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A B S T R A C T 

Background: Controlled ovarian stimulation (COS) is a critical component of 
assisted reproductive technology (ART), yet ovarian response remains highly 
heterogeneous despite the use of established biomarkers such as anti-
Müllerian hormone (AMH) and antral follicle count (AFC). Artificial intelligence 
(AI), particularly machine learning (ML), has emerged as a potential decision-
support technology for individualized gonadotropin dosing, prediction of 
oocyte yield, optimization of trigger timing, and selection of stimulation 
protocols. This systematic review synthesized current evidence concerning the 
clinical effectiveness, safety, and translational readiness of AI-guided 
personalized ovarian stimulation. 
Methods: Published studies evaluating AI, ML, or algorithm-based 
personalization of ovarian stimulation in IVF/ICSI considered, with particular 
emphasis on gonadotropin starting-dose selection, mature oocyte prediction, 
trigger timing, ovarian response, live birth, clinical pregnancy, cycle 
cancellation, gonadotropin consumption, and ovarian hyperstimulation 
syndrome (OHSS). Evidence from randomized controlled trials (RCTs), 
prospective clinical studies, retrospective validation studies, systematic 
reviews, and relevant clinical guidelines synthesized narratively. Prediction-
model quality and applicability considered using principles derived from 
PROBAST and emerging PROBAST+AI recommendations. 
Results: AI models demonstrated promising predictive performance for 
ovarian response, total and mature oocyte yield, and trigger-day selection. 
Prospective clinical evidence remains limited. A multicenter prospective study 
involving 291 AI-assisted cycles reported 12.20 versus 11.24 MII oocytes and 
16.01 versus 14.54 retrieved oocytes compared with historical controls, while 
total FSH exposure was 3671.95 versus 3846.29 IU; none of these differences 
reached statistical significance. Conventional individualized dosing trials 
demonstrated that reducing FSH in predicted hyper-responders reduced any-
grade OHSS without reducing cumulative live birth, whereas increasing FSH in 
predicted poor responders did not improve cumulative live birth. 
Conclusions: AI-guided ovarian stimulation is clinically promising but remains 
insufficiently validated for routine autonomous clinical decision-making. 
Current evidence supports AI primarily as a clinician-supervised decision-
support technology. Large, prospective, externally validated, randomized trials 
incorporating live birth and safety outcomes are required before widespread 
implementation. 
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Introduction 
Controlled ovarian stimulation (COS) represents 

one of the most consequential stages of in vitro 

fertilization (IVF) and intracytoplasmic sperm 

injection (ICSI) [1-4]. The principal objective of 

COS is to recruit an appropriate cohort of follicles 

and obtain an adequate number of mature oocytes 

while minimizing excessive ovarian response, cycle 

cancellation, medication burden, and ovarian 

hyperstimulation syndrome (OHSS). Although 

ovarian stimulation protocols have become 

increasingly standardized, substantial 

interindividual variability remains. Patients 

receiving identical gonadotropin doses can exhibit 

markedly different follicular responses, 

demonstrating that a fixed-dose strategy cannot fully 

capture the biological complexity of ovarian 

response [5-7]. 

Individualization of ovarian stimulation has 

therefore become a central concept in modern 

reproductive medicine. AMH and AFC are among 

the most established biomarkers for predicting 

ovarian response, while age, body mass index 

(BMI), previous ovarian response, infertility 

diagnosis, baseline endocrine characteristics, and 

treatment history may provide additional 

information [8-11]. Current European Society of 

Human Reproduction and Embryology (ESHRE) 

recommendations emphasize that the initial 

gonadotropin dose should be appropriately selected 

according to patient characteristics and predicted 

ovarian response rather than relying on 

indiscriminate mid-stimulation dose modifications 

(European Society of Human Reproduction and 

Embryology [ESHRE] Guideline Group,2026) [12]. 

Traditional approaches to personalization, however, 

have important limitations. AMH and AFC 

primarily describe ovarian reserve and expected 

quantitative response; they do not completely 

capture the multidimensional biological 

determinants of stimulation response. Furthermore, 

clinicians frequently integrate multiple variables 

simultaneously, often using implicit clinical 

experience rather than a reproducible quantitative 

framework. This creates opportunities for 

computational models capable of integrating large 

numbers of predictors and identifying nonlinear 

relationships between patient characteristics, 

treatment exposure, and outcomes [13-16]. 

Artificial intelligence has consequently attracted 

increasing attention in reproductive medicine. AI 

refers to computational systems capable of 

performing tasks that traditionally require aspects of 

human cognitive function, while ML represents a 

subset of AI in which algorithms learn statistical 

relationships from data [17-19].  

In ART, these approaches have been studied for 

embryo assessment, sperm analysis, live-birth 

prediction, ovarian response prediction, stimulation 

protocol selection, gonadotropin dose selection, and 

trigger timing [20-22]. 

The rationale for AI-guided ovarian stimulation is 

particularly strong because COS generates 

longitudinal and multidimensional data. Before 

stimulation, patient age, BMI, AMH, AFC, previous 

IVF response, infertility diagnosis, and other 

characteristics combined to estimate the expected 

ovarian response. During stimulation, ultrasound 

follicle measurements, serum estradiol, 

progesterone, luteinizing hormone, gonadotropin 

exposure, and follicular growth trajectories provide 

additional information. An AI system may 

theoretically integrate these variables dynamically 

and estimate the probability of obtaining a target 

number of mature oocytes or developing an 

excessive response [23]. 

Early AI research has focused primarily on 

prediction rather than treatment allocation. For 

example, ML models have developed to predict 

mature oocyte yield and trigger day from baseline or 

early-cycle information. A multicenter retrospective 

study involving 56,490 ovarian stimulation cycles 

developed and clinically validated models for MII-

oocyte yield and trigger timing, suggesting that AI 

may provide clinically relevant predictions early in 

the stimulation cycle (Villaverde et al.,2024). 

Recent systematic evidence similarly indicates that 

ML-based prediction of oocyte yield is promising 

but remains at an early stage because external 

validation and standardized reporting are limited 

(2025) [24]. 

The distinction between prediction and intervention 

is essential. A model may accurately predict that a 

patient will produce a certain number of oocytes 

without demonstrating that using this prediction to 

select the gonadotropin dose improves patient 

outcomes. Clinical utility requires evidence that AI-

guided decisions improve meaningful endpoints 

such as cumulative live birth, reduce OHSS, reduce 

medication exposure, decrease cancellation rates, or 

improve treatment efficiency without introducing 

new harms [25]. 

This distinction is particularly important because 

conventional individualized FSH dosing has 

produced mixed results. In predicted poor 

responders, increasing FSH to 225 or 450 IU/day did 

not improve cumulative live birth compared with 

150 IU/day [26]. 

In predicted hyper-responders, reducing FSH from 

150 to 100 IU/day resulted in similar cumulative live 

birth but lower incidence of any-grade OHSS [27]. 

These findings indicate that more personalized 

dosing is not necessarily equivalent to more 

aggressive dosing and that safety may be as 

important as maximizing oocyte number. 
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AI may overcome some limitations of conventional 

algorithms by integrating more predictors 

simultaneously. An interpretable ML model for 

individualized gonadotropin starting-dose selection 

developed using clinical data and demonstrated the 

feasibility of generating patient-specific 

recommendations while retaining interpretability 

[28]. Another ML approach based on data from five 

reproductive centers developed specifically to 

identify an appropriate first FSH dose and 

subsequently validated in an independent cohort 

[29]. 

More importantly, the field has begun to move from 

retrospective prediction toward prospective clinical 

implementation. Canon et al. (2024) evaluated an AI 

platform used by clinicians to select the initial FSH 

dose and trigger timing. Although improvements in 

MII-oocyte yield, retrieved oocytes, and FSH 

exposure favored the AI-assisted group, differences 

were not statistically significant. The study 

nevertheless represents an important transition 

because it evaluates AI in real clinical workflows 

rather than solely in retrospective datasets [30]. 

Against this background, the purpose of the present 

systematic review is to synthesize evidence 

regarding AI-guided personalized ovarian 

stimulation in ART, with particular emphasis on 

efficacy, safety, model performance, clinical 

applicability, and the methodological limitations 

that currently prevent definitive conclusions [31]. 

 

Background and Previous Research 

Biological basis of individualized ovarian 

stimulation: 

Ovarian response to exogenous gonadotropins 

determined by a complex interaction between 

ovarian reserve, follicular sensitivity, age-related 

reproductive biology, endocrine status, genetic 

factors, treatment protocol, and gonadotropin 

exposure. AMH and AFC are particularly useful 

because they provide information about the pool of 

recruitable follicles. Nevertheless, neither 

biomarker perfectly predicts the number of oocytes 

that will ultimately be retrieved [32]. 

Historically, clinicians have classified patients into 

poor, normal, or high responders and then adjusted 

the starting gonadotropin dose accordingly. This 

approach has a biological rationale but limited by 

relatively broad response categories. The 

POSEIDON classification subsequently introduced 

a more detailed patient-oriented framework that 

incorporates age, ovarian reserve, and previous 

ovarian response to distinguish low-prognosis 

subgroups and facilitate individualized treatment 

planning [33]. 

The objective of individualized stimulation is not 

simply to maximize oocyte number. Rather, the 

desired outcome is an appropriate number of mature 

oocytes with an acceptable safety profile and 

sufficient probability of producing transferable 

embryos. This conceptual distinction is particularly 

important for AI systems because an algorithm 

optimized only for oocyte yield could theoretically 

recommend excessive gonadotropin exposure 

without improving cumulative live birth [34]. 

 

Conventional biomarker-guided dosing: 

Before the emergence of AI, individualized dosing 

algorithms primarily used AMH, AFC, age, and 

body weight. AMH-based dosing has extensively 

investigated. Petersen et al. (2019) conducted a 

randomized controlled trial comparing an AMH-

based FSH algorithm with a standard regimen. The 

individualized algorithm did not significantly 

increase the proportion of women achieving the 

intended 5–14 oocyte range, although differences in 

response observed across AMH strata. 

Similarly, the OPTIMIST trials demonstrated that 

increasing FSH dose in women predicted to be poor 

responders did not increase cumulative live birth, 

while dose reduction in predicted hyper-responders 

reduced any-grade OHSS without reducing 

cumulative live birth (van Tilborg et al.,2017; 

Oudtshoorn et al.,2017). These findings establish an 

important principle: ovarian reserve markers can 

assist risk stratification, but modifying gonadotropin 

dose does not automatically translate into improved 

reproductive outcomes. 

A systematic review of individualized FSH dosing 

likewise concluded that evidence for improvement 

in live birth was inconsistent and that clinical 

heterogeneity prevented straightforward pooling 

(Baker et al.,2016). Recent ESHRE 

recommendations continue to emphasize 

appropriate starting-dose selection and caution 

against routine mid-stimulation dose adjustments 

because evidence for benefit remains limited 

(ESHRE Guideline Group,2026). 

 

Emergence of machine learning: 

ML offers an alternative to manually specified 

dosing algorithms. Instead of assigning 

predetermined weights to age, AMH, AFC, and 

BMI, ML can learn relationships from large clinical 

datasets. Algorithms such as random forests, 

gradient boosting, support vector machines, neural 

networks, and ensemble models can incorporate 

nonlinear relationships and interactions. 

Fanton et al. (2022) developed an interpretable ML 

model for individualized gonadotropin starting-dose 

selection. The model is clinically relevant because 

interpretability is an important requirement in 

medical AI: clinicians need to understand why a 

particular dose recommendation has generated 

rather than simply receiving an opaque numerical 

output [35]. 
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Vassena et al. (2022) similarly demonstrated that 

ML could identify the first FSH dose associated with 

an optimal ovarian response. Their development 

dataset included 2,713 patients, with an additional 

774 patients used for validation. Predictors included 

age, BMI, AMH, AFC, and previous live birth. 

Subsequent research expanded the prediction target 

from starting dose to mature oocyte yield and trigger 

timing. Villaverde et al. (2024) analyzed tens of 

thousands of stimulation cycles and developed 

models designed to estimate MII-oocyte yield and 

trigger day at the beginning of treatment. Such 

models could theoretically support both initial 

protocol selection and subsequent clinical planning. 

 

From prediction to clinical decision support: 

A major development is the transition from 

retrospective model development toward clinician-

assisted prospective implementation. Canon et al. 

(2024) evaluated a platform that supported 

physicians in determining both starting FSH dose 

and trigger timing. The AI-assisted group received 

slightly less total FSH and achieved slightly higher 

numbers of retrieved and mature oocytes, although 

none of the primary comparisons was statistically 

significant. Importantly, no AI-associated adverse 

event signal observed, and no OHSS cases occurred 

in either group. 

A multicenter randomized trial protocol has also 

developed to test an ML-based first-dose FSH 

recommendation against clinician-selected dosing. 

The protocol proposes a non-inferiority design and 

includes MII-oocyte yield as the primary endpoint, 

with cycle cancellation, OHSS, clinical pregnancy, 

and live birth as secondary outcomes. This design 

addresses a critical gap in the current literature: 

demonstrating clinical utility rather than merely 

predictive accuracy. 

 

Safety considerations 

Safety is central to individualized ovarian 

stimulation because excessive ovarian response can 

lead to OHSS, cycle cancellation, thromboembolic 

complications, electrolyte abnormalities, ascites, 

hospitalization, and, rarely, severe morbidity. 

Consequently, AI models should not optimize 

oocyte number in isolation. 

The 2025 ESHRE guideline continues to 

recommend a GnRH-antagonist protocol for 

predicted high responders and supports reduced 

gonadotropin dosing in this population as a strategy 

to reduce OHSS risk. It also emphasizes that a 

gonadotropin dose greater than 300 IU not 

recommended for predicted low responders and that 

routine mid-stimulation dose adjustments are 

probably not beneficial (ESHRE Guideline 

Group,2026). 

AI could theoretically improve safety by identifying 

patients at high risk of excessive response before 

stimulation begins and dynamically recognizing 

trajectories associated with hyper-response. 

However, the evidence base remains substantially 

weaker for safety prediction than for oocyte-yield 

prediction. 

 

Current methodological gap: 

Recent systematic and narrative reviews 

consistently identify the same problem: AI models 

often demonstrate good internal discrimination but 

have limited external validation, heterogeneous 

outcomes, incomplete reporting, and insufficient 

prospective clinical testing (Wu et al.,2025; 

Deliveroo et al.,2026). 

A systematic review published in 2025 identified 

nine studies involving 62,354 cycles that evaluated 

ML models for oocyte-yield prediction. Eight 

studies were retrospective and only one was 

prospective, highlighting the gap between algorithm 

development and clinical implementation. 

Therefore, the current research question is no longer 

whether AI can predict ovarian response. The more 

clinically relevant question is whether AI-guided 

decisions improve patient-centered outcomes while 

maintaining or improving safety. 

 

Methods 

This systematic review structured according to the 

principles of the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA 

2020) framework (Page et al.,2021). The review 

question formulated using a Population-

Intervention-Comparator-Outcomes framework. 

The population comprised women undergoing IVF 

or ICSI with controlled ovarian stimulation. The 

intervention was AI-, ML-, or algorithm-assisted 

individualized ovarian stimulation, including 

starting gonadotropin dose selection, dose 

optimization, ovarian-response prediction, or 

trigger-timing prediction. Comparators included 

conventional clinician-selected dosing, fixed-dose 

protocols, historical controls, or standard biomarker-

based algorithms. Primary outcomes were mature 

oocyte yield, total oocyte yield, cumulative live 

birth, clinical pregnancy, and OHSS. Secondary 

outcomes included total gonadotropin exposure, 

cycle cancellation, trigger timing, and model 

performance. The evidence base was restricted to 

English-language peer-reviewed publications, 

including randomized trials, prospective clinical 

studies, retrospective validation studies, systematic 

reviews, and clinical guidelines. Studies considered 

particularly relevant when AI directly linked to 

ovarian stimulation rather than only embryo 

selection or post-fertilization outcome prediction. 

Studies addressing conventional individualized 
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dosing retained as contextual comparators because 

they establish the clinical benchmark against which 

AI-guided personalization evaluated. 

Data extraction focused on study design, sample 

size, patient characteristics, AI methodology, 

predictors, intervention, comparator, outcome 

definitions, effectiveness results, safety outcomes, 

and validation strategy. Risk-of-bias considerations 

followed principles of PROBAST and the updated 

PROBAST+AI framework, particularly regarding 

participant selection, predictor measurement, 

outcome assessment, model development, handling 

of missing data, calibration, discrimination, and 

external validation (Wolff et al.,2019; Moons et 

al.,2025). Because the identified studies differed 

substantially in population, intervention, algorithm, 

comparator, and outcome definition, a quantitative 

meta-analysis of AI-specific clinical outcomes not 

considered methodologically appropriate. Forest 

plots therefore present selected reported effect 

estimates at the study level rather than a pooled 

treatment effect. 

 

Results 

 

 

Table 1. Characteristics of Major Studies Relevant to AI-Guided or Individualized Ovarian Stimulation 

Study Design Sample/data 
Main 

technology/intervention 
Main outcome 

Fleming et al. (2013) Review — 
AMH-based 

personalization 

Ovarian response 

prediction 

van Tilborg et al. (2017) RCT 511 AFC-guided FSH dosing 
Cumulative live 

birth 

Oudtshoorn et al. (2017) RCT 521 
Reduced FSH in hyper-

responders 
Live birth/OHSS 

Petersen et al. (2019) RCT 221 
AMH-based FSH 

algorithm 

Target oocyte 

yield 

Vassena et al. (2022) Development/validation 3,487 ML first-dose prediction Optimal FSH dose 

Fanton et al. (2022) ML model 

Large 

multicenter 

dataset 

Interpretable ML 
Starting 

gonadotropin dose 

Villaverde et al. (2024) 
Retrospective + 

validation 
61,593 cycles 

ML MII/trigger 

prediction 

MII yield/trigger 

day 

Canon et al. (2024) 
Prospective clinical 

study 

291 AI cycles + 

historical 

controls 

AI-assisted FSH/trigger MII/oocytes/FSH 

Chen et al. (2024) Retrospective ML 9,598 cycles 
ML dose-response 

prediction 
MII yield 

C. et al. (2025) Systematic review 62,354 cycles ML oocyte prediction 
Prediction 

performance 

Jing et al. (2026) Clinical AI study 
Contemporary 

IVF/ICSI data 

AI starting-dose 

optimization 

Gonadotropin 

starting dose 

Deliveroo et al. (2026) Narrative review — AI-assisted COS 
Clinical 

implementation 

Table 1 demonstrates that the evidence base has 

evolved through three recognizable stages. The first 

stage involved conventional biomarker-guided 

personalization using AMH, AFC, age, and body 

weight. These studies established that ovarian 

reserve markers are clinically useful but do not fully 

determine treatment outcomes. The second stage 

introduced ML models capable of combining 

multiple variables and identifying nonlinear 

relationships. The third and most clinically relevant 

stage involves prospective implementation of AI 

recommendations in actual IVF workflows [36]. 

The early RCTs are particularly important because 

they provide the benchmark against which AI 

evaluated. Van Tilborg et al. (2017) demonstrated 

that increasing FSH in predicted poor responders did 

not improve cumulative live birth. Conversely, 

Oudtshoorn et al. (2017) demonstrated that lowering 

FSH in predicted hyper-responders reduced any-

grade OHSS without reducing cumulative live birth. 

These findings imply that a clinically successful 

personalization algorithm should optimize a 

multidimensional objective rather than simply 

maximize oocyte production [37-39]. 

The ML studies provide evidence that the same 

clinical variables transformed into individualized 

predictions. Vassena et al. (2022) used age, BMI, 

AMH, AFC, and previous live birth to predict the 
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optimal first FSH dose. Fanton et al. (2022) similarly 

developed an interpretable model for gonadotropin 

dose selection. The use of interpretable ML is 

important because the algorithm is intended to 

support, rather than replace, clinical reasoning [40]. 

Villaverde et al. (2024) extended the prediction 

target to MII-oocyte yield and trigger timing. The 

large sample size is a major methodological 

advantage, but the retrospective nature of the 

development dataset remains a limitation. 

Retrospective models may learn center-specific 

prescribing patterns rather than purely biological 

relationships. This problem is especially relevant to 

gonadotropin dosing because treatment dose not 

randomly assigned; clinicians tend to prescribe 

higher doses to patients perceived as poor 

responders. Such confounding by indication can 

make high doses appear ineffective or harmful even 

when they selected for higher-risk patients (Figure 

1). 

The prospective study by Canon et al. (2024) 

represents a clinically important transition. AI was 

used by physicians rather than operating 

autonomously, and outcomes compared with 

historical controls. The study found numerically 

higher MII and retrieved oocyte counts and lower 

FSH exposure in the AI-assisted group, but the 

differences were not statistically significant. Thus, 

the findings interpreted as evidence of feasibility 

rather than proof of superiority [41-43]. 

 

 

 
Figure 1. The forest plan of table (1) 

 

Overall, Table 1 indicates that AI research has 

advanced rapidly in prediction accuracy but more 

slowly in clinical outcome validation. The strongest 

current evidence supports AI as a decision-support 

technology. Definitive evidence that AI improves 

live birth or materially reduces OHSS requires 

randomized prospective trials with external 

validation and patient-centered endpoints. The first 

forest plot summarizes two randomized 

comparisons of individualized FSH dosing. In 

predicted poor responders, increased dosing 

produced an RR of 0.95 (95% CI:0.78-1.15), while 

in predicted hyper-responders, reduced dosing 

produced an RR of 0.95 (95% CI:0.85-1.07). Both 

confidence intervals cross the null value of 1.0. 

These estimates indicate that the investigated dose 

modifications did not demonstrate a statistically 

significant difference in cumulative live birth. 

Importantly, these studies were not AI studies; they 

provide a conventional personalization benchmark 

against which AI-guided dosing evaluated [44-46]. 

The similarity of the point estimates is clinically 

interesting because the direction of dosing was 

opposite in the two populations. Poor responders 

received increased FSH, whereas hyper-responders 

received reduced FSH. Nevertheless, neither 

strategy significantly changed cumulative live birth. 

This suggests that the principal value of 

personalization may lie in improving safety and 

treatment efficiency rather than increasing live birth 

through greater pharmacological exposure. 

For AI research, this finding creates an important 

design requirement. A new algorithm should not 

consider successful merely because it predicts 
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oocyte yield accurately. It demonstrates that the 

predicted intervention improves outcomes relative 

to existing clinical strategies. Therefore, future 

randomized AI trials should incorporate non-

inferiority or superiority designs with cumulative 

live birth and clinically important safety outcomes. 

 

 

Table 2. Clinical Efficacy and Treatment-Process Outcomes 

Study Outcome 
AI/individualized 

strategy 
Comparator Reported effect 

van Tilborg et al. 

(2017) 

Cumulative live 

birth 
42.4% 44.8% 

RR 0.95 (95% 

CI:0.78-1.15) 

Oudtshoorn et 

al. (2017) 

Cumulative live 

birth 
66.3% 69.5% 

RR 0.95 (95% 

CI:0.85-1.07) 

Petersen et al. 

(2019) 

Intended oocyte 

yield 
72% 78% p=.68 

Canon et al. 

(2024) 
MII oocytes 12.20 11.24 

Difference +0.96; 

p=.16 

Canon et al. 

(2024) 

Retrieved 

oocytes 
16.01 14.54 

Difference +1.47; 

p=.08 

Canon et al. 

(2024) 
Total FSH 3671.95 IU 3846.29 IU 

Difference -174.35 

IU; p=.13 

Chen et al. 

(2024) 

Predicted MII 

yield 
ML model 

Actual clinical 

outcome 

AMH/AFC 

strongest predictors 

Villaverde et al. 

(2024) 

MII yield/trigger 

day 
ML prediction 

Conventional 

prediction 

High predictive 

performance 

2025 systematic 

review 

Oocyte yield 

prediction 
ML 

Conventional 

statistical approaches 

MAE 0.62-4.13 

across studies 

The efficacy results demonstrate a crucial distinction 

between predictive accuracy and clinical 

effectiveness. AI systems can generate accurate 

predictions of ovarian response, but the available 

clinical studies do not yet establish that using these 

predictions produces a statistically significant 

improvement in live birth [47-49]. 

The conventional individualized-dose RCTs provide 

the clearest evidence. In predicted poor responders, 

increasing FSH did not improve cumulative live 

birth. The reported cumulative live birth rates were 

42.4% and 44.8% for increased and standard dosing, 

respectively, corresponding to an RR of 0.95 (95% 

CI:0.78-1.15). This result suggests that simply 

increasing gonadotropin exposure does not 

overcome the biological limitations associated with 

low ovarian reserve [50-52]. 

Similarly, among predicted hyper-responders, 

reduced FSH dosing resulted in cumulative live birth 

of 66.3% compared with 69.5% under standard 

dosing, with an RR of 0.95 (95% CI:0.85-1.07). The 

clinical implication is not that one strategy should 

universally replace another, but rather that dose 

reduction can potentially preserve reproductive 

outcomes while improving safety in selected 

patients. The Petersen et al. (2019) trial provides 

another important benchmark. AMH-based dosing 

did not significantly increase the proportion of 

women achieving the intended 5-14 oocyte range. 

This finding illustrates why AI systems need to 

demonstrate value beyond the biomarkers and 

algorithms already available in clinical practice [53]. 

The prospective AI study by Canon et al. (2024) 

showed a numerically higher MII-oocyte yield in 

AI-assisted cycles, with 12.20 versus 11.24 MII 

oocytes. Retrieved oocytes were also numerically 

higher at 16.01 versus 14.54. Total FSH exposure 

was approximately 174 IU lower in the AI-assisted 

group. Nevertheless, p-values were .16, .08, and .13, 

respectively. These findings therefore indicate a 

favorable direction of effect but do not establish 

statistical superiority (Figure 2). 

One potential advantage of AI may be efficiency 

rather than absolute reproductive success. A model 

that achieves similar live birth while using less FSH, 

reducing monitoring burden, or decreasing the 

frequency of extreme ovarian responses could have 

meaningful clinical and economic value. However, 

such claims require prospectively collected patient-

level data and formal cost-effectiveness analysis 

[54]. The 2025 systematic review of ML models 

reinforces this interpretation. Across nine studies 

and more than 62,000 cycles, prediction errors 

varied considerably, and external validation was 

limited. Therefore, prediction performance not 

interpreted as equivalent to treatment effectiveness. 

Overall, current evidence supports the hypothesis 

that AI can assist in selecting an individualized 

stimulation strategy, but it does not yet establish a 

clinically superior AI protocol for improving live 
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birth. Future trials should use cumulative live birth 

as a key outcome and should simultaneously 

evaluate oocyte yield, medication exposure, OHSS, 

cancellation, and patient-reported burden. 

 

 
Figure 2. The forest plan of table (2) 

 

The second forest plot presents the reported effect of 

reduced FSH dosing among predicted hyper-

responders. The RR for any-grade OHSS was 0.44 

(95% CI:0.28-0.71), indicating a lower incidence 

with reduced FSH exposure. This result supports the 

principle that individualized stimulation may 

improve safety even when live birth is unchanged. 

The confidence interval remains entirely below 1.0, 

unlike the cumulative live-birth estimates. This 

difference illustrates why safety endpoints 

incorporated into AI-guided stimulation trials. If AI 

can maintain reproductive outcomes while reducing 

excessive stimulation, it could provide meaningful 

clinical value even without improving live birth. 

Nevertheless, the result not attributed directly to AI. 

The trial evaluated biomarker-based individualized 

FSH dosing rather than machine learning. The 

relevance to AI is conceptual: AI could potentially 

identify hyper-response risk more precisely by 

combining AMH, AFC, age, BMI, prior response, 

and dynamic follicular information [55-57]. 

Because the present review identified substantial 

heterogeneity between AI studies, pooled forest 

plots were not calculated. Combining retrospective 

prediction models with randomized treatment trials 

would produce a statistically inappropriate estimate. 

The figures therefore function as transparent study-

level visualizations of clinically interpretable effect 

estimates. 

 

Table 3. Safety Outcomes Associated with Individualized and AI-Assisted Stimulation 

Study Safety endpoint 
Individualized/AI 

group 
Comparator Effect 

Oudtshoorn et al. 

(2017) 

Any-grade 

OHSS 
5.2% 11.8% RR 0.44 (95% CI:0.28-0.71) 

Oudtshoorn et al. 

(2017) 
Severe OHSS 1.3% 1.1% RR 1.25 (95% CI:0.38-4.07) 

Petersen et al. 

(2019) 

Unintended 

response 

AMH-stratum 

dependent 
Standard Mixed results 

Canon et al. 

(2024) 
OHSS 0 cases 0 cases No difference observed 

van Tilborg et al. 

(2017) 

Excessive dose 

exposure 
Higher FSH 

Standard 

FSH 
No live-birth benefit 

ESHRE (2026) 
OHSS 

prevention 

Response-based 

strategy 
Conventional 

Reduced dose recommended 

for high responders 
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Safety represents one of the most compelling 

potential applications of AI-guided ovarian 

stimulation. Unlike embryo-selection algorithms, 

which primarily seek to improve the probability of 

implantation, stimulation algorithms directly 

determine exposure to pharmacological treatment. 

An inaccurate recommendation can therefore cause 

immediate clinical consequences. 

The strongest evidence concerning safety comes 

from conventional individualized dosing rather than 

AI-specific trials. Oudtshoorn et al. (2017) found 

that predicted hyper-responders receiving 100 

IU/day rather than 150 IU/day had a substantially 

lower incidence of any-grade OHSS: 5.2% versus 

11.8%, corresponding to an RR of 0.44 (95% 

CI:0.28-0.71). However, severe OHSS was 

uncommon and did not differ significantly between 

groups. This distinction is important because a 

reduction in mild or moderate OHSS not 

automatically interpreted as a reduction in the most 

clinically serious events. 

The absence of severe OHSS differences also 

illustrates a statistical challenge. Severe 

complications are relatively infrequent, meaning 

that large sample sizes are required to detect 

meaningful differences. AI trials designed around 

oocyte yield may therefore be underpowered to 

evaluate safety (Figure 3). 

Canon et al. (2024) reported no OHSS cases in either 

the AI-assisted or control groups. Although 

reassuring, this result cannot establish that AI 

reduces OHSS because the event rate was zero in 

both groups and the sample size was relatively 

small. The result therefore interpreted as evidence 

that the tested AI-assisted workflow did not 

introduce an observable safety signal in that study. 

The ESHRE 2025 guideline reinforces the 

importance of risk-based stimulation. Predicted high 

responders should generally receive safer 

stimulation strategies, including GnRH-antagonist 

protocols and reduced gonadotropin doses where 

appropriate. Importantly, the guideline does not 

support routine dose escalation for poor responders 

beyond established limits and notes insufficient 

evidence for routine mid-cycle dose adjustment 

(ESHRE Guideline Group, 2026) [58]. 

AI may eventually improve safety by integrating 

multiple predictors rather than relying on a single 

biomarker. For example, an algorithm could 

combine AMH, AFC, age, BMI, prior response, 

stimulation protocol, and early follicular growth to 

identify patients whose response trajectory is 

becoming excessive. Such an approach could 

potentially support earlier intervention. 

 

 
Figure 3. The forest plan of table (3) 

 

However, AI introduces its own safety concerns. A 

model trained primarily in high-income private 

fertility centers may perform poorly in populations 

with different demographic characteristics. 

Similarly, a model trained on historical prescribing 

patterns may reproduce clinician biases. Data 

leakage, missing values, inconsistent ultrasound 

measurements, and differences between 

gonadotropin preparations may also affect model 

reliability. Consequently, safety validation should 

include calibration across risk strata, external 

validation across fertility centers, and prospective 



 

182 

 

Eurasian J. Chem. Med. Pet. Res., (2027), Volume 6, Issue 2, 173-189 
 

 

surveillance of OHSS, cancellation, 

thromboembolic events, hospitalization, and other 

clinically relevant adverse outcomes [59-61]. 

 

 

Table 4. Methodological Quality, Clinical Readiness, and Major Limitations 

Evidence 

domain 

Current 

evidence 
Main strength Main limitation 

Clinical 

readiness 

Starting-dose 

prediction 
Moderate 

Large retrospective 

datasets 

Limited prospective 

validation 
Emerging 

MII-oocyte 

prediction 
Moderate Large sample sizes 

Variable external 

validation 
Emerging 

Trigger-day 

prediction 
Moderate Multicenter datasets 

Limited randomized 

testing 
Emerging 

Live-birth 

improvement 
Low 

Some clinical outcome 

data 
Few AI-specific RCTs Insufficient 

OHSS 

prevention 
Low 

Strong conventional 

personalization evidence 

Sparse AI-specific safety 

data 
Insufficient 

Explainability Moderate 
Interpretable ML models 

available 

Different algorithms use 

different explanations 
Emerging 

External 

validation 

Low-

moderate 

Increasing multicenter 

studies 

Center-specific 

performance remains 

important 

Emerging 

Randomized 

clinical 

evidence 

Low RCT protocols established Results still limited Insufficient 

Cost-

effectiveness 
Low 

Some conventional 

evidence 

AI-specific economic 

evaluations scarce 
Insufficient 

Autonomous 

clinical use 
Very low Technical feasibility 

Ethical and safety 

uncertainty 
Not established 

The methodological evidence suggests that AI-

guided ovarian stimulation is currently in a 

translational phase between algorithm development 

and routine clinical implementation. The strongest 

evidence concerns prediction, whereas the weakest 

evidence concerns improvement in patient-centered 

outcomes. Starting-dose prediction has reached an 

emerging level of maturity. Several models have 

developed using large datasets and have 

incorporated established predictors such as age, 

AMH, AFC, BMI, and previous treatment response. 

However, retrospective accuracy does not guarantee 

prospective clinical benefit. A model may predict 

what clinicians historically prescribed without 

identifying the biologically optimal dose. MII-

oocyte prediction is similarly advanced. Large 

datasets have enabled models to estimate mature 

oocyte yield with clinically relevant accuracy. 

Nevertheless, the recent systematic review of ML 

models showed substantial variation in predictive 

performance and emphasized the need for external 

validation (Figure 4). Trigger-day prediction 

represents another promising application. 

Determining the appropriate time for final oocyte 

maturation requires integration of follicular size, 

follicular cohort synchronization, hormonal 

measurements, and clinical judgment. AI may be 

useful because it can process multiple longitudinal 

measurements simultaneously. Yet the evidence 

remains primarily observational or retrospective. 
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Figure 4. The forest plan of table (4) 

 

The evidence for improved live birth is substantially 

weaker. This is not surprising because live birth is 

influenced by factors beyond ovarian stimulation, 

including oocyte competence, sperm quality, 

embryo aneuploidy, endometrial receptivity, 

embryo selection, and patient age. An algorithm that 

improves oocyte yield may therefore fail to produce 

a measurable improvement in cumulative live birth. 

Explainability represents a further consideration. In 

medical decision support, a model should ideally 

communicate which patient characteristics 

contributed most strongly to its recommendation. 

Interpretable ML approaches are therefore 

particularly relevant to ovarian stimulation. They 

can help clinicians detect inappropriate 

recommendations and maintain responsibility for 

the final decision. 

External validation is another major limitation. AI 

systems can perform well within the institution 

where they developed but deteriorate when applied 

to another center because of differences in patient 

demographics, laboratory procedures, gonadotropin 

brands, ultrasound equipment, measurement 

practices, and clinical protocols. Center-specific 

models may sometimes outperform national models, 

emphasizing the importance of local calibration and 

validation. 

The use of PROBAST+AI is particularly relevant 

because conventional prediction-model assessment 

does not completely address the complexities of 

modern AI. The updated framework emphasizes 

model development, evaluation, missing-data 

handling, analysis, and applicability. 

Overall, the current evidence supports clinical use of 

AI as an adjunctive decision-support system under 

clinician supervision, but it does not support 

autonomous AI-controlled ovarian stimulation [62]. 

 

Discussion 

The present review indicates that AI-guided 

personalized ovarian stimulation is one of the most 

promising emerging applications of artificial 

intelligence in reproductive medicine, but its 

evidence base remains substantially less mature than 

the technical development of the algorithms 

themselves [63-65]. Current studies demonstrate 

that ML can predict ovarian response, mature oocyte 

yield, and trigger timing with increasing 

sophistication. However, evidence that AI-guided 

recommendations improve cumulative live birth or 

reduce clinically significant complications remains 

limited. The most important conceptual finding is 

the distinction between prediction and intervention. 

A predictive model estimates an outcome; a clinical 

decision-support system recommends an action. 

These are fundamentally different stages of 

translational development. Many existing AI studies 

stop at prediction. Their models may achieve 

favorable accuracy metrics, but they do not establish 

whether following the prediction changes the 

outcome. The 2025 systematic review of ML models 

for oocyte yield illustrates this distinction: although 

nine studies involving 62,354 cycles were identified, 

most retrospective and only one was prospective 

(2025) [66]. 

The prospective study by Canon et al. (2024) is 

therefore particularly relevant. Physicians used an 

AI system to assist with starting FSH dose and 

trigger timing. The AI-assisted group had 12.20 MII 

oocytes compared with 11.24 in controls and 16.01 
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total retrieved oocytes compared with 14.54. Total 

FSH exposure was also lower by approximately 174 

IU. However, the differences did not reach statistical 

significance. These findings support feasibility and 

suggest a possible efficiency signal, but they cannot 

establish clinical superiority [67]. 

The conventional individualized-dosing RCTs also 

provide an important interpretive framework. In 

predicted poor responders, increasing FSH exposure 

did not improve cumulative live birth. In predicted 

hyper-responders, reducing FSH preserved 

cumulative live birth while lowering any-grade 

OHSS. These findings indicate that intensive 

stimulation is not necessarily better and that 

treatment personalization based on balancing 

effectiveness and safety. 

This principle has direct implications for AI design. 

If an algorithm is optimized using oocyte count as 

its only outcome, it may recommend treatment 

strategies that maximize follicular recruitment at the 

expense of OHSS risk. Conversely, an algorithm 

trained on live birth alone may fail to recognize 

meaningful improvements in medication burden or 

safety. A clinically mature AI system should 

therefore use a multi-objective framework 

incorporating mature oocytes, cumulative live birth, 

OHSS, cancellation, gonadotropin exposure, and 

potentially patient-reported outcomes [68]. 

Another important issue is confounding by 

indication. Historical IVF datasets not randomized. 

Patients predicted to have a poor response often 

given higher doses, while patients at high risk of 

hyper-response may receive lower doses. 

Consequently, retrospective associations between 

dose and outcome can be misleading. The recent 

development of causal ML models explicitly 

addressing dose-selection bias represents an 

important methodological advance because it 

attempts to estimate patient-specific treatment 

effects rather than simply predicting observed 

outcomes [69]. 

The importance of external validation also 

emphasized. IVF practices vary between fertility 

centers and countries. Differences in AMH assays, 

ultrasound equipment, AFC measurement, 

gonadotropin products, GnRH-antagonist protocols, 

laboratory conditions, and patient demographics can 

affect model performance. A model developed in 

one center may therefore require recalibration before 

use elsewhere. Center-specific ML models have 

recently demonstrated the importance of local data 

and validation in IVF prediction, although this 

evidence concerns live-birth prediction rather than 

ovarian stimulation specifically (Yao et al.,2025). 

Interpretability is another major issue. Clinicians not 

expected to follow a recommendation without 

understanding its clinical rationale. Interpretable 

models are therefore particularly attractive for 

ovarian stimulation. Fanton et al. (2022) 

demonstrated the feasibility of an interpretable ML 

model for individualized gonadotropin starting-dose 

selection. A clinically acceptable system should 

ideally identify the major factors contributing to a 

recommendation, provide uncertainty estimates, and 

allow clinicians to override recommendations when 

additional clinical information is unavailable to the 

algorithm [70]. 

The ethical implications are equally important. AI 

systems trained on historical clinical data can 

reproduce historical disparities. If certain 

populations underrepresented in the training dataset, 

model performance may be poorer for those groups. 

This is particularly relevant to reproductive 

medicine because age distribution, ethnicity, BMI, 

infertility diagnosis, ovarian reserve, and treatment 

practices vary widely between populations. 

Data governance and privacy are also critical. IVF 

datasets contain highly sensitive reproductive and 

genetic information. AI deployment therefore 

requires appropriate data minimization, 

cybersecurity, consent, auditability, and 

governance. The clinical responsibility should 

remain clearly assigned to qualified healthcare 

professionals rather than to the algorithm itself. 

The 2026 ESHRE guideline provides an important 

clinical context. Current evidence-based 

recommendations emphasize predicted ovarian 

response, safety, and appropriate starting 

gonadotropin dose. The guideline specifically notes 

that routine mid-stimulation dose adjustment 

probably not recommended and emphasizes that an 

appropriate starting dose should be selected using 

patient characteristics and desired outcomes 

(ESHRE Guideline Group, 2026). This aligns 

conceptually with AI systems that seek to improve 

the initial treatment decision rather than 

continuously alter medication without adequate 

evidence. The major limitation of the present 

evidence synthesis is the heterogeneity of AI studies. 

Some models predict oocyte yield, others predict 

trigger day, others recommend starting dose, and 

still others predict live birth. Their populations and 

validation strategies also differ. For this reason, 

pooling all studies into a single effect estimate 

would be misleading. 

Another limitation is the limited number of 

randomized AI trials. A randomized multicenter trial 

protocol evaluating ML-guided first-dose FSH 

selection has published and specifically designed to 

compare AI-based dosing with standard clinician 

practice. Its inclusion of MII-oocyte yield, OHSS, 

clinical pregnancy, and live birth represents the type 

of study required to establish clinical utility. 

Future research should therefore move toward large, 

pragmatic, multicenter randomized trials. These 

trials should compare AI-assisted care with 
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contemporary standard practice, use external 

validation, prespecify primary and secondary 

outcomes, and include safety endpoints. 

Importantly, trials should assess whether clinicians 

actually follow AI recommendations and whether 

the system changes clinical decisions. 

The field should also move from static prediction to 

dynamic treatment modeling. Ovarian stimulation is 

a longitudinal process. Baseline AMH and AFC may 

establish an initial risk profile, but follicular growth 

and endocrine measurements during stimulation 

provide additional information. A dynamic AI 

model could theoretically update risk estimates 

throughout the cycle. However, this approach 

requires careful prospective validation because 

continuous algorithmic dose adjustment could 

introduce new risks. 

Finally, cost-effectiveness deserves greater 

attention. AI implementation involves software 

development, validation, integration with electronic 

medical records, staff training, cybersecurity, 

maintenance, and monitoring. Cost savings from 

lower gonadotropin consumption or fewer 

complications could offset these expenses, but AI-

specific economic evidence is currently insufficient. 

Taken together, the available evidence supports a 

cautious interpretation. AI has demonstrated 

considerable technical potential for personalizing 

ovarian stimulation, but clinical effectiveness and 

safety have not yet established at the level required 

for autonomous treatment decisions. The most 

appropriate current role is clinician-supervised 

decision support, accompanied by transparent 

algorithms, external validation, prospective 

monitoring, and continuous assessment of safety 

[71]. 

 

Conclusion 

Artificial intelligence is rapidly changing the 

methodological landscape of assisted reproductive 

technology by enabling the integration of 

multidimensional patient information into 

individualized treatment predictions. In ovarian 

stimulation, AI and machine learning have 

demonstrated the capacity to predict mature oocyte 

yield, total oocyte yield, trigger timing, ovarian 

response, and potentially the optimal starting 

gonadotropin dose. These capabilities represent a 

logical evolution from conventional biomarker-

based personalization toward individualized, data-

driven reproductive medicine. 

Nevertheless, the present evidence does not justify 

the conclusion that AI-guided ovarian stimulation is 

superior to conventional clinical management with 

respect to cumulative live birth. Most AI studies 

remain retrospective, and prospective studies have 

generally designed to evaluate feasibility, 

prediction, or intermediate outcomes rather than 

adequately powered live-birth endpoints. The 

prospective clinical study by Canon et al. (2024) 

provides encouraging evidence that AI assistance 

integrated into clinical practice and may reduce FSH 

exposure while increasing the numerical yield of 

mature oocytes, but the observed differences were 

not statistically significant. 

Evidence from conventional individualized 

stimulation is informative. Reduced FSH dosing in 

predicted hyper-responders can reduce any-grade 

OHSS without significantly changing cumulative 

live birth, whereas increasing FSH in predicted poor 

responders does not necessarily improve cumulative 

live birth. These findings emphasize that 

personalization should seek an optimal balance 

between efficacies, safety, medication exposure, and 

patient burden rather than simply maximize the 

number of retrieved oocytes. 

AI may offer an advantage over conventional 

algorithms because it can integrate multiple 

predictors and identify nonlinear relationships that 

are difficult to incorporate into simple clinical 

nomograms. In addition, dynamic AI systems may 

eventually incorporate early stimulation responses 

and follicular trajectories to update predictions 

during treatment. However, such approaches should 

remain under clinical supervision until adequate 

prospective evidence becomes available. 

Safety must remain a primary endpoint. An AI 

system that improves oocyte yield but increases 

OHSS risk not considered clinically successful. 

Future models should therefore use multi-objective 

optimization incorporating ovarian response, MII 

yield, cumulative live birth, OHSS, cancellation, 

gonadotropin exposure, and patient-centered 

outcomes. 

External validation is equally important. Models 

evaluated across different fertility centers, 

geographic regions, patient populations, laboratory 

environments, and gonadotropin protocols. 

Calibration, discrimination, fairness, missing-data 

handling, and model drift monitored after 

implementation. 

Interpretability also regarded as a core clinical 

requirement. AI recommendations should provide 

clinicians with understandable information about the 

major predictors influencing the proposed dose or 

protocol. The final decision should remain with 

appropriately qualified clinicians who can 

incorporate information unavailable to the 

algorithm. 

In conclusion, AI-guided personalized ovarian 

stimulation currently regarded as an emerging 

clinical decision-support technology rather than an 

autonomous replacement for reproductive 

endocrinology expertise. The available evidence 

demonstrates strong potential but insufficient 

clinical validation for universal implementation. The 



 

186 

 

Eurasian J. Chem. Med. Pet. Res., (2027), Volume 6, Issue 2, 173-189 
 

 

next phase of research should prioritize multicenter 

randomized controlled trials, external validation, 

transparent reporting, causal inference, cost-

effectiveness evaluation, and long-term safety 

surveillance. 

If these methodological requirements are fulfilled, 

AI could contribute to a more precise model of 

ovarian stimulation in which the treatment intensity 

is individualized not merely according to ovarian 

reserve but according to the patient's predicted 

response, desired reproductive outcome, safety 

profile, and evolving clinical trajectory. Such an 

approach would represent a meaningful progression 

from generalized stimulation protocols toward 

genuinely individualized reproductive medicine. 
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