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In  a  recent  JAMA  study,  Steiner  et  al.1 investigated  the  association
between  ovarian  reserve  biomarkers —such  as  Anti-Müllerian  Hormone
(AMH),  Follicle-Stimulating  Hormone  (FSH),  and  inhibin  B —and  natural
fertility  among  late-reproductive-age  women.  The  study  included  981
women aged 30–44 who had no history of  infertility  and had been trying to
conceive  for  less  than  3  months.  The  authors  found  that  low  AMH  or  high
FSH  levels  were  not  associated  with  significantly  reduced  fecundability  or
lower cumulative probabilities of conception over 6 or 12 cycles compared to
women with normal levels. Essentially, the study does not support using FSH
or AMH levels in urine or blood as standalone indicators of natural fertility.

One  significant  limitation  of  the  study  is  its  reliance  on  dichotomizing
continuous  biomarker  values  into  binary  categories —classifying  ovarian
reserve as simply “low” or “normal” based on set cutoffs. This approach is
overly  simplistic,  as  it  may  obscure  the  subtle,  continuous  variability  of
ovarian reserve and its gradual impact on fertility. Consequently, this raises
the question of whether a more integrative approach—such as a composite
measure  like  the  OvaRePred  tool  (http://121.43.113.123:9999/)2—could
provide  a  more  accurate  and  clinically  meaningful  assessment  of  ovarian
reserve and fertility. The Ovarian reserve score here is calculated based on
previously developed AA model (AMH and age). It calculates an individual’s
poor  ovarian  response  probability  (POR  probability)  to  derive  an  ovarian
reserve  score  (i.e.,  100×[1–POR  probability]).  At  the  same  time,  the  tool
utilizes  an  ovarian  aging  curve  constructed  from  a  large  sample
dataset—using a logistic growth model to describe the relationship between
the  predicted  diminished  ovarian  reserve  (DOR)  proportion  and  age —to
match  the  current  ovarian  reserve  status  with  a  specific  future  ovarian
reserve value (for example, the starting age of perimenopause corresponds
to  the  lowest  ovarian  reserve  score  in  the  assisted  reproduction
population).  This  approach allows us to  estimate the time interval  needed
to reach that critical value, thereby predicting the future onset age of peri-
menopause.2 This  AI-driven  tool  not  only  automates  the  integration  of
multiple  ovarian  reserve  markers —rather  than  relying  on  a  single
biomarker —but  also  delivers  fully  quantitative,  reproducible  scores  for
current ovarian reserve and forecasts key fertility milestones. By removing
manual  interpretation  and  standardizing  analyses,  OvaRePred  enhances
objectivity,  scalability,  and  precision  in  reproductive  assessment.  Building
on  this,  we  aim  to  investigate  various  infertile  factors  affecting  fertility
within an assisted reproductive technology (ART) context. 

DATASET OF FIRST-CYCLE ART TREATMENT COHORT
Clinical  pregnancy  outcomes  were  followed  through  April  2023.  We

analyzed  22,360  ART  cycles  from  patients  undergoing  their  first  treatment
between 2017 and 2019 to identify which infertility factor most strongly influ-
ences  cumulative  clinical  pregnancy  rates.  To  avoid  confounding  from
repeated  ART  interventions,  only  each  patient’s  first  treatment  cycle  was
included.  Using  unique  patient  identifiers,  we  captured  outcomes  from  all
treatment cycles including both fresh cycles and subsequent frozen-thawed
embryo transfer cycles linked to previous stimulation. After excluding cycles

with  incomplete  data  and  those  using  donor  sperm,  21,131  first-treatment
cycles remained. We retained only one non-pregnancy cycle per patient and
kept only the first successful pregnancy cycle if repeated clinical pregnancies
exist within the span of  years occurred.  Basic demographic and cycle char-
acteristics  are  detailed  in Figure  1A.  Statistical  analyses  were  conducted
using SAS JMP PRO 17.0, with significance set at P < 0.05. The definitions of
different  infertility  factors  and  the  various  ovarian  stimulation  protocols  are
detailed in previously published articles.3,4
 

SCREENING FOR RISK FACTORS AFFECTING FERTILITY
Fertility, defined as a couple's ability to achieve clinical pregnancy,5 was the

basis for selecting clinical pregnancy as the outcome. We chose cumulative
pregnancy  rates  rather  than  single-cycle  pregnancies,  due  to  the  fact  that
many  patients  undergo  multiple  thawed  embryo  transfers  in  subsequent
cycles.  Focusing  only  on  single-cycle  pregnancies  could  exclude  significant
censored data.

Logistic  regression with best  subset method,  determined by the Bayesian
Information Criterion (BIC), were used to screen risk factors. As illustrated in
Figure  1B,  the  BIC  ceases  to  decrease  with  the  inclusion  of  eight  variables,
thereby  designating  this  configuration  as  the  final  model.  The  final  model
included  eight  variables:  number  of  previous  pregnancies,  ovarian  reserve
score, ovarian stimulation protocols, tubal factors, duration of infertility, natu-
ral  or  stimulation  cycles,  uterine  factors,  and  chromosomal  abnormality.
Figure 1C presents the odds ratio (OR) for each variable via a forest plot. For
instance,  after  adjusting for other variables,  having an ovarian reserve score
of  less  than  25,  compared  to  a  score  of  95  or  higher,  is  associated  with  a
27.15-fold  increased  risk  of  infertility  (not  clinical  pregnancy  in  our  study
period).  The ORs for  the remaining variables are  also depicted in Figure  1C.
Figure  1D  demonstrates  the  variable  importance,  with  ovarian  reserve
contributing over 80%, while other infertility factors each account for less than
5%.  This  suggests  that  ovarian  reserve  is  the  most  critical  factor  affecting
fertility among individuals attending ART center. Here, main effect reflects the
relative contribution of each variable alone,  and total  effect reflects the rela-
tive  contribution  of  each  variable  alone  and  in  combination  with  others.  It's
important to note that the infertility factors discussed here were those docu-
mented  in  our  reproductive  center.  Finally, Figure  1E  offers  a  conceptual
diagram of the ovarian reserve assessment and menopause prediction soft-
ware. 

LIMITATIONS
Our  focus  was  to  screening  risk  factors  for  infertility,  acknowledging  the

complexity of fertility,  influenced by a wide range of biological,  physiological,
and  environmental  factors.  This  study  has  other  limitations,  including  the
potential  underestimation  of  factors  like  immune-related  issues  and
elements affecting embryo quality or  oocyte maturation.  Additionally,  due to
the lack of data on certain factors, our study did not include risk factors such
as  smoking,  alcohol  use,  and  environmental  pollution  in  this  analysis.  The
study is also limited by its single-center scope, which may not fully represent
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broader  populations.  Future  research  should  consider  a  multi-center
approach  to  gain  a  more  comprehensive  understanding  and  cover  a  wider
demographic.
 

CONCLUSION
Fertility research endeavors to unravel and address the multifaceted chal-

lenges stemming from social, economic, and medical factors. The crucial role
of  ovarian  reserve  for  fertility  is  evident,  especially  considering  that
menopause,  depletion  of  ovarian  reserve,  signifying  the  complete  cessation
of  fertility.  However,  what  is  often  less  known  is  the  significant  variation  in
ovarian  reserve  among  individuals.  Therefore,  it  is  advisable  for  women  of

childbearing age to assess their ovarian reserve
as early as possible to achieve a better balance
between their career and family planning.
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Figure 1.  Ovarian Reserve as the Primary Driver of
Fertility  Outcomes  in  First‐ Cycle  ART  Cohort (A)
Baseline  characteristics  of  21,131  first-treatment
cycles  stratified  by  non-pregnancy versus  preg-
nancy,  showing  ovarian  reserve  score  alongside
other infertility factors, protocols and patient history.
(B) Bayesian  Information  Criterion  (BIC)  as  a  func-
tion  of  the  number  of  active  effects  included  in
multivariable modeling, with the optimal model indi-
cated  by  the  red  dashed  line.  (C)  Adjusted  odds
ratios  (ORs)  for  each  factor  in  the  optimal  model,
demonstrating  the  dominant  impact  of  ovarian
reserve score on infertility (not clinical pregnancy in
our study period). (D) Contribution of each predictor
to  model  performance,  highlighting  ovarian  reserve
as  the  principal  effect.  (E)  Conceptual  workflow  of
the  AA,  AFA  and  AAFA  AI  models  within  the
OvaRePred tool,  mapping AMH, age,  bFSH and AFC
inputs to an individualized ovarian reserve score and
predicted  ages  of  diminished  ovarian  response
(DOR) and perimenopause onset.
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