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Abstract

Background Male infertility contributes to 20-30% of infertility cases, yet traditional diagnostic and treatment
methods face limitations in accuracy and consistency. Artificial intelligence (Al) promises to transform male infertility
management within in vitro fertilization (IVF) by enhancing precision and efficiency.

Objective This study aims to map current Al applications in male infertility, evaluate their performance in IVF con-
texts, identify gaps in research, and propose strategies for clinical adoption.

Methods We conducted a mapping review of 14 studies, sourced from PubMed, Scopus, IEEE, and Web of Science
up to 2024. Using PRISMA guidelines, we systematically searched titles and abstracts with keywords like "IVF" "Al,"
and "sperm analysis." Two authors independently screened records, extracted data on Al techniques, sample sizes,
and outcomes, and categorized applications through content analysis, resolving discrepancies via consensus.

Results Al employs tools like support vector machines (SVM), multi-layer perceptrons (MLP), and deep neural
networks across six key areas. These include sperm morphology (e.g., SYM with AUC 88.59% on 1400 sperm), motility
(e.g., SYM with 89.9% accuracy on 2817 sperm), and non-obstructive azoospermia (NOA) sperm retrieval (e.g., gradient
boosting trees [GBT] with AUC 0.807 and 91% sensitivity on 119 patients). Al also predicts IVF success (e.g., random
forests with AUC 84.23% on 486 patients) and assesses sperm DNA fragmentation. Research surged since 2021, with 8
of 14 studies (57%) published between 2021 and 2023, reflecting growing interest..

Conclusions Al enhances diagnostic accuracy and treatment outcomes in male infertility. Future steps include mul-
ticenter validation trials, Al-driven sperm selection for IVF/ICSI, and standardized methods to ensure clinical reliability.

Addressing ethical concerns like data privacy will further enable Al to improve IVF success globally.
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Introduction

Infertility affects many couples. Male factors cause
20-30% of cases [1]. Key causes include biological, physi-
ological, lifestyle, environmental, and socio-demographic
factors [2], with around 70% of cases remaining unex-
plained [1]. Non-obstructive azoospermia (NOA) is the
most severe form. It impacts 1% of men and 10-15%
of infertile men [3]. Male infertility rates are highest in
Africa and Eastern Europe, impacting an estimated 30
million men globally [4]. Current management strategies
include hormonal therapies, which often have limited
efficacy due to variable patient responses [5], and surgi-
cal sperm retrieval, which carries risks such as testicular
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damage and inconsistent success rates due to difficul-
ties in predicting viable sperm presence [6, 7]. Assisted
reproductive technologies (ART) such as intrauter-
ine insemination (IUI), in vitro fertilization (IVF), and
intracytoplasmic sperm injection (ICSI) are widely used
to enable fertilization in cases of low sperm quality or
count, but these approaches often fail to address underly-
ing causes and can pose risks to both mother and fetus
[8].

Despite these advancements, male infertility manage-
ment faces significant limitations that hinder its effec-
tiveness. Traditional semen analysis, a cornerstone of
diagnosis, relies heavily on manual assessment, leading
to inter-observer variability, subjectivity, and poor repro-
ducibility [9]. This subjectivity complicates the accurate
evaluation of sperm parameters such as morphology,
motility, and concentration, which are critical for treat-
ment planning [10, 11]. Furthermore, conventional diag-
nostic tools often lack the precision to detect subtle or
multifactorial causes of infertility, such as sperm DNA
fragmentation (SDF) or early-stage testicular dysfunc-
tion, limiting their ability to guide personalized inter-
ventions [12, 13]. Predictive models based on traditional
statistical methods also struggle to integrate the com-
plex interplay of clinical, environmental, and lifestyle
factors, resulting in suboptimal accuracy for forecasting
IVF outcomes or treatment success [14, 15]. These gaps
contribute to delayed diagnoses, inappropriate treatment
selections, and reduced success rates in ART procedures.

Artificial Intelligence (Al) is poised to revolutionize the
diagnosis and treatment of male infertility by address-
ing these specific limitations. Al algorithms can enhance
diagnostic accuracy by automating sperm evaluation,
reducing variability, and identifying abnormal sperm
characteristics with greater consistency than manual
methods [16]. For instance, machine learning models can
analyze sperm morphology, motility, and DNA integrity
with high precision, overcoming the subjectivity inherent
in traditional assessments. Al-driven predictive tools also
offer the potential to integrate diverse data types—such
as clinical parameters, imaging, and patient history—to
improve the prediction of sperm retrieval success, fer-
tilization potential, and IVF outcomes. In key areas like
NOA management, Al can assist in identifying viable
sperm in testicular biopsies, a task that remains chal-
lenging with current histopathological techniques. Addi-
tionally, Al-powered approaches can optimize treatment
selection by pinpointing patients likely to benefit from
interventions like varicocele repair or hormonal therapy,
thus avoiding unnecessary procedures.

While AI holds significant promise for enhancing accu-
racy, efficiency, and accessibility in healthcare, many
applications remain in early development and require
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further validation for widespread clinical use [17]. This
mapping review examines the current applications of Al
in addressing male infertility within the context of IVE,
focusing on its role in overcoming the limitations of tra-
ditional management. By categorizing AI applications
in sperm analysis, diagnostic tools, treatment selection,
and outcome prediction, this study identifies promis-
ing advancements, highlights critical research gaps, and
suggests future directions for integrating Al into clinical
practice. Through this comprehensive overview, we aim
to advance the field by underscoring how Al can bridge
existing shortcomings and improve outcomes for couples
undergoing IVE.

Methods

Study design

This systematic mapping review was conducted in
accordance with the Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses (PRISMA) guide-
lines. In 2024, we conducted a systematic search and a
scoping review to identify the outcomes of using Al in
addressing male infertility issues within the context of
IVE. This review was based on the Joanna Briggs Institute
(JBI) method for scoping reviews [18] and adhered to the
PRISMA extension for scoping reviews (PRISMA-ScR)
checklist [19].

Information sources

We conducted a comprehensive literature search across
the electronic databases PubMed, Scopus, IEEE, and Web
of Science. These databases were selected to ensure broad
coverage of relevant disciplines: PubMed for its extensive
biomedical and reproductive medicine literature, Scopus
for its interdisciplinary scope including health sciences
and technology, IEEE for its focus on engineering and AI-
related advancements, and Web of Science for its high-
quality, peer-reviewed publications across multiple fields.
This combination aligns with our research objective of
mapping Al applications in male infertility within the IVF
context, which requires integrating medical, reproduc-
tive, and technological perspectives. The search focused
on titles and abstracts of studies published up to 2024.
We also manually reviewed reference lists of included
studies and relevant reviews to identify additional stud-
ies, ensuring a thorough capture of pertinent literature.

Search strategy

Our search for relevant papers followed a systematic
process, starting with the identification of keywords,
formulation of a search strategy, and selection of appro-
priate data sources. The search terms were designed to
align with our primary research question: "What are the



Qaderi et al. European Journal of Medical Research (2025) 30:246

current applications of Al in addressing male infertility
within the context of IVF, including diagnosis, treat-
ment optimization, and outcome prediction?" Initially,
we selected keywords based on this question, focusing
on two core concepts: "In Vitro Fertilization" (e.g., IVE,
assisted reproductive technology, ICSI) and "Artificial
Intelligence" (e.g., machine learning, neural networks,
deep learning). To ensure comprehensive coverage, we
incorporated male infertility-specific terms (e.g., sperm
analysis, azoospermia, varicocele, DNA fragmentation)
identified as relevant through a preliminary scoping of
the literature. These terms were refined through itera-
tive testing to maximize relevance and effectiveness, as
detailed in Supplementary File 1.

The final search strategy grouped synonyms into two
distinct sets: Set 1 included "In Vitro Fertilization" and
its synonyms, while Set 2 encompassed "Artificial Intel-
ligence" and its related terms, supplemented by male
infertility descriptors. The structure [(Set 1) AND (Set
2)] was applied using Boolean operators (AND, OR)
to combine terms effectively and optimize results.
This approach ensured that the search captured stud-
ies addressing Al’s role in male infertility management
within IVE, aligning directly with our research objec-
tives. The strategy was implemented across PubMed,
Scopus, IEEE, and Web of Science, with detailed search
strings provided in Supplementary File 1.

Eligibility criteria

This review focuses on Al applications in male infertil-
ity, particularly in the context of IVFE. While the primary
inclusion criterion was relevance to assisted reproduc-
tive technologies (ART), some studies on fundamental
sperm analysis techniques, such as Computer Assisted
Sperm Analysis (CASA) technologies, were included
due to their critical role in sperm assessment, which
directly impacts ART outcomes.

Inclusion criteria:

— Studies focused on applying Al in male infertility
within the context of IVFE.

— Studies examining Al models that report perfor-
mance metric (e.g., ROC, AUC, accuracy, preci-
sion).

Exclusion criteria:

— Studies lacking full-text availability.

— Letters, short communications, notes, reports,
books, book chapters, case reports, reviews, com-
mentaries, and editorials.

Page 3 of 17

Study selection

All identified records were imported into EndNote (ver-
sion 21.3) for reference management, where duplicates
were removed both automatically and manually. Two
independent authors screened the titles and abstracts of
the retrieved papers. Full-text papers of potentially rel-
evant studies were then assessed for eligibility. Disagree-
ments were resolved through discussion or by consulting
a third author. The study selection process is illustrated
in Fig. 1.

Data extraction

A data extraction form was developed and pilot-tested.
Two authors independently extracted data on study char-
acteristics (author, year, country, objectives), popula-
tion characteristics (male infertility conditions, sample
size), intervention details (machine learning algorithms,
assessment metrics, data types), and measured outcomes
and main results. Discrepancies were resolved through
discussion or by consulting a third author.

Data synthesis

The data synthesis from the included studies summarized
key findings on the application of AI in male infertility
within the context of IVFE. This process involved catego-
rizing AI techniques, their applications, and the reported
outcomes. Categories for Al applications (e.g., Sperm
Characteristics, Non-Obstructive Azoospermia, Varico-
cele, Normospermia, SDF, Perceived Health of Men) were
defined inductively based on the primary aspects of male
infertility addressed in the studies, as identified through
their objectives and reported outcomes. This categoriza-
tion emerged from a content analysis of the 14 included
studies, where two authors independently reviewed the
data to identify recurring themes (e.g., sperm morphol-
ogy analysis, sperm retrieval prediction). These initial
categories were then validated through an iterative pro-
cess involving discussion among the research team to
ensure consistency, relevance to the IVF context, and
alignment with the study’s aim of mapping AI applica-
tions. Discrepancies were resolved by consensus or con-
sultation with a third author, confirming the robustness
of the categorization scheme.

We employed content analysis to summarize and
report results based on study objectives, organizing the
findings in a structured format using tables and graphs.
This approach visualizes the breadth of research in the
field and highlights research gaps, providing a clear
framework for understanding how Al is applied to male
infertility management in IVE.
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Fig. 1 The PRISMA flowchart (2020)

Results

Selection and characteristics

The search identified 696 records. After removing dupli-
cates, 402 records were screened by title and abstract,
leading to the selection of 18 articles for full-text review.
From these, 14 met the inclusion and exclusion criteria
and were included in the study, as detailed in Table 1. All
included studies were assessed for relevance to IVF, with
the primary focus on Al applications directly supporting
IVF processes, such as sperm selection for ICSI, predic-
tion of IVF outcomes, and treatment optimization (e.g.,
varicocele repair impacting IVF success). Some stud-
ies, such as those involving CASA technologies, focus
on foundational sperm analysis (e.g., morphology and
motility assessment) rather than direct IVF outcomes.
These were included because accurate sperm evaluation
is a critical step in IVF, influencing sperm selection and

fertilization success, thus providing indirect but essential
relevance to the IVF context.

The Al applications identified in the studies were cat-
egorized into six primary groups based on the aspect of
male infertility being addressed:

1. Sperm Characteristics [20-23]: Evaluation of
sperm morphology and motility using image analy-
sis; assessment of sperm quality and identification
of abnormal sperm characteristics; classification of
sperm into different categories based on morphology
and motility.

2. Non-Obstructive Azoospermia [24—28]: Prediction
of sperm retrieval success in NOA patients; analy-
sis of testicular histology images to identify viable
sperm.

3. Varicocele [29]: Diagnosis and grading of varicocele
using imaging techniques; prediction of post-surgical
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outcomes for varicocele patients impacting IVF suc-
cess.

4. Normospermia [28, 30]: Analysis of normospermic
samples to identify subtle abnormalities; prediction
of IVF outcomes based on normospermic param-
eters.

5. Sperm DNA Fragmentation (SDF) [12]: Assessment
of sperm DNA integrity using Al-driven techniques;
prediction of fertilization potential based on DNA
fragmentation levels.

6. Perceived Health of Men [31]: Analysis of lifestyle,
environmental, and socio-demographic factors
impacting male fertility; prediction of infertility risk
based on perceived health metrics relevant to IVF
planning.

These categories reflect both direct IVF applications
(e.g., outcome prediction, sperm selection) and indirect
contributions (e.g., sperm quality assessment via CASA)
that enhance IVF efficacy. Detailed study characteristics
are presented in Table 1, with AI applications and their
interconnections further illustrated in Fig. 2.

Data utilized for machine learning analysis

The artificial intelligence primarily analyzed clinical data
[12, 20, 22-25, 30], but it also utilized images [21, 27,
28, 31, 33] and video data [32]. Additionally, one study
focused on tubular data waves [26].

Machine learning techniques

Machine learning techniques such as MLP [31], SVM
[20, 21, 32], Logistic Regression [24, 25], Random Forest
[20, 22, 25] and Gradient Boosting Trees [25, 30], LASSO
[23], XGBoost [23], and Neural Network [24, 26-28] on
sperm images of infertile patients to investigate sperm-
related factors such as sperm head morphology, sperm
motility, pH and its quality were used.

Applications of Al in male infertility
Al has facilitated the classification of sperms based on
morphology [21, 31, 33], mobility [12, 32], concentration
[12, 25, 29], and fraction [26]. It has also been used to
predict implantation and IVF outcomes [20, 23, 24, 30],,
as well as to identify and locate sperms [27, 28]. The chart
outlines the research and publication trends regarding
the application of Al in addressing male infertility in IVE,
with the first publication in 1998. A peak in publications
occurred in 2017, followed by a significant increase from
2021 onward, indicating growing interest and advance-
ments in this field.

Figure 3 highlights the adoption of Al solutions for
male infertility problems in IVF across different coun-
tries. The USA leads in implementation (29%), followed
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by China (21%) and Israel (14%). This data reflects the
global interest in leveraging AI to enhance fertility
treatments.

Figure 4 illustrates the trend of Al research publica-
tions on infertility from 1998 to 2023, with the x-axis rep-
resenting the publication years (1998, 2005, 2017, 2021,
2022, and 2023) and the y-axis indicating the number of
studies published each year. The data reveals a modest
start with just one study published in both 1998 and 2005,
followed by a peak in 2017 with four studies, reflecting a
surge in research activity. From 2021 to 2022, the number
of studies stabilizes at three per year, before declining to
two in 2023. This trend highlights a significant increase
in Al-related infertility research over the past decades,
though activity has slightly tapered off in recent years.

To improve understanding and analysis of AI’s role in
diagnosing male infertility issues in IVF and supporting
treatment, the study provides collected data from the
included studies in Fig. 2. This diagram systematically
organizes machine learning algorithms, their evaluation
metrics, patient-related data types, study objectives, male
infertility diseases or conditions, as well as the causes and
factors contributing to infertility.

Tables 2, 3, and 4 present key findings of AI models in
analyzing sperm-related factors, including sperm motil-
ity, morphology, semen quality, and sperm localization in
biopsy samples.

1. Al-driven analysis of sperm-related factors

This table highlights the superior performance of
machine learning and deep learning models, such as
SVM, MLP, and YOLOv3-tiny, in assessing sperm
parameters compared to traditional methods. For
instance, the SVM model achieved an AUC of 88.59%
and a precision of 90% in sperm morphology classifi-
cation, making it a powerful tool for infertility diag-
nosis. Additionally, RF and Recursive Partitioning
models demonstrated the best performance in pre-
dicting IVF/ICSI implantation success, whereas Ada-
boost showed poor predictive capability (Table 2).

2. Al-based prediction of fertilization failure
The results indicate that unsupervised K-means clus-
tering, which analyzes SDF, identifies a strong cor-
relation between IVF failure and sperm parameters.
Specifically, couples with high DNA fragmentation
and low sperm motility had significantly lower IVF
success rates, with odds ratios for live birth at 0.733
(Cluster 3) and 0.620 (Cluster 4) (Table 3).

3. Prediction and localization of sperm in non-obstruc-
tive azoospermia
This section evaluates the effectiveness of advanced
machine learning and deep neural network models
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images of semen precision =
Infertility patients
deep learning-one-stage YOLOv3-tiny
Dice score= 94.8% in sperm head
segmentation precision = 94%, recall =
images of semen 96.2%, and F1-score = 95.1%
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support vector machine-based decision
Video of sperm tree, Acc=89.9%
Infertility patients
4-hidden node neural network, AUC=78.3%
linear discriminant function analysis, AUC=16.3%
Clinical Data uadratic discriminant function
OA and NOA patients AUCa0% sy
logistic regression, AUC= 57.5%
support vector machine, AUC=57.57%,
Acc=68.3%
recursive partitioning, AUC=47.52%,
Acc=66.99%
Clinical Data random forest, AUC=82.05%, Acc=83.56%
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adaptive boosting, AUC=84.23%, Acc=83.96%
one-nearest neighbor, AUC=50%, Acc=64.84 %

Logistic regression, AUC=75%, Acc=77.5%

Single classification tree, AUC=65.1%,
Acc=64.07%

random forest, AUC=75.5%, Acc=75.6%

Gradient-boosting trees, AUC=80.07%,
Acc=77.3%

Clinical Data
NOA patients

Single classification tree using CMM** over GBT
model, AUC=79.9%, Acc=79.83%

| gradient-boosted, AUC=81%, Acc=72% [

Clinical Data
normospermic patients

| multilayer perceptron, Acc=100% |

LASSO, AUC = 74%
Xgboost, AUC= 75%

(‘ Sperm @—{ Oligozoospermia m | random forest, AUC=72% )

images of semen
OA/NOA patients

Clinical Data
Infertility patients

1- MobileNetV2 as a feature extraction
network,
2- single-shot detector (SSD) as an object

mean average precision (mAP) = 74.1%
average recall (AR) = 37.6%

convolutional neural network based on
the U-Net architecture
value [PPV])

= 91%, recall (sensitivity) = 95.8%
F1-score = 93.3%

birth outcome, with odds ratios (0.733 and
0.620).

Fig. 2 Fllowchart of Al applications in male infertility within the IVF Context. This flowchart categorizes Al applications identified in the included
studies, illustrating their specific uses and interconnections within IVF. Starting with broad categories (e.g., Sperm Characteristics, Non-Obstructive
Azoospermia), it branches into specific applications (e.g., morphology analysis, sperm retrieval prediction) and shows how they contribute to IVF
outcomes (e.g., improved sperm selection, enhanced success rates). Arrows indicate relationships, such as how sperm quality assessment supports

outcome prediction, providing a clear overview of Al's role in male infertility management
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in detecting sperm within testicular biopsy samples.
The GBT model outperformed others in predicting
sperm retrieval success in NOA patients, achieving
91% sensitivity and an AUC of 0.807. Additionally,
deep CNN-based U-Net architecture achieved 91%
precision and an Fl-score of 93.3%, demonstrating
high accuracy in identifying rare sperm within NOA
biopsy (Table 4).

Most of the studies (10 out of 14) concentrate on
sperm-related issues, including aspects such as sperm
presence and quality (morphology, count, motility).
Furthermore, four articles have explored male infertil-
ity issues originating from testicular causes.

Utilizing machine learning techniques such as MLP,
SVM, and deep neural network on images of sperm
from patients with infertility was employed for clas-
sifying sperm head morphology (shape and structure)
in semen analysis. Machine learning methods like
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SVM-based Decision Tree on videos of sperm from
infertility patients for analyzing sperm motility (abil-
ity to swim), boasting an accuracy of 89.9%, have the
potential to assist in male fertility assessments.

Machine learning techniques were applied to improve
both outcomes and efficiency of IVF and ICSI pro-
cedures. Algorithms such as the 4-hidden node neu-
ral network (which achieved the highest AUC value
of 78.3%), LDFA, QDFA, and logistic regression
were utilized for patients diagnosed with obstructive
azoospermia (OA) or non-obstructive azoospermia
(NOA). SVM, Adaboost (with the highest AUC value
of 84.23%), RPART, RF, and 1NN were also applied
to infertility patients. These algorithms facilitated
the development of predictive models, which assess
the likelihood of successful fertilization or embryo
implantation based on various patient and treatment
parameters.

Machine learning was used to evaluate semen quality
and identify male fertility issues, including predicting
total fertilization failure in IVF procedures. Classification
algorithms like multilayer perceptron were applied for
individuals with spermatogenesis disorders, while predic-
tive models such as LASSO and XGBoost utilized semen
parameters to diagnose infertility in male patients. A gra-
dient boosted model on normospermic patients, achiev-
ing an AUC of 81%, used sperm pH for forecasting IVF
success.

Utilizing machine learning methods like Logistic
regression, Single classification tree, Random forest, and
Gradient-boosting trees (with the highest AUC value of
80.07%), as well as Single classification tree using CMM
over GBT model (which achieved the highest accuracy
value of 79.83%) for patients diagnosed with NOA, was
employed to analyze sperm count. Random Forest model,
achieving an AUC of 72%, is utilized to examine sperm
count in individuals affected by varicocele, a prevalent
condition marked by the enlargement of veins in the
scrotum.

Deep neural networks were utilized on images of indi-
viduals diagnosed with obstructive azoospermia or non-
obstructive azoospermia to detect and recognize sperm
cells within human testicular biopsy samples. Also, the
K-means clustering method, an unsupervised machine
learning approach, is utilized to examine SDF and its
association with testicular factors in data from patients
experiencing infertility.

Discussion

This systematic review examines the application of arti-
ficial intelligence in male factor infertility by analyzing
14 relevant studies. The findings highlight that machine
learning techniques, including multi-layer perceptrons
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Table 2 Al-Driven analysis of sperm-related factors in male infertility
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Al model

Performance metric

Dataset size

Key Findings

Sperm motility

Sperm morphology

Sperm count

Sperm pH

Semen/sperm Quality

Seminal plasma &
sperm characteristics

SVM-based decision tree

ANN-MLP

SVM

Deep learning (YOLOv3-tiny)

Random forest

Gradient-boosted machine

learning

Support Vector Machine
(SVM)

Recursive Partitioning (RPART)

Random Forest (RF)

Adaptive Boosting (Adaboost)
One-Nearest Neighbor (1NN)

LASSO, XGBoost

ANN-MLP (128, 20, 10, 2
neurons)

Accuracy: 89.9%

Accuracy: 0.822,0.792,0.837,
0.807

"AUC: 88.59%, Precision: 90%"

Dice: 0.948, Precision: 0.940,
Recall: 0.962, F1:0.951

AUC: 0.72

"AUC: 0.81, Accuracy: 0.72,
Sens: 0.65, Spec: 0.80"

"AUC: 57.57%, Accuracy:
68.3%"

"AUC: 82.05%, Accuracy:
83.56%"

"AUC: 84.23%, Accuracy:
83.96%"

"AUC: 47.52%, Accuracy:
66.99%"

"AUC: 50%, Accuracy: 64.84%"

"AUC: 0.74 (LASSO), 0.75
(XGBoost)"

Acc: 100%

2817 sperm (18 individuals)

25-30 images/person (12

males)

1400 sperm (8 donors)

Not specified

240 men

76 IVF patients

486 patients

19,539 IVF cycles

345 sperm+209 plasma
samples

High accuracy in classifying
sperm motility patterns dur-
ing capacitation

Effective classification of sperm
head morphology for fertility
assessment

High accuracy in distinguishing
sperm morphology for infertil-
ity diagnosis

Accurate segmentation

and characterization of sperm
morphology

Predicts which men ben-
efit from varicocele repair,
with moderate accuracy

Sperm pH predicts IVF success
with good accuracy in nor-
mospermic patients

Moderate performance in pre-
dicting IVF/ICSI implantation
outcomes

Good performance in pre-
dicting IVF/ICSI implantation
outcomes, using variable
importance

Best performance among mod-
els, effectively predicting IVF/
ICSI outcomes with high
accuracy

Poor performance in predicting
IVF/ICSI implantation outcomes

Low performance in predicting
IVF/ICSI implantation outcomes

Semen parameters modestly
improve TFF prediction,

but overall accuracy is moder-
ate

Perfect classification of norm
vs. pathology using spectral
data

Table 3 Al-driven analysis of sperm DNA fragmentation in male infertility

Al model

Performance metric

Dataset size

Key findings

Unsupervised K-means clustering  Odds ratios for live birth: 0.733 (Cluster 3), 0.620

(Cluster 4)

1258 couples  Clusters with high DNA fragmentation and low

motility reduce IVF success

(MLP), support vector machines, logistic regression,
random forests, and deep neural networks, effectively
predict IVF outcomes based on sperm-related factors
such as morphology, motility, pH, and quality. Al plays a
crucial role in managing male infertility through applica-
tions like sperm classification, outcome prediction, and

treatment optimization, offering advantages over routine
methods in reproductive health [34, 35].

Compared to traditional manual semen evaluation,
which is time-consuming, subjective, and prone to
inter-observer variability [9], Al-driven methods dem-
onstrate significant improvements. For instance, Hicks
et al. (2019) emphasized that machine learning reduces
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Table 4 Al-driven analysis of sperm count & sperm location in male infertility

Al Model

Performance metric

Dataset Size Key findings

Non-obstructive Azoo-
spermia (NOA)—Sperm
Prediction in Testicular
Biopsy

Ensemble models (GBT, RF),
logistic regression, single
classification tree
Linear/quadratic discrimi-
nant, logistic regression,
neural network

Deep CNN (Mobile-
NetV2 +SSD)

Non-obstructive Azoo-
spermia (NOA)—Sperm
Location in Testicular
Biopsy
CNN (U-Net architecture)
F1:93.3%

"AUC: 0.807 (GBT), Acc:
77.3%, Sens: 91%, Spec: 51%"
"AUC: 0.783 (neural network)"

mAP: 0.741, AR: 0.376

Precision: 91%, Recall: 95.8%,

Gradient-boosted trees (GBT)
outperform with high sensitiv-
ity for sperm detection in NOA

119 patients (TESE cycles)

113 IVF/ICSI cycles Neural network best predicts
IVF/ICSI success with surgically

retrieved sperm

702 images (30 patients) Effective sperm detection
in NOA biopsy images,
though recall needs improve-

ment

35,761+ 766347985 patches High accuracy in detecting
rare sperm in NOA samples
using bright-field microscopy

variability in sperm analysis, with studies in our review
(e.g., SVM achieving 88.59% AUC for morphology clas-
sification, ref 15) outperforming manual assessments
that typically achieve lower reproducibility (accuracy
often <80% due to human error) [9]. Similarly, AI-based
predictive models, such as random forests (AUC 84.23%,
ref 14), surpass conventional statistical methods like
logistic regression (AUC often<70% in traditional IVF
outcome studies) by integrating multiple parameters
(e.g., sperm quality, clinical data) for higher accuracy and
efficiency [36].

CASA technologies, while advanced, remain lim-
ited by sample quality issues (e.g., debris interfer-
ence), whereas Al-enhanced CASA (e.g., YOLOv3-tiny,
F1l-score 0.951, ref 28) offers superior precision and
automation, directly benefiting IVF sperm selection.
However, Al methods require large datasets and may
introduce algorithmic biases, contrasting with routine
methods’ reliance on operator experience, which, while
less data-intensive, lacks consistency [37].

Translating these Al applications into clinical prac-
tice holds transformative potential, particularly for
underserved regions. Al-powered sperm analysis tools
can automate diagnostics, reducing the need for highly
trained specialists and expensive equipment, which
are scarce in low-resource settings. For example, port-
able Al-driven microscopy systems could enable rapid
sperm quality assessment in rural clinics, lowering
costs and improving access to IVF [38].

Integrating Al with telemedicine platforms could
facilitate remote consultations, allowing specialists to
guide treatment planning in regions lacking fertility
centers [38]. Pilot studies in telemedicine for infertil-
ity care have shown promise in Africa and South Asia,
where Al could bridge gaps in expertise and infrastruc-
ture [39, 40]. However, challenges such as internet

access, model generalizability across diverse popula-
tions, and regulatory approval must be addressed to
ensure equitable deployment.

Despite these promising findings, the reviewed stud-
ies exhibit potential biases that warrant considera-
tion. Many rely on small sample sizes (e.g., 76 patients
in [30], 119 in [25]), which may limit statistical power
and external validity. Retrospective data collection,
common across the studies (e.g., [20, 23]), introduces
selection bias, as historical data may not reflect cur-
rent patient demographics or treatment protocols.
Furthermore, most models were trained on specific
populations (e.g., US, China, Israel), raising concerns
about applicability to diverse ethnic or socioeconomic
groups. These biases, echoed in the Limitations section,
suggest that findings should be interpreted cautiously,
with future research prioritizing larger, prospective,
and multi-center studies to enhance robustness and
generalizability.

Emerging Al trends offer exciting implications for
IVF and male infertility management. Integration with
genomic data, a gap noted in our review, could revo-
lutionize outcome prediction by identifying genetic
markers linked to sperm quality or IVF success (e.g.,
whole-genome sequencing to detect mutations affect-
ing spermatogenesis). Real-time sperm analysis, enabled
by advancements in deep learning and microscopy (e.g.,
[33]'s YOLOV3-tiny), could allow dynamic monitoring
during IVF procedures, improving sperm selection pre-
cision over static CASA methods. These trends, though
underrepresented in the current literature, promise
personalized treatment plans and higher success rates,
though they require validation and infrastructure invest-
ment to reach clinical maturity.

Evaluating sperm morphology remains essential
for successful ART, and AI technologies represent a
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significant step toward standardized, accurate assess-
ments [34]. Our review demonstrated effective applica-
tions in assessing testicular factors (e.g., NOA sperm
retrieval, AUC 0.807 [25]), identifying sperm in biop-
sies, and evaluating SDF, a key infertility cause linked to
oxidative stress and abnormal spermatogenesis [38]. In
varicocele management, Al models (e.g., random forest,
AUC 0.72 [29]) outperform traditional nomograms by
predicting post-surgical semen improvements, avoiding
unnecessary interventions [41]. SDF diagnosis, critical
for sperm quality, is enhanced by Al-driven clustering
(e.g., K-means [12]), which traditional assays struggle to
standardize. These advancements underscore Al’s poten-
tial to address limitations in routine methods, though
clinical validation remains essential.

This review highlights ATI’s significant potential in male
infertility within the IVF context, improving diagnostic
accuracy, treatment selection, and predictive capabili-
ties. Integrating Al into clinical workflows could revolu-
tionize care by providing precise, personalized solutions,
particularly in underserved regions. However, challenges
persist, including standardizing methodologies, address-
ing biases, and validating models in real-world settings.
Future research should explore genomic integration,
real-time analysis, and hybrid Al-expert systems to fur-
ther enhance IVF outcomes, building on the comparative
advantages over traditional approaches demonstrated
here.

Ethical and practical considerations

Al is transforming reproductive health, particularly in
male infertility and IVE, by offering significant advan-
tages but also introducing ethical challenges. While clini-
cal issues like patient privacy and bias—discussed in the
Conclusion—are key concerns, broader societal implica-
tions require attention.

One major issue is access to Al-powered fertility treat-
ments. Due to high costs and technical demands, these
advancements are primarily available in affluent regions
such as the US, China, and Israel, creating disparities in
reproductive care. This geographic limitation can also
affect AI model performance, as systems trained on data
from these regions may not be as effective in areas like
Africa or South America. Such imbalances risk widen-
ing existing healthcare inequalities. Portable Al solutions
may offer some relief, but comprehensive global policies
are essential to ensure fair distribution.

Data quality and bias also impact Al reliability. Smaller
datasets, such as those with only 76 patients, are less
dependable than larger ones containing tens of thousands
of images. Moreover, non-diverse or retrospective data-
sets can introduce biases, leading to inaccurate predic-
tions for different demographic groups. To enhance Al
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fairness and effectiveness, diverse, large-scale datasets
from various populations are needed.

Another ethical risk involves potential misuse for selec-
tive reproduction. AI’s ability to analyze genetic markers
beyond fertility could allow parents or clinics to prior-
itize certain traits, raising concerns similar to those in
genetic screening debates. To prevent this, strict regula-
tions must confine AI applications to infertility treatment
rather than trait selection.

The psychological effects of Al predictions are also
noteworthy. If an Al system forecasts a low chance of IVF
success, it may increase stress and influence reproductive
decisions, such as opting for donor sperm. Over-reliance
on Al might also undermine human judgment, leaving
couples feeling disconnected from their choices. There-
fore, clinicians should integrate Al insights with support-
ive counseling to preserve emotional well-being.

Data privacy and ownership present another challenge.
AI processes highly sensitive reproductive data, includ-
ing sperm analysis, medical histories, and genetic pro-
files. Without strong safeguards like encryption, this data
could be at risk of breaches or commercial exploitation
by clinics and tech companies. Furthermore, the question
of data ownership remains unresolved—should control
rest with patients, clinics, or Al developers? Addressing
these concerns requires clear legal frameworks to ensure
informed consent and protect patient autonomy.

Regulatory barriers further slow Al adoption in fertil-
ity clinics. Agencies like the FDA and EMA enforce strict
safety and accuracy standards, but the lengthy approval
processes can be costly and burdensome, particularly
for smaller clinics in underserved areas. While regula-
tions are necessary for patient safety, more streamlined
approval pathways could help balance oversight with
timely access to Al innovations.

Lastly, accountability in Al-driven fertility decisions
must be addressed. If Al errors lead to negative out-
comes—such as incorrect sperm selection—it is unclear
whether responsibility falls on developers, clinicians,
or both. Establishing transparent AI systems and legal
guidelines is essential to define liability.

Tackling these ethical concerns—including accessi-
bility, misuse, psychological effects, data security, and
accountability—will ensure Al-driven reproductive
healthcare remains equitable and responsible. Future
research and policy development must focus on these
issues to guide ethical implementation.

Limitations

This study has several limitations. First, the included
studies used a variety of Al techniques, data sources, and
applications in the field of male infertility. This heteroge-
neity made it challenging to draw definitive conclusions
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and compare the performance of different AI models
in studies. Second, this review included only 14 eligible
studies, which may not provide an overview of Al appli-
cations in male infertility. The relatively small number of
studies limits the ability to generalize the findings. Two
of the researches are old, which makes their data obso-
lete and not really applicable to current era. Times have
changed, techniques, devices and therapies as well as
patient population and indications have changed and
these factors affects outcomes. Last, the included stud-
ies focused primarily on short-term outcomes, such as
sperm classification and selection. The long-term impact
of Al-based interventions on fertility outcomes and
patient-reported measures is not well established.

Many reviewed studies are limited by small sample
sizes and retrospective data collection, which may intro-
duce selection biases and limit external validity. Most
Al models have been trained on specific populations,
raising concerns about their applicability across diverse
patient demographics. To enhance reliability, future
research should focus on large-scale, prospective studies
with diverse datasets to ensure Al models are robust and
widely applicable.

Conclusion

Traditional semen analysis and infertility diagnosis rely
on manual methods. These include semen assessment,
motility grading, and biochemical assays. They vary
between observers and depend on expertise, leading to
uneven IVF outcomes. Al-driven approaches improve
this. They offer better accuracy, consistency, and speed.
For example, machine learning in CASA ensures steady
sperm classification. Deep learning for sperm selection
boosts ICSI success (e.g., F1-score 0.951 [28]). Predictive
models, like random forests (AUC 84.23% [14]), top tra-
ditional stats using patient data well. Yet, Al needs large
datasets and faces bias and regulatory hurdles.

To integrate Al into clinical workflows, specific steps
are key. First, create standardized protocols for data col-
lection. This ensures Al tools, like sperm analysis soft-
ware, work consistently across clinics. Second, train
clinicians to use Al systems. Short courses on interpret-
ing Al outputs can bridge skill gaps. Third, align with reg-
ulators. Seek approvals from bodies like the FDA or EMA
to certify Al tools for IVF use. For underserved regions,
deploy portable AI devices and link them to telemedi-
cine. This cuts costs and boosts access.

Ethical issues matter too. Protect patient data with
encryption and strict access rules. Ensure informed
consent by explaining AIs role and limits to patients.
Address bias by training models on diverse data-
sets, covering varied ethnic and economic groups.
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Transparent Al decisions—showing how predictions
are made—build trust.

Future research should grow stronger. Multicenter
trials can validate Al across regions. This tests models
like SVM or CNN in diverse groups, ensuring wide use.
Al-driven sperm selection can enhance IVF and ICSI.
Standardizing Al methods is key. Unified approaches
for data and models will speed clinical adoption. These
steps can make Al precise and personal. They raise IVF
success for couples worldwide.

Al can improve male infertility diagnosis and treatment
in IVE. Future work should validate models with large tri-
als. Standard protocols will aid adoption. Hybrid models
mixing AI and expert input may lift results. With these
steps, Al can offer precise, personal solutions. This raises
IVF success for couples worldwide.

Abbreviations

ACC Accuracy

Al Artificial Intelligence

ANN Artificial Neural Network

ART Assisted Reproductive Technologies
AUC Area Under the Curve

CASA Computer Assisted Sperm Analysis
CNN Convolutional Neural Network
EMA European Medicines Agency
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