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Introduction

Menopause is the permanent cessation of menstruation
caused by the loss of ovarian follicular activity. Most women
experience natural menopause between the ages of 45 and
55 years,! but approximately 2% of women experience
premature menopause,” which is defined as menopause before
the age of 40. Premature menopause results in an earlier-
than-expected loss of ovarian function and estrogen exposure,
and can substantially shorten a woman’s reproductive lifespan.

In addition to its effects on fertility, premature menopause
is associated with increased risks of adverse long-term
health outcomes, including osteoporosis and cardiovascular
disease, and has also been associated with increased overall
mortality.>* Hormone therapy is commonly recommended
for women with premature loss of ovarian function, when
appropriate, both to manage symptoms of estrogen deficiency
and to reduce risks to bone and cardiovascular health.’

Genetic Risk Score

Premature menopause is shaped by both environmental and
genetic factors. Although variants in individual genes have
been associated with premature menopause, its inherited
risk also has a polygenic component.’> Genetic risk scores
(GRS), which combine the small effects of many variants into
a single score, can be used to estimate genetic susceptibility.
Although not diagnostic, a GRS can indicate how likely an
individual is to experience premature menopause compared
to the population baseline risk.

The premature menopause GRS was developed using
data from Day et al. 2015° and the UK Biobank (UKB).’
For the UKB, a subset of individuals was held out to use
in the validation study. Summary statistics were generated
for the UKB using the Regenie method.® The Day et
al. 2015 summary statistics were first imputed to the full
variant panel using the summary-statistic imputation in
SBayesRC,’ and summary statistics for both studies were
then meta-analyzed using METAL.'? The final GRS was
trained using SBayesRC and includes over 7 million variants.’

Risk predictions are adjusted to each individual’s an-
cestry, with predictive power decaying as genetic distance
from the predominantly European training data increases.'!
Orchid considers a GRS meaningfully predictive if individuals
at approximately the 97.7th percentile have an odds ratio
(OR) of at least 2. The premature menopause GRS meets this
criterion for all common ancestry groups.

Evaluation on UK Biobank Data

We evaluated the predictive accuracy of Orchid’s premature
menopause GRS using the UK Biobank (UKB), a research
database of roughly 500,000 genotyped individuals from the
United Kingdom.” Because some data from the UKB was
used to train the GRS, our validation study included only the
set of samples that were held out for testing and not included
in the GRS training. We restricted the analysis to females of
British ancestry, and premature menopause was defined as
follows:

Field 2724 (had menopause): only women answering
“Yes” were included. Women without menopause were
excluded rather than treated as controls.

Field 3591 (ever had hysterectomy): excluded if hys-
terectomy reported or status missing.

Field 3581 (age at menopause): if reported at more than
one visit, responses averaged when within 5 years of
each other, otherwise excluded.

Age at natural menopause restricted to 33—65 years (con-
sistent with Ojavee et al. 2023'2)

Cases had an age at natural menopause under 40 years
and controls 40 years or older.

This yielded 537 cases and 34,380 controls (1.5% prevalence).
We then grouped individuals by GRS percentile and compared
the observed premature menopause prevalence within each
group to our model’s predictions (Figure 1). For additional
technical details, see the Supplementary Information.
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Figure 1. Risk Stratification. Predicted and observed
prevalence in the UKB for individuals grouped by GRS
percentile.



Table 1 shows the premature menopause observed prevalence
for individuals in the UKB grouped by GRS percentile range
(top 10%, 5%, and 1%), as well as how their risk compares to
the baseline risk at the 50th GRS percentile. Those with higher
GRS relative to the population baseline also had substantially
higher observed prevalence of premature menopause, support-
ing the predictive accuracy of the GRS to identify individuals
with elevated risk.

GRS Group Observed | Odds Ratio
UKB Prevalence

Baseline 1.29% 1.00

(50th percentile)

Top 10% 4.61% 3.70

Top 5% 5.84% 4.75

Top 1% 12.00% 10.44

Table 1. Observed prevalence of premature menopause
in the UKB by GRS percentile range. Those with higher
GRS relative to the population baseline also had substantially
higher observed prevalence of premature menopause.

Estimating Lifetime Risk

Mishra et al. estimate a 2% prevalence of premature
menopause for women,” slightly higher than the observed
prevalence of 1.5% in the UKB testing set. We adjust our
model so that its average prevalence aligns with the Mishra et
al. estimate (Figure 2).!3 People at the high end of the GRS
distribution are predicted to have an elevated risk of premature
menopause relative to the population (Table 2).

Predicted Lifetime Risk by GRS Percentile
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Figure 2. Adjusted Risk Stratification. Predicted risk
estimates adjusted so that overall prevalence matches the 2%
estimate of Mishra et al.”

GRS Percentile Predicted | Relative Risk
Lifetime Risk

50th (baseline) 1.54% 1.00x

95th 5.09% 3.30x

97th 6.01% 3.90x

99th 8.20% 5.32x

Table 2. Predicted lifetime prevalence of premature
menopause at different GRS percentiles. Individuals with
the highest GRS percentiles are predicted to have an
increased risk of premature menopause relative to those at the
50th percentile.

Conclusion

In this study, we evaluated our premature menopause GRS
on data from the UKB. We found that it performed well,
particularly for identifying individuals with elevated risk of
premature menopause relative to the population. In our em-
bryo and couple reports, we adjust the model to predict risk
consistent with the prevalence estimated by Mishra et al.> The
premature menopause GRS model is available to individuals
of all ancestry groups.
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Baseline Risk | OR per SD | OR per 2 SD
1.54% 2.11 4.47

Table 3. OR per SD. The baseline risk for an individual
with a median GRS, and the predicted OR at one and two
SDs, respectively. A GRS must have a predicted OR >2 at 2
SD to be included in Orchid’s clinical reports.
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GRS Receiver Operating Characteristic Curve
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Figure 4. The receiver operating characteristic (ROC)
used to compute the ROC area under the curve (AUC).
The ROC curve is a graphical representation of a binary
classifier’s performance, plotting the True Positive Rate
(TPR) against the False Positive Rate (FPR) across different
decision thresholds. A curve closer to the top-left indicates a
better model, while a diagonal line (AUC = 0.5) represents
random guessing.
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Figure 5. Calibration Curve. Calibration plot showing
observed premature menopause prevalence versus predicted
risk across GRS deciles.
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