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Artificial intelligence in assisted reproductive techniques: comparative
evaluation of deep learning architectures for bovine cumulus-oocyte complexes
classification
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ABSTRACT

Aim: Follicular quality is a key determinant of success in assisted reproductive technologies, directly
affecting outcomes such as fertilization, embryo development, implantation, and live birth rates.
However, conventional assessment of cumulus-oocyte complexes relies on subjective morphological
evaluation, introducing variability and reducing consistency in clinical decision-making.

Materials and Methods: A comparative evaluation of various pre-trained deep learning architectures—
including both convolutional neural networks and transformer-based models—was conducted for the
automated morphological grading of bovine cumulus-oocyte complexes into four quality categories
(Grade A-D). A dataset of 1,400 annotated images of cumulus-oocyte complexes, enhanced through
data augmentation techniques to increase image diversity, was used for model training and validation.

Results: Among the tested architectures, Xception41 (a variant of convolutional neural networks) and
Swin Transformer (a transformer-based model) achieved the highest performance, with test accuracies
of 74.75% and 73.25%, and macro F1l-scores of 0.75 and 0.74, respectively. While both models
performed well in grading cumulus-oocyte complexes with distinct morphological features (Grades 3
and 4), classification accuracy decreased for the more subtle differences between Grades 1 and 2.
Furthermore, most models exhibited signs of overfitting under the current training configuration.

Conclusion: This study demonstrates the potential of deep learning-based approaches to standardize
and enhance the efficiency of cumulus-oocyte complexes evaluation in assisted reproductive
technologies. Further optimization is needed to improve model generalization and to address challenges
in grading morphologically similar follicular structures.
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0z
Amag: Folikiil kalitesi, yardimci (reme teknolojilerindeki basariyi belirleyen temel bir faktérdiir ve
déllenme, embriyo gelisimi, implantasyon ve canli dogum oranlari gibi 56nemli sonuglar1 dogrudan etkiler.

Ancak, kumulus-oosit komplekslerinin geleneksel degerlendirmesi, 6znel morfolojik gézlemlere
dayandidi icin klinik karar streclerinde degiskenlige ve tutarsizliga neden olmaktadir.

Gereg ve Yontem: Sigir kumulus-oosit komplekslerinin otomatik olarak morfolojik kaliteye gére dort
kategoriye (A—-D) ayrilmasi amaciyla, énceden egitiimis cesitli derin 6grenme mimarileri—evrisimsel
sinir aglari ve déndstliriicti tabanli modeller dahil—karsilastirmali olarak degerlendirilmistir. Gérsel
cesitliligi artirmak amaciyla veri artirma teknikleri uygulanarak olugturulan 1.400 etiketlenmigs kumulus-
oosit kompleksi gértintiilerinden olusan veri seti, modellerin egitimi ve dogrulamasi igin kullaniimistir.

Bulgular: Test edilen mimariler arasinda Xception41 (evrisimsel sinir aglarn varyanti)) ve Swin
Transformer (déndstiiriicii tabanli bir model), sirasiyla %74,75 ve %73,25 test dogruluklari ile 0,75 ve
0,74 makro F1 skorlarina ulasarak en yiiksek performansi géstermistir. Bu modeller, belirgin morfolojik
Ozelliklere sahip 3. ve 4. derece kumulus-oosit komplekslerinde yiiksek siniflandirma basarisi
gosterirken, 1. ve 2. dereceler arasindaki daha ince farklarin ayirt edilmesinde zorlanmistir. Ayrica,
mevcut egitim konfiglirasyonu altinda cogu modelde asiri 6grenme egilimi gézlemlenmistir.

Sonug¢: Bu calisma, derin 6grenme tabanli yaklagimlarin yardimci lreme teknolojileri kapsaminda
kumulus-oosit kompleksi degerlendirmesini standartlastirma ve degerlendirme siireglerinin etkinligini
artirma potansiyelini ortaya koymaktadir. Bununla birlikte, morfolojik olarak benzer folikiler yapilar
arasindaki siniflandirma zorluklarinin asilmasi ve model genelleme yeteneginin artirilmasi igin ilave
optimizasyon gereklidir.

Anahtar Sézciikler: Yapay zeka, evrisimli sinir aglari, xception41, derin 6grenme, swin transformer,
kumulus-oosit kompleksi, oosit siniflandirmasi, yardimci lreme teknikleri

to inter-observer variability, underscoring the need

INTRODUCTION for objective, standardized methods (6). Artificial

Infertility  affects  approximately 9%  of intelligence (Al), particularly deep learning models
reproductive-age couples globally, presenting such as convolutional neural networks (CNNSs)
substantial medical and socioeconomic  and transformers, has shown promise in
challenges (2). Assisted reproductive  automating medical image analysis and

technologies (ART), particularly in vitro fertilization
(IVF) and intracytoplasmic sperm injection (ICSI),
have significantly advanced infertility treatment.
However, success rates remain inconsistent,
influenced by patient demographics, clinic
protocols, and treatment variability (2). These
discrepancies underscore the need to identify
reliable biomarkers, particularly those related to
oocyte quality, to optimize ART outcomes.

One of the most critical determinants of ART
success is oocyte quality, which directly influences
fertilization potential, embryonic development, and
implantation success (3,4). Evaluating oocyte
quality traditionally involves a visual morphological
assessment conducted by embryologists, who
examine key indicators such as cumulus-oocyte
complex (COC) integrity, the structural integrity of
the zona pellucida (ZP), and the uniformity of
cytoplasmic features (4,5). This approach is prone
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enhancing diagnostic consistency (7,8).

Deep learning, particularly through the use of
CNNs and transformer architectures, emerges as
a transformative tool that has shown remarkable
accuracy in medical imaging applications. These
Al-driven techniques are increasingly explored for
their potential to revolutionize the classification
processes within the realm of fertility and
reproductive medicine (3,7). Recent studies have
indicated that deep learning algorithms can vastly
improve the standardization of oocyte
assessments, facilitate automation of the
classification processes, and enhance clinical
efficiencies. The applications of these models are
particularly relevant as they may not only
streamline the evaluation procedures but also
minimize biases introduced through subjective
human judgments (8,9).



Despite existing research focusing on the
application of Al in grading embryos, its utilization
for COC evaluation is less explored, indicating a
significant gap that this study aims to address.
This research evaluates the performance of
various CNN and transformer-based models to
automate the classification of COCs according to
four distinct morphological quality grades with the

MATERIALS AND METHODS
1. Ethics Approval

This study received ethical approval in January
2022 and was funded by the izmir Bakircay
University Scientific Research Projects
Commission (Project No: BBAP.2022.006).
Ovaries were ethically obtained as by-products
from animals slaughtered for human consumption.
The study adhered to internationally recognized
ethical standards, including the National Institutes
of Health (NIH) Guide for the Care and Use of
Laboratory Animals. All procedures were
conducted in accordance with institutional
regulations and ethical guidelines pertaining to the
collection and use of animal tissues for research
purposes.

2. Ovarian Collection and Transport

Ovaries intended for COC retrieval were collected
at commercial slaughterhouses and transported to
the laboratory under controlled conditions. They
were placed in a transportation medium consisting
of RPMI 1640 (#21875034, Thermo Fisher
Scientific, UK) supplemented with 100 mg/L of
Penicillin-Streptomycin, maintained at 20-25°C in
steel thermos containers to preserve cellular
viability. Upon arrival, the ovaries were rinsed
twice with a pre-warmed phosphate-buffered
saline (PBS) solution supplemented with 5% fetal
bovine serum (FBS) (#FBS-HI-22A, Capricorn
Scientific GmbH, Germany) to remove blood and
contaminants before processing (Figure-1A).

3. Follicular Aspiration

COCs were retrieved from follicles measuring 2—
10 mm in diameter using a 21-gauge needle
attached to a sterile syringe (Beybi, Istanbul,
Tarkiye). The aspirated follicular fluid (5—10 mL
per ovary) was collected in 50 mL Falcon tubes
and left undisturbed at room temperature for 20
minutes to allow sedimentation. The COCs were
carefully extracted from the sediment using a

objective of surmounting limitations posed by
manual assessments (3,7). By employing
algorithms coupled with data augmentation
techniques, the investigation seeks to optimize the
efficiency of ART workflows, potentially leading to
improved clinical practices surrounding oocyte
selection, and subsequently enhanced success
rates in ART treatments (8,9).

Pasteur pipette and transferred to cell culture
dishes for microscopic evaluation (Figure-1B—-C).
Under a stereomicroscope, embryologists
identified and retrieved COCs using a 10 puL
Transferpettor (Brand, 701807), capturing high-
resolution digital images for further analysis
(Figure-1D).

Figure-1.
Complex (COC) collection and evaluation.
(A) excised ovaries; (B) follicular aspiration; (C) follicular
fluid with COCs; (D) microscopic view showing varying
cumulus expansion and structural integrity.

Sequential steps in Cumulus-Oocyte

4, Classification of
Complexes

Cumulus-Oocyte

COCs were classified into four grades based on
microscopic morphological characteristics,
following established criteria described in previous
studies (8,9):

» Grade-1. Homogeneous cytoplasm, intact zona
pellucida (ZP), and compact, multilayered
cumulus cells.

» Grade-2. Homogeneous cytoplasm with minor
pigmentation, intact ZP, and cumulus layers
exceeding five but fewer than in Grade 1.

» Grade-3. Heterogeneous cytoplasm with
vacuoles, sparse cumulus layers (3-5 layers),
and a partially intact ZP.
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» Grade-4. Pigmented, heterogeneous cytoplasm,
disrupted or absent cumulus cells, and
compromised ZP integrity.

All COCs were photographed using an Olympus
DP72 digital camera mounted on an Olympus
BX51 microscope and processed with cellSens
Entry software for subsequent machine learning
analysis (Figure 2, left panel). Images were
captured at 400x total magnification to ensure
adequate morphological detail. Morphological
classification was performed by a single
experienced embryologist to ensure consistency,
using a similar evaluation approach to that applied
in our previous study (9).

5. Data Collection and Preparation

A dataset of 1,400 annotated COC images was
systematically curated and divided into training
(n=1,000) and test (n=400) sets. Each
morphological grade (Grades 1-4) contained 350
images, of which 250 were allocated for training
and 100 were reserved for independent testing.

To ensure robust performance evaluation, a
separate test dataset of 400 COCs (100 per
grade) was used exclusively for validation,

preventing overfitting and enhancing the reliability
of the CNN'’s classification capabilities (Figure-2,
right panel).

Figure-2. Representative Images of Cumulus-Oocyte
Complexes (COCs). Left Panel: Training set images
categorized into four morphological grades: (a—c) Grade
1, (d—f) Grade 2, (g—i) Grade 3, (j-I) Grade 4. Right
Panel: Independent test set images, similarly
categorized (a'-c' to j'-I'), used for model validation.

6. Deep Learning Model Architecture

This study evaluated a range of state-of-the-art
deep learning models for the automated
classification of bovine COCs into four distinct
morphological quality grades. The selected
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architecture encompassed both CNN-based and
Transformer-based models, all sourced from the
PyTorch Image Models (TIMM) library due to their
proven efficacy in biomedical image analysis.

The CNN-based architectures included Xception
(10), Xception41 (11), ConvNeXt (convnext_base)
(12), ResNetRS50 (13,14), and DenseNet201
(15,16). The original Xception (10) model, inspired
by Google’s Inception architecture, is built on
depthwise separable convolutions that decouple
spatial and cross-channel filtering operations. This
design substantially reduces computational cost
while preserving high classification performance.

Xception4l (11), a more advanced variant
frequently utilized within the DeepLab v3+
semantic segmentation framework, extends the
original architecture by increasing the number of
middle flow blocks and replacing MaxPooling
operations with strided depthwise convolutions. It
also integrates Batch Normalization and RelLU
activation after each 3x3 depthwise convolution,
thereby enhancing model expressiveness and
training stability.

ConvNeXt (12) represents a contemporary
reinterpretation of the traditional CNN, integrating
several architectural principles from Transformer
models, such as expanded kernel sizes, GELU
activation functions, and layer normalization.
These refinements enable ConvNeXt to narrow
the performance gap between CNNs and
Transformers while maintaining computational
efficiency.

ResNetRS50 (ResNet ReScaled) (14) is a re-
scaled and optimized variant of the original
ResNet architecture (17,18). It revisits the
baseline design by integrating improved training
and scaling strategies, including the ResNet-D
stem and Squeeze-and-Excitation (SE) blocks
(19-21). These enhancements facilitate more

effective  feature recalibration and enrich
representational capacity across channels,
ultimately enhancing performance in visual

recognition tasks.

DenseNet201 (15), a member of the DenseNet
family, employs a densely connected architecture
in which each layer receives input from all
preceding layers. This design maximizes feature
reuse, improves gradient propagation, and
facilitates the training of deeper networks with
fewer parameters. The specific instance used in
this study, DenseNet201, consists of 201 layers
and is well-regarded for its compactness and high



efficiency in complex image classification tasks,
particularly in medical imaging domains.

The Transformer-based models evaluated in this
study included the Vision Transformer (ViT,
vit_base patchl6 224) (17,18), BERT Pre-
Training of Image Transformers (BEIT,
beit_base patchl6 224) (19-21), and the Shifted
BEIT model builds on this framework by employing
a masked image modeling (MIM) strategy during
pretraining, analogous to the Bidirectional
Encoder Representations from Transformers
(BERT) framework in natural language
processing. This method enables the model to
learn contextualized visual representations by
reconstructing masked image patches, improving
generalization across image domains (19-21).
The Swin Transformer introduces a hierarchical
architecture that computes self-attention within
locally shifted windows. This design reduces
computational complexity to linear with respect to
image size while preserving the model’s ability to
capture both local and global contextual
information, making it particularly effective for
high-resolution image classification tasks (22,23).

All models were configured to process input
images with dimensions of 224 x 224 x 3. Each
architecture incorporates distinct  structural
components reflective of its design paradigm—for
instance, convolutional and pooling layers in CNN-
based models, and attention mechanisms with
Transformer blocks in  Transformer-based
architectures. Standard activation functions were
employed according to architectural norms, such
as ReLU for CNNs and GelLU for Transformer
models. Training was conducted using the ADAM
optimizer with a fixed learning rate of 0.0001, over
50 epochs, and with a batch size of 32. The deep
learning models selected for this study are widely
established in the field and are well-regarded for
their strong performance across a range of image
classification benchmarks.

7. Data Augmentation

Enhancing the diversity of the training dataset and
improving the model’s generalization capability
were addressed through a targeted data
augmentation and preprocessing strategy, applied
exclusively to the training images. At each training
iteration, as batches were loaded, all images were
uniformly resized to 224 x 224 pixels. Following
resizing, a series of random augmentation
techniques were applied, including random

Window Transformer (Swin Transformer, Swin,
swin_base_patch4_window7_224) (22,23). The
VIiT reformulates image classification as a
sequence modeling task by dividing each image
into fixed-size patches and processing them
through standard Transformer encoders using
global self-attention mechanisms (17,18). The

horizontal flipping with a 50% probability, random
rotation within a range of +15 degrees, and color
jittering with brightness and contrast adjustments
up to a factor of 0.2.

After augmentation, each image was converted
into a PyTorch tensor to ensure compatibility with
the model’s input format. Standard normalization
was then performed using the mean values
[0.485, 0.456, 0.406] and standard deviations
[0.229, 0.224, 0.225], based on the ImageNet
dataset from which the pretrained model weights
were derived.

This dynamic augmentation and standardized
preprocessing pipeline ensured that the model
encountered a variety of visual representations of
the same image across training epochs. Exposure
to this variability encouraged the learning of robust
and invariant morphological features, reduced
overfitting, and ultimately enhanced the model’s
ability to generalize effectively to unseen data.

8. Performance Metrics

The performance of the deep learning models
utilized in this study was evaluated using
fundamental classification metrics derived from
the confusion matrix. These metrics included
accuracy, precision, recall (also known as
sensitivity), and F1-score. These evaluation
criteria enabled a comprehensive assessment of
the models’ capacity to distinguish between
different oocyte grades, considering both class-
specific performance and overall predictive
capability (Table-1) (24).
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Table-1. Calculation of Performance Metrics (24).

Metric Formula Purpose

Accuracy (TP + TN) / (TP + TN + FP + FN) Measures the proportion of correctly classified
samples among the total samples.
Evaluates the proportion of true positive

Precision TP /(TP + FP) predictions among all instances predicted as
positive.

Recall TP/ (TP + EN) Assesse§ the model’'s a.b!h?y to correctly identify
true positive cases (sensitivity).

F1-Score 2 x (Precision x Recall) / (Precision + Provides a harmonic mean between precision and

Recal)

recall, offering a balanced performance measure.

TP: True Positives. TN: True Negatives. FP: False Positives. FN: False Negatives.

RESULTS
1. Overall Model Performance Comparison

A comparative evaluation of the overall
performance of the deep learning models
developed for COC classification was conducted,
emphasizing training and test (validation)
accuracy and loss metrics recorded after 50
training epochs. The overall performance metrics
of the deep learning models are summarized in the
table (Table-2).

The evaluated models demonstrated varying
levels of performance on the independent test
dataset, with test accuracy ranging from 67.00%
to 74.75%. The highest test accuracy was
achieved by the Xception4l model at 74.75%,
followed closely by the Swin Transformer at
73.25%. Other high-performing models included
ConvNeXt and ResNetRS50, which achieved test
accuracy of 71.25% and 70.75%, respectively. In
contrast, the baseline Xception model yielded the
lowest test accuracy among the architectures
evaluated, at 67.00%. Models such as BEiT, ViT,
and DenseNet201 exhibited intermediate

performance, with test accuracy falling between
69.50% and 69.75%.

An examination of the training dynamics revealed
a notable disparity between training and test
performance across most models. Architectures
such as ConvNeXt, Swin Transformer,
Xception4l,  Xception, ResNetRS50, and
DenseNet201 achieved exceptionally high training
accuracy, often exceeding 99% and in some
instances reaching 100%. Despite these near-
perfect training results, test accuracies were
consistently lower, indicating limited
generalization to previously unseen data. This
discrepancy was also reflected in the loss values,
where models reported minimal training losses but
substantially higher test losses. These patterns
collectively suggest that, under the current training
configuration, most models exhibited signs of
overfitting—performing exceptionally well on the
training data while struggling to maintain similar
accuracy levels during testing.

Table-2. Overall Performance Metrics of Deep Learning Models

Model Name

Train_Loss Train_Accuracy Test Loss Test Accuracy

xception 0.0239
xception4l 0.0069
convnext_base 0.0001
vit_base patchl16 224 0.1021
beit_base patchl6 224 0.1185
swin_base_patch4_window7_224 (0013
resnetrs50 0.0288
densenet201 0.0308

0.9940 1.5491 0.6700
0.9990 1.4960 0.7475
1.0000 1.9743 0.7125
0.9640 1.5022 0.6950
0.9550 1.2025 0.6975
1.0000 2.0096 0.7325
0.9930 1.3963 0.7075
0.9930 1.4180 0.6950
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2. Class-Specific Performance Analysis via
Confusion Matrices

A detailed examination of the classification
performance across the four COC grades was
conducted using confusion matrices generated
from the test dataset. As illustrated in Figure-3,
these matrices provide a comprehensive
breakdown of correct and incorrect predictions for
each grade, offering insights into specific error
trends and patterns of inter-grade
misclassification (Figure-3).

The evaluated models exhibited varying levels of
accuracy in distinguishing between COC grades.
Among them, the Xception4l model, which
achieved the highest overall test accuracy
(74.75%) as detailed in the overall model
performance comparison, exhibited strong
predictive capability in recognizing
morphologically distinct categories, correctly
classifying 89 instances of Grade 4 and 61
instances of Grade 1. Despite this high accuracy,
the model demonstrated substantial
misclassification between neighboring grades,
notably mislabeling 33 instances of Grade 1 as
Grade 2, and 28 instances of Grade 2 as Grade 1.
A similar trend was observed in the Swin
Transformer, which also displayed high
classification performance by correctly identifying
87 instances of Grade 4 and 82 of Grade 3.
However, notable classification ambiguities
remained prevalent between morphologically
adjacent grades, particularly Grades 1 and 2.

Model: xception

Model: xceptiondl

Similar trends were observed in other competitive
models such as ConvNeXt and ResNetRS50. The
ConvNeXt model accurately classified 87
instances of Grade 4 and 75 of Grade 3, while
ResNetRS50 correctly identified 80 instances of
Grade 4 and 82 of Grade 3, further confirming
robust detection of higher-quality oocytes with
more pronounced morphological features.

Across all models, Grades 1 and 2 consistently
appeared as the most frequently misclassified
categories. In contrast, better-performing models
like Xception4l and Swin Transformer showed
improved differentiation between Grades 3 and 2,
as well as between Grades 4 and 3.
Misclassifications between the morphological
extremes-Grade 1 and Grade 4-were minimal,
indicating strong recognition of highly divergent
phenotypes.

Collectively, these findings suggest that while the
models are effective in distinguishing oocytes with
clear morphological differences, challenges
remain in resolving borderline classifications.
Enhancing model sensitivity to subtle, yet clinically
relevant, morphological nuances is essential for
improving the reliability of automated COC
assessment in the context of ART.

Model: vit_base patchlé 224 Model: swin_base patchd window7 224

Grad2 Grae?
Predicted Label

Model: resnetrs50 Model: densenet201

Grade1

Graske1 Gradel

Gradk? Grates Grae? Grade3
Predicted Label Predicted Label

Grade? Grades
Predicted Label

Model: convnext_base

Grasen

Grater Grases
Pradicted Label

Figure-3. Confusion Matrices of the Evaluated Deep Learning Models for COC Grade Classification.
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3. Class-Based and
Performance Metrics of
Architectures in COC Grading

The classification performance of the evaluated
deep learning models in COC grading was
assessed using class-specific precision, recall,
and F1-score metrics across the four standard
morphological grades (Grades 1 through 4).
Besides these grade-specific evaluations, macro-
averaged values for these metrics were also
calculated to provide an overall performance
summary that considers each class equally,
regardless of class imbalance. The detailed
results are shown in the tables summarizing class-
wise and macro-averaged precision, recall, and
F1-score values for the COC grades across deep
learning models (Table-3 and Table-4).

Macro-Averaged
Deep Learning

Performance varied significantly across the four
COC grades. The models consistently showed the
highest discriminative accuracy for Grade 4, with
the Xception41 achieving an F1-score of 0.94 and
the Swin Transformer reaching 0.93. Precision
scores for this grade were consistently high,
indicating a strong match between predictions and
ground truth labels. Grade 3 also performed well;
both Xception41l and Swin Transformer recorded
Fl-scores of 0.81, demonstrating reliable
recognition of its morphological features.

In contrast, the classification results for Grades 1
and 2 were less favorable. The Xception41l model
achieved F1-scores of 0.64 and 0.61 for Grades 1
and 2, respectively, while the Swin Transformer
recorded scores of 0.57 and 0.63. Notably, the
performance of the ViT architecture for Grade 1 is

especially significant. Although it achieved a
precision of 0.80, its recall dropped to 0.28,
indicating a tendency to overlook many relevant
cases. This imbalance resulted in a modest F1-
score of 0.41, demonstrating limited sensitivity
despite high confidence in positive predictions. To
evaluate the overall model performance more
fairly, macro-averaged precision, recall, and F1-
score values were analyzed. These metrics offer
a comprehensive view of classification
performance by treating all grades as equally
important, regardless of their frequency in the
dataset.

Among the evaluated architectures, Xception41l
demonstrated the strongest performance,
achieving a macro-averaged F1l-score of 0.75,
with Swin Transformer close behind at 0.74.
These results correspond with the test accuracy
rankings in the Overall Model Performance
Comparison. ConvNeXt and ResNetRS50 scored
macro Fl1-scores of 0.72 and 0.71, respectively,
while Beit and DenseNet201 were around 0.70.
Xception and VIiT had the lowest combined
scores, each with a macro-average F1 of 0.68.
Additionally, Xception4l outperformed others in
macro-averaged precision (0.76) and recall (0.75),
emphasizing its overall effectiveness. This
thorough analysis highlights the comparative
strengths and limitations of modern deep learning
frameworks in the context of COC classification.
By showcasing performance trends across
morphological grades, it provides key insights into
the suitability of architectures for potential
deployment in diagnostic workflows and related
biomedical applications.

Table-3. Class-Wise Precision, Recall, and F1-Score Values for Each COC Grade Across Deep Learning Models

Grade 1 Grade 2 Grade 3 Grade 4

Model Precision recall f1  precision recall f1  precision recall f1  precision recall fl1

xception 0.62 0.53 0.57 0.48 0.59 0.53 0.69 0.76 0.72 1.00 0.80 0.89
xception4l 0.67 0.61 0.64 0.59 0.63 0.61 0.77 0.86 0.81 0.99 0.89 0.94
Convnext 0.67 055 0.6 0.52 0.68 0.59 0.77 0.75 0.76 0.97 0.87 0.92
Vit 0.8 0.28 0.41 0.50 0.84 0.63 0.75 0.77 0.76 0.94 0.89 0.91
Beit 0.66 0.52 0.58 0.51 0.72 0.60 0.77 0.70 0.73 0.97 0.85 0.90
Swin 0.68 0.5 0.57 0.54 0.74 0.63 0.80 0.82 0.81 0.99 0.87 0.93
resnetrs50 0.69 0.52 0.59 0.54 0.69 0.61 0.69 0.82 0.75 1.00 0.80 0.89
densenet201 0.65 0.52 0.58 0.52 0.61 0.56 0.70 0.85 0.77 0.99 0.80 0.88
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Table-4. Macro-Averaged Precision, Recall, and F1-Score for All COC Grades

Macro Averaged Metrics

Model Precision Recall f1

xception 0.70 0.67 0.68
xception41 0.76 0.75 0.75

Convnext 0.73 0.71 0.72

Vit 0.75 0.70 0.68

Beit 0.73 0.70 0.70

Swin 0.75 0.73 0.74
resnetrs50 0.73 0.71 0.71
densenet201 0.72 0.70 0.70
DISCUSSION abnormalities (26,27). Conversely, the
The morphological assessment of COCs classification of Grade 1 and Grade 2 COCs

represents a critical step in ART, as it directly
influences embryo developmental potential and
pregnancy outcomes. In this study, the
performance of various CNN and Transformer-
based deep Ilearning architectures was
comprehensively evaluated for the automatic
classification of bovine COC images into four
distinct quality grades. The findings highlight both
the potential of these technologies to reduce
subjectivity and improve standardization in COC
assessment, as well as some important
challenges that remain to be addressed (25).

Our results demonstrated that among the
evaluated models, the Xception4l and Swin
Transformer architectures vyielded the most
promising outcomes in COC classification. The
fact that both a modern CNN derivative
(Xception41) and a hierarchical Transformer
model (Swin Transformer) achieved top
performances suggests that different architectural
approaches can be successful in tackling this
complex image classification problem. The ability
of these models to effectively extract and learn
intricate image features likely contributed to their
relatively high classification performance (26).

Class-based performance analyses revealed that
all models generally achieved higher classification
accuracy for Grade 4 and Grade 3 COCs, which
are characterized by more pronounced
morphological features. This trend can be
attributed to the ease with which models can
distinguish these grades based on overt structural

proved more challenging for most models, with
frequent misclassifications observed between
these two adjacent grades. This difficulty likely
stems from the subtle morphological transitions
between Grade 1 and Grade 2, which are
inherently ambiguous and have been associated
with inter-observer variability even in manual
assessments. Particularly, the VIT model
demonstrated high precision but very low recall for
Grade 1, indicating that while its predictions for
this class were largely correct, it failed to detect
the majority of Grade 1 samples —ultimately
leading to a modest F1-score for this category
(27).

One of the most notable findings of this study was
the significant discrepancy between training and
test performance observed across the majority of
models. While training accuracies often exceeded
99%, test accuracies remained within a relatively
modest range of 67-75% (28). This pattern,
coupled with low training losses and considerably
higher test losses, strongly suggests that the
models exhibited a tendency toward overfitting
under the current training configuration (50
epochs, specific learning rates, and data
augmentation strategies). Overfitting results in
models memorizing patterns within the training
data while failing to generalize effectively to
unseen samples. Possible contributing factors to
this issue include insufficient dataset size and
diversity relative to model complexity, as well as
limitations in the data augmentation strategies
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employed, which may not have been adequate to
fully mitigate overfitting (29).

The strengths of this study include the
comparative evaluation of eight contemporary and
diverse deep learning architectures (both CNN
and Transformer-based) using a common dataset
and standardized performance metrics. This
approach provides valuable insights into the
relative effectiveness of different modeling
strategies for COC classification. However,
several limitations should also be acknowledged.
Chief among these is the tendency for overfitting,
as discussed above. Additionally, the size and
diversity of the dataset could be further expanded
to enhance model generalizability. Improving
performance for the more challenging Grade 1
and Grade 2 classifications remains a critical area
for future development. Another limitation lies in
the use of two-dimensional images, which may not
fully capture the complex three-dimensional
morphology of COCs.

In future research, efforts should focus on
addressing overfitting through the implementation
of different regularization techniques (e.g.,
adjusting dropout rates, applying weight decay),
as well as optimizing advanced data augmentation
strategies and transferring learning approaches.
Balancing model complexity with dataset size may
involve exploring fewer complex models or
utilizing model pruning techniques. Training and
evaluating models on larger, multi-center, and
diverse datasets obtained under various imaging
conditions could substantially improve
generalizability (30). Furthermore, integrating
additional biomarkers — such as metabolomic
data or gene expression profiles — alongside
morphological images in multimodal artificial
intelligence models holds potential to enhance the
accuracy of COC selection. Lastly, prospective
clinical validation of the most promising models
would represent a crucial step toward the
integration of these technologies into routine ART
practice.

CONCLUSION

In this study, the performance of various pre-
trained CNN and Transformer-based deep
learning  architectures was  comparatively
evaluated for the classification of bovine COCs
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into four distinct morphological quality grades. The
results demonstrated that the Xception4l and
Swin Transformer models achieved the highest
performances, with test accuracies of 74.75% and
73.25%, and macro F1-scores of 0.75 and 0.74,
respectively. Overall, the models exhibited higher
classification success for Grade 4 and Grade 3
COCs, which display more  prominent
morphological features, while greater challenges
were encountered in distinguishing the more
subtle differences between Grade 1 and Grade 2.

An important observation was the tendency for
most models to overfit under the current training
configuration, as evidenced by the notable gap
between training and test performances. This
finding underscores the need for addressing
overfitting and further optimizing the models to
improve their generalization ability.

This study highlights the potential of deep learning
models to offer a more objective, standardized,
and potentially more efficient alternative to
traditional  subjective  morphological COC
assessment. Addressing challenges such as
overfitting and enhancing classification accuracy
for difficult COC grades remain essential priorities.
Future work involving larger and more diverse
datasets, advanced modeling techniques, and
multimodal data integration is expected to make
significant contributions to improving the success
rates of artificial intelligence applications in ART.
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