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Age at Natural Menopause; A Data Mining Approach (Data from the
National Health and Nutrition Examination Survey 2013-2014)

Abstract

Background: The timing of the age at which menopause occurs varies among female populations.
This variation is attributed to genetic and environmental factors. This study aims to investigate
the determinants of early and late-onset menopause. Methods: We used data from the National
Health and Nutrition Examination Survey 2013-2014 for 762 naturally menopause women. Data on
sociodemographic, lifestyle, examination, and laboratory characteristics were examined. We used
random forest (RF), support vector machine (SVM), and logistic regression (LR) to identify important
determinants of early and late-onset menopause. We compared the performance of models using
sensitivity, specificity, Brier score, and area under the receiver operating characteristic (AUROC).
The top determinants were assessed by using the best performing models, using the mean
decease in Gini. Results: Random forest outperformed LR and SVM with overall AUROC 99%
for identifying related factors of early and late-onset menopause (Brier score: 0.051 for early and
0.005 for late-onset menopause). Vitamin B12 and age at menarche were strongly related to early
menopause. Also, methylmalonic acid (MMA), vitamin D, body mass index (BMI) were among the
top highly ranked factors contributing to early menopause. Features such as age at menarche, MMA,
sex hormone-binding globulin (SHBG), BMI, vitamin B12 were the most important covariate for
late-onset menopause. Conclusions: Menarche age and BMI are among the important contributors
of early and late-onset menopause. More research on the association between vitamin D, vitamin
B12, SHBG, and menopause timing is required which will produce invaluable information for better

prediction of menopause timing.
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Introduction

Concurrent to chronological aging both
the number and quality of the oocytes
in the ovaries decrease, the ovaries stop
producing estrogen and progesterone, and
consequently, the menstrual periods stop
permanently.!! Twelve consecutive months
of menstruation cessation, for which
there is no other obvious pathological or
physiological cause than the loss of ovarian
follicular activity is defined as natural
menopause.?!

The mechanism underlying the age at
natural menopause (ANM) has not been
completely understood.”! Different genetic,
social, and environmental factors are likely
to be associated with variability in ANM,
huge controversies exist and no established
risk factor is documented.™

Considerable long-term adverse health
implication has been reported for early
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menopause.  Early = menopause  links
independently with increased odds of
rheumatoid arthritis.’). The risk of death
among women with early menopause
is higher.*”! Late-onset menopause also
carries health risks. It is a proxy of
prolonged exposure to estrogen and a large
number of ovulation, which consequently
puts women at a higher risk of ovarian,
breast, and endometrial cancer.®

Data mining utilizes statistical methods for
data classification. These techniques have
been frequently applied to epidemiologic
data to classify determinants of health
and have indicated a higher accuracy
than classical methods.”'1 Support vector
machine (SVM), random forest (RF),
logistic  regression (LR) have been
broadly utilized in this era. They are the
most frequently used supervised learning
methods for analyzing complex survey data.

Several studies have looked to identify
significant risk factors of early and
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late-onset menopause. To the best of our knowledge,
there is a lack of studies for ANM determinants using
data mining methods. We hypothesized that the use of
flexible, optimized data mining approaches on a large data
set with many features would yield accurate classification
and generate new invaluable hypotheses. In this study,
we aim to identify significant determinants of early and
late-onset menopause using data mining algorithms, and
data from the national health and nutrition examination
survey (NHANES) 2013-2014.

Methods
Data source

Using the NHANES 2013-2014, the health information on
naturally menopause women was collected. NHANES is a
cross-sectional survey conducted by the National Center
for Health Statistics (NCHS) to assess the health and
nutritional status of adults and children in the United States
of America. It has a complex, four-stage sampling scheme
that combines interviews, physical examinations, and
laboratory tests of approximately 5000 non-institutionalized
civilian resident population of the United States annually.

The menopause status was determined by asking women
the question “Have you had regular periods in the past 12
months?” and if the answer was no, the next question was
“What is the reason that you have not had regular periods
in the past 12 months?”. Answer choices were pregnancy,
breastfeeding, hysterectomy, menopause, and other. Women
were referred as naturally menopause if the cause of the
lack of menstruation was stated as menopause. 762 women
were included in this study who were naturally menopause
and reported their ANM. Women were categorized into
three strata by their ANM (early, timely, and late-onset
menopause). Early menopause was defined as amenorrhea
before the age of 45.21 Timely menopause was defined
as women having menopause between ages 45 to 55, and
late-onset menopause was defined as if it has not begun
until 55.03

Input features

Several hundred variables are available in the NHANES
data sets. Variables were selected based on existing
research looking at the determinants of ANM. Even
variables with a possible relation with ANM were
considered. Variables were dropped from the dataset if it
was only available on subsamples instead of the whole
NHANES sample or it had a high level of missing
value (more than 35%). A total of 38 wvariables were
included in the models. In our application, considered
variables cover socio-demographic (e.g. Education level,
race, marital status, ratio of family income to poverty),
lifestyle (e.g. drinking), reproductive (e.g. history of
prior pregnancy), examination (e.g. anthropometrics),
and laboratory (e.g. vitamin D level)
characteristics [Tables 1 and 2] Family income-to-poverty

2

ratio is an index of socioeconomic standing and represents
family income by poverty level.

Data imputation

Tackling the missing values is a prerequisite for applying data
mining algorithms. The proportion of missing data ranged
from 0% to 15% for all features but, “the number of alcohol
drinks over the past 12 months”, “history of Cocaine/heroin/
methamphetamine use”, “age at first live birth”, “history of
vaginal, anal, or oral sex”, and “age at first sex”” which 25 to
35% of data were missing. Missing values in the covariates
were imputed with multiple imputations using the package
MICE in R with 5 imputations and 50 iterations.

Class unbalance

Data sets in this study were class-imbalanced. Since
the data set shows a large number of timely menopausal
women, the unbalanced distribution of the variable classes
influences the model’s performance. An approach to combat
this challenge is oversampling. With oversampling, we
duplicated samples from the minority class. We rebalanced
the data by oversampling the minority class (early or
late-onset menopause) and then proceed with learning the
classification model on balanced data.

Once the data have been imputed and balanced, data
mining algorithms were run on each of the balanced
imputed dataset, and then the estimates from each dataset
were combined to obtain the final result.

Data mining methods

We used three supervised learning, including random
forest (RF), support vector machines (SVM), and
logistic regression (LR) for the classification of naturally
menopause women to early or late-onset menopause.
An independent model was created for early vs. timely
menopause and late-onset vs. timely menopause.

The RF is a supervised ensemble classification model that
grows many classification trees built from a random subset
of features and bootstrap samples. The RF ensemble
the prediction from each tree through voting. The most
important parameters for RF after parameter tuning in
our study were ntree = 100 denotes the number of trees
in the forest. The parameter mtry = 6 (square root of the
total number of variables) denotes the number of features
randomly selected as candidate features at each split.

SVM is a supervised data mining model that uses
classification algorithms for two-group classification
problems. The SVM is based on mapping data to a higher
dimensional space through a linear kernel function and
choosing the maximum-margin hyper-plane that separates
data. Thus, the goal of the SVM is to improve accuracy
by the optimization of space separation. The SVM model
trains the characteristics associated with ANM groups. The
regularization parameter was considered 10.
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LR is a supervised data mining model that is used to model
a binary dependent variable. It uses the logit function to
predict certain class probabilities. The prediction from
a logistic regression model can be interpreted as the
probability that the label is 1. It’s always best to predict
class probabilities instead of predicting classes.

Performance evaluation

The dataset was divided into a training set (80% of total
samples) used to develop the classification models and a
validation set (20% of total samples) used to assess the
classification accuracy of each model. Model on the testing
dataset was evaluated using performance statistics in terms
of sensitivity, specificity, Brier score, and Area Under
Receiver Operating Characteristic (AUROC). A Brier score
is a way to verify the accuracy of a classification model.
It is calculated as the mean squared differences of actual
results and forecast probability. It ranges between 0 and 1.
The lower Brier score indicates higher accuracy. AUROC
is known as a global measure of classifier performance
that provides a comprehensive measure to summarize the
false-positive rate, or 1-specificity versus sensitivity of the
classification method. AUROC demonstrates how well the
early, and late-onset menopause can be classified by the
algorithm.

The best data mining model was selected based on
performance metrics. Within the best performing model,
variable importance measures rank the variables concerning
their relevance for classification. It is assessed by the Gini
impurity criterion index. Mean Decrease in Gini is the
average of a variable’s total decrease in node impurity,
weighted by the proportion of samples reaching that node
in each decision tree in the random forest. A low Gini (i.e.,
a greater decrease in mean Gini) means that a particular
variable contributes a greater role in classification and have
more relevance to menopause timing. The criterion for
selecting the most important variable was the five variables
with the largest decrease in the mean Gini among each
model. All analyses were run using R release 4.0.3.

Results

Table 1 presents the socio-demographic characteristic of
the study population stratified by their ANM category.
Out of 762 naturally menopause women, early menopause
reported among 132 (17.3%), timely menopause among
575 (75.4%), and late-onset menopause among 55 (7.2%).
The average age of women at study time was 62.8 + 10.6
for early menopause, 64.1 = 9.1 for timely, and 67.4 + 6.3
for late-onset menopause (p-value = 0.009). There was
a decline across the years since the final menstrual
period (FMP) from early to late-onset menopause. The
average years since FMP at the time of study among early,
timely, and late-onset menopause women were 23.1 £ 11.5,
14.1 £ 9.2, and 9.4 £+ 5.9, respectively. The ratio of family
income to poverty was the lowest among early menopause
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women (p-value = 0.019). Description of input variables
into data mining models were presented in Table 2.

Table 3 describes the comparative performance of three data
mining models (RF, SVM, and LR) for the classification
of menopause timing. The full set of 38 variables were
used for training the classification models (number of
features = 38). Five classification performance estimates
were produced (one estimate per each imputed dataset),
separately for early and late-onset menopause, and then one
combined estimate was provided for each ANM group.

Within the early vs. timely menopause women, we found
that RFs outperformed LRs and SVMs. AUROC ranged
from 98.1 to 98.4% among imputed datasets in the RF
model; combined AUROC was 99%. The Brier score for
combined RF was the lowest value among models (0.051
for RF versus 0.200 for LR and 0.211 for SVM). The worst
performing model was SVM with a combined AUROC at
68.6%.

In the classification of late-onset vs. timely menopause, the
RF was the best discriminating classifier with an AUROC
score of 99% among all imputed, and combined estimates,
followed by LR and SVM each reported combined AUROC
of 84.1% and 78.9, respectively. The lowest Brier score
belonged to RF balanced (Brier score at 0.005 for combined
data) and the highest score to SVM balanced (Brier score
at 0.200 for combined data).

Figures 1 and 2 highlight the relative importance of
variables by the RF model. As RF was the top-performing
model, the mean decrease in Gini was used to compare the
importance between the variables within the model. The
criterion for selecting the most important variable was the
five variables with the largest decrease in the mean Gini
among each model.

Analysis of features in early menopause women
showed vitamin B12 and age at menarche were the
most important features which contribute substantially
towards the classification of the RF model. Features
including  Methylmalonic  acid (MMA), vitamin
D (250HD2 + 250HD3), body mass index (BMI) were
among top highly ranked variables contributing to the
classification into early menopause.

The late-onset menopause data analysis suggests features
such as age at menarche, MMA, sex hormone-binding
globulin, BMI, vitamin B12 as the most important
variables.

Discussion

The main goal of the present study was to identify
significant determinants of early and late-onset menopause
using data mining algorithms. These models will be able
to effectively screen women who carry a higher probability
of early or late-onset menopause. This is significant
because the unusual timing of menopause may indicate

3
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Table 1: Socio-demographic characteristics of naturally menopause women, stratified by age at natural menopause,
NHANES, 2013-2014 (n=762)

Age at menopause 1 (%) P
Early (n=132) Timely (n=575) Late-onset (n=55)

Race

Mexican-American (18.2) 24 75 (13) 3(5.5) 0.325

Other Hispanic 15(11.4) 61 (10.6) 8 (14.5)

Non-Hispanic white 58 (43.9) 275 (47.8) 30 (45.5)

Non-Hispanic black 21 (15.9) 85 (14.8) 10 (18.2)

Other 14 (10.6) 79 (13.7) 4(7.3)
Marital status

Married (41.7) 55 286 (49.7) (41.8)23 0.388

Widowed (20.5) 27 116 (20.2) (25.5) 14

Divorced (18.9) 25 108 (18.8) (18.2) 10

Separated 8(6.1) 12 (2.1) (3.6)2

Never married 13 (9.8) 42 (7.3) (7.3)4

Living with a partner 4(3) 11 (1.9) 2(3.6)
Education level

<9 orade 24 (18.2) 64 (11.1) 50.1) 0.183

9-11" grade 18 (13.6) 66 (11.5) 7 (12.7)

High school graduate 36 (27.3) 132 (23) 11 (20)

Some college 33 (25) 168 (29.3) 18 (32.7)

College graduate or above 21 (15.9) 144 (25.1) 14 (25.5)

Mean£SD*

Age at study time (years) 62.8+£10.6 64.149.1 67.4+6.3 0.009
Years since final menstrual periods 23.1£11.5 14.1£9.2 9.4+5.9 0.000
Total number of people in the Household 2.9+1.7 2.6x1.5 2.4+1.4 0.096
Ratio of family income to poverty 2.1£1.5 2.5%1.5 2.8+1.7 0.019

*Standard deviation

not only the loss of fertility but also an increased risk for
various mid-life diseases and problems. Many of these
diseases can be prevented by timely intervention, through
lifestyle modification. The important contribution of the
present work is that we searched the NHANES, a large
population-based survey, for menopause timing determinant
factors via data mining analytical approach. Menarche
age and BMI are among the important contributors of
early and late-onset menopause. Models trained using RF
outperformed LR and SVM for ANM classification. Data
mining has generated hypotheses that MMA, vitamin B12,
SHBG, and vitamin D are possibly correlated to menopause
timing.

The RF models developed in the study surpass LR and
SVM. As suggested by a large body of literature RF
outperforms SVM, however, the opposite has been reported
t00.'41 We are aware of no studies that have classified early
or late-onset menopause using data mining approaches.
Therefore, it is not possible to compare the current study
with similar studies. The consistency of the performance
metrics across imputed datasets suggests that imputation
has been produced nearly similar data.

4

Our findings are consistent with previous studies that have
established the association between age at menarche and
ANM.U Tt is not completely clear whether early menarche
cause early or late-onset menopause. The overall evidence
is mixed. No correlation between the age of menarche and
the age of menopause was reported in some studies.!'*8] A
pooled analysis of nearly 50,000 postmenopausal women
from nine observational studies in the UK, Scandinavia,
Australia, and Japan, concluded that the risk of premature
and early menopause increased by 80% for women with
early menarche.l'

In the present study, we found that MMA and vitamin
B12 highly contribute to early and late-onset menopause
classification. MMA is a carrier of vitamin BI12,
which is necessary for human metabolism and energy
production, and its level is a biomarker for vitamin B12
deficiency.' Serum vitamin BI12 concentrations are
frequently low in the elderly.?*?!! Previous studies reported
that lack of estrogen (menopause) affects the requirements
for the B vitamins, including B12, for maintaining low
blood homocysteine concentrations,? however, no study
has explored the effect of vitamin B12 on menopause
timing. Therefore, there is no clear explanation for the
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Table 2: Distribution of features included in data mining algorithms, stratified by age at natural menopause,
NHANES, 2013-2014
Age at natural menopause (n=762) n (%) P
Early (n=132) Timely (n=575) Late-onset (n=55)

Race

Mexican-American (18.2) 24 75 (13) 3(5.5) 0.325

Other Hispanic 15(11.4) 61 (10.6) 8 (14.5)

Non-Hispanic white 58 (43.9) 275 (47.8) 30 (45.5)

Non-Hispanic black 21 (15.9) 85 (14.8) 10 (18.2)

Other 14 (10.6) 79 (13.7) 4(7.3)
Marital status

Married (41.7) 55 286 (49.7) (41.8) 23 0.388

Widowed (20.5) 27 116 (20.2) (25.5) 14

Divorced (18.9) 25 108 (18.8) (18.2) 10

Separated 8 (6.1) 12 (2.1) 3.6)2

Never married 13 (9.8) 42 (7.3) (7.3)4

Living with a partner 4(3) 11 (1.9) 2 (3.6)
Education level

<9 orade 24 (18.2) 64 (11.1) 50.1) 0.183

9-11" grade 18 (13.6) 66 (11.5) 7 (12.7)

High school graduate 36 (27.3) 132 (23) 11 (20)

Some college 33 (25) 168 (29.3) 18 (32.7)

College graduate or above 21(15.9) 144 (25.1) 14 (25.5)
History of prior pregnancy (yes) 117 (88.6) 521 (90.9) 49 (89.1) 0.683
History of diabetes in pregnancy (yes) 7 (6) 29 (5.6) 1(2) 0.761
Had any babies weigh 9 1bs or more? (yes) 17 (15.3) 86 (17.2) 8(17) 0.894
Birth control pills consumption (yes) 79 (60.3) 351 (61.3) 40 (72.7) 0.226
Hepeatitis B core antibody (positive) 14 (11) 62 (11.2) 4(7.4) 0.699
History of Cocaine/heroin/methamphetamine use (yes) 12 (13.3) 55 (13.8) 4(12.1) 0.950
History of asthma (yes) 31 (23.5) 82 (14.3) 13 (23.6) 0.012
History of arthritis (yes) 69 (52.3) 260 (45.4) 39 (70.9) 0.001
History of thyroid problem (yes) 24 (18.2) 130 (22.6) 12 (21.8) 0.539
History of chronic obstructive pulmonary disease (yes) 13 (9.8) 21 (3.7) 1(1.8) 0.005
Do vigorous recreational activities in a typical week (yes) 11 (8.3) 70 (12.5) 50.1) 0.393
Do moderate recreational activities in a typical week (yes) 42 (31.8) 242 (42.1) 27 (49.1) 0.041
Used products in home to control insects (yes) 26 (19.7) 60 (10.4) 11 (20) 0.004
Used products to kill weeds (yes) 4 3.1 29 (5.2) 5(9.3) 0.224
Smoke at least 100 cigarettes in life (yes) 61 (46.2) 214 (37.2) 21(38.2) 0.160
History of vaginal, anal, or oral sex (yes) 85 (95.5) 377 (95.7) 34 (100) 0.460

Mean+SD*

Total number of people in the Household 2.9+1.7 2.6£1.5 24+1.4 0.096
Ratio of family income to poverty 2.1£1.5 2.5+1.5 2.8+1.7 0.019
Age at menarche 12.842.2 12.9+1.7 13+£2.3 0911
Number of pregnancies 3.9+2.2 3.6+2 3.4+1.9 0.299
Number of vaginal deliveries 27422 2.6+2 2.5+1.8 0.854
Number of deliveries live birth result 3.2+1.9 2.9+1.8 2.8+1.7 0.196
Age at first live birth 22.7+4.7 22.7+4.7 22.7+4.8 0.691
Age at last live birth 30.5+6 30.9+5.9 29.8+6.1 0.480
Body Mass Index (kg/m?) 30.2+7.8 28.9+7.1 30.6+7.6 0.078
Waist Circumference (cm) 101+£16.1 97.9+15.2 101.7£16.2 0.047
Glycohemoglobin (%) 5.9+1.1 6.1+1.3 5.9+1.3 0.467
Methylmalonic Acid (nmol/L) 232.2+15.9 199.1+15.4 204.7+20.8 0.072
Testosterone (ng/dL) 18.9+1.4 22.1+1.4 23.4+1.5 0.167

Contd...
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Table 2: Contd...

Age at natural menopause (n=762) n (%) P
Early (n=132) Timely (n=575) Late-onset (n=55)
Estradiol (pg/mL) 7.2+1.7 8.6+1.6 7.5+0.3 0.578
Sex hormone binding globulin (nmol/L) 78.8+4.1 70.5+4.5 78+4.7 0.097
250HD2 + 250HD3 (nmol/L) 77.4+3.4 78.2+3.7 74.9+3.4 0.773
Vitamin B12 (pg/mL) 681.6+£62.7 757.6+£68 689.1+61 0.570
Number of alcohol drinks over the past 12 months 2.8+0.5 3+0.5 2.5+0.4 0.509
Age at first sex 18.3+4.4 19+4 .4 18.6+3.4 0.409

*Standard deviation

Table 3: The performance of the Data mining models for the classification of women age at menopause using full set of

features
ANM* RF' balanced SVM¢ balanced LRS balanced
Sen' Spe' Brier score AUROC** Sen Spe Brierscore AUROC Sen Spe Brierscore AUROC
Early vs. timely
imputed data #1 943 96.4 0.072 98.1 63.8 67.1 0.231 65.3 61.8 64.7 0.214 70.5
imputed data #2 91.7 95.7 0.073 98.2 68.4 709 0.229 69.6 659 68.7 0.219 72.5
imputed data #3 955 959 0.071 98.4 66  66.2 0.225 66.1 659 68.7 0.212 73.2
imputed data #4 943 97 0.069 98.4 64.1 66 0.238 65 66.4 659 0.213 71.5
imputed data #5 93.7 958 0.068 98.1 652 685 0.237 66.7 722 64.7 0.217 73.6
combined estimate 96.9 97.6 0.051 99.0 67.7 69.6 0.211 68.6 673 684 0.200 75.7
late-onset vs. timely
imputed data #1 98.8 99 0.019 99 70.8 929 0.231 78.03 89 659 0.210 79.5
imputed data #2 95.6 99 0.019 99 69.8 84.2 0.228 75.1 87.8 659 0.209 78.3
imputed data #3 99.4 99 0.018 99 69.8 854 0.227 754 849 67 0.207 77/7
imputed data #4 99.4 99 0.020 99 71.6 90 0.238 78 86.1 65.3 0.205 76.1
imputed data #5 99.4 99 0.018 99 69.6 91 0.239 76.5 86.7 659 0.211 77/7
combined estimate 99.5 99.8 0.005 99 74.4  85.5 0.200 789 823 745 0.119 84.1

*Age at natural menopause; "Random forest; *Support vector machine; SLogistic regression; !Sensitivity; "Specificity; **Area Under

Receiver Operating Characteristic

observed relationship. Future research is essential to
examine the possibility of an association between MMA,
vitamin B12, and ANM.

SHBG was also found to be an important contributor to
the unusual timing of menopause. SHBG binds to three
sex hormones, including testosterone, dihydrotestosterone,
and estradiol to regulate these hormone levels in the body.
Evidence on the link between SHBG and ANM is lacking.
The age-related trend of SHBG level among women is not
clear and can be affected by many factors such as BMI and
fasting insulin.’®) A meta-analysis of data retrieved from
nine studies that investigated serum androgen profiles in
women with premature ovarian failure found that these
women did not seem to have a statistically significant
difference compared to fertile women with regards to
SHBG levels.?

The impact of vitamin D on female reproduction and the
related disease has been thoroughly researched, however,
the evidence on the link between vitamin D and ANM is
scant. A prospective study reported that a higher level intake
of vitamin D decreases the risk of early menopause.>! Our
work identified vitamin D as an important determinant of
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Figure 1: Features importance for early menopause based on mean
decrease in Gini within RF model

early menopause. This association may be biologically
explainable. Active metabolites of vitamin D regulate genes
involved in estrogen synthesis.?* Also, follicle-stimulating
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Figure 2: Features importance for late-onset menopause based on mean
decrease in Gini within RF model

hormone (FSH) was reported to be inversely associated
with vitamin D, and FSH is a biomarker of ovarian reserve,
which rises across the late reproductive lifespan.*”

The present study found BMI as an important variable
in the classification of menopause age on both early
and late-onset menopause. This finding is in line with
existing evidence. Several previous studies documented
an association between BMI and ANM. The higher the
BMI, the later the age at menopause. BMI is the major
determinant of endogenous estrogen level, therefore women
with lower BMI are at risk of early menopause,”3% and
those with higher BMI are supposed to have higher levels
of estradiol and estrone in the body, and consequently later
ANM.B!

It is important to be aware of the limitations of
cross-sectional studies. Menopause is a condition, with
extensive physiological and psychological changes,
in combination with the advancement of age. One
limitation of the cross-sectional study design is that
because the exposure and outcome are simultaneously
assessed, there is generally no evidence of a temporal
relationship between explored variables and ANM.
Women were menopause when they participated in the
survey and some of their health information is related to
their current situation. Some of the factors examined in
that age range, including the serum level of biological
markers may not reflect the status of these factors in
whole life or the years before and around menopause.
Future research should employ longitudinal designs to
validate cross-sectional findings obtained in the present

International Journal of Preventive Medicine 2021, 12: 180

study to ascertain the temporal trends for predicting
ANM.

This paper intended to find correlated factors of early and
late-onset menopause using three popular data mining
approaches. The RF models were consistently better
classifiers than other models. Age at menarche and BMI
have a contributing effect on menopause timing. Future
research focusing on the effect of the level of vitamin D,
vitamin B12, and SHBG on menopause timing is proposed
and will produce invaluable information for better
prediction of the age at which menopause starts.
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