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Identifying viral replication within cells demands labor-intensive isolation methods, requiring
specialized personnel and additional confirmatory tests. To facilitate this process, we developed an
Al-powered automated system called Al Recognition of Viral CPE (AIRVIC), specifically designed

to detect and classify label-free cytopathic effects (CPEs) induced by SARS-CoV-2, BAdV-1, BPIV3,
BoAHV-1, and two strains of BoGHV-4 in Vero and MDBK cell lines. AIRVIC utilizes convolutional
neural networks, with ResNet50 as the primary architecture, trained on 40,369 microscopy images at
various magnifications. AIRVIC demonstrated strong CPE detection, achieving 100% accuracy for the
BoGHV-4 DN-599 strain in MDBK cells, the highest among tested strains. In contrast, the BoGHV-4
MOVAR 33/63 strain in Vero cells showed a lower accuracy of 87.99%, the lowest among all models
tested. For virus classification, a multi-class accuracy of 87.61% was achieved for bovine viruses in
MDBK cells; however, it dropped to 63.44% when the virus was identified without specifying the

cell line. To the best of our knowledge, this is the first research article published in English to utilize
Al for distinguishing animal virus infections in cell culture. AIRVIC's hierarchical structure highlights
its adaptability to virological diagnostics, providing unbiased infectivity scoring and facilitating viral
isolation and antiviral efficacy testing. Additionally, AIRVIC is accessible as a web-based platform,
allowing global researchers to leverage its capabilities in viral diagnostics and beyond.
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Worldwide, virology laboratories use cell cultures to produce viruses, which are obligate intracellular parasites.
During virus isolation, some viruses replicate with cytopathic effects (CPEs), while others do not. The underlying
virus can trigger various structural and functional alterations in host cells. The underlying virus can induce
various structural and functional changes in host cells, including rounding, cell enlargement, granulation,
syncytia formation, cell lysis, and detachment, among others!~3. Over time, observing these CPE changes allows
researchers to track viral infection progression and gain insights into viral mechanisms, disease development,
and antiviral treatment efficacy. However, some viruses have subtle or delayed effects, making them difficult
to identify based solely on CPE observation. Additionally, identifying and interpreting CPEs can be subjective
and requires trained personnel. Furthermore, cellular stress or other factors can mimic some CPEs, requiring
additional tests for confirmation. Therefore, cell cultures are laborious and expensive due to the materials used,
the time required, and the need for additional testing to detect the virus after production, which can be further
complicated by genetic diversity and co-infections®. To avoid these challenges, artificial intelligence systems can
be used to recognize and differentiate viral CPE. Deep learning neural network models provide various benefits,
such as enhanced performance due to their capacity to manage extensive datasets and intricate architectures™®.
Creating a dataset of virus-induced CPEs and developing models to recognize the virus will contribute to the
isolation process and prevention and treatment of many viral diseases. For similar purposes, various models have
been tested for recognition of CPE by artificial intelligence using different human viruses such as respiratory
syncytial virus (RSV), influenza, Corona 229E, herpes simplex virus type 1 (HSV-1), enterovirus, SARS-CoV-2,
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polio, parainfluenza, adenovirus, modified vaccinia ankara (MVA), human immunodeficiency virus (HIV),
parainfluenza virus, and herpes simplex virus type 2 (HSV-2)7"1°. In this study, virus-induced datasets and
convolutional neural network (CNN) models were developed using a local strain of SARS-CoV-2 and various
viruses associated with the Bovine Respiratory Disease Complex (BRDC), without the need for labeling.

The respiratory virus responsible for COVID-19, SARS-CoV-2 belongs to the Coronaviridae family’s
Betacoronavirus genus. It is highly contagious and has caused significant disruptions to world health and
economies because of its rapid transmission and devastating disease outcomes'"!2. Numerous cell lines have
been identified to be infected by SARS-CoV-2, with differing degrees of cytopathogenicity and susceptibility.
Among these, Vero cells—derived from the kidney epithelial cells of the African green monkey—are widely
used in virology laboratories for isolating viruses and producing viral stocks because of their ability to support
the replication of various viruses and their distinct cytopathic effects (CPE), such as cell rounding, detachment,
and lysis. Notably, SARS-CoV-2-induced CPE in Vero/Vero E6 cells can be observed as early as 48 h post-
infection!>14,

BRDC, also known as shipping fever pneumonia, imposes significant financial burdens on the cattle
industry, including costs related to lost productivity, treatments, mortality, and diagnostics!®. These factors
threaten the long-term sustainability of farms and the industry as a whole'®. This study focuses on several
pathogens that contribute to BRDC, including bovine herpesvirus type 1 (BoAHV-1), bovine herpesvirus type
4 (BoGHV-4), bovine parainfluenza virus type 3 (BPIV3), and bovine adenovirus-1 (BAdV-1). Within this
complex, BoOAHV-1 is belonging to the genus Varicellovirus within the subfamily Alphaherpesvirinae and the
Herpesviridae family. Another one; BOGHV-4, also belonging to the same family located in the Rhadinovirus
genus, Gammaherpesvirinae subfamily. Both BoAHV-1 and BoGHV-4 are enveloped, double-stranded linear
DNA viruses that can cause respiratory disease and genital system infections while also exhibiting the latency
characteristic of herpesviruses'”. The third one; BPIV3, which is alternatively referred to as Bovine Respirovirus
3, is a negative strand, enveloped RNA virus in Paramyxoviridae family, Respirovirus genus and frequently
causes moderate or undetectable symptoms in cattle and sheep, but it can cause more serious infections if
co-infected with other respiratory viruses and bacteria. Lastly, BAdV-1 is a non-enveloped, double-stranded
DNA virus belonging to the genus Mastadenovirus within the family Adenoviridae, known to cause enteritis or
pneumoenteritis in affected cattle!®!°. These viruses can manifest numerous cytopathologies, such as cytoplasmic
inclusions, shrinkage, cell enlargement, vacuolation, nuclear alterations, image of grape clusters, plaques and
syncytia development!®-%,

CPE:s caused by different viruses can appear visually similar, complicating their identification and requiring
additional methods post-replication. The aim of this study was to utilize existing architectures to establish deep
learning models for Al recognition of viral CPEs (AIRVIC) under a range of conditions. Specifically, the objective
was to create models capable of distinguishing viral CPEs across different cell lines from morphological changes
due to non-viral factors, such as cellular aging. AIRVIC was further enhanced to differentiate among multiple
viruses, reducing the need for supplementary post-isolation procedures. The results aligned well with laboratory
findings, supporting the AIRVIC’s efficiency. Although deep learning studies have begun to be conducted for
human viruses”!%% to our knowledge, this study is the initial investigation of utilizing CNN models for the
identification and discrimination of animal virus infections.

Results

Deep learning models accurately and efficiently detect viral CPE across infections, but
achieving high performance requires a large and diverse dataset

Virus-induced datasets were generated, and convolutional neural network (CNN) models were developed
to enhance viral detection and discrimination, focusing on bovine viruses and SARS-CoV-2. Bovine viruses
were successfully propagated in MDBK cells, whereas Vero cells were used to produce SARS-CoV-2. Following
propagation, TCID50 assays were conducted to calculate the multiplicities of infection (MOIs) for inoculating
bovine viruses in MDBK and Vero cells, and SARS-CoV-2 in Vero cells at various doses. Viral genes were
amplified, which yielded fragments of the expected size, and PCR products were confirmed via Sanger sequencing
by a commercial firm. Data collection across various MOIs and time points allowed for a detailed analysis of
viral progression and CPE across multiple cell lines and viral strains. This comprehensive dataset, highlighting
specific CPE examples, is illustrated in Fig. 1. For SARS-CoV-2 in Vero cells, MOIs ranged from 0.0001 to 0.5,
with post-infection imaging conducted at time intervals from 8 to 73 h, yielding 969 images. The BoGHV-4
(MOVAR 33/63) was inoculated in MDBK cells, with MOIs ranging from 0.0001 to 1.0, and imaging occurred
between 8- and 150-hours post-infection, resulting in 5,053 images. In Vero cells, BoOGHV-4 (MOVAR 33/63)
produced 5,009 images across 7 time points between 8- and 150-hours post-infection. Similarly, the BOGHV-4
(DN-599) strain in MDBK cells produced 2,545 images between 8- and 72-hours post-infection, whereas its
growth in Vero cells resulted in 4,208 images collected from 6 time points spanning 8 to 126 h. BPIV3, in MDBK
cells, formed 4,718 images over a range of 8 to 128 h, while in Vero cells, 3,259 images were captured at 7 time
points from 8 to 96 h. The propagation of BOAHV-1 in MDBK cells generated a total of 2,823 images over a time
frame of 8 to 72 h, while its propagation in Vero cells produced 4,678 images within 8 to 128 h. Lastly, BAdV-1
generated 2,393 images in MDBK cells at MOIs between 0.0001 and 0.5, with time points from 8 to 76 h, while
in Vero cells, 4,714 images were captured at 8 time points ranging from 8 to 120 h. In total, 40,369 images were
collected across various conditions, highlighting the range and diversity of the dataset (Supplementary Table S1,
Fig. 2).

In selecting an architecture, we focused on optimizing model performance to address the complexities and
unique characteristics of the dataset. The goal was to identify architectures that minimize overfitting while
enhancing generalization across different augmentations and dataset variations. To balance model complexity
with predictive capability, we compared architectures such as ResNet18, ResNet50, MobileNetV2, and YGNet.
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Fig. 1. Dataset composition. Distribution of control and virus-infected cell images among various virus and
cell line combinations collected in this study.

Fig. 2. Effects of magnification, MOI, and post-infection time on the visualization of viral-induced CPE

in various cell lines. (a) Vero cells infected with SARS-CoV-2 at an MOI of 0.01, captured 46 h post-
infection. Images display the cells at varying magnifications. (b) MDBK cells infected with BoAHV-1 at 20x
magnification, 24 h post-infection, with varying MOIs. (c) MDBK cells infected with BoGHV-4 (DN-599) at
20x magnification and an MOI of 0.001 at various hours post-infection.
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Questioned

In the initial training phase, we only used ResNet50 with 20X magnification images on the BOAHV-1/MDBK
dataset. This setup yielded an accuracy of 0.8439 but an F1 score of just 0.4576, emphasizing the effect of dataset
imbalance. The problem originated from the fact that for every control cell image, there were approximately
five to six infected cell images, which posed a significant challenge for the model’s learning process. The F1
score, which revealed the presence of this imbalance, is the harmonic mean of precision (the ratio of true
positives to all predicted positives) and recall (the ratio of true positives to the sum of true positives and false
negatives (Supplementary Note C). Data augmentation was employed to balance the control and infected cell
images, resulting in notable improvement. After augmentation, the F1 score increased to 0.9523, and accuracy
reached 0.9514 (Supplementary Table S2). To avoid overfitting, we enriched the dataset by incorporating 10X
magnification images. This enhancement significantly improved the model’s evaluation metrics in fewer epochs
while maintaining consistent hyperparameters (Supplementary Table S3). Subsequently, we added 5X and 40X
magnification images to the dataset when evaluating the ResNet18 model using the same hyperparameters
(Supplementary Table S4). The analysis indicated that the model struggled to accurately detect CPE with 5x
magnification images. However, with images at 10X-20X and 40X magnifications, the model’s detection
capability improved markedly across all architectures (Supplementary Table S5). To broaden our analysis, the
architectures were trained on a different dataset, SARS-CoV-2/Vero, to compare their adaptability across varied
data. Although MobileNetV2 achieved the highest accuracy on the SARS-CoV-2/Vero dataset (Supplementary
Table S6), the stability demonstrated by the ResNet50 model on this dataset, along with its better performance on
the BOAHV-1/MDBK dataset makes it the preferred choice for handling more complex tasks in later stages of the
research. The consistent efficiency of ResNet50 across various datasets highlights its reliability and supports its
adoption as a baseline model. Optimized use of data augmentation, hyperparameter tuning, and model selection
further enhances virus-specific CPE detection accuracy of the models.

AIRVIC introduces a structured approach to virus classification via CPE detection

To optimize viral detection and classification through CPE analysis, AIRVIC employs a hierarchical system
consisting of three distinct deep learning models, each tailored to a specific aspect of detection. The Broad-
Spectrum CPE Detection Model functions as an initial screening tool, identifying any CPE and assessing likely
viral activity. When a CPE is detected, the system transitions to the Virus-Specific CPE Detection Model, which
providesa probabilistic assessment to identify the viruses most likely responsible for the observed cytopathologies.
Finally, the Targeted CPE Detection Model refines this analysis, confirming findings with a more focused, virus-
specific approach. Together, these three-tiered models streamline the diagnostic workflow, making it both more
efficient and more accurate. Figure 3 illustrates this workflow and demonstrates how AIRVIC combines the
capabilities of these models for enhanced CPE detection.

In the Targeted CPE Detection (Fig. 4), the performance in detecting the cytopathic effects of various viruses
on specific cell lines was thoroughly evaluated. Each virus-cell line combination was tested under controlled
conditions at magnifications of 10X, 20X, and 40X. To strengthen the dataset, systematic data augmentation
was applied, followed by precise filtering based on MOI values. This filtering process was carefully tailored
for each combination by considering specific post-infection hours and MOI values (Supplementary Table 7).
Consequently, images where the cytopathic effect had not yet appeared were excluded, significantly enhancing
the model’s learning accuracy. This approach allowed for the exclusion of early infection hours, when virus-
induced CPE was not yet evident, and enabled the selection of optimal MOI ranges to capture the critical stages
of virus-induced CPE on the cells.

Model parameters, unless otherwise specified in the Supplementary Table S7, were standardized with a batch
size of 8, dropout of 0.5, learning rate of 5e-4, weight decay of 5e-2, step size of 2, and gamma of 0.8 across 100
epochs of training. Most models showed strong performance. In particular, the BoGHV-4(DN-599)/MDBK
model achieved perfect scores, with 100% accuracy. A BPIV3/Vero model with 98.74% accuracy and 0.9820
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Fig. 3. AIRVIC workflow. The process begins with a broad-spectrum CPE detection model for initial
screening. Cases with positive detections proceed to analysis by virus-specific CPE detection models to identify
probable viral agents. High-probability cases are subsequently validated using targeted CPE detection models
to ensure accurate confirmation.
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Fig. 4. Overview of CPE detection models. Targeted CPE Detection for specific virus-cell line combinations,
Broad-Spectrum CPE Detection across multiple viruses and cell lines, and Virus-Specific CPE Detection to
pinpoint the exact virus causing CPE. In the input stage, the term ‘new image’ refers to images that were not
seen by the model during training or validation and are exclusively used for testing purposes.

F1-score also performed well. The BOAHV-1/MDBK model followed closely, with 97.94% accuracy and 0.9797
Fl-score (Fig. 5). Detailed results of Targeted CPE Detection models are presented in Table 1.

Broad-spectrum CPE detection model’s performance, comparable to targeted models, offers
an advantage in identifying virus-induced CPE in field samples, including new viruses

The Broad-Spectrum CPE Detection approach (Fig. 4) was trained using the entire dataset to detect CPE across a
wide range of viruses and cell lines, utilizing the ResNet50 architecture. The utilized virus-cell pairs are: BAdV-
1, BPIV3, BoAHV-1, BoGHV-4 in both Vero and MDBK cells, and SARS-CoV-2 in Vero cells. This model
was trained with the same hyperparameters as those used in targeted detection scenarios and with filtering
criteria applied per virus and cell line, ensuring consistency in data preprocessing across different detection
tasks. During the testing phase, images featuring all virus-cell pairs that were not used in training or validation
were employed. Testing was conducted on 10% of the complete dataset which corresponds to approximately
4,000 images across all virus-cell pairs. After completing 100 epochs, the model achieved an F1 score of 0.9495
and an accuracy of 0.9528. This highlights the model’s effectiveness in the broad-spectrum context, showcasing
its capacity to adeptly manage the diverse and complex viral and cellular interactions within the dataset.
However, it is important to note that no viruses outside the training dataset were used during testing, and the
model’s performance on such viruses remains untested. While the Broad-Spectrum CPE Detection model offers
the potential to detect CPE from new viruses, this capability has not yet been experimentally validated. This
accuracy is specific to the viruses included in the study. Although the broad-spectrum model’s performance
metrics are slightly lower than the average of targeted models (Fig. 6), using a universal model to cover all
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Fig. 5. Model performance metrics across virus-cell line combinations. F1 score, precision, recall, and
accuracy of the model across various virus-cell line combinations, highlighting the model’s effectiveness in
detecting specific viruses in different cell environments. BOGHV-4 (M) represents the MOVAR 33/63 strain of
Bovine herpesvirus 4, while BOGHV-4 (D) refers to the DN-599 strain.

ID | Virus Cell Accuracy (%) | F1score | Precision | Recall | Loss/test
12 | BoAHV-1 MDBK | 97.94 0.9797 0.9807 0.9788 | 0.0586
16 | BoAHV-1 Vero 90.76 0.9020 09119 0.8924 | 0.2105
17 | BoGHV-4 (MOVAR 33/63) | MDBK | 95.16 0.9491 0.9496 0.9486 | 0.1326
18 | BoGHV-4 (MOVAR 33/63) | Vero 87.99 0.8728 0.9220 0.8285 | 0.2759
19 | BoGHV-4 (DN-599) Vero 92.99 0.9296 0.9479 0.9119 | 0.2507
20 | BoGHV-4 (DN-599) MDBK | 100.00 1.0000 1.0000 1.0000 | 0.0048
21 | BPIV3 Vero 98.74 0.9820 0.9920 0.9722 | 0.0342
22 | BPIV3 MDBK | 97.85 0.9752 0.9849 0.9656 | 0.0418
23 | BAdV-1 Vero 95.79 0.9582 0.9618 0.9547 | 0.1425
24 | BAdV-1 MDBK | 97.77 0.9782 0.9787 0.9777 | 0.0757
25 | SARS-CoV-2 Vero 96.18 0.9554 0.9502 0.9606 | 0.1675
Average 95.56 0.9531 0.9618 0.9446 | 0.1268
26 ‘ Broad-spectrum 95.28 0.9495 0.9509 0.9482 | 0.1598

Table 1. Model performances for targeted and broad-spectrum CPE detection.

scenarios provides computational efficiency advantages for identifying virus-induced CPE in field samples, not
only for this virus dataset but also potentially for new viruses.

Table 1 provides a detailed analysis of the performance metrics for both detection strategies. It aggregates
the results for various virus-cell line combinations and includes evaluations conducted in the broad-spectrum
detection context.

AIRVIC achieved success at the level of viral gene amplification, and further: virus and strain
differentiation with notable accuracy

In Virus-Specific CPE Detection (Fig. 4), the goal was not only to identify the presence of CPE but also to
determine the specific virus and cell line combinations responsible for it. Models were trained using varying
magnification levels and data augmentation, with specific filtering to exclude early post-infection hours where
cellular responses were uniform across different viruses. Unless otherwise specified in Supplementary Table 6,
the hyperparameters used for these models were a batch size of 16, dropout rate of 0.5, learning rate of 5e-4,
weight decay of 5e-2, step size of 2, and gamma of 0.8. The test set for each model comprised approximately
10% of the dataset specific to each virus-cell line combination, with the exact number of images depending on
the dataset size (e.g., approximately 4,000 test images for the 11-class mixed cell line model and approximately
1,750 test images for the MDBK-specific 5-class model). These images were entirely excluded from training and
validation. The models exhibited varying performance across different configurations. In the 11-class mixed cell
line model, aimed at detecting both the cell line and virus causing CPE, the model achieved an F1 score of 0.7032
and an accuracy of 0.6960 after 100 training epochs (Fig. 7a). A 6-class generalized model, which was developed
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Fig. 6. Comparative performance of targeted vs. broad-spectrum CPE detection models. F1 score, precision,
recall, and accuracy of the average targeted CPE detection models compared to the broad-spectrum CPE
detection model, illustrating the adaptability and efficiency of the universal model in diverse cellular
environments.

to detect the virus causing CPE without differentiating by cell line, yielded an F1 score of 0.6260 and an accuracy
of 0.6344 over 100 epochs. For MDBK cells, a more specific 5-class model was developed, achieving an accuracy
0f0.8539 and an F1 score of 0.8489 after 400 epochs of training. Incorporating data from the BoOGHV-4 (MOVAR
33/63) and BOGHV-4 (DN-599) strains further enhanced the model’s performance, with the accuracy improving
to 0.8761 and the F1 score to 0.8729. Figure 7b illustrates the steady progression of the MDBK-specific model,
showcasing improvements in multi-class accuracy, F1 score, and loss reduction across the epochs. Similarly, for
Vero cells, the initial 6-class model showed suboptimal performance, with an F1 score of 0.6550. This led to the
development of a more targeted 4-class model, which excluded two poorly performing viruses. The updated
model achieved an accuracy of 0.7540 and an F1 score of 0.7387 after 400 epochs of training, as shown in Fig. 7c.
This version demonstrated clear improvements in accuracy and loss reduction, indicating effective optimization
over the course of training.

In contrast to the more focused targeted CPE detection models, the observed decrease in performance
for the virus-specific CPE detection models underscores the heightened complexity and challenge involved
in concurrently identifying not only the type of virus but, in some cases, the specific cell line as well. While
the targeted models are designed to detect the presence of CPE, the virus-specific CPE detection models aim
for a more detailed classification, determining both the presence of CPE and the exact virus or virus-cell line
combination responsible. Despite these challenges, the virus-specific CPE detection models provide a detailed
and holistic understanding of the viral landscape in a single analytical step, which is essential for the rapid and
effective execution of diagnostic processes. In addition to that, strain differentiation is not achievable in many
PCR reactions that rely on traditional primer binding, and the PCR assay used in this study was no exception.
However, AIRVIC was able to distinguish between two viral strains in MDBK cells with an 81.29% success rate.
Results and detailed metrics are compiled in Table 2 for a complete performance analysis.

Discussion

Artificial intelligence (AI) is transforming health sciences, with significant advancements in drug design,
medical imaging, ophthalmology, dermatology, and radiology?’-*%. Recently, Al applications have expanded
into virology®>3°. Over the past five years, studies using deep learning to detect virus-induced morphological
defects have primarily focused on human viruses in cell lines’"1%26%7. To the best of our knowledge, no English-
language research articles have been published on the detection of animal viruses in cell culture. Studies detecting
morphological defects caused by viruses using deep learning, particularly CNNs, are also relatively scarce®1%2°,
Even fewer studies have focused on virus discrimination, such as Petkidis et al.’ using EfficientNet B0 and Chen,
et al.” employing ResNet 50 for this task.

In these studies, when considering the F1 score as the primary performance metric, Chen, et al.” achieved an
accuracy of 72.90% with a single-task model and 85.4% with a multi-task model on a total of 9,739 microscopic
images. In comparison, Petkidis et al.” demonstrated 80.2% accuracy in virus differentiation with their multi-
task model on a total of 58,619 images comprising different viruses. In this study, utilizing light microscopy
images, we developed AIRVIC, a system that automatically identifies CPE across a diverse range of unlabeled
viruses and cell lines. On a dataset of 40,369 images, the single-task model demonstrated an average performance
of 95.31% across all tested viruses, with F1 scores ranging from a maximum of 100% to a minimum of 87.28%
for individual viruses. The multi-task model achieved 87.29% accuracy in distinguishing between four different
viruses produced in MDBK cells. Additionally, it successfully classified two strains of BoGHV-4 with 84.89%
accuracy. To our knowledge, no prior data exists on classifying CPEs caused by different strains of the same
virus, which highlights AIRVIC’s refined detection capability. By classifying CPEs that appear identical to the
human eye, AIRVIC underscores its potential for precise viral strain identification. The model’s performance in
VERO cells was somewhat lower, demonstrating a 74.50% accuracy in virus differentiation, likely due to dataset
imbalance, even though augmentation and filtering techniques were applied. Notably, even without information
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Fig. 7. Training performance of virus-specific CPE detection models. The figure shows the evolution of
accuracy, F1 score, and loss over training epochs: (a) mixed cell lines, (b) MDBK cell lines, and (c) Vero cell
lines. In each graph, the metrics highlight the model’s ability to distinguish between various CPE presentations
induced by different viruses. The multi-class accuracy graphs for the MDBK and Vero models (b, ¢) display
individual virus performance, with the black dashed line indicating the average accuracy across classes.

on cell line type, AIRVIC demonstrated a 69.60% accuracy in virus differentiation. It is essential to note that
all comparisons involved different viruses and cell line datasets for each study mentioned. A more accurate
evaluation could be achieved using a single, consistent dataset, underscoring the need for a benchmark dataset,
similar to those established in many other research fields>*-*.

Chen, et al.” did not consider time-based differentiation. In contrast, our study attempted to detect and
differentiate CPE even in images with minimal CPE presence. This approach aligns with the work of Petkidis et
al.? which performed simultaneous virus detection and viral titer calculation from images using a mathematical
formula. Wang et al.’ used 1,190 images in their CNN model, developed to detect CPE caused by influenza virus
in MDCK cells. They conducted additional experiments at different time intervals with the model achieving
recognition rates of 71.80% at 16 h, 98.25% at 28 h, and 87.46% at 40 h. This supports our findings, indicating
that CPE quantity impacts success rates, with higher CPE ratios improving performance. Poor performance on
early infection data (8 h) in our study, due to insufficient viral replication, was resolved by applying replication-
time and MOI-based filters. Similarly, Petkidis et al.” reported challenges in detecting adenovirus in early stages
and encountered similar difficulties with their DVICE model using GFP labeling Time-based imaging that
considers viral load offers a more realistic approach, mirroring real-world conditions. These studies emphasize
the limitations of current methods in detecting viruses before visible CPEs appear. Future research could explore
imaging techniques that detect intracellular changes before visible CPEs, further improving early detection.

To prevent the machine learning model from memorizing background differences, we converted images
to grayscale before training and eliminated non-CPE-related factors, enhancing AIRVIC’s performance. This
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ID | Cellline # of Classes | Accuracy | Multi-class accuracy F1 Precision | Recall | Loss/test
27 | Mixed 11 69.60% N/A 0.7032 | 0.7131 0.6935 | 0.8734
28 | Generalized | 6 63.44% N/A 0.6260 | 0.6425 0.6104 | 0.9932

BoGHV-4 (MOVAR 33/63): 81.89%
BoGHV-4 (DN-599): 80.70%

30 | MDBK 5 85.39% BPIV3:90.14% 0.8489 | 0.8448 0.8531 | 0.416Z
BoAHV-1: 89.69%
BAdV-1: 84.12%

BoGHV-4 (MOVAR 33/63): 86.71%
BPIV3:90.13%
32 | MDBK 4 87.61% BoAHV-1: 89.68% 0.8729 | 0.8692 0.8767 | 0.3134

BAdV-1: 84.13%

SARS-CoV-2: 80.43%
BoGHV-4 (MOVAR 33/63): 79.03%
BoGHV-4 (DN-599): 52.30%

29 | Vero 6 65.50% BPIV3: 60.60% 0.6550 | 0.659 0.651 | 1.1817
BoAHV-1: 74.39%
BAdV-1: 43.85%
SARS-CoV-2:91.04%
- . 0,
31 | Vero 4 74.50% BoGHV-4 (MOVAR 33/63): 74.19% 0.7387 | 0.7345 0.7429 | 0.872

BPIV3: 63.63%
BoAHV-1: 68.29%

Table 2. Performance metrics overview for virus-specific CPE detection models.

preprocessing step avoided background memorization and improved the detection accuracy of CPE patterns
caused by the virus. It should be considered essential for future studies, and comparisons between studies should
be viewed through this lens, as many studies have prevented data noise memorization by employing similar
techniques?! 3.

Our analysis revealed that viral strain and cell line interactions significantly impacted model performance.
This aligns with Chen et al.” and Wang et al.!%, who observed cell line-dependent variations in CPE detection.
In our study, the models exhibited higher precision in MDBK cells compared to Vero cells, highlighting the
significance of cell-specific factors. Models trained on smaller datasets underperformed, while accuracy
improved as dataset size increased. Unexpectedly, combining images from different magnifications (10X, 20X,
40X) improved performance, while adding 5X images reduced success, suggesting that the model struggled to
learn CPE features at lower magnifications.

AIRVIC performed well on simpler tasks using smaller models like ResNet18 and MobileNetV2, while
ResNet50 was more effective for complex tasks, which is consistent with the literature***>. In scenarios where
resources are limited, such as future applications where models might run directly on microscopes or other edge
devices, lightweight models provide effective results. As demonstrated in our study on SARS-CoV-2-induced
CPE detection and supported by other studies in the literature®=*8, MobileNetV?2 is particularly well-suited for
real-time inference and resource-constrained environments.

This study focused on SARS-CoV-2 and BRDC pathogens affecting cattle, both of which have significant
economic and health impacts. Vaccination, early detection, and local isolate acquisition are crucial in controlling
these diseases. For SARS-CoV-2, rapid diagnosis and isolation, aided by AI, play a pivotal role in accelerating
research, vaccine development, and treatment efforts. To detect an unknown virus from the field, multiplex or
monoplex PCR reactions with primers for various viruses are necessary after CPE formation. However, the CNN
models developed here can differentiate viruses from the trained virus dataset in seconds using a single image.

AIRVIC employs a hierarchical model sequence to optimize CPE detection, starting with broad-spectrum
CPE identification, then narrowing to specific viruses through targeted models. This structured approach
streamlines the diagnostic process and emphasizes the importance of hyperparameter tuning. The flexibility of
deep learning models enables AIRVIC to handle complex biological data, making it a valuable tool for virological
diagnostics.

AIRVIC is primarily designed for detection, diagnosis, and classification, and is not intended for
quantification. Therefore, it is presently unsuitable to calculate viral titers based on CPE. Viral titer calculation
involves determining the number of infectious viral particles in a sample and is mostly performed using cell
culture methods or PCR. Although the determination of viral titers using AI-based CPE detection is beyond the
scope of this study, AIRVICs flexibility and potential adaptability underscore the necessity for further research
in this area. Enhancing the ability to quantify infectious viral units, especially using label-free methods, will
substantially improve AIRVIC’s functionalities and serve as a crucial instrument for forthcoming virological
studies. Another limitation of AIRVIC is related to the type of microscope, as the models developed in this
study were tested using images obtained exclusively with a ZEISS Axio Observer 5 microscope. These images
were captured by three different individuals with the aim of creating variability in image acquisition, simulating
real-world circumstances, and ensuring generalizability across various user techniques. The accuracy of the
models depends on these specific imaging settings, and their efficacy with alternative microscopes has not
been determined. Subsequent research will aim to assess the models’ performance across various microscopy
equipment and at different levels of user proficiency.

Now accessible as a web-based application (https://airvic.turkai.com), AIRVIC will support researchers
worldwide in detecting and classifying viral infections. AIRVIC is designed to support the development of
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additional algorithms, with the understanding that the virus database will expand through future studies,
thereby increasing its utility in viral diagnostics and research. This research contributes to the field of CPE
detection, demonstrating how Al can streamline diagnostic processes, reduce labor, and enhance viral studies.

Finally, this study demonstrates Al’'s potential to streamline laboratory work by enabling rapid viral detection
and strain differentiation. The use of AI tools like AIRVIC in detecting viral infections marks a critical step in
improving both human and animal health, contributing to the One Health perspective by offering faster and
more effective responses to global health threats.

Materials and methods

Cell lines and viruses

SARS-COV-2-Ankl local isolate with the Genbank accession no: MT478018 were obtained from the cell culture
collection of the Department of Virology, Ankara University Faculty of Veterinary Medicine and were propagated
in culture flasks containing African green monkey kidney Vero E6 (ATCC CRL-1586) cell lines in the certified
high containment animal facility (Animal Biosafety Level 3 plus - ABSL3+) of the department under appropriate
conditions. The local Turkish BPIV-3c isolate recorded under Genbank accession no: MH357343 were obtained
from Department of Virology, Faculty of Veterinary Medicine, Ondokuz Mayis University, Samsun* and
propagated in culture flasks containing Madin Darby Bovine Kidney (MDBK) (90050801; European Collection
of Authenticated Cell Cultures, Salisbury, UK) cells. The BAdV type 1 (strain 11/66) that was previously obtained
from Vienna Veterinary Institute isolate was used from the collection of our department*. BoAHV-1 Cooper
with accession no: JX898220, BoGHV-4 MOVAR 33/63 European strain with accession no: AB035516 and
American prototype strain DN-599 strain were obtained from the cell culture collection of the Department of
Virology, Ankara University Faculty of Veterinary Medicine®!>* and were propagated in culture flasks containing
MDBK cells.

Virus isolation and measuring viral titer

The stock viruses of all bovine viruses and SARS-COV-2 was produced in MDBK and Vero cells respectively;
maintained with Dulbecco’s Modified Eagle Medium (DMEM) (Gibco™, ThermoFisher Scientific) including
4.5 g/L D-Glucose, L-glutamine and pyruvate, supplemented with 10% heat-inactivated fetal calf serum (FBS)
and 100 IU/mL Penicillin 100U/mL penicillin and 100ug/mL streptomycin (Gibco™, ThermoFisher Scientific)
under 5% CO2 at 37 °C. Daily observations of the cells were carried out to observe the appearance of CPEs. To
retain the viruses, infected cell cultures were frozen at -80 °C once the CPE reached a substantial 80% coverage
of the flask. The replication of viruses was assessed using the Tissue Culture Infectious Dose 50% (TCIDs,) assay,
which determines the quantity of virus required to infect 50% of cultured cells. In this procedure, cells seeded in
96-well plates were exposed to 100 pL of tenfold serial dilutions of each virus. The median infectious dose was
then calculated using the Reed-Muench method>>.

Polymerase chain reaction (PCR) for BoAHV-1, BoGHV-4 and BAdV-1

The DNA of BoAHV-1, BoGHV-4, and BAdV-1 viruses was extracted from cell culture supernatants using the
guanidine isothiocyanate method, as described by Russel and Sambrook®*. All PCR reactions were performed
using DreamTaq™ DNA polymerase (Thermo Fisher Scientific, Waltham, MA). BoAHV-1 DNA amplification
was carried out using the gC-specific forward primer 5'-CGGCCACGACGCTGACGA-3’ and reverse primer
5'-CGCCGCCGAGTACTACCC-3', as reported by Esteves et al.>>. The reaction conditions included an initial
denaturation at 95°C for 10 minutes, followed by 30 cycles of denaturation at 95°C for 30 seconds, annealing at
56°C for 45 seconds, extension at 72°C for 1 minute, and a final extension at 72°C for 10 minutes. The expected
product size was 575 bp. BOGHV-4 DNA amplification was conducted using primers 5-CCCTTCTTTACC
ACCACCTACA-3’ and 5-TGCCATAGCAGAGAAACAATGA-3', which target the gB region of the virus®,
following the protocol described by Bilge Dagalp et al.*”. The expected product size was 615 bp. BAdV-1 DNA
was amplified using a touchdown PCR protocol with primers MaAdF1 (CAGTGGTCHTACATGCACATC),
MaAdR (GCATAAGACCCGTAGCAWGG), and MaAdF2 (CATGCACATCGCSGGNCAGGA), as developed
by Sibley et al.>. PCR conditions adhered to the Sibley et al.® protocol, with a total primer concentration of 1,600
nM. The expected product size ranged from 588 to 725 bp. PCR products for all three viruses were visualized
under UV light following agarose gel electrophoresis and stained with Visafe Red gel stain (Vivantis, Malaysia).

Real-time reverse transcription-polymerase chain reaction (rRT-PCR) for SARS-COV-2 and
reverse transcription-polymerase chain reaction (RT-PCR) BPIV3
Thermo Fisher Scientific’s TRIzol reagent was used to extract SARS-COV-2-Ankl RNA from the cell line in
accordance with the manufacturer’s instructions. Following purification, the RNA was used for real time rRT-
PCR by dissolving it in 100 L of sterile water. Using SF-1a 5’-GATCTCTGCTTTACTAATGTCTATGC-3’ and
SR-1b 5-CGCAGCCTGTAAAATCATCTG-3’ primers and SPrp FAM-TTGCCCTGGAGCATTTGTCTGA-
BHQI probe partial S gene of the SARS-CoV-2-Ank1 was amplified according to Hanifehnezhad et al.>’.
Following the methodology by Chomczynski and Sacchi®®, RNA was extracted using the phenol: chloroform:
isoamyl alcohol (25:24:1) method. Following purification, a one-step RT-qPCR reaction was carried out using
the SCRIPT RT-qPCR ProbesMaster kit (Jena, Germany) to screen the partial region of the BPIV Fusion (F)
protein. The forward primer 5-CATTGAATTCATACTCAGCAC-3’ and the reverse primer 5-AGATTGTCGC
ATTTAGCCTC-3’ were the specific primers employed in this reaction®!. Reverse transcription was performed
for 30 min at 50 °C, followed by denaturation at 95 °C for 15 min. Amplification involved 30 cycles of 95 °C for
45's, 51 °C for 45 s, and 72 °C for 1 min, with a final extension at 72 °C for 10 min®. The PCR products were
separated on a 1% agarose gel with Visafe Red (Vivantis, Malaysia) and visualized under UV light. A 400 bp
fragment for the BPIV Fusion (F) protein was expected.
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Infecting cells with different MOI

Multiplicity of Infection (MOI) refers to the number of infectious virus particles per cell in a culture. For SARS-
CoV-2, Vero cells were exposed to MOIs ranging from 0.0001 to 0.5. BOGHV-4 (MOVAR 33/63) was used to
infect both MDBK and Vero cells with MOIs from 0.0001 to 1.0, while the BoGHV-4 (DN-599) strain was applied
to the same cell lines. BOAHV-1, BPIV3, and BAdV-1 infections were also performed on MDBK and Vero cells
with similar MOI ranges. Each MOI of each virus was inoculated into a separate T25 flask, and throughout the
imaging period, they were maintained alongside control cells in a separate T25 flask, prepared on the same day.

Imaging and data collection

After cells were infected with varying MOIs for various viruses, images were collected for both infected and
control cells. Each image was classified based on virus type, cell line, MOI, magnification level, and post-
infection time. Image collection occurred at various post-infection times to capture dynamic changes in cellular
morphology as the infection progresses, and continued until complete infection of the cells was observed. As a
result, the timing for post-infection imaging varied according to the virus and cell line involved. Images were
acquired using a ZEISS Axio Observer 5 widefield microscope equipped with the Zeiss LD A-Plan 5x/0.15 Phl,
Zeiss LD A-Plan 10x/0.25 Phl, Zeiss LD A-Plan 20x/0.4 Ph2, and Zeiss LD A-Plan 40x/0.6 Ph2 objectives. All
objectives were non-oil, non-water immersion lenses, and no correction collar was used. A ZEISS Axiocam
506 color camera (CMOS sensor) was used to capture images. A white LED integrated into the ZEISS Axio
Observer 5 system served as the light source. Phase contrast imaging was employed to enhance morphological
visualization, with phase contrast rings set according to manufacturer specifications (Ph1 for low magnifications
and Ph2 for high magnifications). Images were captured using the ZEISS ZEN lite 2.3 software and saved in
JPEG format at 2752 %2208 pixels, 96 dpi resolution and 24-bit color depth. Different scales of magnification
setting including 5X, 10X, 20X and 40X were used to effectively capture the morphological changes caused by
viral infections.

Deep learning architectures

Compared architectures The models used in this study need to be able to learn efficiently from heterogeneous
data, including various magnification levels, natural imbalances between time points, and uneven distributions.
For this reason, the deep learning architectures ResNet18°2, ResNet5062, MobilenetV2¢* and YGNet®—a light-
weight, specialized architecture—were chosen for their ability to adapt to the dataset’s diverse complexities and
characteristics.

ResNet18 and ResNet50 are members of the Residual Network (ResNet) family, which is recognized for its
deep architectures that allow for training over many layers without losing performance due to the vanishing
gradient problem. ResNet models accomplish this by skipping some layers of the neural network and enabling
gradients to pass directly through it. ResNet50 has 50 layers, increasing its complexity and allowing it to learn
more detailed information. The greater complexity of ResNet50 necessitates more computer resources and a
larger dataset for optimal training, and it may be more prone to overfitting than the simpler ResNet18 model,
which has only 18 layers.

MobilenetV2 architecture is specifically intended for mobile and resource-constrained devices. This
method employs deeply separable convolutions to reduce the number of parameters and computational
overhead, resulting in greater efficiency for real-time applications and devices with limited processing capacity.
MobilenetV?2 is smaller and faster than ResNet models, however it may be unable to capture complex patterns
due to its lower complexity.

YGNet, which is based on the AIl-CNN architecture®, extends this framework by introducing maximum
pooling layers, straying from the original architecture’s only convolutional nature. These YGNet architectural
improvements are meant to shed light on the purpose and significance of different layers inside a convolutional
neural network, especially when dealing with complex and diverse datasets.

Addressing dataset imbalance The dataset was unbalanced due to a higher number of virus-infected cell im-
ages compared to control cell images. To avoid this, data augmentation strategies reccommended by Shorten and
Khoshgoftaar® were employed, including specific techniques like rotation and scaling (Supplementary Note A).
Importantly, these techniques were applied exclusively to the training dataset, ensuring that the validation and
test datasets remained untouched. By generating additional control cell images, the proportion of virus-infected
to control samples was stabilized, achieving a more uniform distribution. This approach enhanced the model’s
learning efficiency.

Architecture and hyperparameter selection The selection of architecture and hyperparameters was a deliberate
approach targeted to prevent overfitting, essential for managing the dataset’s complexity. Consequently, models
and their hyperparameters were selected to enhance generalization abilities, preventing overfitting to particular
dataset characteristics. This aligned with the ideas outlined by Bergstra and Bengio®”, who emphasized the sig-
nificance of hyperparameter selection for improving model performance and relieving issues such as dataset im-
balance and overfitting. A systematic method to hyperparameter tuning was employed to enhance the predicted
accuracy and efficiency of the models, with each model carefully fine-tuned using hyperparameters appropriate
to its architecture and dataset features (Supplementary Note B).

Training and evaluation

CPE detection tasks Targeted CPE Detection detects virus-induced CPE in a known cell line. This method
allows the model to learn specific patterns of virus’s effects on cells for accurate identification. Each virus-cell
combination had its own model. Broad-Spectrum CPE Detection recognizes CPE across a wide range of viruses
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and cell lines. Training the model to generalize over diverse features makes it versatile in detecting CPE, re-
gardless of the specific virus or cell line. Virus-Specific CPE Detection identifies the specific virus causing CPE.
Distinguishing the virus responsible for CPE is a complex task, requiring a deep understanding of each virus’s
effects on cells. For this task, models were trained both with and without cell line dependency.

Dataset partitioning The dataset was divided into training (70%), validation (20%), and testing (10%) subsets
to assess model performance and ensure generalizability. Data augmentation was performed only on the training
set after this partitioning to prevent data leakage. The model was trained on the training set, with hyperparam-
eters adjusted using the validation set to prevent overfitting. The test set provided an unbiased evaluation of the
model’s effectiveness.

Training The training process began with the selection of architecture. For this, Targeted CPE Detection models
were evaluated using specific datasets, such as BOAHV-1 in MDBK cell lines and SARS-CoV-2 in Vero cell lines.
In this phase, the optimal hyperparameters for CPE detection were determined. Following this, Targeted CPE
Detection models for other viruses and cell lines were trained using the preferred architecture. Data filtering was
applied to each virus-cell line dataset, excluding samples without significant viral activity in the early post-in-
fection phase or with insufficient MOI to generate CPE. This ensured that the models were trained on data that
most accurately reflected viral impact. Subsequently, the Broad-Spectrum CPE Detection model, designed to
detect CPE regardless of virus type, was trained using the entire dataset. It was trained in two configurations:
independent of and dependent on cell lines. Finally, Virus-Specific CPE Detection models were trained. As these
models needed to precisely distinguish the virus causing CPE in each cell line, this training phase was the most
complex, involving virus classification.

Model validation Data augmentation and hyperparameter optimization were applied to prevent overfitting
and improve generalizability. Data augmentation expanded training scenarios (Supplementary Note A). Hyper-
parameter tuning controlled model complexity, further improving performance (Supplementary Note B). Re-
al-time monitoring with TensorBoard enabled quick identification and correction of overfitting or underfitting.

Performance evaluation Key metrics assessed model accuracy and efficiency. Cross-Entropy Loss measured
prediction error, while accuracy and multi-class accuracy evaluated overall and class-specific performance. Pre-
cision and recall highlighted the model’s ability to identify true CPE instances, while the F1 score provided a
balanced view of both metrics (Supplementary Note C).

AIRVIC web application

The models developed in the study were made available through the AIRVIC web application (accessible at
https://airvic.turkai.com), designed to provide ease of use and accessibility for researchers and laboratory staff.
AIRVIC allows users to upload microscopy images for automated analysis and provides detailed results on CPE
detection and potential virus identification through a user-friendly interface.

The interface includes an option for users to specify known details about the cell line and virus, increasing the
accuracy of the model by adapting the analysis to the relevant parameters. Users can choose cell lines (e.g. Vero
or MDBK) and viruses from a predefined list or leave the fields as “Unknown” if no information is available. This
optional step helps to optimize detection sensitivity.

Uploaded images pass through the AIRVIC Workflow (Fig. 3) which provides results that include probabilities
for detected CPE and potential virus matches. For accurate virus identification, results include likelihood scores
and recommendations for interpretation. Users can access the Analysis History section to review results from
previously analyzed images and explore the Example Images section to test the system with predefined samples.

Experimental setup and model development environment
Image acquisition Images were acquired using the ZEISS Axio Observer 5 microscope and saved with ZEISS
ZEN lite software (v 2.3).

Model development The experiments were conducted using Python 3.8 and PyTorch machine learning frame-
work. The server setup included an Intel Core i9-10920X CPU @ 3.50 GHz (12 cores and 24 threads), 128
GB DDR4 memory, and dual Nvidia A6000 graphics card (48GB each, Ampere architecture) with CUDA 11.3
drivers. Several Python packages were utilized for model training and validation, included PyTorch (v 1.11.0)
for deep learning, torchvision (v 0.12.0) for computer vision tasks, pytorch-lightning (v 1.2.5) for training sim-
plification, imageio (v 2.9.0) for image data handling, pandas (v 1.3.0) for data analysis, OpenCV (v 4.7.0.72) for
image pre-processing and TensorBoard (v 2.16.2) for the training log monitoring.

Data availability

The datasets generated and analysed during the current study are not publicly available due to ongoing research,
potential commercial applications by our partners, and a pending patent application, but are available from the
corresponding author on reasonable request.

Code availability
The code is available under restricted access on Zenodo https://doi.org/10.5281/zenodo.14036204 under the CC
BY-NC-ND license. Access will be provided from the corresponding author upon reasonable request.
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