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Abstract— A vital reproductive technique that has
assisted millions in overcoming infertility issues is in
vitro fertilization (IVF). The factors like environmental,
clinical, and genetic are continue to vary due to complex
interaction which affects its success rate. Although
significant determinants of IVF success have been
found using traditional statistical approaches, these
methods frequently fail to capture the complex
interactions that exist between these variables. Within
this framework, artificial intelligence's deep learning
subset provides a potent instrument for 1VF decision-
making and predictive modelling. This work
investigates how deep learning techniques can be
applied to enhance IVF outcome prediction by
classifying excellent and bad embryos according to the
existence of blastocysts. For the purpose of evaluating
the viability of embryos, convolutional neural networks
(CNNs) are utilized, especially transfer learning models
like VGG19, MobileNetV2, InceptionV3 and Xception.
Among these models MobileNetV2 performed well with
the accuracy of 90% with low loss score of 0.21. Even in
confusion metrices, MobileNetV2 achieved low false
positive rate. Xception came in second with an accuracy
of 87% and a loss score of 0.31. It also had a low false
positive rate and a high true negative rate, indicating
that it did a good job at classifying embryos of poor
quality.
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I.  INTRODUCTION

In-vitro fertilization(I\VF) is a reproductive medicine
which has undergone a revolution, it offers infertile
couples a chance to become pregnant[1]. Even
though with advances in technology, the range of
clinical, genetic and environmental factors
complicate the success rate of IVF[2]. The success
rate of IVF has been found to be largely dependent
on traditional methods;  however, recent
developments in artificial intelligence (Al),
especially in deep learning, have opened up new

avenues for predictive modeling and individualized
treatment in the field of reproductive health [3].

Deep learning, a type of machine learning, is
especially well-suited for applications in the
healthcare industry because it uses neural networks to
identify patterns in large and complex datasets [4].
Deep learning algorithms can evaluate a tonne of
patient data in the context of IVF, including medical
history, test results, lifestyle factors, and even
photographs of the embryo, in order to forecast the
chance of good outcomes[5]. The capacity to handle
multi-dimensional data is essential for identifying the
complex interrelationships among the various
elements that influence the success or failure of
IVF[6].

The ability of deep learning to enhance embryo
selection, automate decision-making procedures, and
customize treatment regimens presents a promising
avenue for IVF research[7]. In order to evaluate the
viability of embryos, convolutional neural networks
(CNNs) have been used, while recurrent neural
networks (RNNSs) have been utilized to forecast the
success of IVF using patient data collected over
time[8]. With these methods, therapy outcomes can
be better understood through data-driven insights and
evaluation procedures that are less subjective and
more predictive[9].

This study investigates how deep learning methods
might improve IVF predictive prediction. Our goal is
to create deep learning models that can automate the
grading of embryos, discover important success
factors, and ultimately enhance tailored treatment
plans by using extensive datasets that embryo photos.
We anticipate that this research will help to optimize
assisted reproduction technologies by revealing fresh
information about the intricate and non-linear aspects
influencing IVF outcomes.
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Il. LITERATUREREVIEW

Deep learning applications in IVF are a quickly
developing discipline that combine cutting-edge
computational methods with reproductive medicine
to increase therapy personalization and success rates.
The majority of early research has been on how
conventional variables like patient age, body mass
index (BMI), and ovarian reserve affect the results of
IVF. However, the limits of conventional statistical
approaches, which often fail to capture the complex
and non-linear interactions between these factors,
have driven the adoption of artificial intelligence (Al)
technologies[10].

Regression models and decision trees have been used
in the past to forecast the results of IVF using clinical
and demographic data. Studies like Ashish Goyal et
all, emphasized characteristics such as age, past
reproductive history, and embryo quality as major
determinants. Predictive accuracy is nonetheless
limited by these models' dependence on linear
connections and inability to deal with the high-
dimensionality of IVF data[11].

Deep learning has been studied to get around these
limitations, with an emphasis on recurrent neural
networks (RNNs) and convolutional neural networks
(CNNs). CNNs have been shown to be effective in
embryo selection [12]. For instance, Darius
Dirvanauskas et al, improved the accuracy of
predictions for embryo viability over standard
embryologist assessments by developing a CNN-
based algorithm to analyse time-lapse embryo
imaging.

Additionally, RNNs have demonstrated promise,
particularly in the analysis of longterm data like
treatment cycles and hormone levels. RNNs were
utilized by lIsaac Glatstein et al on extensive IVF
datasets, yielding superior predicted accuracy in
contrast to linear models. One benefit of these models
is that they may capture temporal dependencies,
which is important when trying to figure out how
elements unique to each patient change throughout
the course of treatment[13].

Numerous comparative analyses have demonstrated
deep learning models' superiority over conventional
techniques. In predicting IVF outcomes, Hakija
Beculi¢ et al, discovered that machine learning
models in particular, deep learning techniques
perform better than logistic regression, providing

improved sensitivity and specificity. In order to
further improve predictions, emerging trends also
involve the integration of deep learning models with
multi-omics data (genomics, proteomics, etc.)[14].
Through the integration of these many data sources,
Chunyu Huang et al investigated the combination of
genetic and non-genetic data and showed that deep
learning models can more accurately predict
complicated reproductive outcomes[15].

I1l. METHODOLOGY

This section delineates a systematic methodology for
crafting and implementing deep learning algorithms
geared towards classification of embryos into
“Good” and “Bad”. Google Colab, a Python
Integrated Development Environment (IDE), is used
to carry out this entire routine. Figure 1 illustrate the
workflow of the model development and
implementing classification models for grading
embryos.

Tranfer Learning Models
MobikNetV)

Fig 1: Workflow of proposed method

Data collection and pre-processing

The 1,461 embryo picture samples in the collection
are divided into two classes: "Good" (viable
embryos) and "Bad" (non-viable embryos). The
figure 2 exhibits the distribution between good and
bad embryo based on the presence of blastocysts. It
was obtained from the Kaggle, an open repository for
machine learning[16].

Distribution of Dataset

= Good

Bad

Figure 2: A distribution chart of embryos dataset
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Partitioning the data into subsets for testing,
validation, and training is one of the preprocessing
procedures. Eighty percent of the dataset was used for
training, while twenty percent was used for testing.
The training set contains 667 images of good
embryos and 501 of bad embryos, while test set
contains 167 and 126 of good quality and bad quality
embryos images, respectively. To achieved the robust
model performance assessment, the data was
normalized, shrinking the images to a standard
dimension, and data augmenting was applied to
improve model generalization.

Model development

Convolutional neural networks (CNNSs) are the most
widely used deep learning technique for image
categorization and segmentation. Additionally, CNN
is commonly utilized for medical image analysis to
provide improved outcomes[17], [18].For image
classification and pattern recognition applications, a
number of well-known CNN models, including
VGG-Net, GoogLeNet, ResNet, Inceptionv3,
DenseNet, and AlexNet, have been widely used. The
use of these pre-trained models has significantly
expanded with the development of Transfer Learning
(TL). With a limited amount of training data, higher
success models have been created by using the
knowledge of the previously trained network [19]. In
this study, a classification task was performed using
pretrained VGG-19, MobileNetV2, InceptionV3, and
Xception transfer learning models. The models'
performances were then compared. Ten epochs per
fold were used to train the models, and a good degree
of classification performance was attained.

Fully
Connected

O,

Convolution

Pooling ...

Feature Extraction Classification

Figure 3: Basic workflow of CNN architecture[20]

VGG19

CNN architecture, VGG19 is renowned for its
efficiency and simplicity in image classification
applications. It was developed by the Visual
Geometry Group at Oxford University and consists
of 19 layers, including 3 fully connected layers and
16 convolutional layers. It has been widely used in

many computer vision applications and uses small
receptive fields (3x3) to capture high-level properties
[21].

MobileNetV2

An effective deep learning architecture for mobile
and edge devices is called MobileNetV2. It keeps
high accuracy while lowering the number of
parameters and computing cost by the use of depth
wise separable convolutions. It is the ideal option for
model deployment in environments with limited
processing power because it is particularly well-
suited for real-time applications [22].

InceptionV3

A multi-branch structure is used by the cutting-edge
convolutional ~ neural  network  architecture
InceptionV3 to capture different feature sizes.
Through the simultaneous combination of several
kernel sizes, the model is able to learn rich feature
representations. Compared to conventional CNNs,
InceptionV3 is renowned for its exceptional accuracy
and high performance in image classification tasks. It
can accomplish these goals with less parameters[23].

Xception

The most sophisticated transfer learning model is
Xception. It also expands on the idea of depthwise
separable convolutions like MobileNet.It is made up
of 36 convolutional layers and is intended to
maximize model efficiency while achieving cutting-
edge results in image classification applications.
Because of its ability to extract characteristics from
complex images, Xception is used for a variety of
computer vision [24].

Performance and Evaluation

The effectiveness of a machine learning model is
evaluated using performance metrics, which are
numerical measurements. In this study, we use
metrics like accuracy, precision, recall, and F1-score
to assess how well the model performs in correctly
classifying embryos into "Good" and "Bad"
categories. Accuracy evaluates the model's overall
correctness, whereas precision and recall provide
details about the model's performance on each class.
A single measure that fairly incorporates both recall
and precision is provided by the F1-score [25].

The number of true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN)
that the model generates on the test data is displayed
in a confusion matrix; FP stands for wrongly
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predicted positive class, FN for incorrectly predicted (b)
negative class, TP for correctly predicted positive
class, and TN for correctly predicted negative class.
By calculating the metrics accuracy, recall, precision,
and F1-score from the values in the table, a confusion
matrix aids in comparing and assessing the
performance of machine learning models. These
metrics were then used to rank the learner models
[25], [26].
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The model performance was evaluated using various
metrics, including confusion matrix, loss function,
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Figure 4: Confusion matrix of transfer learning
models: VGG19, MobileNetV2, InceptionV3 and
Xception
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The confusion metrices(Figure 4) illustrates the
aad cood classification performance of four transfer learning

Predicted label models. Among these models, MobileNetV2
performed well, with a notable low false negative
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rate(7), which denotes it effectively identified most
of the “Good” embryos accurately. Followed by
Xception model also performed well, with a low
number of false positive(4) and a high true negative
count(132). Indicating its ability to accurately
classify the “Bad” embryos. In contrast, VGG19 and
InceptionV3 exhibited high false negative rates(30)
suggests a tendency to misclassification of “Good”
embryos as ‘“Bad”. Overall MobileNetv2 and
Xception showed superior accuracy and reliability in
classification, making them strong models for further
optimization and deployment in real-world
application.
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Model Performance Comparison Across Metrics
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Figure 5: Performance metrices score of the transfer
learning models

Figure 5 displays the performance rankings of the
four models, with MobileNetV2 as the top
performing model with precision of 0.91, recall of
0.90, Fl-score of 0.90 and accuracy of 0.90.
Followed by Xception with precision of 0.90, recall
of 0.88, F1-Score of 0.88, and accuracy of 0.88.
Whereas VGG19 and InceptionVV3 demonstrates
moderate performance with precision of 0.82 and
0.87, recall of 0.83 and 0.86, F1-Score of 0.82 and
0.87 and accuracy of 0.83 and 0.87 respectively.

V. CONCLUSION

This research utilizes deep learning models to
identify and classify good and bad embryos based on
the presence of blastocysts. The classification process
was evaluated using four alternative models with the
measures of accuracy, recall, precision, and F1-score.
The MobileNetV2 model excelled with an accuracy
of 90%. The Xception and InceptionV3 model

showed slight changes in results, with accuracy of
88% and 87% respectively. Consistent with related
studies, the VGG19 model had the lowest success
rate in this study. Recent similar research that have
been published in the literature were compared to the
results. This study showed that even with little data
and few training epochs, the transfer learning method
yields good results.

Future scope of this research could concentrate on
overcoming the constraints and delving into the
utilization of deep learning models in various factors
of IVF i.e., genetic, lifestyle, food, clinical factors,
and time-lapse photos of the embryo .Moreover,
creating more understandable deep learning models
could greatly improve our understanding of IVF by
revealing their biological mechanisms.
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