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Abstract: Many females experience physical problems caused by menstruation, such as
menstrual cramps and premenstrual syndrome, which disrupt their daily lives and work.
Knowing when menstruation begins is essential for managing such physical conditions.
However, menstrual periods are not always cyclic and can be extended by physical and
mental stress. Currently used menstrual management applications rely on self-reported
cycle length and basal body temperature (BBT), which makes it challenging to predict
irregular periods. Advances in smart wearables have made continuous, non-invasive
health monitoring accessible, such as heart rate variability (HRV). HRV characteristics reflect
autonomic nervous system activity and are used as physical and mental health status indices.
This study aims to explore the relationship between HRV indices and the menstrual cycle
using smart wearables. A total of 13 females aged from 18 to 20 participated in this study and
measured their indices using an underwear-type wearable device for six months. The device
measured HRV and body acceleration. Participants recorded their BBT every morning and
answered questionnaires about their physical and mental status every morning and evening.
They also reported the start and end dates of menstruation. The HRV data were split into
sleep and wake phases using acceleration and calculated time- and frequency-domain HRV
indices. Cross-correlation and regression analysis were conducted to assess the relation
between the menstrual cycle and phases, such as follicular and luteal, and the HRV indices.
A significant relationship between HRV indices and the menstrual cycle length was found,
particularly in the difference between the follicular and luteal phases of HRV indices. This
difference showed a relatively high association with menstrual cycle length. Importantly, the
regression analysis results suggested that HRV indices can be used to predict the length of
the menstrual cycle and potential physical and mental disorders. These findings significantly
contributed to menstrual health management and the Femtech industry.

Keywords: IoT wearable sensor; femtech; menstruation management; HRV; premenstrual
syndrome

1. Introduction

Female menstrual problems are of significant concern worldwide. Menstruation
causes a variety of symptoms, causing students to miss classes and employees to be
absent. Many studies on menstruation have been conducted around the world as it is
crucial to solve problems related to menstruation [1-3]. There are two types of disorders
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related to menstruation. Dysmenorrhea begins just before the menstrual period. The
symptoms include lower abdominal pain and back pain, which disappear with the end of
the menstrual cycle. The other is premenstrual syndrome (PMS), which begins 3 to 10 days
before the start of menstruation and causes physical symptoms such as lower abdominal
pain as well as mental symptoms such as irritability.

The prediction of the next menstrual date and the next ovulation date is crucial for
women’s schedule management, considering such physical and mental conditions. In
addition, for those hoping to become pregnant, knowing the correct ovulation date is of
great interest. Ovulation occurs between the follicular and luteal phases, and the days
immediately before ovulation are the most fertile [4]. However, the menstrual cycle is not
perfectly cyclic, and variations must be considered. Currently used menstrual management
applications are self-recorded, such as average values of past menstrual cycles and daily
basal body temperature (BBT). BBT has been used for menstrual management because it
reflects the secretion of female hormones, which vary with menstrual phases. It indicates a
low-temperature phase during the follicular phase and a high-temperature phase during
the luteal phase [5]. However, the biphasic clarity of BBT is not sufficient to detect the
ovulation date accurately, and prediction models of menstruation cycle length are solely
based on such self-reported data lack accuracy [6].

Recently, there has been a remarkable development in smart wearables. Smart wear-
ables measure healthcare data such as heart rate and heart rate variability (HRV) non-
invasively and continuously. HRV is the length of time between heartbeats (R-R intervals)
and is used as an indicator of physical and mental health as it reflects the effects of au-
tonomic nervous system activity [7,8]. Many smart wearables have been developed for
women, including underwear-type smart wearables. This innovative technology, called
Femtech, holds the potential to address unique women'’s health issues, such as menstrua-
tion, and brings hope to the future of healthcare technology.

In this study, we assume that HRV indices capture changes in physical and mental
conditions related to menstruation. With this in mind, we have clarified the relationship
between HRV indices and menstrual cycle length using data measured by smart wearables.

2. Methods
2.1. Dataset

The dataset includes long-term and thorough data, consisting of measurements from
14 female college students (18-20 years old). One participant was excluded because her
participation was terminated in the middle of the experiment. The participants’ data are
listed in Table 1. Participants wore underwear-type wearable devices for six months, and
HRYV and body acceleration were measured continuously. In addition, they recorded their
BBT every morning and answered questionnaires about their physical and mental condition
every morning and evening. We designed the questionnaire to ask participants to rate their
sleepiness and fatigue/weariness on a scale of 1 to 10. The scores indicated their physical
and mental condition on a five-point scale and any symptoms they had. At the same
time, the beginning and end of menstruation were also recorded. Before measurement, a
preliminary questionnaire survey was conducted regarding the severity of PMS symptoms.
The pre-survey questionnaire included the options of “none”, “weak”, “moderate”, and
“strong” symptoms for 56 different symptoms during the premenstrual, menstrual, and
postmenstrual periods, respectively.
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Table 1. Participants” data.

Characteristics Data (Mean + SD)
Age 19.0+0.71
Body mass index 21.6 £2.20
Menstruation cycle length 304+ 4.6

2.2. HRV Indices

We resampled the measured HRV (R-R intervals) time series at 2 Hz. We then separated
sleep and wakefulness under the condition that the time of day was between 8 PM and
12 AM. The one-hour average of body acceleration on the y-axis was greater than or equal
to —0.5 G. Finally, the seven HRV indices were calculated for both sleeping and being
awake for 24 h (Table 2).

Table 2. HRV indices.

Index Index Description

MeanRR Mean of R-R intervals.

SDRR Standard deviation of R-R intervals.

RMSSD Sq}lare root o.f the mean of the squares of the differences between
adjacent R-R intervals.

VLF Power in the frequency band of 0.003-0.04 Hz.

LF Power in the frequency band of 0.04-0.15 Hz.

HF Power in the frequency band of 0.15-0.4 Hz.

LF/HF The value of LF divided by HF.

2.3. Spearman’s Rank Correlation Coefficient

We used Spearman’s rank correlation coefficient to examine the relationship between
HRYV indices and the menstrual cycle length. This correlation coefficient is a nonparametric
index that does not assume a normal distribution. We initially calculated the correlation
coefficient between the HRV indices calculated for each phase and the menstrual cycle
length. In this study, the participants recorded the beginning and end of their menstrual
periods. Therefore, we defined the period excluding the menstrual phase within the first
14 days from the start of menstruation as the follicular phase and the 14 days counting
backward from the start of menstruation as the luteal phase. Hereafter, the menstrual
phase refers to the recorded period, and the follicular and luteal phases refer to the periods
calculated using the described method.

The production of female hormones changes when the phases shift. More estrogen is
secreted in the first half of the menstrual cycle, while more progesterone is secreted in the
second half. The balance of these female hormones, which varies depending on the phase,
affects menstrual cycle length. We hypothesized that HRV reflects changes in hormonal
balance during the changing menstrual phases and focused on the differences in HRV
indices calculated for each phase.

In addition, for females, knowing the length of the menstrual cycle, i.e., when the next
menstruation begins, is helpful for scheduling, so the earlier such a prediction is made, the
better results are obtained. Therefore, to determine the time for better prediction of the
length of the menstrual cycle with constant quality, we varied the data to calculate HRV by
extending it by one day and examined the evolution of the correlation coefficients.
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2.4. Linear Mixed Effect Model

Advanced models such as deep learning have often been used in recent years to
make predictions but such methods require huge data sizes to predict accurately. In
addition, one characteristic of the data, the magnitude of problems related to menstruation,
shows significant differences among participants. Therefore, in this study, we analyzed the
dataset using a linear mixed effects model to solve these issues [9,10]. The linear mixed
effect model (1) is a linear regression model with two types of terms—fixed and random
effects—and is an effective analytical method for data that captures both population and

individual variation.
Y=XB+Zb+¢ @)

(Y: dependent variable; XB: design matrix and vector for fixed effects; Zb: design matrix
and vector for random effects; : vector of observation errors).

Fixed effects represent population variation, while random effects represent individual
variation. Using these parameters, the linear mixed effects model captures data character-
istics measured from the same individuals. Since the menstrual cycles used in this study
varied by individual and the population, the strengths of the linear mixed effects model
need to be exploited further.

3. Results and Discussion
3.1. Cross-Correlation Analysis

We calculated HRV indices in each menstrual, follicular, and luteal phase, and in-
vestigated correlation coefficients between those indices and the length of the menstrual
cycle. As a result, no HRV index exceeded a correlation coefficient of 0.4, presenting a
moderate correlation. Table 3 shows the correlation coefficients between the difference in
HRYV indices calculated for each phase and menstrual cycle. Pre-luteal in Table 3 refers to
the 14 days immediately preceding the series of periods for which menstrual cycle length
was recorded. We found a higher correlation coefficient than 0.4 for SDRR, VLEF, LF, and
HF during wakefulness. We also investigated differences in HRV indices calculated for the
follicular and menstrual phases, respectively, and found no correlations higher than 0.4.

Table 3. Correlation coefficient between differences in HRV indices calculated for each phase and
length of menstrual cycle (correlation coefficients with an absolute value greater than 0.4 are indicated
in bold).

Index (Follicular)-(Pre-Luteal)  (Menstrual)-(Pre-Luteal)

Sleep —0.21 —0.08
MeanRR Wakefulness —0.23 0.20
Sleep 0.31 0.26
SDRR Wakefulness 0.12 0.44
Sleep 0.33 0.29
RMSSD Wakefulness —0.03 0.27
Sleep 0.24 0.21
VLE Wakefulness 0.25 0.51
Sleep 0.28 0.25
LE Wakefulness 0.31 0.51
Sleep 0.35 0.27

HF

Wakefulness 0.11 0.46
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Table 3. Cont.

Index (Follicular)—(Pre-Luteal) (Menstrual)-(Pre-Luteal)
Sleep 0.05 0.03
LF/HF
Wakefulness 0.09 —0.32

Figure 1 shows the results of varying the data from Day 1 to 14 after the start of
menstruation for the top four HRV indices with the highest correlation coefficients in Table 3.
The correlation coefficients for all indices increased around Day 5. This suggests that
factors influencing the start of the next menstruation are largely present in the menstrual
phase. Figure 2 shows the results of varying the data from Day 14 to 28 after the start of
menstruation for the four highest HRV indices with the highest correlation coefficients in
Table 3. The correlation coefficients decreased as the period lengthened, indicating that
the HRV indices are not immediate factors determining the start of the next menstruation,
but that instead there are other factors with a time lag that influence the start of the
menstruation after the next cycle starts.
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Figure 1. Change in the correlation coefficient of the differences in the HRV indices between the
follicular and luteal phases and the menstrual cycle length when the length of the follicular phase
used to calculate the HRV indices is changed.
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Figure 2. Change in the correlation coefficient of the differences in the HRV indices between the
follicular and luteal phases and the menstrual cycle length when the length of the luteal phase used
to calculate the HRV indices is changed.

3.2. Regression Analysis

The results of the correlation coefficient analysis showed a relationship between the
HRYV indices and the menstrual cycle length. Therefore, we investigated the possibility of
predicting menstrual cycle length from the difference in the HRV indices calculated for the
menstrual phase and pre-luteal phase. The features used in the linear mixed effects model
were selected by excluding features that showed little correlation between the feature and
the length of the menstrual cycle, which ranged from —0.2 to 0.2. We excluded SDNN
which largely correlated with other indices. After that, we used VIF to select only valid
features, with a VIF smaller than 10 for multicollinearity. Due to the results of the above
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methods, we chose RMSSD and VLF for waking and RMSSD and HF for sleeping. The
results of the regression analysis using the linear mixed effects model are shown in a
Brandt-Altman plot (Figure 3). The dotted lines indicate the acceptable range, represented
by “the mean of the differences &+ 1.96 x the standard deviation of the differences”. Since
most points fall within the acceptable range, it is possible to predict the menstrual cycle
length using HRV indices.
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Figure 3. Brandt-Altman plot consisting of menstrual cycle length recorded and predicted by a linear
mixed effects model.

4. Conclusions

In this study, we investigated the relationship between HRV indices and the menstrual
cycle, using the long-term measurement of RR intervals made possible by smart wearables.
The difference in HRV indices calculated in the menstrual or follicular phase and the
luteal phase immediately before that phase was linked to the menstrual cycle length. The
regression analysis results also indicated that these indices serve as predictive tools for
the future start date of menstruation. The linear mixed effects model underscores the
significant role of individual differences among women in this context. This highlights the
need for personalized care, as the severity of symptoms and other external factors vary
for each individual. The study’s results offer a positive future for women suffering from
menstrual disorders and underscore the potential of Femtech, including underwear-type
smart wearables for women. The related technology needs to be developed further in the
future, with a focus on individualized approaches in women’s health.
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