
UC Irvine
UC Irvine Previously Published Works

Title

Phenotyping the autonomic nervous system in pregnancy using remote sensors: potential 
for complication prediction.

Permalink

https://escholarship.org/uc/item/8mk4m3h9

Authors

Sharifi-Heris, Zahra
Yang, Zhongqi
Sharifiheris, Hamid
et al.

Publication Date

2023

DOI

10.3389/fphys.2023.1293946
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/8mk4m3h9
https://escholarship.org/uc/item/8mk4m3h9#author
https://escholarship.org
http://www.cdlib.org/


Phenotyping the autonomic
nervous system in pregnancy
using remote sensors: potential
for complication prediction

Zahra Sharifi-Heris1*, Zhongqi Yang2, Amir M. Rahmani1,2,
Michelle A. Fortier1,3, Hamid Sharifiheris4 and Miriam Bender1

1Sue and Bill Gross School of Nursing, University of California, Irvine, Irvine, CA, United States,
2Department of Computer Science, University of California, Irvine, Irvine, CA, United States, 3Center on
Stress and Health, University of California, Irvine, Irvine, CA, United States, 4Department of Computer
Science, Azad University of Ahar, Ahar, Iran

Objectives: The autonomic nervous system (ANS) plays a central role in dynamic
adaptation during pregnancy in accordance with the pregnancy demands which
otherwise can lead to various pregnancy complications. Despite the importance
of understanding the ANS function during pregnancy, the literature lacks
sufficiency in the ANS assessment. In this study, we aimed to identify the heart
rate variability (HRV) function during the second and third trimesters of pregnancy
and 1 week after childbirth and its relevant predictors in healthy pregnant Latina
individuals in Orange County, CA.

Materials and methods: N = 16 participants were enrolled into the study from
whichN = 14 (N = 13 healthy and n = 1 complicated) participants proceeded to the
analysis phase. For the analysis, we conducted supervised machine learning
modeling including the hierarchical linear model to understand the association
between time and HRV and random forest regression to investigate the factors
thatmay affect HRV during pregnancy. A t-test was used for exploratory analysis to
compare the complicated case with healthy pregnancies.

Results: The results of hierarchical linear model analysis showed a significant
positive relationship between time (day) and average HRV (estimated effect =
0.06; p < 0.0001), regardless of being healthy or complicated, indicating that HRV
increases during pregnancy significantly. Random forest regression results
identified some lifestyle and sociodemographic factors such as activity, sleep,
diet, and mental stress as important predictors for HRV changes in addition to
time. The findings of the t-test indicated that the average weekly HRV of healthy
and non-healthy subjects differed significantly (p < 0.05) during the 17 weeks of
the study.

Conclusion: It is imperative to focus our attention on potential autonomic
changes, particularly the possibility of increased parasympathetic activity as
pregnancy advances. This observation may challenge the existing literature that
often suggests a decline in parasympathetic activity toward the end of pregnancy.
Moreover, our findings indicated the complexity of HRV prediction, involving
various factors beyond the mere passage of time. To gain a more comprehensive
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understanding of this dynamic state, future investigations should delve into the
intricate relationship between autonomic activity, considering diverse
parasympathetic and sympathetic metrics, and the progression of pregnancy.

KEYWORDS

autonomic nervous system, healthy pregnancy, pregnancy complications, smart wearable
technology, physiology

Introduction

Various physiological changes occur during pregnancy
contributing to the optimal growth and development of the fetus
and help protect the mother from the pregnancy and delivery
complications (Soma-Pillay et al., 2016). These changes are
regulated through a non-linear complex relationship between
various vital systems in the body and, to a great extent, by the
autonomic nervous systems (ANS). The ANS role can be mainly
explained by the adaptation of sympathetic (SNS) and
parasympathetic (PNS) components and their responses to the
pregnancy demands as stimuli (Waxenbaum, et al., 2019). SNS
directs the body’s rapid involuntary response to various
demanding situations in or outside of the body (Bruno et al.,
2012) and mediates the vigilance, arousal, and activation of the
bodily responses to adapt to increased metabolic needs in response
to internal and external stimuli including pregnancy (Braeken.,
2014). PNS, on the other hand, is responsible for the stimulation
of “rest-and-digest” or “feed-and-breed” activities that occur when
the body is at rest (Johnson, 2019). Sympathetic and
parasympathetic systems function as complementary components
to maintain the hemostasis and hemodynamic adaptation in
the body.

A failure in the ANS including SNS and PNS function has been
described in various diseases, both those that directly afflict the
nervous system and those afflicting other organs, where they
indirectly trigger or enhance pathological symptoms in the body
(Zygmunt and Stanczyk, 2010). Broadly speaking, every disorder or
ailment is inherently linked to disturbances or dysfunctions in
autonomic regulation or innervation (Ziemssen and Siepmann,
2019). Likewise, in pregnant individuals, ANS dysfunction has
been considered to be one of the main contributors to the
development of some maternal and/or neonatal disorders such as
hypertensive disorders and preeclampsia (Yousif et al., 2019),
gestational diabetes mellitus, and unexplained recurrent
pregnancy loss (Kataoka et al., 2015). This may explain the ANS
role in physiological regulation helping the individuals’ body adjust
to the pregnancy-related demands in order to prevent these
disorders. On the other hand, for the aforementioned adverse
pregnancy outcomes, evidence has identified several
sociodemographic and medical history factors as potential risk
factors, which are also associated with ANS dysfunction. These
include age (Jandackova et al., 2016; Geovanini et al., 2020), prenatal
alcohol consumption (Karpyak et al., 2014; Jurczyk et al., 2019),
smoking (Harte et al., 2013; Bodin et al., 2017; Murgia et al., 2019),
drug use (Nayak et al., 2020; Lu et al., 2022; Qiu et al., 2023), and
body mass index (BMI) (Rodrigues and Quarto, 2018; Triggiani
et al., 2019). Due to the associations between the aforementioned
risk factors and pregnancy complications and ANS dysfunction, it

seems that the ANS may explain the pathway between the risk
factors and the pregnancy outcomes, which already indicated in
ANS dysfunction (or maybe correctional but not optimal
adaptation) in response to the risk factors resulting in pregnancy
complications. However, the reliability of these results is
questionable due to serious methodological limitations in the
assessment of the ANS. Many studies have relied on short-
duration (5–10 min) and non-continuous assessments
(Sharifiheris et al., 2022), which is problematic considering that
pregnancy is a dynamic and ever-changing condition that cannot be
adequately captured through brief and episodic measurements. In
order to comprehensively understand pathological and abnormal
changes, it is essential to first establish a baseline of normal ANS
function in healthy pregnancies. To initiate this inquiry, it is crucial
to initially investigate whether a consistent pattern is present among
individuals experiencing healthy pregnancies. This preliminary yet
vital step will help us ascertain the feasibility of conducting a trial
that compares healthy and unhealthy pregnancies, providing an
opportunity to identify potential differences.

The most common tests for ANS assessment are those that
evaluate the cardiovascular reflexes in response to provocative
maneuvers. These tests include the orthostatic stress test, cold
pressor test, deep breathing test, Valsalva maneuver, isometric
hand grip test, head-up tilt test, and mental stress test (Zygmunt
and Stanczyk, 2010; Ziemssen and Siepmann, 2019). Although the
aforementioned ANS assessment maneuvers are widely applied in
clinical settings for diagnostic purposes, the ability of these
maneuvers to reflect ANS function in real life is questionable.
This is due to the fact that the tests are often performed in a
controlled situation in which individuals have to follow specific
considerations in order to standardize the test situation for all
people. For example, several hours before a test, caffeine,
nicotine, alcohol, and certain medications are needed to be
withheld. Additionally, tests are required to be performed in a
specific environmental situation (e.g., temperature and humidity),
and right before and during the test, people have to practice specific
positions (standing up and lying down). These framed rules before
and during the test and artificial setting for the test procedure cannot
reflect one’s ANS activity in the everyday life. Specifically, since the
ANS follows a 24-h cycle of circadian rhythm, it cannot be
represented in any duration less than 24 h. In addition, as
discussed earlier, pregnancy is an ever-changing situation that
episodic assessments are unable to reflect this dynamic situation.
Thus, relying on the test results seems to be tricky to make a right
decision regarding the ANS function.

In the current study, heart rate variability (HRV) has been
applied to assess the ANS function. HRV is one of the well-
known, non-invasive ANS biomarkers that is commonly applied
in the recent literature to detect various physical and psychological
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disorders resulted from ANS dysfunction (Duong et al., 2020).
Variability of the heart rate indicates the flexibility to cope with
the uncertain and changing environment through the cardiovascular
system. HRV is a surrogate parameter of the ANS reflecting the
complex interaction between organ systems and, specifically, the
brain and the cardiovascular system to maintain hemostasis (Ernst,
2017). HRV applies the photoplethysmogram (PPG) technique and
is equipped with a light source (red and infrared light-emitting
diodes) and a detector to function. HRV can cover the existing
literature gaps in ANS assessment. This is because PPG is
embeddable in smart devices enabling continuous and long-term
ANS assessment (Peng et al., 2015).

The overall purpose of this study is to determine the ANS
function during normal (low risk) pregnancy across healthy
pregnant populations when assessed by HRV using a tech-based
wearable smart device. This investigation serves as a foundational
step toward creating a screening tool that has potential to identify
any abnormalities in the normal ANS patterns during pregnancy,
enabling timely decision making. In this study, we will focus on the
Latina population who are at more risk of developing pregnancy
complications (Howell et al., 2017; Petersen et al., 2019).

Materials and methods

Study design

A prospective longitudinal observational study design was
utilized in the current study. The study started at
22–24 gestational age (GA) and continued until 1 week after
childbirth (16–19 weeks). A prospective study that is supposed to
be carried out from the present time into the future is appropriate for
this study because 1) our target population is required to meet
specific criteria to be eligible for recruitment, 2) the dependent
variable should be assessed in a specific time frame and consistently
to be able to assess its pattern of changes and relationship with the
independent variable, and 3) there is no existing data source that
matches with the aim and requirements of the current study to carry
out it in a retrospective design.

Sample and setting

Our target population comprises pregnant individuals who
currently live in southern California. Following IRB approval, we
recruited the study subjects from the Manchester Clinic using
purposeful sampling. Specified criteria were considered to address
the research questions of the study. The inclusion criteria were as
follows: 1) identified healthy according to the American College of
Obstetricians and Gynecologists (ACOG) (Appendix A), 2) GA
between 20–24 weeks, 3) Latina, 4) proficient in English, and 5) have
access to the internet and smart phone.

Sample size

This is a pilot study where there is no prior information to base
the sample size on. In this situation, the recommendation from the

literature suggests a sample size of 12 as being appropriate for the
purposes of preliminary data collection and analysis (Julious, 2005).
According to recent statistics, approximately 10% of the low-risk
pregnancies still have a chance of progressing to complications
(Rajbanshi et al., 2020). Considering additional 15% as the
possible attrition rate, the final sample size was considered to
be n = 16.

Measures

HRV
The Oura Ring was used to continuously capture HRV data in

participants during the study. The Oura Ring is a water-proof smart
ring made of highly scratch-resistant materials, including zirconia
(Zr02), with a medical-grade, nickel-free, 100% non-allergenic, non-
metallic inner molding. It is wireless (Bluetooth) and weighs
approximately 3–4 g, depending on the size of the ring. A full
battery charge would be enough to capture signals for
5–7 consecutive days (Kinnunen et al., 2020). The sensors
embedded in the inner layer of the ring include a PPG, 3D
accelerometer, gyroscope, and negative thermal coefficient (NTC)
body temperature sensor. The ring has been used before in human
subjects (de Zambotti et al., 2019; Maijala et al., 2019; Altini and
Kinnunen, 2021). The Oura Ring also comes in different sizes, which
can be selected based on personal comfort. See “data procedure
section” for more details. The HRV metrics such as NN interval,
RMSSD, SDANN, SDNN, pNN50, LF, HF, and LF/HF were
supposed to be extracted from the interbeat interval (IBI)
captured by sensors. The relevant machine learning coding was
supposed to be applied in order to obtain the HRV metrics from
IBI data.

Healthiness criteria assessment
To assure the healthy status of the subjects based on ACOG

criteria, EPIC and REDCap were applied to constantly monitor for
possible risk factors and confounding factors that have the potential
to threaten the healthy situation of the participants.

EPIC is a platform that is considered to be the information
backbone for a majority of the largest integrated health systems in
the world. EPIC provided information regarding the obstetric,
medical, and sociodemographic details of the participants that
were required for eligibility assessment as well as weekly
monitoring for the possible complications. Given that prenatal
care visits become more frequent, with weekly visits toward the
end of pregnancy, it indeed aligns perfectly with our choice of weekly
monitoring for identifying potential complications updated in the
EPIC system. This frequency ensures that we are in sync with the
evolving needs of the participants and the timing of their prenatal
care, making it a practical and well-aligned approach.

We also used REDCap to subjectively assess 1) the potential
mental-related risk factors, identified by the ACOG, such as mental
distress (stress, anxiety, and depression), and 2) lifestyle-related
factors (activity, acute stress, sleep, and diet) as possible predictive
factors for HRV.

For mental distress, we used the Patient Health Questionnaire-2
(PHQ-2), Perceived Stress Scale 4 (PSS-4), and Generalized Anxiety
Disorder 2 (GAD-2) to assess depression, stress, and anxiety,
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respectively. These measures for stress, anxiety, and depression have
all been validated on pregnant individuals with an education level of
at least junior high school in urban and rural settings (Essiben et al.,
2018; Thomas et al., 2019; Whittle et al., 2019).

The short version of the Personal Health Questionnaire
depression scale (PHQ-2) is a 4-point scale and includes two
items to measure the “frequency of depressed mood” over the
last 2 weeks. This scale includes four points ranging from 0 (not
at all) to 3 (nearly every day). The possible highest and lowest total
scores are 0 and 6, respectively. The cutoff point of the PHQ-2 is 3,
and a score greater than 3 is considered to be major depression. The
PHQ-2 has a good reliability (alpha Cronbach of 0.92), sensitivity
(74%), and specificity (60%) in the United States (Gelaye et al., 2016)
and was used for the US pregnant population (Bennett et al., 2008;
Slavin et al., 2020).

The GAD-2 is a 4-point scale containing two items to assess
“anxiety” and “worry” over the last 2 weeks. The possible responses
vary ranging from 0 (not at all) to 3 (nearly every day). The total
score ranges from 0 to 6; the higher the score, the severe the anxiety.
The cutoff point of the GAD-2 is 3, and a score equal to and greater
than 3 is considered to be major anxiety. The GAD-2 has 86%
sensitivity and 83% specificity for the diagnosis of generalized
anxiety disorder applying in the US population (Kroenke et al.,
2007).

The PSS-4 is a 5-point scale and includes four items of “control,”
“confidence,” “satisfaction,” and “overcoming the difficulties” in the
last month. The possible responses varied ranging from 0 (almost
never) to 4 (very often). The possible highest and lowest total scores
are 0 and 20, respectively, with the higher score showing higher
stress. The cutoff point of the PSS-4 is 6, and a score equal to and
greater than 6 is considered to be major stress. This 4-item scale has
internal reliability with an alpha Cronbach of 0.69 among the US
population (Warttig et al., 2013).

The frequency of mental distress assessment depends on the
ability of the determined measurement scale to capture the potential
mental distress. For example, the PSS-4 has been designed to assess
stress over the last month; thus, monthly assessment is considered
for stress assessment. For the PHQ-2 and GAD-2, biweekly
assessment was considered. The measurement frequency is
specified in Table 1.

For lifestyle-related elements, we applied a daily survey
questionnaire to assess factors such as activity, sleep, stress, and
diet reported by participants. The questions were distributed at the
end of the day before they go to bed. The daily assessments offered
several advantages. It allowed us to capture participants’ perceptions
of their lifestyle on a daily basis when the information was still fresh
in their memory. This approach minimized the risk of forgetting
details due to extended time intervals between assessments, which
can often lead to less-accurate responses.

The lifestyle-related factors were also assessed objectively using
the Oura Ring. These data included sleep metrics (e.g., total sleep
time, sleep efficiency, time spent in different sleep stages (light, deep,
and REM), sleep latency (time taken to fall asleep and the number of
awakenings during the night), activity metrics (e.g., steps taken,
active calories burned, and total active time), body temperature,
heart rate (e.g., resting heart rate, average heart rate, and heart rate
variability [HRV]), respiratory rate, O2 saturation, and readiness
and recovery scores. The Oura-derived objective data wereTA
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FIGURE 1
Recruitment procedure.

FIGURE 2
STROBE chart.
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monitored weekly to identify and address the possible technical
issues in capturing data. If abnormal data (meaningless pattern) or
shortage of data recorded (less than 30%) is observed, we
contacted the participants for the possible technical issues or
barriers that might be the potential reasons. The decision to
adopt a weekly monitoring schedule was intentional for two
primary reasons. First and foremost, it corresponds with the
maximum syncing time interval recommended by Oura to
maintain data within the app, ensuring that un-synced data
are not treated as missing data. Second, the choice of a weekly
assessment frequency strikes a balance, allowing for timely
monitoring without imposing substantial burdens on both
researchers and participants.

Descriptive information performed once at the beginning of the
study to describe the population.

Study procedure

Following the IRB approval, a purposive sampling was
conducted to screen the potential candidates in the selected
clinic. The eligibility criteria were checked through the EPIC
system. After establishing the eligibility criteria, prospective
participants were identified and subsequently contacted in the
clinic to confirm their eligibility and assess their interest in the
study participation. If they met the inclusion criteria and
consented to participate, they proceeded to the monitoring
phase of the study. If no complications or risk factors were
reported during monitoring, the participants were deemed
healthy and proceeded to the analysis phase (Figure 1).
However, if complications occurred, the participants were
referred to the appropriate healthcare provider for potential
interventions and still considered for comparison analysis as
the exploratory aim.

Data cleaning

The data cleaning process involves three steps. First, data
screening is performed to identify four types of abnormalities:
missing data, inconsistencies and outliers, unusual patterns of
distributions, and unexpected analysis results. The second step is
the diagnostic phase, where each abnormal value is investigated to
determine if it is erroneous, a true extreme, or has an unknown
cause. For example, unrealistic age and BMI values were checked in
the EPIC system to obtain the correct values. Additionally, extreme
values for education were found to be due to participants having
multiple degrees. Last, the treatment phase involves resolving the
identified abnormal data by correcting, deleting, or leaving them
unchanged. In this study, impossible values were replaced with the
true values obtained from documents, and missing data were
imputed using prediction techniques. However, for participant
#13, who had unexplainable negative and out-of-range sleep and
HRV data, the enormous values could not be treated, leading to their
exclusion from the analysis.

Data analysis

We applied supervised techniques (e.g., the hierarchical linear
regression/mixed effect model (HLM) and random forest regression
(RFR)) to address the study aim in R and Python software. The HLM
enabled us to understand the association between HRV and time across
the participants. Even though it is not generalizable and statistically
reliable due to lower sample size, we also came up with the exploratory
result comparing a complicated case and healthy participants in a
weekly basis using the t-test. Using other supervised techniques such as
RFR, we tried to understand the potential predictors and predicting
features’ importance for HRV magnitude during pregnancy.

Results

Sampling

The recruitment started on August 21st and continued until
November 16th in the Manchester Clinic affiliated to the UCI to
enroll all required 16 participants into the study based on the
inclusion criteria. We assessed 523 individuals for potential eligibility
in the EPIC system.N = 493 did notmeet the inclusion criteria, andN =
2 individuals were receiving prenatal service outside the facility where
the study recruitment was taking place, thus excluded. N =
28 individuals were identified as eligible for the study. Out of this,
N = 7 participants did not make their prenatal care appointment as they
were scheduled.N = 5 declined to participate in the study (n = 3 needed
their husband’s permission; n = 2 brought no reason). Finally, n =
16 participants enrolled into the study (please see Figure 2 for the
STROBE chart). One of the participants declined to continue in the
middle of the study since she had broken her hand and was prohibited
to wear any jewelry per her care provider’s prescription. In addition,N=
1 participant experienced a complicated pregnancy (placental
abruption) at 34 weeks. As a result, N = 14 healthy participants
completed the study. However, instead of completely excluding the
complicated pregnancy case, we included it in the analysis for

TABLE 2 Sociodemographic distribution.

Variable Finding

Age (years) (mean [SD]) 31.4 [3.85]

Height (cm) (mean [SD]) 167 [6.53]

Weight (kg) (mean [SD]) 68 [6.83]

BMI (mean [SD]) 24.22 [2.06]

Education (years) (mean [SD]) 17.73 [5.39]

Income level (number [%]) $18 - 34.999K 7 [50%]

$35 – 99.999 K 5 [36%]

$100 – 199.999 K 2 [14%]

Gravidity (number [%]) 2 9 [64%]

3 2 [14%]

4 3 [22%]

Parity (number [%]) 1 9 [64%]

2 2 [14%]

3 3 [22%]
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exploratory purposes. This allowed us to compare and gain insights into
how it differed from the healthy participants in terms of HRV
magnitude. In the data cleaning phase, N = 1 participant was
excluded due to the idiopathic enormous Oura data. Thus, N =
13 accounting for healthy participants and N = 1 accounting for a
complicated participant were considered for the final analysis.

Descriptive information
Sociodemographic characteristics of the study population (n = 14),

upon enrollment, were assessed using a demographic questionnaire. As
represented in Table 2, age, height, weight, and BMI are in the healthy
category based on the ACOG criteria for healthy pregnancy. All the
participants completed at least junior high school in terms of education.
Approximately 50% of the participants (7/14) had income under $35 k,
64% (9/14) were in their second pregnancy, and all had given birth at
least once before.

HRV analysis

Unfortunately, we were not able to obtain IBI data due to the
policy change of the Oura company in providing such data. Several
efforts were made to request for reconsideration, but no
improvement was achieved. Thus, we used RMSSD, the existing
HRV metric provided by the Oura company.

Hierarchical linear regression/mixed-effects
model

We used the HLM to examine the relationship between time as
the independent variable and RMSSD as the dependent variable to
determine whether the time could impact and predict HRV
magnitude.

First, we ran the model for all the participants (N = 14) including
healthy (N = 13) and complicated cases (N = 1). The fixed-effects

FIGURE 3
Scatter plot for HRV changes with different intercepts and the same slope over time (day) for healthy subjects (n = 13).
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estimates indicated that the intercept (average HRV) at day 0 is
2.037e-01 (20.37) and the slope (change in average HRV per day) is
0.06427, and both estimates are statistically significant (p < 0.0001).
It means for each increase in day, HRV increases by 0.06427 across
the participants (Figure 3; Figure 4).

The random error estimate indicated that there is a substantial
variation in the intercepts across subjects with the standard
deviation of 8.315. The residual standard deviation was 7.976.
The correlation of fixed effects showed that there is a negative
correlation between the intercept and the slope, which means that
subjects with higher intercepts tend to have smaller slopes. Overall,
this model suggested that there is a significant positive relationship
between days and average HRV, and that there is substantial
variation in average intercepts across all subjects.

Then, we excluded the N = 1 complicated case and ran the
model for only healthy subjects. This model still indicated a
significant positive connection between days and average HRV,
as well as notable variability in average intercepts among the
healthy subjects. The fixed-effects estimates indicated that the

intercept at day 0 is 21.54 and the slope is 0.06442, and both
estimates are statistically significant, p-value = 1.28e-07 and
p-value < 2e-16, respectively (p < 0.0001). As it can be seen,
excluding the complicated subject did not affect the significance
of the HRV changes over time. It means for each increase in day,
HRV still increases by approximately 0.06 in the healthy
participants. The estimation of the random error reveals
considerable variability in the intercepts among subjects, with
a standard deviation of 7.35. The residual standard deviation is
8.28. The correlation of fixed effects demonstrates a negative
association between the intercept and the slope, indicating that
subjects with higher intercepts tend to have smaller slopes.

Random forest regression
In this study, we also used RFR to build regression models to

predict HRV using multi-channel time series data. RFR is a type of
ensemble learning method that combines multiple decision trees to
make predictors. RFR works by randomly selecting subsets of the
features and building decision trees on each subset and then

FIGURE 4
Scatter plot for HRV changes with different intercepts and the same slope over time (day) for each subject (n = 14).
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combining the results to make final predictors. All subjective
(survey) and objective (Oura) data were applied in the RFR
model to understand the importance of them in predicting the
HRV magnitude in pregnancy.

As shown in Figure 5, the most important predictive features are
age, average resting heart rate, deep sleep score, lowest resting heart
rate, education, REM sleep duration, resting heart rate score, BMI,
mental stress, deep sleep duration, activity score, time, respiratory
rate, activity balance score, light sleep duration, steps, REM sleep
score, and low-activity time. Some of these features have a positive
correlation with HRV. For example, the higher the age, deep sleep
score, education, resting heart rate score, and time (gestational age),
the higher the HRV magnitude. Other features either had a negative
(average resting heart rate, lowest resting heart rate, and REM sleep
duration) or non-clear/multi-directional (step, activity score, BMI,
respiratory rate, height, and steps) correlation with HRV. However,
we should always be mindful that these correlations that come from
the machine learning techniques such as RFR are inherently non-
linear. This means that the relationship between the input variables
(features) and the output variable (RMSSD, in this case) can be
complex and not easily captured by simple linear equations. As a
result, the associations between individual features and the outcome
predicted by a machine learning model may not always be explicitly
positive or negative. In other words, the impact of a particular

feature on the predicted outcome may depend on its interactions
with other features or on other factors that are not easily observable.
This is where techniques like Shapley values can be useful. Shapley
values are a way to measure the contribution of individual features to
the predicted outcome of a machine learning model, taking into
account their interactions with other features. They provide a more
nuanced understanding of the relationships between features and
outcomes, which can be helpful in identifying key factors that
influence the predicted outcome. By generating Shapley value
figures for the features in the RFR model, we can gain insights
into the relative importance of different features and how they
contribute to the overall prediction of HRV value. This can help us
identify potential areas for further investigation or intervention and
can also provide a more comprehensive understanding of the factors
that influence HRV.

Figure 6 and Figure 7 indicate the important predictive features
for the average HRV intercept and slope, respectively. As can be
seen, features such as age, height, sleep, activity, and heart rate still
are among important predictive features for average HRV intercept.
Weight, restfulness, and total burn are features that seem to predict
the average HRV intercept but not the average HRV value and
average HRV slope. The average HRV slope shares common
predictive features with average HRV and HRV intercept in the
majority of the features. Food is the feature that appeared in the

FIGURE 5
Shapley value for average HRV.
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average HRV slope but not in the average HRV intercept and
average HRV value.

The accuracy of the model was assessed using the root mean
square error (RMSE) metric which is the difference between
observed and predicted values in regression analysis. RMSE
for the RFR model in the current study was 4.70 which is
lower than the global baseline of RMSE (12.28), indicating
that this model is more accurate than the global average
prediction accuracy for healthy population.

Exploratory analysis

Although statistically unreliable due to small sample size, we
compared the HRV magnitude between subjects who kept the
healthy status by the end of the study and the complicated case.
This may give an insight on the possible difference between healthy
and complicated pregnant individuals.

t-test for weekly comparison of the
participants

A t-test was used to compare the weekly HRV between the
healthy (N = 13) and non-healthy (N = 1) participants. We
calculated weekly average HRV across healthy participant to be
able to compare it with complicated subject (subject #7). As shown
in Figure 8, Figure 9, and Figure 10, an average HRV in healthy and
non-healthy subjects is statistically significant (p < 0.05) during
17 weeks of the study length when assessed daily and weekly.

In addition to the weekly average HRV value, we considered the
weekly average HRV slope and intercept to see how their changes
occur in addition to the weekly average HRV. After week 7 of the
study (31st gestational week), the weekly HRV slope difference
between healthy and non-healthy subjects becomes significant
(p < 0.05) (Figure 11). The average weekly intercept is
statistically different (p < 0.05) between the healthy and non-
healthy participants during the entire study (Figure 11).

FIGURE 6
Shapley value for the average HRV intercept.
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Discussion

As discussed earlier, the ANS plays a crucial role in adapting to
the unique demands of pregnancy and preventing complications.
However, current methods for assessing the ANS function have
limitations. To ensure a healthy pregnancy, it is important to
accurately assess the ANS function. The aim of this study was to
understand the pattern of different HRV metrics extracted from
IBI data for healthy pregnant participants. However, we were not
able to address the aim thoroughly due to the policy change of the
Oura company in providing IBI data. Thus, we conducted planned
analyses on the existing HRV (RMSSD) data provided by the Oura.
We applied supervised machine learning techniques such as the
HLM and RFR, as well as the t-test, to address the research
question. The results of HLM analysis showed a significant
positive relationship between time and average HRV regardless
of being healthy or complicated, indicating that HRV increases
over time significantly. The model also revealed substantial

individual variation in intercepts and slopes between all
subjects. The findings of comparison analysis using the t-test
method indicated that the average HRV of healthy and
unhealthy subjects differed significantly during the 17 weeks of
the study. Overall, the results suggested that although the HRV is
significantly different between the healthy and unhealthy
participants, time could be a predictor of HRV magnitude in
both groups. Additionally, the findings from the RFR analysis
suggested that HRV could be influenced by factors beyond time
alone, such as lifestyle, mental health, and sociodemographic
factors. This indicates that HRV is not solely determined by
time, but it also has the potential to be influenced and
regulated. Therefore, if the existing literature’s association
between HRV and pregnancy complications is validated, it may
be possible to predict and address these complications by making
relevant lifestyle adjustments and accommodations. Among the
effective factors, sleep, activity, BMI, diet, and mental stress were
the most significant predictive features for HRV.

FIGURE 7
Shapley value for the average HRV slope.
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To the best of our knowledge, there is only one study that
assessed HRV changes longitudinally during pregnancy. Sarhaddi
et al. (2022) conducted a study to assess trends in the heart rate and
HRV parameters during pregnancy and the 3-month postpartum
period. Their findings indicated that RMSSD is higher in the third
trimester than that in the second trimester, which aligns with our
results. However, these results conflict with the findings from the
studies that assessed HRV non-continuously during pregnancy
using short-term and episodic assessments (Sharifiheris et al., 2022).

In the systematic review conducted by Sharifiheris et al. (2022),
HRV was operationalized in three main groups of the frequency
domain, time domain, and non-linear domain. In the reviewed
studies, RMSSD, which is characterized as time domain metrics,
tends to decrease during pregnancy, as opposed to the findings of the
current study. However, the studies with such a finding often

suffered from serious limitations. For example, the assessment
duration was 5–10 min in the majority of the studies. This short-
term assessment duration threatens the reliability of the findings; as
according to the literature, any duration less than 24 h is unable to
represent ANS function.

We could not find any study that concerned with predictive
factors of HRV, other than time, in pregnant women. However, the
literature supports the finding of this study that HRV is not solely
under impact of time. Due to its complex task, the ANS has various
relationships with internal and external elements. For example, age
(Jandackova et al., 2016; Geovanini et al., 2020), prenatal alcohol
consumption (Karpyak et al., 2014; Jurczyk et al., 2019), smoking
(Harte et al., 2013; Bodin et al., 2017; Murgia et al., 2019), drug use
(Nayak et al., 2020; Lu et al., 2022; Qiu et al., 2023), and BMI
(Rodrigues and Quarto, 2018; Triggiani et al., 2019) have been
shown to have a correlation with HRV. Although demographic
factors such as age cannot be controlled, other factors that are
mainly lifestyle-related factors are adjustable by the individual. The
current study’s results align with these findings indicating that
lifestyle-related factors such as sleep, activity, diet, and mental
stress affect HRV changes over time.

Understanding HRV seems to be crucial since, 1) as discussed
earlier, it has potential to be predicted and, thus, can be adjusted for
better outcomes, 2) more importantly, it can predict common
pregnancy complications. For instance, there are a few studies
that showed HRV can predict maternal mental stress and
emotional states during pregnancy with high accuracy (Cao et al.,
2022; Li et al., 2022). In addition to these studies that were concerned
with the emotional and mental outcome of HRV, there are studies
that applied HRV classification for physical pregnancy-induced
complications such as hypertensive disorders. For example,
Tejera et al. (2011) conducted a study to understand the accuracy
of HRV indexes in classifying normal, hypertensive, and
preeclamptic pregnancies using the machine learning approach.
The results showed that the applied artificial neural network
(ANN) model was able to accurately classify the three pregnancy

FIGURE 8
HRV pattern for all 14 subjects during the study.

FIGURE 9
HRV pattern for healthy and unhealthy subjects during the study
(daily).

FIGURE 10
HRV pattern for healthy and unhealthy subjects during the study
(weekly).
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groups including normotensive, hypertensive, and preeclamptic
groups based on HRV measures.

The collective evidence presented in these studies demonstrates
the potential of HRVwithin the context of pregnancy and predicting
various pregnancy outcomes. These findings suggest that HRV data
can provide valuable information about the physiological and
psychological states of pregnant women and may have important
implications for the diagnosis and management of various
pregnancy-related conditions.

Furthermore, the studies’ results highlight the importance of
incorporating HRV data into routine prenatal care to provide amore
comprehensive understanding of maternal health. HRV analysis has
been shown to offer valuable insight into fetal growth, preeclampsia,
gestational diabetes, and other pregnancy-related conditions.
Various studies have shown that HRV analysis can provide early
warning signs of complications, allowing for timely interventions to
improve maternal and fetal health outcomes. In our study, low
RMSSD in placental abruption as compared to healthy individuals
showed HRV’s potential for prediction application. Placental
abruption is a significant contributing factor to preterm birth, a
condition associated with sympathetic predominance of the ANS in
the existing literature (Aye et al., 2018; Jasinski et al., 2022). Placental
abruption involves the partial or complete separation of the placenta
from the uterine wall before the onset of labor. Understanding the
temporal relationship between placental abruption and ANS
dysfunction is a complex endeavor, as ANS dysregulation can
play multiple roles. It can act as a preceding factor explaining
placental abruption or serve as a compensatory response
following placental abruption to maintain homeostasis.

In the first scenario, placental abruption may arise as a
consequence of hypertensive disorders, which have been
consistently linked to an increased risk of placental abruption.
This association is primarily attributed to the impact of
hypertensive disorders on placental function through
vasoconstriction. This vasoconstriction, the narrowing of blood
vessels, ultimately reduces blood flow to the uterus and placenta,
potentially leading to their separation from the uterine wall.

In the second scenario, placental abruption can result in
maternal hypovolemia, characterized by a reduced blood volume
due to bleeding following the abruption. This condition triggers
physiological responses that impact the ANS, leading to an
overactivation of the sympathetic branch. Indeed, in an effort to
compensate for hypovolemia, the sympathetic nervous system may
become dominant, potentially resulting in a reduction in
parasympathetic activity.

Given its application in the literature, HRV should be given
careful consideration in prenatal care. Additional research is
necessary to confirm these findings and identify the most optimal
approaches for integrating HRV analysis into standard prenatal care
practices.

Limitations and strengths

This study prioritized a minoritized group, pregnant Latina
women, who are at a greater risk of developing pregnancy
complications, and thus, better understanding of potential
mechanisms of action of complications is critical. The application
of smart technology also enabled us to communicate with our
participants easily and improve engagement. We also considered
strict inclusion and exclusion criteria which increases the internal
validity of the study. Since more than 80% of pregnancies are
identified as low risk, this also increases the generalizability of
our study and, thus, external validity.

Although we tried to minimize the limitations, our study still
suffered from a few limitations. We were not able to address our first
aim which was extracting and tracking the various HRV patterns
using IBI data due to the policy change of Oura in providing such
data. This taught us, for the future study(s), to identify the target
company thoroughly and obtain a signed contract promising the
data access. Lack of access to various metrics of HRV disabled us to
represent the ANS comprehensively. We had to rely on the single
HRV metric, RMSSD, which is not enough to reflect
sympathetic–parasympathetic activity. In addition, this is a pilot

FIGURE 11
Average HRV intercept and slope comparison between healthy and complicated subjects.

Frontiers in Physiology frontiersin.org13

Sharifi-Heris et al. 10.3389/fphys.2023.1293946

https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org
https://doi.org/10.3389/fphys.2023.1293946


study for which the main aim is an investigation or small-scale trial
to assess the feasibility and potential of a larger study. Thus, the
statistical findings may not be reliable in this small trial, specifically
the analysis that compares the healthy and complicated pregnancies
as we only had one complicated case that statistically is not able to
represent the complicated pregnancies. However, these analyses still
give insights regarding the potential changes of HRV in healthy
pregnant women during the second and third trimesters of
pregnancy and its possible predictors.

Conclusion

In this study, we were able to capture HRV changes over time
and investigate the patterns and trends that occur during pregnancy.
This allowed us to demonstrate that HRV increases over time during
pregnancy regardless of the health status of the pregnancy. We were
also able to identify specific gestational weeks at which the HRV
magnitude was significantly different between healthy and
unhealthy subjects. Although statistically unreliable, we showed
that there is a difference between complicated and healthy
pregnancy in terms of the average HRV value.

RFR analysis also allowed us to identify potential predictors of
HRV during pregnancy in addition to time. These predictors
included, but not limited to, age, BMI, weight, height, activity,
sleep, food, and mental stress.
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Appendix A

TABLE A1 Criteria for healthy pregnancy in the American College of Obstetricians and Gynecologists.

I. Social/personal II. Obstetric
history

III. Medical and family history IV. Present pregnancy

Maternal age (<17, >35 years) Gravida (1 or >5) Diabetes Pre-pregnancy BMI ≤25

Education (<6 years) Para (0 or >5) Hypertension Height <145 cm

Marital status (unmarried) Abortions (>2) Renal diseases Pregnancy-induced hypertension

Economic status (poor) Miscarriages (1+) Cardiovascular diseases (e.g., phlebitis) Bleeding

Smoking, alcohol consumer, or
drug user

Fetal deaths (≥1) Pre-eclampsia

Domestic violence Bleeding in T3 Blood diseases Multiple pregnancy

Stillbirths (≥1) Endocrine diseases Abnormal fetal presentation

Previous
cesarean (≥1)

No medication use except for perinatal vitamins
and folate

Gestational diabetes mellitus

Preterm
deliveries (≥1)

STDs Placenta previa

Birth weights
(<2500 gr)

Respiratory diseases Cervix insufficiency

Infant deaths (≥1) Central nervous diseases An Rh-negative woman with an Rh-positive husband who is
not willing to take RhoGAM

Toxemia (≥1) Abdominal visceral disorders

Birth defects (≥1) Genetic or congenital disorder

Autoimmune disease

Infectious diseases

Mental illness (mental distress such as stress,
anxiety, and depression)*

*PHQ-2, PSS-4, and GAD-2 were used to assess depression, stress, and anxiety, respectively.
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