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Abstract 

Background: Embryo selection is critical to IVF success. 

Traditional morphological assessment is limited by subjectivity. AI 

and deep learning offer a paradigm shift towards objective, data-

driven embryo viability analysis. 

Objective: To provide a critical synthesis of the application of 

Artificial Intelligence (AI) in embryo selection for in vitro 

fertilization (IVF), focusing on its evolution, clinical evidence, and 

implementation challenges. 

Methods: A narrative review and critical appraisal of the literature 

was conducted, examining the technological foundations of AI, its 

comparative performance against embryologists, and the transition 

from retrospective validation to prospective clinical trials. 

Results: AI models demonstrate superior or non-inferior 

performance compared to embryologists in predicting key 

developmental outcomes. Major challenges to clinical adoption 

include the "black box" problem, data bias affecting generalizability, 

and evolving regulatory frameworks. The role of the embryologist is 

consequently evolving towards that of an AI-augmented curator. 

Conclusion: AI is a validated and transformative tool in modern 

embryology. Its responsible integration into mainstream IVF 

practice requires robust clinical validation through multi-center 

trials, the development of explainable AI, and clear ethical 

guidelines to ensure it augments clinical expertise. 

Keywords: Artificial Intelligence, Deep Learning, Embryo 

Selection, In Vitro Fertilization, Time-Lapse Imaging, 

Convolutional Neural Networks 

I. INTRODUCTION  

The primary objective of in vitro fertilization (IVF) is the 
birth of a healthy singleton infant. Central to this goal is 
selecting the single embryo with the highest intrinsic potential 
for implantation and live birth. (1) For decades, selection has 
relied on visual assessment of embryonic morphology—from 
static grading systems to dynamic time-lapse microscopy 
(TLM) evaluating morphokinetic parameters. (2, 3) However, 
these conventional methods face inherent limitations. Static 
morphology is vulnerable to inter-observer variability, while 
TLM's manual annotation of morphokinetic timings remains 
subjective.(4) Large randomized trials have questioned TLM's 
added value for predicting live birth over standard 
morphology.(5) Crucially, both approaches depend on human 
experts identifying predefined features, potentially 
overlooking subtle, complex patterns determinative of 
embryonic fate.(6) Artificial Intelligence (AI), particularly 
deep learning (DL), emerges as a disruptive solution. DL 
algorithms, such as convolutional neural networks (CNNs), 
autonomously learn discriminative features directly from raw 
embryo images or videos, bypassing human bias. (7) This 
enables holistic analysis of nuanced morphological textures 
and dynamic temporal patterns. Early proof-of-concept studies 
demonstrate AI models can predict blastocyst formation and 
outperform embryologists in ranking embryos for implantation 
likelihood. (8) Nevertheless, AI's transition from research tool 
to clinical cornerstone faces significant hurdles. The "black 
box" nature of complex DL models raises concerns regarding 
interpretability and trust. Performance in retrospective, single-
center studies does not guarantee generalizability across 
diverse populations and laboratory protocols.(9) Ultimately, 
efficacy must be proven through rigorous, multicenter 
randomized controlled trials (RCTs) with live birth 
endpoints.(10) We posit that while AI holds immense promise 
to revolutionize embryo selection, its successful integration 
hinges on demonstrating: (i) robust generalizability across 
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clinical settings; (ii) proven utility in enhancing live birth 
rates; and (iii) establishment of a transparent governance 
framework addressing ethical and regulatory concerns. This 
review critically appraises the current evidence for AI in 
embryo selection, explores technical and clinical hurdles, and 
proposes a pathway for its responsible integration into 
reproductive medicine. 

 

II. TECHNOLOGICAL FOUNDATIONS OF 

EMBRYO ASSESSMENT AI 

The integration of Artificial Intelligence (AI) into embryo 
assessment marks a shift from subjective, human-defined 
criteria to objective, data-driven analysis. This revolution is 
powered by machine learning (ML), particularly deep learning 
(DL), which now dominates the field. (11) 

A.  From Hand-Crafted Features to Automated 

Representation Learning 

Traditional ML relies on hand-crafted features based on 
established morphological grading systems or key 
morphokinetic parameters. (12) Algorithms like support 
vector machines are then trained on these pre-selected 
datasets. This approach is constrained by human knowledge 
and bias, potentially missing subtle, complex visual patterns. 
(13) 

In contrast, Deep Learning (DL), specifically 
Convolutional Neural Networks (CNNs), automates feature 
extraction. A CNN processes raw pixel data through multiple 
layers that hierarchically learn increasingly complex 
features—from simple edges to complex structures like cell 
boundaries and spatial organization. (14) The model 
autonomously discovers the most predictive features of 
developmental potential, often identifying imperceptible 
patterns. (15) 

B.  Architectural Foundations: CNNs, RNNs, and 

Multimodal Integration 

Convolutional Neural Networks (CNNs) excel at 
analyzing static images. Through convolutional layers (feature 
detection), pooling layers (dimensionality reduction), and fully 
connected layers (prediction), CNNs learn to correlate visual 
motifs with outcomes. Studies like kalyani et al. (2024) 
leveraged CNNs to predict blastocyst formation and 
implantation, demonstrating superior performance to 
embryologists. (16) 

Recurrent Neural Networks (RNNs) and Long Short-Term 
Memory (LSTM) networks process sequential data like time-
lapse videos. Their internal "memory" allows information to 
persist, learning temporal dependencies between 
developmental events. This provides a more holistic 
assessment than any single snapshot. (17) 

Multimodal AI represents the cutting edge, integrating 
diverse data streams to create a comprehensive viability score. 

(18) This approach fuses image data with clinical parameters 
(e.g., maternal age, AMH) and genetic data (e.g., PGT-A 
results). By learning complex interactions, multimodal AI 
aims to move from selecting a "good embryo" to the "right 
embryo for this specific patient."(19) (Table 1) 

 

III. A CRITICAL APPRAISAL OF THE CLINICAL 

EVIDENCE 

The validation of AI for embryo selection has progressed 
through a hierarchical pathway from feasibility studies to 
comparative analyses and, finally, prospective trials. (20) 

A.  Proof-of-Concept and Predictive Accuracy 

Foundational work established that DL models can 
automate grading and identify sub-visual patterns predictive of 
development. The landmark study by VerMilyea et al. (2020) 
demonstrated a DL model (Stork®) significantly 
outperformed embryologists in predicting blastocyst formation 
and clinical pregnancy. (21) Concurrently, Diakiw et al. 
(2022) showed a model could predict live birth from a single 
static blastocyst image, outperforming conventional grading. 
(22) 

B.  Comparative Performance: AI vs. Embryologists 

Subsequent research directly compared AI-based selection 
to embryologist selection. Diakiw et al. (2022) expanded AI's 
scope, demonstrating a model could correlate blastocyst 
morphology with ploidy status (AUC: 0.68), suggesting a non-
invasive correlate to PGT-A. (22) Salih et al. (2022) reported 
in a systematic review analysis that their AI model's 
recommendations offered a significant relative increase in 
implantation potential compared to historical embryologist 
selections. (23) 

C.  The Advent of Prospective Randomized Controlled 

Trials 

Prospective RCTs provide the highest level of evidence for 
clinical efficacy. A pivotal multicenter, double-blinded RCT 
by Lång et al. (2023) demonstrated non-inferiority of AI 
selection versus standard morphological assessment for 
ongoing pregnancy rate. (24) This confirms AI can be safely 
integrated without compromising outcomes. However, the 
critical question of superiority in live birth rates remains to be 
conclusively demonstrated by larger, appropriately powered 
trials. (25) 

 

IV. IMPLEMENTATION CHALLENGES: FROM 

BENCH TO BEDSIDE 

Translating AI's promising performance into routine 
clinical practice requires overcoming significant technical and 
practical hurdles. 
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A. The "Black Box" Problem and Explainable AI (XAI) 

The lack of interpretability in complex DL models creates 
a crisis of confidence for clinicians who must justify embryo 
selection based on an unexplainable decision. The field is 
addressing this through Explainable AI (XAI) techniques like 
Gradient-weighted Class Activation Mapping (Grad-CAM), 
which generates heatmaps to highlight image regions 
influential in the model's prediction. (26) XAI is crucial for 
building trust and may uncover novel biomarkers of viability. 

B. Data Bias and Generalizability 

A model's performance is intrinsically linked to its training 
data. Significant inter-clinic heterogeneity in patient 
populations, laboratory protocols, and equipment can cause 
"model drift," where performance plummets in new 
environments. (27) External validation on diverse, multi-
center datasets is a clinical necessity to ensure robustness and 
generalizability. 

C. Regulatory Pathways and Workflow Integration 

AI-based tools are classified as Software as a Medical 
Device (SaMD) by regulatory bodies like the FDA, requiring 
demonstration of safety, effectiveness, and clinical utility 
through prospective RCTs. (28) Furthermore, the optimal 
integration into the embryology lab—as an autonomous 
selector or a decision-support tool—remains defined. The 
"human-in-the-loop" model, where AI augments rather than 
replaces the embryologist, is likely the most prudent path 
forward, mitigating automation bias and leveraging the 
strengths of both. (29) 

 

V. FUTURE DIRECTIONS AND ETHICAL 

CONSIDERATIONS 

The integration of AI will fundamentally reshape the 
embryology laboratory, necessitating evolution in professional 
roles and ethical frameworks. 

A.  The Evolving Role of the Embryologist 

The embryologist will transition from primary scorer to 
"AI Curator," responsible for overseeing system performance, 
handling complex edge cases, and integrating AI output with 
broader clinical context. (23) This evolution demands new 
training curricula encompassing data literacy and AI 
fundamentals. 

B.  Standardization and Ethical Imperatives 

AI promises unprecedented standardization through 
objective, quantifiable viability scores, potentially eliminating 
the subjectivity of current grading systems. However, this 
raises critical ethical questions regarding: 

 Accountability: Defining liability between 
clinicians, embryologists, and software 
companies in case of error. 

 Equity: Ensuring high-cost AI tools do not 
exacerbate healthcare disparities and that 
algorithms are trained on diverse datasets to 
prevent biased performance. 

 Data Privacy: Securing vast repositories of 
sensitive embryonic images and obtaining 
explicit patient consent for their use in algorithm 
training. (30) (Table 2) 

 

VI.    CONCLUSION AND FUTURE PERSPECTIVES 

Artificial Intelligence has unequivocally transitioned from 
a speculative technology to a tangible clinical tool in 
embryology. Its capacity for objective, data-driven assessment 
marks a paradigm shift from traditional methods. The most 
impactful future lies in the strategic augmentation of human 
expertise, creating a collaborative environment where 
embryologists function as AI-curated decision-makers. (31) 

To realize this potential, we issue a call to action for: 

1. Large, diverse, multi-center RCTs with live birth 
primary endpoints to conclusively demonstrate 
superiority and generalizability. 

2. Standardized reporting guidelines for AI studies 
in ART, mandating transparency in data, 
methods, and performance metrics. 

3. Interdisciplinary collaboration to develop 
Explainable AI (XAI), establish clear regulatory 
pathways, and address ethical concerns around 
equity and privacy. 

The collective challenge is to shepherd AI's integration 
with scientific rigor and ethical foresight, ensuring this 
powerful technology enhances, rather than replaces, the 
human expertise central to patient-centered reproductive care. 
(32) (Table 3) 

In conclusion, AI stands as a powerful and inevitable force 
poised to redefine the standards of embryo selection. Our 
collective challenge is no longer to prove its technical 
feasibility, but to shepherd its integration with scientific rigor, 
ethical foresight, and a unwavering commitment to the 
principle that technology should enhance, not replace, the 
human expertise and compassionate care at the heart of 
patient-centered reproductive medicine. The future of 
embryology is not algorithmic but augmented, promising a 
new era of precision and improved outcomes for patients 
worldwide. 
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Table 1: Comparative Analysis of Embryo Assessment 
Methodologies 

Feature Conventional 

Morphology 

Time-Lapse 

Morphokinetics 

AI/Deep 

Learning 

Primary 

Basis 

Static snapshots 

at specific 

timepoints 

Dynamic, 

continuous 

observation 

Dynamic, 

continuous & 

holistic analysis 

Key 

Parameters 

Cell number, 
symmetry, 

fragmentation, 

blastocyst grade 

t2, t3, tB, cc2, 
s2 (standard 

morphokinetic 

timings) 

Automatically 

extracted 

complex features 
(textures, patterns, 

temporal 

relationships) 

Subjectivity High (inter- and 
intra-observer 

variability) 

Moderate 
(subjective 

annotation of 

timings) 

Low (fully 

automated, 

objective 

scoring) 

Primary 

Output 

Categorical grade 
(e.g., "4AA", 

"Fair") 

Categorical 
grade or semi-

quantitative 

score (e.g., 
KIDScore) 

Continuous, 

quantitative 

viability score 
(e.g., 0.92 
probability of 

blastulation) 

Data 

Integration 

Limited to visual 
morphology 

Limited to 
morphokinetics 

and 

morphology 

Multimodal 

potential (images, 

kinetics, clinical 

data, genetics) 

Key 

Limitation 

Static, subjective, 

low predictive 

ceiling 

Dependent on 

manual 

annotation, 
debated added 

value 

"Black box" 

nature, data 

bias, requires 

extensive 

validation 

 

Table 2: Roadmap for Clinical Implementation: 
Challenges and Required Actions 

Domain Specific Challenge Recommended Action & 

Future Direction 

Technical 

Validation & 

Generalizability 

• "Black box" problem 
undermines trust. 

• Performance drops due 

to data bias (patient 
population, lab 

protocols, equipment). 

• Mandate Explainable 

AI (XAI) techniques (e.g., 

Grad-CAM) in all clinical 

systems. 
• Require external 

validation on multi-

center, diverse datasets 
as a prerequisite for 

clinical use. 

Clinical 

Evidence & 

Regulation 

• Level of evidence 
varies; need for RCTs 

with LBR endpoints. 

• Regulatory pathway 
for SaMD is complex, 

especially for adaptive 

algorithms. 

• Conduct large, multi-

center RCTs with live 

birth as the primary 

endpoint to prove 
superiority. 

• Develop novel 

regulatory frameworks 
for "locked" vs. 

"adaptive" AI models in 

collaboration with 
agencies (FDA, EMA). 

Workflow 

Integration & 

Expertise 

• Unclear role: 

autonomous selector vs. 

decision-support tool. 
• Risk of automation 

• Adopt a "human-in-

the-loop" decision-

support model initially. 
• Redefine embryologist 

bias. 
• Embryologist skill set 

gap. 

training to include data 
literacy, AI oversight, and 

curation skills. 

Ethics & Equity • Ambiguity in 

accountability and 
liability. 

• High cost may limit 

access and exacerbate 
disparities. 

• Privacy concerns over 

embryonic image data. 

• Establish clear legal 

and ethical guidelines on 
liability (clinician vs. 

company). 

• Fund research on cost-

effectiveness and develop 

equitable access models. 

• Implement granular 

patient consent and 

robust data security 

protocols. 

 

 

Table 3: Glossary of Key AI Terminology for the 
Reproductive Medicine Specialist 

Term Definition Relevance to 

Embryology 

Artificial 

Intelligence 

(AI) 

A broad field of computer 

science focused on creating 

machines capable of 
performing tasks that 

typically require human 
intelligence. 

The overarching domain 

encompassing all 

automated embryo 
assessment tools. 

Machine 

Learning (ML) 

A subset of AI that uses 

algorithms to parse data, 

learn from it, and make a 
determination or prediction. 

The core methodology 

behind most modern 

embryo selection 
algorithms. 

Deep Learning 

(DL) 

A subset of ML that uses 

multi-layered neural 
networks to learn from vast 

amounts of data. 

The specific, powerful 

technique that allows 
algorithms to learn 

features directly from 

embryo images without 
human instruction. 

Convolutional 

Neural 

Network 

(CNN) 

A class of deep neural 

networks most commonly 

applied to analyzing visual 
imagery. 

The standard "engine" 

for analyzing static 

embryo images (Day 3, 
blastocyst). 

Recurrent 

Neural 

Network 

(RNN/LSTM) 

A class of neural networks 

designed for sequential data, 
where context from 

previous inputs is important. 

The ideal architecture for 

analyzing time-lapse 

videos, as it can learn 

from the embryo's entire 

developmental history. 

Explainable AI 

(XAI) 

Methods and techniques that 
make the output of AI 

models understandable to 

humans. 

Crucial for building 
clinical trust; techniques 

like heatmaps show 

which parts of an embryo 

the AI used for its 

decision. 
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