analytical capabilities.

This thesis addressed these critical limitations by developing, implementing, and
evaluating a set of computer vision methodologies for the automated detection and,
crucially, the detailed quantification of CPE induced by xenotrophic murine leukemia
virus, which is a model retrovirus. Our investigation systematically progressed from
foundational classical image analysis and machine learning techniques to advanced
deep learning architectures. High-performing classifiers, such as EfficientNet-B0, were
identified for image CPE status determination, with their decision-making processes
validated through Explainable Al techniques like Grad-CAM++, which also helped
confirm the successful mitigation of shortcut learning. While Multiple Instance Learning
showed limitations due to dataset size and model complexity, the core contribution
of this work lies in its in-depth exploration and application of instance segmentation
techniques for granular CPE characterization and quantification. This focus on moving
beyond binary classification to provide quantitative, spatially-resolved data on CPE
extent represents a significant extension of prior automated efforts in the field, which
have predominantly centered on classification.

Key findings demonstrated the superiority of deep learning approaches for both clas-
sification and segmentation tasks, particularly in distinguishing subtle, "hard-to-detect"
CPE manifestations from uninfected cells or "easy" CPE cases. The U-Net architecture
and YOLO-family models successfully segmented CPE, with smaller, optimized YOLO
variants proving effective for instance-level predictions. This research also highlighted
the impact of annotation quality and consistency on model performance, underscoring
the challenges of ground truth generation for subtle biological phenomena, as evidenced
by intra-annotator variability assessments.

A practical strategy emerging from this work involves a hierarchical approach: lever-
aging high-performance classifiers to rapidly identify infected samples, followed by
targeted application of segmentation models to these positive cases for detailed quantifi-
cation, thereby optimizing computational resources.

Future research could build upon these foundations. Expanding the training datasets
with more diverse images, potentially encompassing different cell lines, viruses, or
imaging conditions, and enriched with multi-expert, cross-verified annotation masks,
would enhance model robustness and generalizability. With such augmented datasets,
revisiting approaches like Multiple Instance Learning could prove useful. Further steps
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include exploring advanced self-supervised or few-shot learning paradigms to reduce
annotation dependency, and prospectively validating these automated systems in real-
world research settings.

In conclusion, this thesis demonstrates the potential of computer vision, particularly
deep learning-driven applications, to automate and refine the analysis of viral CPE. By
delivering tools for both detection and quantification of x-MuLV-induced effects, this
work contributes valuable methodologies and insights towards enhancing the efficiency
and depth of virological investigations, aiding in future efforts to understand and combat
viral diseases.
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Appendix

I. Glossary

Histogram of Oriented Gradients (HOG): A feature descriptor that is a computer
vision technique used to detect objects by counting occurrences of gradient orientation
in localized portions of an image. It’s particularly effective for capturing edge or shape
information.

96-well plate: A flat plate with 96 small, circular depressions (wells), commonly used in
biological assays for culturing cells and conducting multiple experiments simultaneously,
such as viral infection studies with varying conditions or concentrations.

Bright-field Microscopy: A standard optical microscopy technique where light is
transmitted through a specimen, and contrast in the image comes from the differential
absorption or scattering of light by parts of the specimen.

CAM (Class Activation Mapping): A visualization technique used in deep learning to
identify which regions in an input image are most influential for a CNN’s classification
decision for a specific class.

Cell Culture: The process of growing cells under controlled conditions, typically outside
their natural environment, often in laboratory vessels like 96-well plates. Used to study
cellular processes, including viral infections.

Cell Line: A population of cells derived from a single cell and grown in culture, capable
of stable propagation over many generations.

CPE (Cytopathic Effect): Morphological changes in host cells resulting from viral
infection, observable under a microscope. These changes can include cell rounding,
shrinkage, detachment, syncytia formation, and the appearance of inclusion bodies,
serving as a key visual indicator of viral presence and activity.

HOG (Histogram of Oriented Gradients): A feature descriptor used in computer
vision for object detection and image classification, which counts occurrences of gradient
orientation in localized portions of an image.

Saliency Map: A visualization that highlights the regions in an input image that are
most important or influential for a model’s output or decision (e.g., CAMs).

Shortcut Learning: A phenomenon where a machine learning model learns to make
predictions based on unintended or spurious correlations (shortcuts) in the training data,
rather than learning the true underlying patterns, often leading to poor generalization.
Viral Load: A measure of the quantity of virus in a given volume, often correlated with
the extent or severity of CPE.

Viral Titre: A measure of the concentration of infectious virus particles in a sample.
Well (in a 96-well plate): One of the small, circular depressions in a multi-well plate
used for individual cell cultures or reactions.
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I1. Supplementary figures

Figure .1. Examples of images from excluded plates. Large heterogeneity of image
stitching is present.
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Figure .2. The average pixel intensity of images selected for the analysis. The brightness
gradient is different for different columns of the plate.
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