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Abstract 
 
Artificial Intelligence (AI) is rapidly transforming assisted reproductive technologies (ART) by enhancing 

diagnostic accuracy, treatment personalization, and clinical decision‐making. AI‐driven tools can predict 
embryo viability, optimize sperm selection in real time, and tailor ovarian stimulation protocols to individual 
patient characteristics. Emerging applications, such as convolutional neural networks for embryo imaging 
and machine learning models for sperm analysis, reduce subjectivity and improve the reproducibility of 
outcomes. Reinforcement learning and computer vision are also advancing stimulation regimens and lab‐
oratory automation, while robotic‐assisted interventions benefit from greater precision. Despite these in‐
novations, important challenges remain. Clinical adoption is limited by heterogeneity of training datasets, 
algorithmic bias, and a lack of transparency in model design. Ethical concerns—including data privacy, in‐
formed consent, and equitable access and potential health risks—further complicate integration into fer‐
tility care. Moreover, financial and infrastructural barriers restrict widespread implementation, particularly 
in resource‐limited settings. This review highlights current computational approaches, evaluates their con‐
tributions to embryo and gamete assessment, ovarian stimulation, and surgical procedures, and discusses 
unresolved issues of validation and regulation. Ultimately, AI holds the potential to make ART more efficient, 

Correspondence  
Dr. Sovan Bagchi, Professor, Department of Biomedical Sciences, College of Medicine, Gulf Medical University, UAE. Orcid id-
0000-0003-3507-1944, e-mail: bagchisovan60@gmail.com 



Introduction 
 
Infertility affects an estimated 15% of couples 

globally, posing both medical and psychosocial chal‐
lenges. It is commonly defined as the inability to 
achieve conception after one year of regular, unpro‐
tected intercourse [1]. Male factors, often related to 
sperm dysfunction, contribute to nearly half of infer‐
tility cases, while female infertility is frequently as‐
sociated with ovulatory disorders, tubal damage, or 
diminished ovarian reserve [2]. Conventional treat‐
ments—ranging from ovulation induction and in‐
trauterine insemination (IUI) to in vitro fertilization 
(IVF)—have improved outcomes but remain limited 
by high costs, variable success rates, and the inherent 
subjectivity of clinical decision‐making. The growing 
volume of multimodal data in reproductive medi‐
cine—including electronic health records, hormone 
profiles, medical imaging, genomics, and time‐lapse 
embryology—has created opportunities for compu‐
tational approaches. Traditional statistical models, 
while valuable, often fail to capture the complex non‐
linear relationships among clinical variables. AI, en‐
compassing machine learning (ML), deep learning 
(DL), and NLP, offers a paradigm shift by enabling 
predictive modeling and automated decision support 
[3]. Early studies have demonstrated the potential of 
AI to enhance ART outcomes. Convolutional neural 
networks (CNNs) have been applied to embryo im‐
aging, achieving higher predictive accuracy than 
manual assessment [4]. Supervised ML models such 

as random forests, support vector machines (SVM), 
and artificial neural networks (ANNs) have been em‐
ployed to predict IVF success, sperm morphology, 
and fertilization potential [5]. Reinforcement learn‐
ing techniques are under investigation for optimizing 
ovarian stimulation and surgical planning. However, 
challenges persist, including limited clinical valida‐
tion, algorithmic bias, interpretability issues, and the 
need for standardized regulatory frameworks. This 
review, therefore, examines computational methods, 
clinical applications, and ethical implications of AI in 
ART, with an emphasis on nuanced challenges and 
algorithmic innovations that shape its translation 
into real‐world practice. 

 
Challenges in reproductive medicine 
 
Assisted reproductive technology (ART) has pro‐

gressed remarkably since the birth of the first IVF 
child, yet significant challenges remain. Infertility af‐
fects over 187 million individuals worldwide, and de‐
spite advances in cryopreservation, genetic testing, 
and embryo culture systems, IVF success rates re‐
main limited at 20–40% per cycle. These outcomes 
are compounded by high financial costs, prolonged 
treatment cycles, and unequal access to fertility serv‐
ices, creating emotional and physical burdens for pa‐
tients [6]. The COVID‐19 pandemic further magnified 
these challenges by delaying treatments and increas‐
ing psychological stress. A key barrier lies in embryo 
selection, where conventional morphology‐based 
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precise, and patient‐centred. Still, it’s safe and equitable integration will require interdisciplinary collabo‐
ration, robust clinical validation, and adherence to ethical and regulatory standards. 
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methods remain subjective and variable. Similarly, 
sperm analysis suffers from observer‐dependent 
variability, while ovarian stimulation protocols often 
result in inconsistent responses and risks such as 
ovarian hyperstimulation syndrome (OHSS). These 
persistent limitations underscore the need for ap‐
proaches that improve precision, reproducibility, and 
personalization in ART. Here, AI offers direct rele‐
vance. CNNs applied to time‐lapse embryo imaging 
show promise in improving embryo viability predic‐
tion. AI‐based sperm analysis platforms provide 
standardized and objective assessments, reducing 
bias in motility and morphology evaluation. Machine 
learning algorithms can also predict ovarian re‐
sponse, enabling individualized gonadotropin dosing 
to optimize stimulation while minimizing risks [7]. 
Thus, the very challenges that continue to limit re‐
productive medicine—subjectivity, variability, high 
cost, and inequity—are the same areas where AI 
technologies have begun to demonstrate transforma‐
tive potential. Integrating these innovations respon‐
sibly may help bridge the gap between current 
limitations and more effective, equitable fertility 
care. Building on these advances, the application of 
AI is not confined to ovarian stimulation alone. Its in‐
tegration with broader reproductive medicine has 
expanded into areas such as surgical precision, pa‐
tient stratification, and large‐scale data analysis. This 
progression naturally leads into the discussion of 
how diverse AI modalities are shaping the wider 
landscape of reproductive healthcare. 

 
AI in RM 
 
Extending beyond ovarian response prediction, 

AI’s role in reproductive medicine encompasses a 
much wider spectrum of innovations. These include 
not only laboratory and diagnostic applications but 
also surgical assistance, patient monitoring, and 
knowledge extraction from vast clinical datasets. Re‐

productive medicine (RM) increasingly incorporates 
advanced technologies such as robotic surgery, ML, 
and natural language processing (NLP). ML primarily 
stratifies patients into clinically meaningful groups 
using structured data—such as genetic profiles and 
medical imaging—while NLP complements this by 
extracting insights from unstructured records, in‐
cluding electronic medical records (EMRs) [8–10]. 
However, successful implementation requires large, 
high‐quality datasets; inadequate or heterogeneous 
data compromise predictive reliability and clinical 
translation [11]. For example, ML models predicting 
IVF outcomes have achieved accuracies of 59–68%, 
though these results remain difficult to generalize 
across patient populations, laboratory protocols, and 
reporting standards [12]. The studies faced limita‐
tions, including small, limited datasets, which re‐
stricted model training and accuracy, and the 
challenge of capturing all relevant prognostic factors, 
reflected in the maximum predictive accuracy of 
around 60%. Validation was primarily internal, using 
random data splits and cross‐validation, but external 
validation with independent datasets was not re‐
ported, limiting assessments of generalizability. Con‐
sequently, the models' applicability across different 
populations and clinical settings remains uncertain, 
highlighting the need for larger, more diverse 
datasets and external validation to improve robust‐
ness and reliability for broader clinical use. Within 
RM, supervised learning has shown particular prom‐
ise. CNNs enable advanced embryo image analysis, 
identifying subtle morphological cues often over‐
looked in conventional scoring. Similarly, algorithms 
such as SVM, random forests, and decision trees have 
been employed to forecast ART outcomes, offering 
improved predictive power compared to traditional 
clinical scoring [13]. These methods face persistent 
challenges, including “black box” interpretability, the 
risk of algorithmic bias, and limited reproducibility 
across clinical settings. Unsupervised learning ap‐
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proaches, though less commonly applied, are begin‐
ning to uncover latent infertility phenotypes and pa‐
tient subgroups, suggesting opportunities for 
personalized treatment strategies. Reinforcement 
learning also holds theoretical potential in optimiz‐
ing stimulation protocols, but its clinical use remains 
nascent. While AI applications in RM are rapidly 
advancing, their effective integration demands 
standardized data frameworks, greater model 
transparency, and interdisciplinary collaboration to 
balance innovation with clinical accountability [13]. 
Among these applications, one of the most clinically 
impactful areas where AI is beginning to demon‐
strate tangible value is in ART, particularly in predict‐
ing treatment outcomes and guiding personalized 
interventions. 

 
AI in Female Infertility 
 
Based on these methodological advances, the ap‐

plication of AI in IVF outcome prediction provides a 
clear example of how data‐driven tools can move 
from theoretical potential to measurable clinical rel‐
evance. The probability of achieving pregnancy fol‐
lowing IVF ranges widely (30–70%), influenced by 
maternal age, ovarian reserve, and treatment proto‐
cols. While conventional diagnostic workups—en‐
compassing endocrinological profiling, imaging, and 
invasive assessments—remain the standard, recent 
advances in AI and ML offer opportunities to enhance 
decision‐making in ART. Logistic regression, SVMs, 
decision trees, and random forests have been em‐
ployed to predict outcomes using diverse clinical and 
biological parameters such as age, BMI, endometrial 
thickness, hormonal levels, and embryo quality [14]. 
However, a key limitation lies in model generalizabil‐
ity, as performance often declines when applied 
across heterogeneous populations. Embryo selection 
represents the most active frontier for AI integration. 
Traditional morphological grading (e.g., Gardner sys‐

tem, ASEBIR guidelines) is subjective and prone to 
inter‐observer variability [15]. 

AI‐driven morphokinetic analysis of time‐lapse im‐
aging attempts to overcome these limitations by de‐
tecting subtle developmental dynamics invisible to 
the human eye. Debates persist regarding the over‐
fitting of models to specific datasets and the ethical 
implications of replacing embryologists with auto‐
mated decision systems. The IMMATCH approach, 
combining HLA typing and peptide–MHC data, illus‐
trates how AI may also reveal immunogenetic deter‐
minants of recurrent pregnancy loss (AUC 0.71, 
p=0.0035) [16]. These studies faced limitations such 
as small sample sizes and high HLA polymorphism, 
which complicate precise risk prediction. Validation 
was performed using leave‐one‐out cross‐validation, 
ensuring internal validation within the dataset but 
lacking external validation. As a result, the models' 
generalizability to broader, diverse populations re‐
mains uncertain. Larger, independent cohorts are 
needed to confirm reliability and clinical applicability, 
highlighting the importance of external validation to 
assess how well the predictive models perform in dif‐
ferent populations and real‐world settings. Transla‐
tion into routine practice requires rigorous validation 
in diverse cohorts. The widespread adoption of single 
embryo transfer (SET) policies further underscores 
the need for precise embryo prioritization. AI‐as‐
sisted selection, when integrated with SET, shows 
promise in reducing multiple pregnancies while op‐
timizing live birth rates [17]. However, unresolved 
challenges—including model transparency, repro‐
ducibility, and cost‐effectiveness—remain barriers to 
clinical adoption. Future work must focus not only on 
algorithmic accuracy but also on harmonizing AI out‐
puts with ethical, regulatory, and patient‐centered 
considerations to ensure meaningful integration into 
fertility care. These challenges in model validation are 
not unique to immunogenetic predictions but extend 
across reproductive medicine, where small, homoge‐
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neous datasets often hinder algorithmic perform‐
ance. A particularly relevant example is seen in male 
infertility, where variability in semen parameters fur‐
ther complicates the development of reliable AI‐
based diagnostic and predictive tools. 

 
AI in Male Infertility 
 
Building on these broader concerns of validation 

and generalizability, male infertility offers a repre‐
sentative case study. Here, AI has been increasingly 
explored to overcome the limitations of conven‐
tional diagnostic approaches, particularly in semen 
analysis and sperm selection for ART. Routine 
semen analysis remains the cornerstone of male in‐
fertility evaluation, yet its accuracy is constrained 
by inter‐observer variability and biological hetero‐
geneity. Computer‐aided sperm analysis (CASA) of‐
fers standardization, but its clinical translation is 
limited by poor reproducibility in morphology as‐
sessment and the need for costly, specialized equip‐
ment [18]. ML and DL models have expanded 
beyond CASA, achieving >90% accuracy in predict‐
ing abnormal sperm concentration using demo‐
graphic and lifestyle data; however, concerns 
remain about dataset bias, small cohort sizes, and 
limited generalizability [19]. CNNs, trained on 
video‐based datasets such as VISEM, have shown 
promise in characterizing motility and detecting 
subtle morphological abnormalities. However, the 
interpretability of CNNs is debated, as "black‐box" 
outputs challenge clinical trust and regulatory ap‐
proval [20]. AI has also advanced sperm selection 
in intracytoplasmic sperm injection (ICSI). Systems 
capable of detecting viable non‐motile sperm via 
nuclear integrity assessment offer non‐invasive al‐
ternatives to staining, though questions persist re‐
garding long‐term safety and reproducibility [21]. 
Moreover, predictive clustering algorithms linking 
DNA fragmentation with IVF outcomes highlight 

AI's ability to uncover hidden biological patterns. 
Still, controversy exists over whether DNA fragmen‐
tation itself is a causative factor or a correlational 
marker of infertility [22]. The study's limitations in‐
clude potential biases from manual training set 
classifications and reliance on CASA parameters, 
which may vary across different settings. Internal 
validation was conducted using repeated iterations 
and performance metrics like accuracy and preci‐
sion, but there is limited mention of external vali‐
dation on independent samples. Consequently, 
generalizability may be constrained by specific 
sample populations and CASA configurations. Fur‐
ther validation with diverse datasets is necessary 
to confirm the robustness and applicability of the 
CASAnova models across different laboratories and 
patient populations. Emerging algorithms integrate 
endocrine parameters, genetic data, and environ‐
mental exposures, achieving >95% predictive accu‐
racy in experimental cohorts. However, challenges 
of overfitting, limited multicentre validation, and 
ethical considerations around data privacy remain 
unresolved. Moving forward, clinically meaningful 
AI in male infertility will require harmonized 
datasets, transparent algorithms, and prospective 
validation trials to shift from proof‐of‐concept tools 
toward trusted clinical decision support. While AI 
applications in male infertility highlight the poten‐
tial of data‐driven personalization, similar chal‐
lenges extend to female reproductive medicine, 
particularly in optimizing ovarian stimulation pro‐
tocols. The transition from sperm selection to ovar‐
ian response prediction underscores the broader 
role of AI in addressing variability and improving 
treatment safety across both male and female infer‐
tility domains. 

 
AI in Ovarian Stimulation 
 
On insights from AI‐driven male infertility models, 
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researchers have begun to leverage comparable pre‐
dictive algorithms to tailor ovarian stimulation 
strategies, integrating hormonal, genetic, and clinical 
data for individualized care. This continuity high‐
lights how AI, beyond sperm evaluation, can be har‐
nessed to navigate the complexity of ovarian 
physiology, where heterogeneity poses similar diag‐
nostic and therapeutic challenges. Ovarian stimula‐
tion is central to ART, yet its optimization remains 
challenging due to patient heterogeneity and the in‐
herent unpredictability of ovarian response. Tradi‐
tional gonadotropin regimens often expose women 
to supraphysiological doses of follicle‐stimulating 
hormone (FSH), prolonging the “FSH window” and 
increasing the risk of OHSS. Recent ML approaches 
have advanced individualized dosing strategies by 
incorporating clinical parameters such as body 
weight, antral follicle count, and anti‐Müllerian hor‐
mone (AMH) [23]. Dose–response prediction mod‐
els, including gradient boosting and random forest 
algorithms, demonstrated that lower FSH dosing can 
achieve higher‐quality blastocysts and reduced treat‐
ment costs. However, external validation across di‐
verse populations is still limited. Controversy 
persists regarding the clinical utility of algorithm‐
based personalization: while some studies report 
improved live birth rates, others note only marginal 
benefits compared to conventional fixed protocols. 
Integration into clinical decision support systems 
(CDSS) offers dynamic, real‐time adjustments, but 
challenges include algorithm transparency, clinician 
trust, and risk of overfitting in smaller datasets. AI‐
driven oocyte and embryo assessment tools highlight 
further innovation. CNN‐based systems such as VIO‐
LET™ and MAGENTA™ outperform embryologists in 
predicting blastulation and live birth potential, yet 
reproducibility across clinics remains uncertain [24]. 
Similarly, OsteraTest™, which applies transcriptomic 
profiling integrated via multiple ML models, achieves 
86% accuracy for day‐5 blastocyst prediction [25]. 

Despite promising results, issues of data standardi‐
zation, bias from uneven training datasets, and the 
ethical implications of automated embryo selection 
demand scrutiny. Overall, AI holds transformative 
potential in tailoring ovarian stimulation and em‐
bryo selection, but its clinical adoption hinges on 
transparent validation, cross‐population repro‐
ducibility, and integration within ethical, patient‐cen‐
tered frameworks. Building on embryo‐focused 
applications, AI has also been increasingly employed 
in imaging‐based assessments of ovarian and en‐
dometrial physiology. These approaches provide a 
bridge between predictive embryo models and non‐
invasive reproductive diagnostics, highlighting AI’s 
broader role in improving clinical decision‐making 
across the entire IVF pipeline. 

 
AI in Gamete Assessment 
 
AI has shown particular promise in refining imag‐

ing modalities central to female reproductive assess‐
ment. By extending predictive modeling into 
ultrasound‐based evaluation, AI enables earlier, 
more standardized, and less subjective insights into 
ovarian reserve and endometrial receptivity. Ultra‐
sound (US) remains a cornerstone in assessing ovar‐
ian reserve and endometrial receptivity, with indices 
such as follicle number, stromal blood flow, endome‐
trial thickness, and curvature serving as predictors 
of implantation success and pregnancy. However, 
inter‐observer variability has long been a limitation 
in conventional imaging. AI‐based image analysis, 
particularly CNNs such as VGGNet‐16, has demon‐
strated improved reproducibility in classifying en‐
dometrial lesions, reducing subjectivity in 
interpretation [26]. Despite these advances, chal‐
lenges persist regarding dataset size, image quality, 
and generalizability across diverse populations. In 
hysteroscopic image analysis, AI‐driven diagnostic 
support has shown promise, though regulatory and 
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ethical considerations limit real‐world clinical inte‐
gration. Male infertility, accounting for nearly half of 
cases, presents additional complexity. Traditional 
semen analysis—focusing on sperm motility, mor‐
phology, and vitality—provides limited predictive 
power. Recent AI frameworks, including multilayer 
perceptron, decision trees, SVM, and hybrid SVM–
particle swarm optimization models, have achieved 
motility prediction accuracies of 73–76% and sperm 
concentration prediction of ~86% [27]. The studies 
primarily used internal validation through training 
and testing on subsets of their collected semen sam‐
ples, limiting external validation and generalizability. 
They did not explicitly mention cross‐validation with 
independent datasets, which could affect the robust‐
ness of the models. Consequently, the models' appli‐
cability to broader populations remains uncertain, 
as factors like demographic variability and different 
laboratory protocols were not addressed. The lim‐
ited sample size and lack of external validation con‐
strain the findings' generalizability, highlighting the 
need for further studies with diverse, larger datasets 

and external validation to confirm the models' effec‐
tiveness in varied clinical settings. Algorithmic bias 
arising from heterogeneous sample preparation and 
the underrepresentation of certain populations re‐
mains a concern. Advances in integrating biochemi‐
cal markers (fructose, β‐glucosidase, zinc) and 
lifestyle parameters into ANN‐based models high‐
light the potential of multimodal approaches, though 
reproducibility across laboratories requires further 
validation. In ovarian stimulation, AI models now as‐
sist in optimizing gonadotropin dosing and trigger 
day selection, with ensemble learning strategies im‐
proving prediction of oocyte yield and ovarian hy‐
perstimulation syndrome (OHSS) risk [28]. While 
these decision‐support tools promise individualized 
treatment, controversies remain regarding clinical 
accountability, transparency of algorithmic deci‐
sions, and balancing automation with physician ex‐
pertise. Moving forward, interpretability‐focused AI 
and federated learning frameworks may address 
these gaps, fostering robust, equitable integration of 
AI into reproductive medicine. Beyond diagnostic de‐
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Figure 1. AI in Gamete Assessment.



cision‐support, AI integration has also extended into 
interventional domains of reproductive medicine, 
where precision, consistency, and real‐time adapt‐
ability are critical. One of the most visible areas of 
this shift is in surgical practice, where AI‐enabled 
technologies complement minimally invasive and ro‐
botic‐assisted procedures (Figure 1). 

 
Robots and AI in surgery 
 
AI‐assisted decision‐making in surgical innova‐

tions has increasingly embraced digital technologies 
to improve procedural outcomes. In this context, 
minimally invasive surgery (MIS) represents not only 
a technological leap in gynecology but also a plat‐
form where AI‐driven analytics and robotic systems 
converge to enhance safety and precision. MIS has 
transformed gynecological practice by reducing mor‐
bidity, enhancing recovery, and improving cosmetic 
outcomes through high‐resolution imaging and 
micro‐instrumentation (Diana & Marescaux, 2015) 
[29]. The subsequent evolution—robotic‐assisted 
surgery—has addressed several limitations of la‐
paroscopy, including surgeon ergonomics, dexterity, 
and three‐dimensional visualization (Lonnerfors, 
2018) [30]. In gynaecology, robotic myomectomy has 
shown advantages such as reduced blood loss, 
shorter hospitalization, and faster convalescence 
[31,32]. However, the evidence remains inconsistent, 
with some studies reporting prolonged operative 
times and equivalent complication rates compared 
to conventional laparoscopy [33], raising debates re‐
garding its cost‐effectiveness and true incremental 
benefit. Beyond surgical ergonomics, the integration 
of AI‐driven algorithms into robotic systems marks 
a paradigm shift. Machine vision and haptic feedback 
systems are under development to assist in differen‐
tiating tissue planes, predicting blood loss, and opti‐
mizing suture placement. Early adaptive algorithms 
have been piloted for automating certain repetitive 

steps, such as knot tying, which could reduce opera‐
tor fatigue and improve standardization [34]. Con‐
troversies persist regarding the ethical implications 
of automation in procedures with direct fertility out‐
comes, such as adenomyomectomy and deep‐infil‐
trating endometriosis resections, where long‐term 
reproductive benefits remain poorly quantified. Re‐
cent innovations such as robotic laparoendoscopic 
single‐site (LESS) surgery aim to minimize scarring. 
However, technical challenges—including instru‐
ment crowding, reduced triangulation, and limited 
tactile feedback—remain significant barriers (Park 
et al., 2019) [35]. Addressing these will require syn‐
ergistic advances in AI‐assisted navigation, real‐time 
imaging analysis, and machine learning algorithms 
capable of intraoperative decision support. Thus, 
while robotics and AI hold transformative potential, 
current applications reflect a delicate balance be‐
tween technological promise, clinical evidence, and 
unresolved controversies. The scope of AI in repro‐
ductive medicine extends into the diagnostic and 
prognostic domains. These advances are particularly 
relevant when addressing complex clinical scenarios 
where traditional evaluation provides limited guid‐
ance, such as unexplained or idiopathic infertility. 

 
AI in Idiopathic Reproductive Disorders 
 
Extending from the challenges encountered in 

surgical and intraoperative settings, the application 
of AI in infertility assessment underscores its 
broader relevance across the reproductive domain. 
This is particularly significant in cases of idiopathic 
infertility, where conventional diagnostic approaches 
frequently lack conclusive outcomes, thereby neces‐
sitating data‐driven methodologies for more precise 
patient stratification. Idiopathic infertility, where no 
definitive medical cause is identifiable, remains one 
of the most perplexing challenges in reproductive 
medicine. While lifestyle and metabolic risk factors 
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such as obesity and metabolic syndrome are known 
to impair outcomes in ART, predicting treatment suc‐
cess in idiopathic cases is particularly difficult. Re‐
cent efforts have explored AI‐based models capable 
of stratifying patients by fertility potential. For exam‐
ple, a machine learning framework combining prin‐
cipal component analysis (PCA) and orthogonal 
partial least squares–discriminant analysis (OPLS‐
DA) was shown to differentiate between fertile and 
infertile couples using bioclinical characteristics 
[36]. Supplementary classifiers—including logistic 
regression, decision trees, SVMs, and k‐nearest 
neighbours—were benchmarked in Python‐based 
pipelines, highlighting variability in model inter‐
pretability and robustness. However, controversies 
persist. While SVMs and ensemble methods often 
outperform simpler classifiers, they are criticized for 
limited interpretability—a major obstacle in clinical 
adoption where transparency is essential [37]. Sim‐
ilarly, algorithmic performance is dataset‐depen‐
dent; models trained on small or homogeneous 
cohorts risk poor generalizability across diverse 
populations. Another unresolved challenge is the ab‐
sence of randomized controlled trials (RCTs) validat‐
ing AI‐guided decision‐making in idiopathic 
infertility, raising questions about clinical readiness, 
beyond technical considerations, ethical and regula‐
tory dimensions complicate integration. European 
regulatory frameworks emphasize explainable and 
human‐centered AI, aligning with WHO guidance on 
safeguarding patient autonomy, informed consent, 
and privacy [38]. Striking a balance between maxi‐
mizing predictive accuracy and ensuring algorithmic 
fairness remains a key debate. Future research must 
therefore not only refine predictive modelling but 
also address interoperability, transparency, and pa‐
tient trust—ensuring AI augments, rather than re‐
places, reproductive decision‐making. This need for 
fairness and transparency becomes even more 
pressing when evaluating AI tools that are being 

adopted in real‐world clinical settings. The type of 
platform—whether developed internally within clin‐
ics or delivered as commercial solutions—directly 
influences the degree of oversight, adaptability, and 
trust that stakeholders can place in these systems. 

 
Computational Methods in AI 
 
In light of these considerations, the integration of 

AI into assisted reproduction is influenced not only 
by the accuracy of the algorithms but also by the 
technological delivery models through which they 
are deployed. The contrast between proprietary in‐
house systems and commercial platforms under‐
scores broader discussions surrounding control, 
adaptability, and accountability in clinical implemen‐
tation. IVF clinics increasingly rely on two broad cat‐
egories of AI systems: proprietary in‐house solutions 
and commercially available platforms. While smaller 
centers often prefer cloud‐based technologies for 
their scalability, this introduces concerns regarding 
data privacy, interoperability, and standardization 
across heterogeneous clinical practices [39]. Algo‐
rithmic performance is highly contingent on the 
training dataset: CNNs have shown promise in em‐
bryo image analysis, yet their “black‐box” nature 
raises concerns about interpretability and clinician 
trust [40]. Explainable AI (XAI) methods—such as 
saliency mapping and attention mechanisms are 
now being explored to address this issue, though 
they remain imperfect. Similarly, reinforcement 
learning has been applied in optimizing ovarian 
stimulation protocols, but questions remain about 
its reproducibility across populations with variable 
clinical characteristics [41]. Beyond performance 
metrics (e.g., AUC, MCC, F1‐score), ethical and regu‐
latory debates continue regarding algorithmic bias, 
particularly when maternal age or ethnicity dispro‐
portionately influence predictions [42]. Automated 
annotation pipelines may reduce subjectivity, yet 
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their stability remains vulnerable to noise in imaging 
and temporal data streams. Integration of multi‐
modal inputs—combining tabular records, imaging, 
genomics, and time‐lapse videos—marks a major ad‐
vancement, but poses validation challenges across 
diverse populations. Importantly, cost and infra‐
structure remain significant barriers, particularly in 
low‐resource settings, where AI could otherwise pro‐
vide the greatest benefit. Overall, AI in reproductive 
medicine must move beyond proof‐of‐concept accu‐
racy claims toward robust, explainable, and ethically 
governed clinical tools. This requires longitudinal 
validation, transparent reporting of algorithm de‐
sign, and stakeholder collaboration to ensure reli‐
able, equitable, and scalable integration into IVF 
workflows. An equally important consideration is 
whether these AI models can sustain their reported 
performance when applied beyond controlled re‐
search settings. This naturally leads to the broader 
challenge of model generalizability and adaptability 
in diverse clinical contexts. 

 
Ethical Considerations 
 
Building on this concern, the issue of generaliz‐

ability becomes central to evaluating the true clinical 
utility of AI systems in reproductive medicine. A crit‐
ical question that arises concerns the generalizability 
of these models—specifically, how effectively they 
can apply to novel datasets not represented in earlier 
repositories. Moreover, the mere application of so‐
phisticated AI algorithms does not guarantee opti‐
mal solutions, as standardized guidelines for 
adjusting algorithmic parameters remain limited. 
Within the domain of medical ethics, patient safety 
must remain the paramount consideration in the de‐
velopment of AI. Accordingly, AI systems should be 
designed to demonstrate robustness, transparency, 
verifiability, and reliability, ensuring both clinical 
utility and ethical integrity. ML algorithms necessi‐

tate extensive datasets, yet regulatory frameworks 
governing their use exhibit significant variability 
across countries and regions, particularly regarding 
the protection of patient information. At present, the 
evidence base supporting the application of AI in RM 
remains limited, with a scarcity of randomized con‐
trolled trials. Emerging consensus suggests that AI 
models intended for RM must prioritize inter‐
pretability and rigorous oversight to ensure safe and 
effective clinical deployment [43]. 

Furthermore, technical challenges persist, includ‐
ing the lack of standardization and interoperability 
among medical information technology systems. Ad‐
dressing these barriers is essential to accelerate the 
responsible integration and development of AI‐dri‐
ven solutions in European healthcare. The overarch‐
ing objective is to position Europe as a global leader 
in the development and deployment of ethical, 
human‐centered AI systems—specifically, technolo‐
gies designed to augment and enhance human capa‐
bilities rather than supplant them. The WHO report 
provides recommendations grounded in fundamen‐
tal ethical principles, emphasizing that individuals 
must retain authority over their personal healthcare 
decisions and systems. Central to these recommen‐
dations is the safeguarding of privacy and confiden‐
tiality, alongside the requirement that patients 
provide genuine informed consent consistent with 
rigorous data protection standards. Furthermore, it 
is imperative to examine the sociocultural and an‐
thropological factors that influence human interac‐
tion with and trust in AI technologies, thereby 
fostering systems that are congruent with human be‐
havior and societal norms.  

 
Future Perspectives 
 
The advancement of AI has been significantly ac‐

celerated by the availability of large, publicly acces‐
sible datasets, which provide high‐quality training 
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data for machine learning models. AI enables clini‐
cians to collect, process, and analyze complex 
datasets in previously unattainable ways, thereby en‐
hancing decision‐making in ART, including the selec‐
tion of optimal embryos and sperm. The integration 
of big data analytics offers the potential to derive ro‐
bust, evidence‐based insights from complex biologi‐
cal patterns. As these databases continue to expand 
and evolve, reproductive medicine is poised to expe‐
rience substantial progress. Comprehensive data 
analysis facilitates the extraction of actionable 
knowledge, and the performance of AI systems can 
be further augmented when combined with comple‐
mentary computational approaches, such as ma‐
chine learning, provided that high‐quality data 
collection, integration, and interpretation are en‐
sured. The future of AI in reproductive medicine de‐
pends on moving from conceptual promise to 
clinically testable hypotheses supported by rigorous 
validation. For embryo selection, CNN models 
trained on standardized, multi‐centre datasets may 
outperform embryologists in predicting implanta‐
tion potential, which can be tested through random‐
ized controlled trials comparing AI‐assisted versus 
conventional selection. In male infertility, hybrid AI 
models (e.g., SVM with deep learning) could achieve 
higher accuracy in assessing sperm motility and 
morphology, requiring prospective validation across 
diverse laboratories and demographics. For ovarian 
stimulation, reinforcement learning–based dosing al‐
gorithms are hypothesized to reduce OHSS incidence 
without compromising oocyte yield, a claim testable 
through clinical trials of AI‐guided versus physician‐
guided dosing. Idiopathic infertility may be approach 
by integrative big data combining genomics, imaging, 
and clinical records to identify novel biomarkers, 
which can be validated in longitudinal cohort studies 
with AI‐driven feature extraction. In reproductive 
surgery, AI‐augmented robotic systems are predicted 
to shorten operative time and reduce complication 

rates, a hypothesis suitable for comparative effective‐
ness studies against current robotic techniques. Col‐
lectively, these testable directions underscore the 
importance of building large‐scale harmonized 
datasets, applying NLP and DL for knowledge extrac‐
tion, and embedding AI‐driven decision‐support sys‐
tems into clinical workflows in a safe, reproducible, 
and equitable manner. 

 
Conclusion 
 
AI is redefining the landscape of reproductive 

medicine by offering tools that enhance embryo se‐
lection, personalize ovarian stimulation, and im‐
prove surgical precision. Its integration into ART 
promises to reduce subjectivity, accelerate diagnosis, 
and deliver more individualized treatment strategies. 
However, the transition from experimental applica‐
tions to clinical practice is far from straightforward. 
A central challenge lies in ensuring generalizability 
and fairness. Models trained on homogeneous 
datasets risk perpetuating bias when applied across 
diverse populations. The demand for explainable AI 
underscores the need to bridge algorithmic perform‐
ance with clinical interpretability, thereby strength‐
ening clinician and patient trust. 

Furthermore, financial and infrastructural barri‐
ers may restrict adoption in low‐resource settings, 
amplifying existing disparities in access to fertility 
care. Looking forward, research should move beyond 
proof‐of‐concept studies to large‐scale, longitudinal 
validations across varied demographics. Priorities 
include developing standardized evaluation metrics, 
refining multimodal integration approaches, and es‐
tablishing clear regulatory and ethical frameworks. 
Interdisciplinary collaboration—uniting clinicians, 
data scientists, ethicists, and policymakers—will be 
essential to ensuring that AI systems are not only 
technically robust but also ethically responsible and 
globally accessible. With careful governance, AI has 
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the potential to transition from a supplementary tool 
into a core enabler of precision reproductive medi‐
cine. 
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