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Abstract: Advances in artificial intelligence (AI) are transforming assisted reproductive
technologies by significantly enhancing fertility diagnostics. This review focuses on inte-
grating AI with Computer-Aided Sperm Analysis (CASA) systems to improve assessments
of sperm motility, morphology, and DNA integrity. By employing a spectrum of techniques,
from classic machine learning (ML), often valued for its interpretability and efficiency
with structured data, to deep learning (DL), which excels at extracting intricate features
directly from image and video data, the field now achieves more accurate, automated,
and high-throughput evaluations. These advanced systems offer significant advantages,
including enhanced objectivity, improved consistency over manual methods, and the ability
to detect subtle predictive patterns not discernible by human observation. The emergence
of extensive open datasets and big data analytics has enabled the development of more
robust models. However, limitations persist, such as the dependency on large, high-quality
annotated datasets for training DL models, potential challenges in model generalizability
across diverse clinical settings, and the “black-box” nature of some complex algorithms,
alongside crucial needs for rigorous clinical validation, data standardization, and ethi-
cal management of sensitive information. Despite promising progress, these challenges
must be addressed. Overall, this review outlines current innovations and future research
directions essential for advancing personalized, efficient, and accessible fertility care.

Keywords: assisted reproductive technologies; artificial intelligence; Computer-Aided
Sperm Analysis; deep learning; machine learning

1. Introduction
Advances in assisted reproductive technologies (ARTs) have redefined the landscape

of fertility care, opening new avenues for diagnosis and treatment that were once unimag-
inable. The convergence of artificial intelligence (AI) with traditional reproductive method-
ologies is catalyzing a transformative shift in the field. AI-driven Computer-Aided Sperm
Analysis (CASA) systems, leveraging advanced machine learning (ML) and deep learning
(DL) techniques, are at the forefront of this change [1]. These systems provide an automated,
objective, and high-throughput evaluation of key sperm parameters—motility, morphology,
and DNA integrity—thus overcoming many limitations of subjective, manual analysis.

Historically, sperm evaluation has depended on labor-intensive manual examinations
that are inherently prone to variability and inconsistency. With the advent of AI, significant
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improvements in precision and reproducibility have been achieved. Modern CASA systems
integrate sophisticated image processing algorithms and pattern recognition techniques
to extract nuanced details from sperm samples. This enhanced analytical capability not
only refines diagnostic accuracy but also offers clinicians critical insights for tailoring
personalized treatment strategies, ultimately improving outcomes in procedures such as
in vitro fertilization (IVF) [2].

The integration of advanced ML techniques, DL architectures, and big data analytics
has further propelled the evolution of AI applications in reproductive medicine [3,4]. Using
extensive open datasets alongside state-of-the-art ML and DL models, researchers can
develop robust predictive systems that correlate subtle variations in sperm quality with
clinical outcomes. This comprehensive, data-driven approach facilitates the creation of
individualized treatment protocols and shifts the paradigm from traditional methodologies
to algorithmically enhanced precision medicine.

Despite these promising advancements, several challenges remain. Issues such as data
variability, standardization of evaluation protocols, and the ethical management of sensitive
reproductive information continue to pose significant hurdles. Moreover, integrating AI
into clinical practice necessitates rigorous validation through controlled trials and the
establishment of clear regulatory frameworks to ensure patient safety and data privacy.
Addressing these challenges is critical to fully harnessing AI’s potential in revolutionizing
reproductive healthcare [5,6].

This review provides an in-depth exploration of current AI methodologies applied
to sperm analysis, tracing the evolution from classical ML techniques to state-of-the-art
deep learning models. By examining both established practices and emerging innovations,
the paper highlights how AI-driven CASA systems are transforming fertility diagnostics
and treatment. Ultimately, this updated perspective invites readers to envision a future
where fertility care is not only more accessible and efficient but also uniquely tailored
to the individual needs of patients, marking a significant step forward in the field of
reproductive medicine.

Following this introduction, Section 2 reviews the medical background of ARTs and
the evolution of CASA systems. Section 3 examines how machine learning, deep learning,
and big data analytics enhance sperm evaluation. Section 4 discusses the challenges and
ethical considerations in integrating these technologies, and Section 5 concludes with future
research directions and final insights.

2. Background
With significant advancements in AI and ML [1], these cutting-edge technologies’

cross-disciplinary applications have increased exponentially. An area where AI has shown
tremendous potential for transformative change is within healthcare, particularly fertility
techniques. ARTs increasingly employ AI tools to tackle intricate challenges, from un-
derstanding disease mechanisms and predicting treatment outcomes to personalizing
patient care.

ML and DL, key subfields of AI, offer viable solutions to managing complex, diverse,
and large-scale clinical data. ML is adept at identifying patterns in large datasets, aiding pre-
dictive modeling for fertility outcomes and optimizing treatment protocols. DL, on the other
hand, has proven indispensable for analyzing medical imaging data related to ARTs, such
as semen morphology and ultrasound images. DL algorithms exhibit a remarkable ability
to detect critical features in imaging data that signify underlying fertility-related problems.

Applications of AI within ARTs are manifold. Predictive analytics can project the
success rate of treatments, including IVF, using datasets encompassing patient age, hormone
levels, and medical history. Furthermore, AI enables personalized treatment strategies by
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scrutinizing individual patient profiles and determining the appropriate treatment regime.
In the sphere of clinical diagnostics, DL algorithms allow the automated evaluation of
semen and embryos’ quality, leading to improved success rates of IVF. Lastly, AI facilitates
the real-time monitoring of patients undergoing treatment, aiding healthcare professionals
in spotting any divergences from the expected route and enabling early interventions.

2.1. Medical Background on ARTs

IVF is a process that involves the fertilization of oocytes outside the female reproduc-
tive system, typically in a laboratory setting [7]. The process begins with the monitoring
and stimulation of a woman’s ovulatory process, followed by the removal of ova from
the ovaries and their fertilization with sperm in a laboratory [2]. The resulting embryos
are then cultured for a period of time before being transferred into the uterus [8] (see full
process in Figure 1). This technique, initially introduced in the 1970s, has been used to
treat female infertility caused by damaged or blocked fallopian tubes [9]. The success of
IVF has been attributed to various factors, including the development of novel laboratory
procedures and techniques [10].

Research has shown that the efficiency of IVF can be improved through various
methods. Ref. [11] demonstrated that simulating the oviductal environment can reduce
polyspermy and increase IVF output in pigs. Ref. [12] suggested that gamete micromanipu-
lation can enhance the efficiency of mammalian fertilization in vitro. Ref. [13] highlighted
the role of assisted fertilization technology in improving IVF success rates. Refs. [14,15]
discussed the importance of nutrient management and use efficiency in enhancing IVF
outcomes. Refs. [7,16] proposed the use of foliar fertilization and egg yolk-treated sperm,
respectively, as potential complementary techniques to improve IVF efficiency.

Figure 1. In vitro reproduction cycle process with its different phases.

IVF has seen significant advancements in recent years, with improved success rates
and the development of new technologies and techniques [10,13,17–20]. Challenges remain,
particularly in the management of poor responders and the reduction in multiple gestation
risks [13,17]. Future directions for improvement include the development of non-invasive
embryo selection methods, the use of transcriptomics, proteomics, metabolomics, and time-
lapse imaging technologies [17]. The viability of early-stage embryo cultures is a key area
for improvement, with co-culture on tubal epithelial cells showing promise [21]. The re-
finement and enhancement of medication delivery systems also present an opportunity for
improvement [18]. Overall, the field of IVF continues to evolve, with a focus on increasing
success rates and ensuring the safety of the procedure.

AI applications and research in contemporary reproductive medicine (RM), particu-
larly focusing on the non-surgical aspects of RM [21], primarily utilize supervised learning
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methods such as decision trees (DTs), random forests (RFs), support vector machines
(SVMs), Naïve Bayes (NB), and DL classifiers. These AI methods are applied to determine
the morphokinetic parameters of embryos that are most optimal using a combination of
computer vision image processing methods, and DL techniques [22]. Specifically, an en-
semble comprising eight different DL models is used to rank the best embryos or predict
pregnancy outcomes [23]. One of the main limitations in conducting comparative studies
between different methods is the lack of sufficiently large and well-known datasets, often
necessitating the use of reference datasets like ImageNET [24]. In this field, we can find
proposals for predicting IVF and intracytoplasmic sperm injection (ICSI) outcomes [25]
through a hybrid feature-selection method and the application of classic ML models such as
RFs, SVMs, and logistic regression (LR). Unsupervised learning models have not yet been
fully integrated into RM. These algorithms excel at class discovery by utilizing unlabeled
data to uncover the inherent structure and relationships within the data [26]. Common
types of unsupervised ML employed include principal component analysis and K-means
clustering, which are predominantly applied in image processing. These methods can pre-
dict pregnancy outcomes based on the quality of oocytes [27]. Additionally, unsupervised
DL techniques are used for longitudinal follicle tracking to enhance the effectiveness of the
IVF procedure [28].

2.2. Automated Sperm Quality Assessment: Introduction to CASA Systems

The evolution of sperm analysis has undergone significant transformations over the
decades, particularly with the advent of CASA systems. Initially, the assessment of male
fertility potential relied primarily on routine semen analysis, which established baseline
values for various semen parameters. These parameters were outlined in successive
editions of the World Health Organization (WHO) guidelines published in 1980, 1987, 1992,
1999, and 2010, creating a framework for predicting conception chances based on semen
quality [29].

With technological advancements, CASA systems emerged as a revolutionary tool
in andrology labs. Over approximately 40 years, CASA technology has evolved through
enhancements in imaging devices, computational power, and software algorithms. While
the foundational concepts of identifying sperm and analyzing their motility have remained
largely consistent, the capabilities of CASA systems have expanded considerably. Many
major spermatology laboratories now utilize CASA, although the extent of their application
varies significantly [4,30]. The reliance on CASA systems reflects a broader trend in fertility
treatments, where traditional methods like density gradient centrifugation (DGC) and
swim-up techniques have been refined but often rely on sedimentation principles to isolate
motile sperm based on physical characteristics. In contrast, CASA and other advanced
methodologies emphasize a more nuanced analysis of sperm functionality, such as DNA
integrity and gene expression, thus paving the way for a deeper understanding of male
fertility potential [31].

Additionally, the integration of AI into sperm analysis represents the latest frontier
in this field. AI methods have shown promise in predicting seminal quality by analyzing
environmental factors and lifestyle influences on sperm parameters, thereby enhancing the
predictive power of sperm analysis [21]. As these technologies continue to advance, they
hold the potential to significantly elevate the standards of ARTs, marking a pivotal shift in
the approach to male fertility assessment and treatment. A summary of the sperm analysis
systems discussed in this section, outlining their key features, advantages, limitations,
and ethical considerations, is presented in Table 1.
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Table 1. Overview of sperm analysis systems.

System Type Key Features Advantages Limitations Ethical Concerns

Manual Semen
Analysis
(Routine/Historical)

Baseline semen
parameters
(concentration,
motility, basic
morphology) based
on visual assessment.
WHO guidelines [30]
framework.

Historically
foundational, low
initial equipment
cost.

Subjective, high
inter/intra-observer
variability,
labor-intensive,
limited throughput,
less detailed.

Analyst proficiency,
quality control.
General patient data
privacy.

Computer-Aided
Sperm Analysis
(CASA) Systems

Objective motility
parameters (VCL,
VSL, VAP, ALH, etc.),
concentration, basic
morphometry.
Evolution over
40 years [4,31,32].
Initial focus on
identifying sperm
and analyzing
motility.

Increased objectivity,
reproducibility for
kinematics, higher
throughput than
manual,
standardized
parameters, data
storage.

Initial cost,
calibration needs,
extent of application
varies [4,31],
morphology
assessment
historically
challenging for
CASA, reliance on
older techniques like
DGC/swim-up for
sperm isolation [33].

Data security,
ensuring system
calibration and
quality control.
Validating system
outputs against
clinical outcomes.

Early AI Integration/
Unsupervised ML in
RM

Prediction of
pregnancy outcomes
(oocyte quality [28]),
longitudinal follicle
tracking [29]. Pattern
discovery in
unlabeled data.

Potential to uncover
inherent structures in
data without
predefined labels,
can enhance IVF
procedures.

Not yet fully
integrated into
RM [27], often
limited to image
processing tasks,
may require large
datasets for
meaningful pattern
discovery.

Data privacy for
image data,
interpretability of
discovered patterns
for clinical
decision-making.

Supervised ML in
RM

Predicting IVF/ICSI
outcomes [26],
ranking
embryos [23,24]
using models like RF,
SVM, LR based on
various input
features.

Can identify complex
relationships to
predict outcomes,
potential to improve
embryo selection and
IVF success rates.

Lack of large,
well-known datasets
for comparative
studies [24,25],
reliance on reference
datasets like
ImageNet, feature
selection can be
critical.

Algorithm bias if
training data are not
representative,
validation needed
before clinical
adoption,
explainability for
high-stakes
decisions.

Among the core parameters evaluated by AI-based CASA systems, sperm motility
plays a central role in determining male fertility potential. Motility analysis involves
tracking the movement patterns of spermatozoa across sequential frames captured in
video microscopy. Through algorithms capable of multi-object tracking and trajectory
classification, CASA systems quantify kinematic features such as curvilinear velocity (VCL),
straight-line velocity (VSL), and linearity (LIN), as seen in Figure 2. These quantitative
measures offer a standardized and reproducible assessment of sperm motion, which is
crucial for predicting the ability of sperm to reach and fertilize the oocyte.
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Figure 2. Evaluation of motility. Figure extracted from the WHO guidelines [34].

In parallel, morphology and DNA integrity represent complementary aspects of sperm
quality that influence fertilization success and embryo development. Morphological as-
sessment involves the classification of sperm based on structural attributes, including head
shape, midpiece alignment, and tail length. An example of head morphology classification
can be found in Figure 3. AI algorithms trained on labeled datasets can detect subtle mor-
phological deviations that might be overlooked in manual inspections. On the other hand,
DNA integrity is typically evaluated using fluorescent staining and specialized imaging
techniques that reveal fragmentation or chromatin condensation. While more challenging
to automate, recent deep learning approaches have shown promise in identifying DNA
damage from image-based data, thus broadening the scope of CASA systems beyond
conventional motility and morphology analysis.

Figure 3. Evaluation of head morphology. Figure extracted from the WHO guidelines [34].

3. Artificial Intelligence and Machine Learning in Sperm Analysis
In recent years, the integration of AI and ML into Computer-Assisted Sperm Analysis

(CASA) systems has significantly advanced reproductive health diagnostics. Traditional
manual sperm analysis, often prone to human error and variability, has benefited from the
precision and automation offered by CASA systems, which now incorporate sophisticated
ML algorithms to enhance the assessment of key parameters such as motility, morphology,
and DNA integrity. By analyzing motility, or the sperm’s ability to move effectively, ML
models can precisely categorize movement patterns, providing a robust metric for fertility
assessment. Morphology, which examines the size and shape of sperm, is evaluated using
pattern recognition techniques, allowing for a standardized, high-accuracy determination
of normal and abnormal forms. Furthermore, DNA integrity analysis, essential for un-
derstanding genetic viability, is improved through ML models trained to detect subtle
genetic anomalies. Together, these AI-enhanced CASA systems provide a comprehensive,
reliable, and repeatable approach to sperm analysis, transforming the field with faster,
more accurate insights that aid in fertility diagnostics and treatments.
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3.1. Machine Learning in CASA Systems

AI and ML are increasingly applied to CASA and ARTs. These technologies offer
improved objectivity, efficiency, and accuracy in semen analysis and sperm selection [3,4].
CASA systems have evolved over 40 years, providing rapid analyses of sperm motility
and morphology [33]. AI algorithms can process large datasets, potentially enhancing
sperm evaluation and selection for fertility treatments [32,35]. ML techniques have shown
promise in embryo assessment and predicting treatment outcomes [36]. However, chal-
lenges remain in standardizing AI applications for clinical use [35]. The need for external
validation of ML models and the use of big data analytics to enhance prediction accuracy
are emphasized by [37]. The recent development of a public benchmark for DL-powered
morphology classification of human sperm by [5] underscores the growing significance of
these technologies in the field of CASA.

3.1.1. Classic Machine Learning

Classic ML methods have played a significant role in enhancing the field of CASA,
particularly in the areas of sperm motility and morphology analysis. These traditional
methods, including SVMs, RFs, and k-Nearest Neighbors (kNN), have been effectively
utilized to analyze and predict outcomes in CASA systems [38].

SVMs are particularly noted for their ability to handle high-dimensional data, making
them suitable for the complex datasets typically found in CASA studies. SVMs work by
finding the hyperplane that best separates the classes in the training data, which can be
used for classification tasks such as predicting the motility of sperm [39].

RF, Adaptive Boosting, Gradient Boosting, kNN, and Naïve Bayes are other classic ML
algorithms that have been explored for sperm motility classification. In [38], the authors
utilized these classifiers to build a grading model for sperm motility, finding that the SVM
performed best in classifying sperm with high motility.

In the domain of sperm morphology, classic ML techniques have also been applied.
In [40], authors developed an automatic framework to classify sperm heads as normal or
abnormal using a supervised learning model trained on a novel set of morphological features.

These classic ML methods are generally less complex computationally than DL models,
which can make them more accessible for use in clinical settings where resources and
technical expertise might be limited. Moreover, the interpretability of these methods is a
significant advantage, as it allows healthcare providers to make informed decisions based
on the model’s findings.

However, while these traditional ML methods have proven useful, they also have
limitations. Classic ML models often require extensive feature engineering and parameter
tuning to achieve optimal performance. This process can be time-consuming and requires
domain expertise, which may not always be readily available. In [41], the authors pointed
out that none of the standard descriptors or classification approaches is best suited for
tackling the problem of sperm head classification, indicating the need for more specialized
descriptors and classification methods.

3.1.2. Deep Learning

DL surpasses classic ML in CASA because it can automatically learn intricate patterns
from complex datasets like images and videos. Its ability to handle high-dimensional data
without extensive feature engineering makes it particularly effective for CASA tasks.

The application of DL in CASA has significantly advanced the field of male infertil-
ity diagnostics. Traditional manual methods for sperm morphology analysis are labor-
intensive, subjective, and prone to variability, which has driven the development of auto-
mated systems using DL techniques [42,43].
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DL frameworks have been employed to automate the classification of sperm morphol-
ogy, focusing on various parts of the sperm cell, including the head, midpiece, and tail.
These frameworks utilize convolutional neural networks (CNNs) and other advanced
architectures to analyze and classify sperm images, providing a more standardized and
efficient approach compared to manual examination [5,44].

The use of pre-trained models and transfer learning has been explored to enhance the
performance of these systems. For example, models like VGG16 have been adapted for
sperm morphology classification, leveraging their ability to learn complex features from
large datasets [6,43]. Additionally, novel DL algorithms have been developed to address
specific challenges in sperm morphology analysis, such as detecting deformities in the
acrosome and vacuole regions [45].

Overall, the integration of DL into CASA systems offers a promising solution to the
limitations of traditional methods, providing higher precision, consistency, and efficiency
in sperm morphology analysis. This technological advancement holds the potential to
improve the accuracy of infertility diagnostics and optimize treatment outcomes [46,47].
However, ongoing research is necessary to validate these models across diverse datasets
and clinical settings to ensure their robustness and generalizability [5,6].

3.1.3. Big Data

The role of big data in CASA is becoming increasingly significant as the volume of
data generated by clinics continues to grow. CASA systems generate a wealth of data,
capturing detailed parameters such as mean path velocity (VAP), curvilinear velocity (VCL),
straight-line velocity (VSL), and the amplitude of lateral head displacement (ALH) [48].
This extensive data collection has opened new avenues for big data analytics in repro-
ductive science. The ability to effectively analyze this vast quantity of data can lead to
more informed clinical decisions, personalized treatment plans, and improved patient
outcomes [37].

One of the primary advantages of big data in CASA is its potential to enhance pre-
dictive modeling. By analyzing large datasets, ML algorithms can identify patterns and
correlations that may not be visible in smaller datasets. These predictions help clinicians
tailor treatments to individual patients, potentially increasing the likelihood of success-
ful outcomes.

Despite the potential, the current state of big data for CASA is still evolving. One
of the primary challenges is the need for large, annotated datasets to train ML models
for improved accuracy and reliability in sperm motility and kinematics assessment [49].
The VISEM-Tracking dataset represents a significant step forward in this regard, enabling
the training of complex models.

However, the use of big data in CASA also presents several challenges. Data privacy
and security are major concerns, as the sensitive nature of reproductive health data requires
stringent measures to protect patient confidentiality. Ensuring the accuracy and consistency
of big data is another challenge, as data collected from different sources may vary in quality
and format, making it difficult to integrate and analyze effectively.

In conclusion, big data holds tremendous potential to transform CASA by enabling
more precise and personalized treatments, enhancing predictive modeling, and improving
the safety and quality of care. However, realizing this potential requires overcoming
significant challenges related to data privacy, integration, and analysis. As technology
advances and the field of RM continues to evolve, the strategic use of big data will likely
play an increasingly central role in shaping the future of CASA.
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3.2. Sperm Quality Assessment with Artificial Intelligence

A range of AI tools have been developed and applied to assisted reproduction, par-
ticularly in IVF procedures. These tools have been shown to improve the efficiency of
various steps in the ART process, including patient risk identification, gamete production
assessment, and clinical management [50]. They also have the potential to predict IVF
outcomes, decrease variability, and enhance the selection of sperm and embryos [51,52].
Despite these advancements, the routine use of AI in assisted reproduction clinics requires
further validation and ethical considerations [53].

Clinical decision-making in semen analysis is often impacted by the subjective nature
of evaluating microscopic sperm parameters such as concentration, motility, and mor-
phology, in addition to human error and intra-operator variability. These factors can
compromise the accuracy of the results.

3.2.1. Sperm Motility

Over the past 25 years, the introduction of Computer-Aided Semen Analysis
(CASA) [54] has supplemented traditional semen analysis to offer more consistent and
less subjective outcomes. CASA systems, which utilize cameras and software to analyze
microscopic details and provide sperm parameter data, excel in evaluating sperm kine-
matic parameters and hyperactivation. These automated systems deliver more objective
and reproducible results than manual assessments. Nevertheless, certain uncertainties
have hindered the widespread adoption of CASA. Evaluating sperm morphology remains
problematic for CASA due to the wide range of abnormalities and different classifica-
tion systems. Future advancements in artificial intelligence optical microscopic (AIOM)
technologies may address these issues by enabling CASA systems to classify sperm mor-
phology accurately. Despite progress in DL networks, further research is needed to confirm
their efficacy.

Accurately monitoring changes in sperm motility is crucial for understanding various
genetic and biochemical factors affecting fertilization. CASAnova [55] is an automated method
for classifying all patterns of human sperm motility during in vitro capacitation. Using support
vector machine-based DT and data from 2817 sperm tracks, CASAnova assigns one of five
classifications (progressive, intermediate, hyperactivated, slow, or weakly motile) to each
sperm based on kinematic parameters. The program achieves an overall accuracy of 89.9%
and effectively detects shifts in motility patterns during capacitation, showcasing its sensitivity
and utility for high-throughput monitoring of sperm motility alterations.

We can find an interesting proposal that combines sperm mobility measures with
sperm intracellular pH (pHi) and develops a gradient-boosted machine learning model
to forecast successful conventional IVF outcomes among normospermic patients [56].
Utilizing sperm samples from 76 IVF patients, pHi and hyperactivated motility were
measured. A gradient-boosted machine learning model was then trained using clinical data,
sperm pHi, and membrane potential to predict successful conventional IVF. Validation
on an independent dataset of 18 patients demonstrated the model’s ability to predict
successful IVF with a mean accuracy of 0.72, mean sensitivity of 0.65, and mean specificity
of 0.80. These findings suggest a correlation between sperm pHi and conventional IVF
outcomes and highlight the predictive capability of the machine learning model in assessing
successful fertilization in normospermic patients undergoing IVF.

To aid in the early detection of seminal disorders and assist in identifying suitable
donor candidates, the application of artificial neural networks (ANNs) [57], specifically
multilayer perceptron (MLP) networks, has proven highly effective in predicting sperm
concentration and motility based on lifestyle and environmental data gathered from ques-
tionnaires [58]. Since lifestyle and environmental factors must be considered to evaluate
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semen quality by processing fertility-related data, other AI techniques have also been
applied, such as SVMs, particle swarm optimization [59], and fuzzy radial basis function
neural networks [60].

In addition to proposals focused on final decision-making, there are approaches that
combine different ML techniques to improve recorded data, for example, the integration
of SPARCOM with model-based DL through algorithm unfolding to develop a compact
neural network that leverages domain knowledge [61]. Their findings show that the learned
SPARCOM (LSPARCOM) network can produce super-resolution images from a limited
number of high-emitter-density frames without needing optical system details. The authors
believe LSPARCOM has the potential to enable efficient and interpretable live-cell imag-
ing and could be widely applied in single-molecule localization microscopy of biological
structures. Additionally, we can find multiple automated techniques for non-invasive
measurement of single-sperm motility and morphology, offering precise quantitative data
for sperm selection in ICSI, focused on improving the tracking of the movement of the
spermatozoa [62]. Using an adapted probabilistic data association filter for multi-sperm
tracking and integrating total variation norm into image processing, the methods address
challenges like intersecting sperm and uneven image intensity. Accurate coordinate trans-
formation predicts sperm position during magnification switches. The experimental results
demonstrate 95.6% accuracy in motility measurement and less than 10% error in morphol-
ogy measurement. Table 2 summarizes the main artificial intelligence techniques analyzed
in this subsection, highlighting their respective advantages and limitations.

Table 2. Summary of AI techniques applied to sperm motility analysis, including their main advan-
tages and limitations.

Reference AI Technique/System Advantages Limitations

[54] CASA (Computer-Assisted
Semen Analysis)

Objective and reproducible
results; effective in analyzing
kinematic and hyperactivation
parameters.

Limited morphology
assessment; adoption hindered
by classification variability.

[55] CASAnova (SVM + Decision
Tree)

Automatically classifies sperm
motility; high accuracy (89.9%).

Requires detailed kinematic
input; focused on in vitro
capacitation.

[56] Gradient-Boosted ML for IVF
Prediction

Integrates clinical, pHi,
and motility data; predicts IVF
success with moderate accuracy.

Small dataset validation;
dependent on specific features.

[58] ANN (Multilayer Perceptron)
Models complex
lifestyle-related patterns; useful
with questionnaire data.

Risk of overfitting; limited
interpretability.

[59,60] PSO and Fuzzy RBF Networks Handle uncertainty well;
adaptable to fertility data.

Require fine-tuning; limited
generalization.

[61] LSPARCOM (DL + SPARCOM)
Generates super-resolution
images; leverages domain
knowledge.

Still experimental; needs optical
system calibration.

[62] Automated Techniques for ICSI
Accurate motility tracking
(95.6%); non-invasive; improves
sperm selection.

High computational cost;
sensitive to imaging artifacts.

3.2.2. Sperm Morphology

Sperm morphology is a valuable indicator of sperm dysfunction in both basic and
clinical research [63]. Numerous studies [4] have focused on this topic, with the main
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objective being the comparison between manual methods and automated systems, such
as the X1 PRO semen analyzer [64]. This device is capable of providing reliable results
when the percentage of normal sperm forms is ≥4%. The LensHookeVR X12 semen
analysis system uses a DL algorithm designed to automatically analyze sperm morphology,
concentrating on features like the sperm head, midpiece, tail, and excess residual cytoplasm,
which can provide reproducible and reliable male infertility diagnosis [65]. These studies
highlight the importance and the need for reliable automated procedures in an increasingly
demanding environment.

Due to the complexity of the field and the growing number of AI-based approaches, it
is crucial to establish standardized protocols to ensure optimal outcomes and minimize
inter-expert variability [66]. To address this, the development of a gold standard for sperm
morphology analysis (SCIAN-MorphoSpermGS) has been proposed [41]. Additionally,
a benchmark set of experiments has been introduced, using this gold standard to systemati-
cally evaluate and compare classification performance across several supervised learning
algorithms, including one-Nearest Neighbor, NB, DTs, and SVMs.

Lastly, CNNs have demonstrated excellent performance in classifying sperm based on
their morphology [67]. The primary advantage of these proposed models is that they require
no manual intervention for proper functioning, enabling fully automated morphological
classification of sperm images. A comprehensive summary of the AI-based methods
applied to sperm morphology assessment, along with their respective advantages and
limitations, is presented in Table 3.

Table 3. Summary of AI-based methods applied to sperm morphology analysis, including their main
advantages and limitations.

Reference AI Technique/System Advantages Limitations

[64] X1 PRO semen analyzer
(automated analysis)

Provides reliable results when
normal forms ≥4%; improves
objectivity over manual
methods.

Effectiveness limited when
normal morphology is below
threshold; less informative in
borderline cases.

[65] LensHookeVR X12 (DL-based
analyzer)

Analyzes head, midpiece, tail
and cytoplasm; reproducible
and reliable for male infertility
diagnosis.

Requires robust training
datasets; performance depends
on image quality and variability.

[41] SCIAN-MorphoSpermGS +
benchmark experiments

Enables standardized
evaluation; allows fair
comparison across classifiers.

Requires consistent
preprocessing; generalization
may vary outside benchmark
context.

[67] CNN for morphology
classification

Fully automated; eliminates
manual intervention; achieves
high classification performance.

Model interpretability is limited;
results depend on training data
quality and diversity.

3.2.3. Sperm DNA Integrity

The sperm’s DNA fragmentation is another parameter to consider. The Comet assay [34]
offers us the method that lets us select the sperm with the highest DNA integrity through
different AI techniques. In this method, the intact DNA forms the comet’s head, while the
fragmented strands create the comet’s tail. By comparing the relative fluorescence of the
tail to that of the head, the level of DNA damage can be quantified. We can find methods
that offer a groundbreaking approach to assessing individual sperm DNA quality prior to
clinical selection, filling a critical gap in current RM [47]. This method employs deep CNNs
to analyze sperm images, enabling the prediction of DNA quality without invasive tests.
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By training the network on images of approximately 1000 sperm cells, a moderate correlation
between the images and DNA quality is achieved, facilitating the identification of cells with
higher genetic integrity. Compatible with current sperm selection practices, this technology
provides clinicians with the ability to swiftly predict DNA quality and select high-quality
sperm, potentially enhancing outcomes in assisted reproductive techniques.

As discussed earlier, the different parameters used to assess male fertility are interre-
lated. Research has identified a correlation between DNA fragmentation and progressive
sperm motility [68], and there is also evidence linking and predicting sperm DNA integrity
from morphological parameters at the single-cell level using LR [69]. Given these inter-
connections, employing a combination of AI tools to analyze various characteristics and
synthesize them into a comprehensive final analysis could enhance the overall assessment
by integrating diverse sources of information.

Finally, ML has significantly expanded in the field of male fertility prediction. This in-
cludes specific optimizations of fertility prediction algorithms in men [70], the development
of tools to evaluate male infertility or potential sperm donors by predicting semen profiles
and sperm concentration based on questionnaires [71], and the prediction of biochemical
markers in seminal plasma [72], such as total protein, zinc content, and glucosidase activity,
among others. These are some of the latest AI applications in the study of male fertility.
Table 4 summarizes the AI-driven approaches to sperm DNA integrity evaluation, outlining
their advantages and limitations.

Table 4. Summary of AI techniques used in the assessment of sperm DNA integrity, including their
main advantages and limitations.

Reference AI Technique/System Advantages Limitations

[34] Comet assay with AI
integration

Enables sperm selection based on
DNA integrity; quantifies DNA
fragmentation via fluorescence
analysis.

Requires fluorescent staining and
specialized imaging; may not be
high-throughput.

[47] Deep CNN for DNA
integrity prediction

Non-invasive; compatible with
sperm selection protocols; predicts
DNA quality from images.

Moderate correlation limits
precision; trained on a relatively
small dataset.

[69] Logistic regression based
on morphology

Predicts DNA integrity from
morphology at single-cell level;
supports integration with other
features.

Requires high-quality morphology
data; performance varies with
feature extraction.

[70] Optimized fertility
prediction algorithm

Tailored to male fertility
parameters; improves predictive
accuracy of fertility status.

May lack generalizability across
populations; performance depends
on clinical variable quality.

[71] ML model using lifestyle
questionnaires

Non-invasive; predicts semen
profiles and sperm concentration
from lifestyle/environmental data.

Subject to bias and inaccuracy in
self-reported data; limited
biological validation.

[72] ML for biochemical
marker prediction

Predicts markers like protein, zinc,
glucosidase in seminal plasma;
adds depth to fertility analysis.

Requires biochemical assay data
for training; may not directly
reflect fertility potential.

4. Sperm Open Data
Open datasets in male infertility research hold immense potential for propelling

advancements in RM and enhancing outcomes for individuals undergoing ARTs, including
IVF. The transparent availability of fertility data fosters seamless collaboration between
researchers and clinicians, facilitating efficient scientific progress and enriching the standard
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of patient care. The analyzed papers showcase a wide spectrum of sperm datasets, differing
in their focus, scale, and utility, underscoring the varied methodologies employed in male
infertility research for sperm analysis. A summary table of all the analyzed datasets can be
seen in Table 5.

Table 5. Summary of the datasets and their main characteristics. We have used ✓ and ✗ symbols to
indicate whether the dataset contains video data or not.

Reference Title Problem Type Type Images Video

[73]
HSMA-DS: Human
Sperm Morphology
Analysis DataSet

Classification Sperm 1457 ✗

[45]
MHSMA: Modified Hu-
man Sperm Morphology
Analysis Dataset

Classification Sperm 1540 ✗

[74]
HuSHeM: Human
Sperm Head Morphol-
ogy

Classification Sperm 216 ✗

[41] SCIAN-
MorphoSpermGS Classification Sperm 1854 ✗

[75] SMIDS: Sperm Morphol-
ogy Image Data Set Classification Sperm 3000 ✗

[47] DNA-integrity Classification Sperm 1064 ✗

[76] SVIA: Sperm Videos and
Images Analysis dataset Detection Sperm 4041 ✓

[77] VISEM Regression Sperm 85 ✓

[49] VISEM-Tracking Detection, tracking Sperm 29,196 ✓

In SVIA, ref. [76] introduces the dataset, which includes microscopic videos and
images of sperm, designed to evaluate computer vision techniques in sperm analysis. This
extensive dataset contains 101 videos, 130,042 images, and 127,600 object information,
making it a comprehensive resource for testing object detection, tracking, and image
classification technologies in the context of sperm analysis.

The VISEM-tracking dataset [49] focuses on tracking human spermatozoa through
video recordings. This dataset includes 20 video recordings, each 30 s long, providing
29,196 frames (see an example in Figure 4). It is designed to improve the accuracy and
reliability of CASA systems by providing data that can be used to train supervised machine
learning models to assess sperm motility and kinematics.

The VISEM dataset [77] presents a multimodal dataset that includes videos, biological
analysis data, and participant data, offering a rich source for studying human spermatozoa
under various conditions. This dataset is notable for its comprehensive approach, combin-
ing video data with detailed biological and participant information, which can be used to
explore new research questions in human reproduction.



Computation 2025, 13, 132 14 of 21

Figure 4. Representative video frames of wet-mount semen with automated bounding-box annota-
tions from VISEM [49]. Top: Classification examples show individual sperm (red), clusters (green),
and small/pinhead sperm (blue). Bottom: Visual comparison of samples with decreasing sperm
concentrations (left to right: high, medium, low).

McCallum et al. [47] discuss a DL-based approach for selecting human sperm with
high DNA integrity using a dataset of 1000 sperm cells known as HSMA-DS. That dataset
is particularly focused on the DNA quality of sperm and is used to train a CNN to predict
DNA quality from brightfield images alone.

A hybrid human sperm detection and classification system was tested on a novel
publicly available morphological sperm image dataset [75]. That dataset included images
labeled by experts as non-sperm, normal, and abnormal sperm, making it a valuable
resource for developing and testing new machine learning methods for sperm morphol-
ogy analysis.

The SCIAN-MorphoSpermGS dataset [41] provides a gold-standard dataset for mor-
phological sperm analysis (Figure 5). The dataset includes sperm head images classified
into normal, tapered, and amorphous categories, serving as a benchmark for evaluating
sperm classification techniques.

Figure 5. Examples of SCIAN-MorphoSpermGS dataset [41] images and the proposed classification.
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The HuSHeM dataset [74] includes images of human sperm heads classified into four
categories (see Figure 6). The dataset supports the development of dictionary-learning
techniques for classifying sperm head shapes. The classification is performed through
expert annotation, ensuring reliable identification of each morphological type.

Figure 6. Examples of HuSHeM dataset [74] images according to the class to which they belong.

To provide a detailed comparison of how morphology is evaluated in SCIAN-
MorphoSpermGS and HuSHeM datasets and the reported performance levels of these
specific techniques relevant to the classifications shown in Figures 5 and 6, Table 6 sum-
marizes the key aspects of the approaches from [41,74]. This table highlights the datasets
used, the methods for feature quantification or representation, the classification algorithms
employed, and key performance metrics achieved by these studies, offering insight into
their respective strengths and limitations in classifying these complex morphological types.

Javadi’s paper [45] introduces the MHSMA dataset, which consists of 1540 sperm
images used to train a deep learning model for detecting morphological deformities in
sperm parts such as the acrosome and head.

Ghasemian discusses the HSMA-DS dataset, comprising 1457 sperm images used to
develop an automatic sperm morphology analysis system [73]. That dataset is significant
for its focus on normal and abnormal sperm, providing a balanced view for training
classification systems.

In conclusion, these datasets collectively enhance research capabilities in sperm analy-
sis by providing diverse, well-annotated resources that address various aspects of sperm
morphology and function. They enable the development of advanced computational mod-
els that can lead to more accurate and less subjective analyses of male fertility. The avail-
ability of these datasets encourages collaborative and comparative research, potentially
accelerating advancements in the diagnosis and treatment of male infertility. Integrat-
ing these datasets with ML models represents a promising direction for future research,
potentially leading to breakthroughs in RM.
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Table 6. Detailed comparison of sperm head morphology classification techniques from [41,74].

Proposal Classes
Discussed

Method of Feature
Quantification/Repre-
sentation

Classification
Technique(s) Used in
Study

Reported Performance
Highlights from Study

[41]—
Classification
Baseline for
SCIAN-
MorphoSpermGS

Normal,
tapered,
pyriform,
amorphous,
small

Explicit shape-based
descriptors: Hu
moments, Zernike
moments, Fourier
descriptors were
extracted from
segmented sperm head
contours to numerically
represent shape.

Supervised Learners:
1-Nearest Neighbor
(1-NN), Naive Bayes,
decision trees, support
vector machine (SVM).

Overall best mean
accuracy (SVM with
Fourier descriptors):
49%. TPR for
amorphous: 7–25%
(varied by
descriptor/classifier).
TPR for normal (SVM,
Fourier): 57%.
(Performance varied
significantly by class
and descriptor.)

[74]—APDL
(Proposed
Method)

Normal,
tapered,
pyriform,
amorphous

Implicit feature
representation via
Adaptive Patch-based
Dictionary Learning
(APDL): square image
patches extracted from
sperm heads.
Class-specific
dictionaries learned
from these patches. No
explicit feature
quantification.

Sparse
representation-based
classification.

On HuSHeM: avg.
accuracy: 92.2%; avg.
precision: 93.5%; avg.
recall: 92.3%; avg.
F-score: 92.9%.
On SCIAN-
MorphoSpermGS: avg.
recall: 62% (for normal,
tapered, pyriform, small,
amorphous).

[74]—CE-SVM
(Comparative
Method)

Normal,
tapered,
pyriform,
amorphous

Explicit Shape-Based
Descriptors (SBDs):
morphological
descriptors, Fourier
descriptors, geometric
moments, Zernike
moments, convexity
measures, and ellipticity
measures extracted from
segmented sperm head
contour.

Cascade Ensemble of
SVMs (CE-SVM).

On HuSHeM: avg.
accuracy: 78.5%; avg.
precision: 80.5%; avg.
recall: 78.5%; avg.
F-score: 78.9%.

5. Future Challenges
Integrating AI into assisted reproductive technologies continues to advance, yet several

challenges remain that must be addressed to fully harness its potential. A primary issue
is the development of robust, clinically generalizable models. Many current AI systems
depend on high-quality, standardized datasets, and the variability across clinical settings
can impede the accuracy and reliability of these models. Expanding and harmonizing
datasets, while ensuring rigorous validation through controlled studies, is essential.

Another challenge lies in the evolving regulatory and ethical landscape. As AI ap-
plications in fertility care progress toward clinical use, establishing clear guidelines and
regulatory frameworks becomes critical. These must address not only patient safety, data
privacy, and security but also complex ethical issues, such as consent and the long-term
implications of AI-driven reproductive decisions.
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Interoperability with existing clinical infrastructure presents an additional hurdle.
AI tools must seamlessly integrate with electronic health records and ART management
systems, necessitating standardized data formats and communication protocols to ensure
smooth and effective deployment.

An emerging challenge is the need for explainable AI (XAI). As deep learning models
become more complex, ensuring transparency and interpretability is crucial for building
trust among clinicians and patients. XAI techniques can provide insights into how decisions
are made, facilitating accountability and informed clinical decision-making, which are
essential in sensitive areas like reproductive healthcare.

Finally, the successful adoption of AI in this field depends on comprehensive training
and education for healthcare providers. Clinicians need to understand how to interpret
and effectively incorporate AI insights into patient care, which calls for multidisciplinary
collaboration between medical professionals, data scientists, and regulatory experts.

By addressing these challenges, the field can move toward a future where AI not only
improves diagnostic accuracy and treatment outcomes but also supports ethical, efficient,
and patient-centered fertility care.

6. Conclusions
The integration of AI and ML has brought significant improvements in diagnostic

accuracy, efficiency, and objectivity within ARTs, especially in the evaluation of male fertil-
ity. Notably, CASA systems have enhanced the assessment of critical sperm parameters
such as motility, morphology, and DNA integrity, providing more consistent and repro-
ducible results compared to manual methods. Furthermore, DL techniques have enabled
advanced image classification, supporting fully automated fertility diagnostics with demon-
strated effectiveness. AI-driven sperm selection also contributes by reducing human error
and accelerating analysis, which in turn helps improve IVF outcomes. However, several
challenges remain before these technologies can be fully integrated into routine clinical
workflows. Key limitations include the following:

• The lack of standardized, open-access datasets, which limits model generalizability
and validation.

• Unresolved ethical, regulatory, and data security issues that could hinder widespread
adoption.

• The need for further clinical validation to confirm real-world efficacy and long-term
benefits.

• Practical barriers such as integrating AI systems with existing workflows and training
healthcare professionals.

Looking ahead, advancing AI in ARTs will require sustained interdisciplinary collabo-
ration and the development of robust, standardized datasets. Additionally, clear regulatory
frameworks and guidelines must be established to ensure safe and ethical implementation.
With these measures, AI holds strong potential to personalize fertility treatments, enhance
success rates, and increase access to reproductive healthcare globally.
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