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Abstract: The emergence of wearable sensors that allow for unobtrusive monitoring of physiological
and behavioural patterns introduces new opportunities to study the impact of stress in a real-world
context. This study explores to what extent within-subject trends in daily Heart Rate Variability
(HRV) and daily HRV fluctuations are associated with longitudinal changes in stress, depression,
anxiety, and somatisation. Nine Dutch police officers collected daily nocturnal HRV data using an
Oura ring during 15–55 weeks. Participants filled in the Four-Dimensional Symptoms Questionnaire
every 5 weeks. A sample of 47 five-week observations was collected and analysed using multiple
regression. After controlling for trends in total sleep time, moderate-to-vigorous physical activity
and alcohol use, an increasing trend in the seven-day rolling standard deviation of the HRV (HRVsd)
was associated with increases in stress and somatisation over 5 weeks. Furthermore, an increasing
HRV trend buffered against the association between HRVsd trend and somatisation change, undoing
this association when it was combined with increasing HRV. Depression and anxiety could not be
related to trends in HRV or HRVsd, which was related to observed floor effects. These results show
that monitoring trends in daily HRV via wearables holds promise for automated stress monitoring
and providing personalised feedback.

Keywords: stress; somatisation; heart rate variability; longitudinal; wearables; ecological momen-
tary assessment

1. Introduction

Stress can be defined as a relationship between the person and the environment that
is appraised by the person as taxing or exceeding one’s resources and endangering one’s
well-being [1]. Stress disturbs the body’s biological equilibrium (homeostasis), requiring a
neural, neuroendocrine and neuroendocrine-immune adaptation to restore it (allostasis) [2].
Acute stress has a function to trigger a behavioural response to cope with the demand,
but chronic stress leads to cumulative wear and tear on bodily systems (allostatic load),
which is detrimental to long-term health and well-being [3]. Policing is a good example
of a physically and psychologically demanding job that can cause stress [4]. In police
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officers, chronic stress is associated with neuro-endocrine changes [5] and an increased risk
of physical [6], mental illness [7], and absenteeism [8].

The emergence of wearable sensors that allow for unobtrusive monitoring of phys-
iological and behavioural patterns introduces new opportunities to study the impact of
stress in a real-world context [9]. In particular, Heart Rate Variability (HRV), which can be
measured using wearable sensors, is promising as a biomarker for resilience to stress [10].
If trends in daily HRV observations can be related to mental health outcomes, it enables
possibilities for early recognition of the impact of stress and personalised stress counselling
based on objective feedback. This study, therefore, explores to what extent daily HRV
trends are related to longitudinal changes in several mental health outcomes in police
officers. Below, we provide a detailed description of HRV and how its daily fluctua-
tions may be a relevant proxy for homeostatic disturbances, and then we describe this
study’s hypotheses.

1.1. Heart Rate Variability (HRV)

HRV is a measure for the variation in inter-beat-intervals that reflects autonomic ner-
vous system functioning and is negatively correlated to allostatic load [11]. HRV declines
during stress [12] and can remain suppressed during subsequent rest and sleep [13]. Origi-
nally, HRV was measured using electrocardiography (ECG), but in recent years, wearable
sensor technologies increasingly started using photoplethysmography (PPG). Unlike ECG,
which is based on the electrocardiographic signal that is related to the contraction of the
heart muscle, PPG quantifies HRV by assessing the blood flow in peripheric arteries to
assess heart rate. Due to this subtle difference, PPG-based HRV is sometimes referred to
as “Pulse Rate Variability” [14], but it has been shown to estimate HRV and mental states,
such as stress and anxiety [15,16].

HRV can be seen as a resource that enables cognitive and emotional regulation [17]
and is physiologically depleted when dealing with demands [18]. Since HRV is associated
with stress-buffering effects [19,20], its depletion may indicate a decline in resilience to cope
with new demands and thus lead to unfavourable outcomes if a trend develops. This aligns
with the conservation of resources theory, which suggests that an initial loss of resources
can create a negative feedback loop that results in a loss spiral [21].

Longitudinal studies showed that a decline in HRV can be related to increased
stress [22–25] or emotional exhaustion [26–28]. HRV-related emotional exhaustion is often
interpreted in the context of burnout but can overlap with depression [29], suggesting that
changes in HRV may also be related to other mental health outcomes. Although longi-
tudinal evidence for relationships between HRV and other mental health and well-being
outcomes is limited, population studies have shown that HRV is indeed not just nega-
tively associated with stress [30] but also with anxiety [31], depression [32], and somatic
symptoms [33]. The overlap in the associations between these diverse mental health and
well-being outcomes with HRV is the result of their similar negative impact on autonomic
nervous system functioning (decreased vagal tone), of which HRV is a reflection [34]. Since
changes in HRV are therefore not a direct proxy for any specific mental state, using a broad
approach when investigating the relationship between structural changes in HRV and
diverse mental health and well-being outcomes is warranted.

Since most of the existing evidence is based on cross-sectional population studies,
recent reviews on HRV literature call for future studies with a longitudinal and within-
subject focus [30,35]. Traditional longitudinal studies assess HRV by taking one- or multi-
day samples across a period of weeks, months or years, but wearables can unobtrusively
collect HRV data on a daily basis. An academic study of this more granular HRV data may
help in obtaining a better understanding of relationships between HRV and other variables
in a naturalistic setting. These more granular data allow us to look at trends in daily HRV
but also open up the possibility to assess the degree to which the daily HRV fluctuates
over time.
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1.2. Daily HRV Fluctuations

Since HRV reflects autonomic nervous system functioning, daily HRV fluctuations can
be seen as a proxy for the homeostatic disturbances that form an allostatic burden. The
autonomic nervous system continually strives to restore homeostasis. As such, it is possible
that homeostatic disturbances exist while the average level of physiological functioning
itself (e.g., the mean HRV) remains relatively constant. In this scenario, the allostatic process
that continuously restores homeostasis is successful, but the pressure on the system as a
whole may still be indicative of underlying problems.

Research on associations between daily HRV fluctuations and stress is still nascent in
occupational settings, but interesting parallels to sports science can be drawn. For instance,
increases in daily HRV fluctuations have consistently been associated with increased
fatigue in athletes [36–38] but were also attributed to increased stress in a study describing
a notable case of a female soccer player [39]. Another study found that soccer players that
had a decreased HRV and increased daily HRV fluctuations after a high-load week had a
decreased stress tolerance [40], suggesting that these homeostatic disturbances may also
impact the individuals’ resilience to cope with upcoming demands. Therefore, changes
in daily HRV fluctuations may be an interesting precursor to identify the development of
more structural changes in stress.

As a result, trends and fluctuations in daily HRV may not only be directly related to
changes in mental health outcomes, but trends in the underlying daily HRV itself may also
moderate that association. An example of this was presented in a case study under elite
triathletes. In the study, a decrease in daily HRV fluctuations, which is usually seen as
a sign of positive adaptation, preceded poor performance and subsequent illness when
the downtrend in daily fluctuations was combined with a downtrend in the daily HRV
itself [41]. The decrease in daily HRV fluctuations was not a sign of positive adaptation in
this case but may actually have been indicative of a lack of autonomous nervous system
reactivity to the challenges at hand since the underlying daily HRV was also trending down.
Conversely, it is also possible that an uptrend in the daily HRV may buffer against the
unfavourable effect of uptrends in daily HRV fluctuations on relevant outcomes. In that
scenario, an uptrend in the daily HRV fluctuations would indicate that the individual’s
homeostasis is increasingly being challenged, but the uptrend in the daily HRV itself shows
that the underlying physiological system itself is actually responding resiliently.

1.3. Aim of the Study

Existing literature showed that a longitudinal decrease in HRV is positively associated
with increased stress and that having a lower HRV is related to increased depression,
anxiety and somatisation at a population level. There are also indications that increases
in daily HRV fluctuations are related to unfavourable outcomes and that an increasing
daily HRV trend could have a buffering effect. Therefore, this study aims to explore to
what extent within-subject trends in daily HRV and daily HRV fluctuations are related to
changes in stress, depression, anxiety, and somatisation in police officers in a large Dutch
city. By applying a longitudinal design that utilises continuous daily measurements in
a real-world context, this study provides a unique contribution to the existing body of
knowledge. We hypothesise that increasing trends in daily HRV fluctuations and decreasing
trends in daily HRV are associated with increased (1) stress, (2) depression, (3) anxiety, and
(4) somatisation, as well as that increasing trends in daily HRV buffer against the positive
association between trends in daily HRV fluctuations and these outcomes.

2. Materials and Methods

The study protocol was approved by the ethical committee of the Hanze University of
Applied Sciences Groningen (heac.2020.012).
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2.1. Participants

Police officers that worked in a large Dutch city and possessed a smartphone running
on Android or iOS were invited to participate. The officers received an information letter
via e-mail that informed them about the study. Participants were asked to collect data
for 15 weeks, with an option to extend this to 20 weeks to reach a reward threshold, but
participated voluntarily and were free to stop at any time. Participants that collected
complete daily data on at least 100 days (>71–95% adherence based on a period of 15–20
weeks) and completed all longitudinal questionnaires were allowed to keep the wearable
and received a feedback report after the study. Recruitment started in June 2020 and
was completed in July 2020 after reaching the capacity of 10 participants, which was
related to the availability of materials. Participants gave their informed consent prior
to participation and had a conversation with the first author before and after their data
collection period. Due to policies related to the COVID-19 pandemic, which was ongoing
during data collection, these conversations were held via a teleconferencing tool. One
participant was excluded from analysis due to diagnosed atrial fibrillation. The remaining
9 participants were predominantly male (77.8%) and had mean age of 35.8 years (25.8–51.1).

2.2. Data Collection

Data collection started after the participants received their wearable and was planned
to run for 15 to 20 weeks. Some participants voluntarily extended this period. During
data collection, participants collected daily wearable data and a daily Ecological Mo-
mentary Assessment (EMA) question and filled in a longitudinal questionnaire every 5
weeks. Participants, therefore, collected multiple nested five-week observations. All partic-
ipants reached the reward threshold. One participant collected data for 15 weeks, five for
25 weeks, whereas three participants proceeded to collect data for 25, 40, and 55 weeks. As
a result, change scores and trends in the corresponding daily measurements were calculated
for a sample of 47 five-week observations that were analysed.

2.2.1. Stress, Anxiety, Depression and Somatisation

The Dutch version of the Four-Dimensional Symptom Questionnaire (4DSQ) was used
to measure stress, anxiety, depression, and somatisation every 5 weeks [42]. The 4DSQ
consists of 50 items, of which 16 concerning stress, 12 on anxiety, 5 on depression, and 16 on
somatisation. All items inquire about the occurrence of symptoms over the previous week
and are scored on a 5-point Likert scale (‘no’, ‘sometimes’, ‘regularly’, ‘often’, or ‘very often
or constantly’). Responses are scored as 0 (‘no’), 1 (‘sometimes’), or 2 (‘regularly’, ‘often’,
or ‘very often’) and summarised to create the overall scores on each scale. Each scale has
cut-off points for moderately or severely elevated levels for clinical use, but these were not
used for data analysis in this study. Five-week change scores were calculated by subtracting
the scores of the 4DSQ scales from the scores on the subsequent measurement, resulting in
4 variables in which a higher score indicates an increase in the measured concept: stress
increase, anxiety increase, depression increase, and somatisation increase.

2.2.2. Daily HRV & Daily HRV Fluctuations

Daily HRV was measured with an Oura ring during sleep. The Oura ring is a consumer-
available wearable with the size of a wedding ring, has a battery life of 4–7 days and
measures sleep, physical activity, temperature, heart rate, and HRV. In this study, a second-
generation Oura ring was used, which uses infrared light to measure HRV via PPG. The
Oura ring uses a built-in artefact identification algorithm that is described in more de-
tail elsewhere [43]. In short, the algorithm in the ring labels each inter-beat-interval (IBI)
as normal or abnormal by calculating its deviation from the median of the nearest sur-
rounding IBIs. The night is then subdivided into 5-min segments for which the HRV is
calculated. Finally, the average HRV of all 5-min segments that have sufficient valid mea-
surements is then calculated to obtain the HRV for the full night. A validation study under
49 healthy individuals aged 15–72 years showed that the Oura ring’s HRV measure ex-
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plained 98.0% of the variance (r2 = 0.980) in the gold standard ECG-based HRV measure-
ment [43]. Another study under 5 healthy young adults that generated 23 trials found that
the Oura ring had the second-lowest mean absolute percent error of the 7 investigated
consumer-available wearables and reported a 0.91 correlation coefficient with ECG mea-
surements [44]. Participants in this study selected a ring type and colour of their preference
with an optimal fit for both user comfort and measurement accuracy. To preserve privacy,
anonymised Oura accounts were created. The HRV metric reported by the Oura ring is the
Root Mean Square of the Successive Differences (RMSSD), which is a time-domain metric
for vagally mediated HRV and is expressed in milliseconds [45]. To improve the distri-
bution for statistical modelling, the RMSSD was logarithmically transformed (lnRMSSD),
which is a common procedure [46].

Daily HRV fluctuations were operationalised by calculating the 7-day rolling standard
deviation (HRVsd) when HRV observations on at least three out of the seven prior days
were available [47]. Other studies on daily HRV fluctuations have applied a seven-day mov-
ing window to account for weekly influences and calculate a coefficient of variation [37,41].
Using the coefficient of variation is helpful if between-subject comparison of HRV fluctua-
tions is targeted, as HRV can differ vastly between individuals [48]. That approach does
not apply to this study, which analyses within-subject trends in daily HRV and fluctuations
therein. Since this study explores moderating effects between those two trends, using a
coefficient of variation means that a small portion of the variation of the daily HRV trend is
included in the daily HRV fluctuations metric, increasing the likelihood of a type II error
occurring and making it less ideal than using a seven day rolling standard deviation within
the aims of this study.

To determine trends in daily HRV, HRVsd, and control variables, a linear regression
model was used to examine the rate of change as a function of time [41]. To do so, measure-
ments between longitudinal questionnaires were first filtered into subsets with the daily
observations between two questionnaires. Linear regression models were then created
by regressing each of the variables on time (the dates). A positive beta-coefficient, there-
fore, represents an uptrend over the respective period, whereas a negative beta-coefficient
represents a downtrend.

2.2.3. Control Variables

To account for confounders, control variables for Total Sleep Time (TST), Moderate-
to-Vigorous Physical Activity (MVPA), and alcohol use were included. TST, which is the
total duration of the main sleep episode that the user is asleep, was measured using the
Oura ring [49]. The Oura ring also measured MVPA, which is the number of minutes of
physical activity at an intensity of at least 3 times the metabolic equivalent (MET) of the
resting state. Alcohol use was measured with a daily EMA question that was available
from 19:00 to 15:00 the next day to accommodate for night shifts. The item inquired about
the number of consumed alcoholic beverages that day and was based on the AUDIT-C
questionnaire [50]. Data for the EMA question were collected using an in-house developed
smartphone application and stored on-premise. As with HRV and HRVsd, trend scores
were determined via linear regression models, where a positive beta-coefficient represents
an uptrend, and a negative beta-coefficient represents a downtrend on the measure within
the respective five-week period.

2.3. Data Analysis

Data management and analyses were performed in RStudio [51] and R [52]. Values for
the changes on the longitudinal questionnaires and trends in the daily observations were
standardised at the grand mean (subtracting the mean value of all observations from each
value and then dividing it by the standard deviation of all observations). This procedure
was applied to prevent scaling issues during statistical testing and optimise the compara-
bility of the beta-coefficients of the final models [53]. Each five-week data collection period
represented one observation for which the change scores on the longitudinal questionnaire
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are compared to the trends in the daily measurements. For instance, if all 10 participants
completed 4 data collection periods, that would result in a total sample of 40 observations
available for analysis.

A three-step hierarchical modelling approach was used. The outcomes were first
modelled based on the control variables for trends in TST, MVPA, and alcohol use, after
which the main variables for trends in HRV and HRVsd were added in step two. In the
third and final step, the interaction effect between trends in HRV and HRVsd was added
to create the full model. Initially, Linear Mixed Modelling with fixed effects and random
slopes was performed to account for repeated measurements within participants. However,
analyses experienced singular bound problems due to a lack of between-subject variance,
which is a sign that the fitted models may be too complex and more parsimonious models
should be considered [54,55]. We, therefore, chose to apply more parsimonious multiple
regression analyses instead, which yielded the same results and conclusions that were
drawn based on the initial multi-level modelling approach.

3. Results

The data of this sample of 47 five-week observations included a total of 57 longitudinal
questionnaires. Daily data were available on 1734 unique person-days, of which 1648
(94.3%) included HRV data and 1458 (89.0%) included EMA data. Based on interviews
and manual inspection of missing data, missing HRV data were attributed to drained
ring batteries, accidentally not wearing the ring, or could not be explained. Missing EMA
questionnaire data were primarily attributed to forgetting to fill it in before going to bed.
Two participants (22.2%) had moderately elevated stress on the 4DSQ at baseline, whereas
the remaining seven (77.8%) did not have elevated stress at baseline. No participants (0%)
had elevated depression, anxiety, or somatisation levels at baseline. The intercorrelations
between the changes in the longitudinal questionnaires and trends in the wearable and
control variables are described in Table 1.

Table 1. Intercorrelations between the wearable (1–2), longitudinal (3–6), and control (7–9) variables.

Variable
Correlation

1 2 3 4 5 6 7 8

1. HRV uptrend −
2. HRVsd uptrend −0.04 −
3. Stress increase −0.09 0.43 ** −

4. Anxiety increase −0.00 −0.04 0.24 −
5. Depression increase 0.06 −0.03 0.31 * 0.15 −

6. Somatisation increase −0.03 0.42 ** 0.56 *** −0.03 0.09 −
7. TST uptrend 0.01 −0.01 0.11 −0.22 0.10 0.09 −

8. MVPA uptrend −0.13 0.09 −0.21 −0.05 0.12 −0.17 −0.28 −
9. Alcohol use uptrend −0.12 −0.21 −0.06 0.28 0.03 −0.19 −0.47 *** 0.14

Note. N = 47; *** p < 0.001, ** p < 0.01, * p < 0.05, p < 0.1; HRV: Heart Rate Variability; HRVsd: Heart Rate Variability,
7-day rolling standard deviation; TST: Total Sleep Time; MVPA: Moderate-to-Vigorous Physical Activity.

A three-step hierarchical multiple regression model for five-week stress changes was
formed (Table 2). After controlling for trends in TST, MVPA, and alcohol use, uptrends
in daily HRVsd were associated (p = 0.004) with increased stress, whereas daily HRVsd
downtrends were associated with decreased stress (Figure 1). Trends in the daily HRV itself
were unrelated to stress and did not buffer against the positive association between trends
in daily HRVsd and stress increases. Hypothesis 1 is therefore partially confirmed. The full
model explains 18.5% of the variance in five-week stress changes and provides a marginally
significant improvement (p = 0.08) over the control model but is not significantly different
from the main effects model (p = 0.96).
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Table 2. Hierarchical multiple regression model for five-week stress increase.

Stress Increase

Step 1 Step 2 Step 3

Independent Variable β β β

Intercept −0.019 −0.024 −0.029
TST uptrend 0.048 0.075 0.056

MVPA uptrend −0.209 −0.275 −0.276
Alcohol use uptrend −0.005 0.100 0.092

HRV uptrend −0.098 −0.089
HRVsd uptrend 0.590 ** 0.542 **

HRV uptrend * HRVsd uptrend −0.224
R2 0.047 0.267 0.291

Adjusted R2 −0.019 0.177 0.185
F 0.711 2.984 * 2.737 *

∆R2 0.220 0.024
∆F 2.273 −0.247

Note. N = 47; ** p < 0.01, * p < 0.05, p < 0.1; HRV: Heart Rate Variability; HRVsd: Heart Rate Variability, 7-day
rolling standard deviation; TST: Total Sleep Time; MVPA: Moderate-to-Vigorous Physical Activity.

Figure 1. Scatter plot for the five-week uptrends in the 7-day rolling standard deviation of the
Heart Rate Variability (HRVsd) versus five-week stress increases on the Four-Dimensional Symptom
Questionnaire (4DSQ) in all 47 observations of the 9 participants in this study. The grey area represents
the 95% confidence interval for the values that are estimated by the linear model (the thick black line).

Another three-step hierarchical multiple regression model was formed for a five-week
somatisation change (Table 3). After controlling for trends in TST, MVPA, and alcohol use,
uptrends in daily HRVsd were positively associated (p = 0.01) with somatisation increase,
whereas downtrends in daily HRVsd were associated with a decrease in somatisation.
Trends in daily HRV itself were not associated with changes in somatisation, but uptrends
in daily HRV moderated (p = 0.04) the association between daily HRVsd uptrends and
somatisation increase. The interaction plot in Figure 2 shows that uptrends in daily HRVsd
are associated with somatisation increase when the daily HRV trends down, but not when it
trends up. Therefore, uptrends in daily HRV buffer against the positive association between
uptrends in daily HRV fluctuations and somatisation increase, as expected. Hypothesis 4 is
therefore partially confirmed. The full model explains 21.3% of the variance in the five-week
somatisation change and provides a marginally significant improvement (p = 0.07) over the
control model but not over the main effects model (p = 0.76).
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Table 3. Hierarchical multiple regression model for five-week somatisation increase.

Somatisation Increase

Step 1 Step 2 Step 3

Independent Variable β β β

Intercept 0.003 −0.002 −0.012
TST uptrend −0.051 −0.024 −0.058

MVPA uptrend −0.169 −0.224 −0.226
Alcohol use uptrend −0.191 −0.091 −0.107

HRV uptrend −0.054 −0.038
HRVsd uptrend 0.530 ** 0.443 *

HRV uptrend * HRVsd uptrend −0.407 *
R2 0.061 0.234 0.315

Adjusted R2 −0.004 0.141 0.213
F 0.931 2.508 * 3.069 *

∆R2 0.173 0.081
∆F 1.577 0.561

Note. N = 47; ** p < 0.01, * p < 0.05, p < 0.1; HRV: Heart Rate Variability; HRVsd: Heart Rate Variability, 7-day
rolling standard deviation; TST: Total Sleep Time; MVPA: Moderate-to-Vigorous Physical Activity.

Figure 2. Estimated coefficient for the association between the five-week uptrend in the 7-day rolling
standard deviation of the Heart Rate Variability (HRVsd) and five-week somatisation increase by the
five-week HRV uptrend. The grey area represents the 95% confidence interval for the values that are
estimated by the linear model (the thick black line).

For depression (Hypothesis 2) and anxiety (Hypothesis 3), no models could be formed.
This was related to floor effects on both scales. On the 56 questionnaires, 52 (92.9%) were
scored zero on depression and 49 (87.5%) on anxiety. None reached cut-off points for
elevated levels, illustrating a complete absence of clinically relevant symptoms.

4. Discussion

This study hypothesised that increasing trends in daily HRV fluctuations and decreas-
ing trends in daily HRV are associated with five-week increases in (1) stress, (2) depression,
(3) anxiety, and (4) somatisation, and that increasing trends in daily HRV buffer against
the positive association between the uptrends in daily HRV fluctuations and increases in
these outcomes. The results of this study showed that uptrends in daily HRV fluctuations
were indeed associated with increased stress and somatisation, and uptrends in daily HRV
buffered against the positive association between uptrends in daily HRV fluctuations and
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somatisation increase (Hypotheses 1 and 4). Uptrends in daily HRV were not directly
associated with changes in any of the outcomes, and changes in depression and anxiety
could not be linked to trends in daily HRV nor daily HRV fluctuations (Hypotheses 2
and 3) due to floor effects. Hypotheses 1 and 4 are therefore partially confirmed, whereas
Hypotheses 2 and 3 are unconfirmed.

4.1. Associations between Daily HRV Fluctuations, Stress and Somatisation

When the day-to-day variation in the daily HRV trended up, participants were more
likely to report increased stress on the next five-weekly questionnaire. Since HRV reflects
the functioning of the autonomic nervous system [56], which continuously strives to restore
homeostasis when faced with stress [2], the relationship between increased stress and
homeostatic disturbances is intuitive. Although the existing body of knowledge on this
topic is limited, this result aligns with that of two prior studies that related an uptrend
in daily HRV fluctuations to stress increase in soccer players [39,40]. To our knowledge,
this study is the first to explore associations between trends in daily HRV and fluctuations
therein to longitudinal mental health outcomes in an occupational setting. The reported
results, therefore, contribute valuable new insights that measuring HRV on a daily basis
using a consumer-available wearable may be a feasible and effective approach for the
unobtrusive and early recognition of changes in stress in occupational settings.

This study also linked uptrends in daily HRV fluctuations to increased somatisation
scores, whereas daily HRV uptrends were buffered against this. The interaction plot in
Figure 2 showed that the association between uptrends in daily HRV fluctuations and
increases in somatisation is only significant when combined with a downtrend in daily
HRV but not when daily HRV is increasing. To our knowledge, this specific association
has not been addressed in prior literature. There is some overlap with a prior study that
reported an association of increased daily HRV fluctuations and decreased daily HRV
with muscle soreness in swimmers during overload training [57]. However, in our study,
somatisation increase was not related to uptrends in MVPA (Table 3) but was significantly
correlated (r = 0.56; Table 1) to stress increase, underlining a possible difference in the
underlying mechanisms between training- and stress-induced somatic symptoms.

4.2. Floor Effects in Depression and Anxiety

No associations of trends in daily HRV and daily HRV fluctuations with five-week
changes in depression and anxiety were found. Since 92.9% of all depression scores and
87.5% of all anxiety scores were zero and the cut-off points for elevated levels on these
scales were not reached on any observation, there was a complete absence of clinically
relevant symptoms on these dimensions. Since the presence of floor effects means that there
may be insufficient variance within the respective sample to find a statistically significant
effect even if there could be one in the full population (type II error) [58], this absence of
proof should not be interpreted as a proof of the absence of this association. Based on
population studies that related HRV to depression [32] and anxiety [31], this hypothesis
warrants further investigation in future studies under populations that experience more
clinically relevant symptoms or that use more sensitive measurement instruments.

4.3. Strengths and Limitations

This study used a consumer-available wearable that is known to produce valid daily
HRV data [43,44] to measure HRV on 94.3% of all 1734 person-days on which data were
reported. The trends in daily HRV that are analysed in this paper are therefore based
on more granular data than longitudinal studies that apply a pretest-posttest design and
are likely a good reflection of the true daily HRV trends over the full five-week periods.
Another strength of this study is that data were collected within a naturalistic setting,
optimising the generalisability of the reported findings to real-world applications. By
applying a novel design to assess the relationship between daily HRV observations that are
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measured with a consumer-available wearable and longitudinal mental health outcomes,
this study takes important steps in a nascent but promising research field.

A sample of 47 five-week observations was analysed, based on data collected by nine
Dutch police officers. Not all participants contributed equally in the number of collected
five-week observations. Although there are no indications that using nested observations
within this sample or the unequal contribution of observations were problematic, repli-
cation of these findings in a larger sample of participants collecting an equal number of
observations would be beneficial for the external validity. Similarly, future studies that
analyse a larger number of observations may consider applying cross-validation methods.
For example, studies could use the observations of a subset of participants to predict the
outcomes in the remainder of the participants.

Finally, data collection occurred during the COVID-19 pandemic. A study under 2567
European police officers reported decreased strain during the pandemic, where the risk
of infection and deficient communication were the main stressors [59]. Another study
found that COVID-19 lockdowns lead to increased HRV in 20% and decreased HRV in 80%
of the French general population [60]. Thus, it is possible that the unique context of this
period influenced the observed daily HRV values and mental health outcomes. However,
since this study does not assess these actual outcomes but observes to what extent trends
between them are interrelated, this context is unlikely to have directly influenced this
study’s findings.

4.4. Implications

The results showed that uptrends in daily HRV fluctuations were related to five-week
increases in stress and somatisation and that uptrends in daily HRV buffer against the
association between uptrends in daily HRV fluctuations and somatisation increase. If
these findings are replicated in future studies, they show that tracking daily HRV using a
consumer-available wearable holds promise for early recognition of the impact of stress
and for personalised feedback based on objective data in stress management interventions.
Companies that are developing these wearable devices or related systems can then consider
including metrics for daily HRV fluctuations (e.g., the 7-day rolling standard deviation
or coefficient of variation) and estimate periodic trends in the daily HRV and daily HRV
fluctuations. The presence of a statistically significant trend in the daily HRV fluctuations
could then be used to trigger personalised in-app feedback, notifying the user that a trend
was witnessed that may be stress-related. Such a trigger could, for instance, nudge the user
to reflect on the current situation, consider coaching or offer other interventions aiming to
limit the negative impact of stress.

Author Contributions: H.d.V. conceptualised the approach of the presented analysis and paper
under supervision of W.K., C.v.d.S., R.S. and H.O. The original draft was written by H.d.V. and
critically reviewed by W.K., C.v.d.S., R.S. and H.O. for the interpretation of the data and previous
studies, as well as important intellectual content. H.d.V. finalised the manuscript. All authors have
read and agreed to the published version of the manuscript.

Funding: This work was supported by internal funding of TNO, the Hanze University of Applied
Sciences Groningen and the University Medical Center Groningen (UMCG).

Institutional Review Board Statement: The study was conducted according to the guidelines of
the Declaration of Helsinki and approved by the Ethics Committee of Hanze University of Applied
Sciences Groningen (heac.2020.012, 11 June 2020).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data of this article are not publicly available due to the personal nature
of the data in combination with the sensitive professions of the participants of this study.



Healthcare 2022, 10, 144 11 of 13

Acknowledgments: We thank Arie van Roon (UMCG) for his advice on the HRV data management,
as well as Tanja Krone (TNO) for her advice on the statistical analyses, and all the participants for
their efforts during the data collection.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Folkman, S.; Lazarus, R.S. Stress, Appraisal, and Coping; Springer Publishing Company: New York, NY, USA, 1984.
2. McEwen, B.S. Stress, Adaptation, and Disease: Allostasis and Allostatic Load. Ann. N. Y. Acad. Sci. 1998, 840, 33–44. [CrossRef]

[PubMed]
3. Sun, J.; Wang, S.; Zhang, J.-Q.; Li, W. Assessing the cumulative effects of stress: The association between job stress and allostatic

load in a large sample of Chinese employees. Work. Stress 2007, 21, 333–347. [CrossRef]
4. Collins, P.A.; Gibbs, A.C. Stress in police officers: A study of the origins, prevalence and severity of stress-related symptoms

within a county police force. Occup. Med. 2003, 53, 256–264. [CrossRef]
5. Violanti, J.M.; Fekedulegn, D.; Andrew, M.E.; Hartley, T.A.; Charles, L.E.; Miller, D.B.; Burchfiel, C.M. The impact of perceived

intensity and frequency of police work occupational stressors on the cortisol awakening response (CAR): Findings from the
BCOPS study. Psychoneuroendocrinology 2017, 75, 124–131. [CrossRef] [PubMed]

6. Magnavita, N.; Capitanelli, I.; Garbarino, S.; Pira, E. Work-related stress as a cardiovascular risk factor in police officers: A
systematic review of evidence. Int. Arch. Occup. Environ. Health 2018, 91, 377–389. [CrossRef] [PubMed]

7. Garbarino, S.; Cuomo, G.; Chiorri, C.; Magnavita, N. Association of work-related stress with mental health problems in a special
police force unit. BMJ Open 2013, 3, e002791. [CrossRef] [PubMed]

8. Magnavita, N.; Garbarino, S. Is Absence Related to Work Stress? A Repeated Cross-Sectional Study on a Special Police Force. Am.
J. Ind. Med. 2013, 56, 765–775. [CrossRef]

9. De Vries, H.; Kamphuis, W.; Oldenhuis, H.; van der Schans, C.; Sanderman, R. Modelling Employee Resilience Using Wearables
and Apps: A Conceptual Framework and Research Design. Int. J. Adv. Life Sci. 2019, 11, 110–117.

10. Owens, A.P. The Role of Heart Rate Variability in the Future of Remote Digital Biomarkers. Front. Neurosci. 2020, 14, 582145.
[CrossRef]

11. Thayer, J.F.; Sternberg, E. Beyond Heart Rate Variability: Vagal Regulation of Allostatic Systems. Ann. N. Y. Acad. Sci. 2006, 1088,
361–372. [CrossRef] [PubMed]

12. Kim, H.-G.; Cheon, E.-J.; Bai, D.-S.; Lee, Y.H.; Koo, B.-H. Stress and Heart Rate Variability: A Meta-Analysis and Review of the
Literature. Psychiatry Investig. 2018, 15, 235–245. [CrossRef]

13. Hall, M.; Vasko, R.; Buysse, D.; Ombao, H.; Chen, Q.; Cashmere, J.D.; Kupfer, D.; Thayer, J.F. Acute Stress Affects Heart Rate
Variability During Sleep. Psychosom. Med. 2004, 66, 56–62. [CrossRef] [PubMed]

14. Yuda, E.; Shibata, M.; Ogata, Y.; Ueda, N.; Yambe, T.; Yoshizawa, M.; Hayano, J. Pulse rate variability: A new biomarker, not a
surrogate for heart rate variability. J. Physiol. Anthr. 2020, 39, 21. [CrossRef]

15. Perpetuini, D.; Chiarelli, A.M.; Cardone, D.; Filippini, C.; Rinella, S.; Massimino, S.; Bianco, F.; Bucciarelli, V.; Vinciguerra, V.;
Fallica, P.; et al. Prediction of state anxiety by machine learning applied to photoplethysmography data. PeerJ 2021, 9, e10448.
[CrossRef]

16. Awasthi, K.; Nanda, P.; Suma, K.V. Performance analysis of Machine Learning techniques for classification of stress levels
using PPG signals. In Proceedings of the 2020 IEEE International Conference on Electronics, Computing and Communication
Technologies (CONECCT), Bangalore, India, 2–4 July 2020; pp. 1–6.

17. Martens, A.; Greenberg, J.; Allen, J.J.B. Self-Esteem and Autonomic Physiology: Parallels Between Self-Esteem and Cardiac Vagal
Tone as Buffers of Threat. Pers. Soc. Psychol. Rev. 2008, 12, 370–389. [CrossRef] [PubMed]

18. Baethge, A.; Junker, N.M.; Rigotti, T. Does work engagement physiologically deplete? Results from a daily diary study. Work.
Stress 2021, 35, 283–300. [CrossRef]

19. Schmid, R.F.; Thomas, J. Teachers’ ambulatory heart rate variability as an outcome and moderating variable in the job demands-
resources model. Anxiety Stress. Coping 2020, 33, 387–402. [CrossRef] [PubMed]

20. De Vries, H.; Kamphuis, W.; Oldenhuis, H.; van der Schans, C.; Sanderman, R. Moderation of the Stressor-Strain Process in
Interns by Heart Rate Variability Measured with a Wearable and Smartphone App: Within-Subject Design Using Continuous
Monitoring. JMIR Cardio 2021, 5, e28731. [CrossRef]

21. Hobfoll, S.E. The Influence of Culture, Community, and the Nested-Self in the Stress Process: Advancing Conservation of
Resources Theory. Appl. Psychol. 2001, 50, 337–421. [CrossRef]

22. Borchini, R.; Ferrario, M.M.; Bertù, L.; Veronesi, G.; Bonzini, M.; Dorso, M.; Cesana, G. Prolonged job strain reduces time-domain
heart rate variability on both working and resting days among cardiovascular-susceptible nurses. Int. J. Occup. Med. Environ.
Health 2014, 28, 1–10. [CrossRef] [PubMed]

23. Borchini, R.; Veronesi, G.; Bonzini, M.; Gianfagna, F.; Dashi, O.; Ferrario, M.M. Heart Rate Variability Frequency Domain
Alterations among Healthy Nurses Exposed to Prolonged Work Stress. Int. J. Environ. Res. Public Health 2018, 15, 113. [CrossRef]

http://doi.org/10.1111/j.1749-6632.1998.tb09546.x
http://www.ncbi.nlm.nih.gov/pubmed/9629234
http://doi.org/10.1080/02678370701742748
http://doi.org/10.1093/occmed/kqg061
http://doi.org/10.1016/j.psyneuen.2016.10.017
http://www.ncbi.nlm.nih.gov/pubmed/27816820
http://doi.org/10.1007/s00420-018-1290-y
http://www.ncbi.nlm.nih.gov/pubmed/29344727
http://doi.org/10.1136/bmjopen-2013-002791
http://www.ncbi.nlm.nih.gov/pubmed/23872288
http://doi.org/10.1002/ajim.22155
http://doi.org/10.3389/fnins.2020.582145
http://doi.org/10.1196/annals.1366.014
http://www.ncbi.nlm.nih.gov/pubmed/17192580
http://doi.org/10.30773/pi.2017.08.17
http://doi.org/10.1097/01.PSY.0000106884.58744.09
http://www.ncbi.nlm.nih.gov/pubmed/14747638
http://doi.org/10.1186/s40101-020-00233-x
http://doi.org/10.7717/peerj.10448
http://doi.org/10.1177/1088868308323224
http://www.ncbi.nlm.nih.gov/pubmed/18927472
http://doi.org/10.1080/02678373.2020.1857466
http://doi.org/10.1080/10615806.2020.1746286
http://www.ncbi.nlm.nih.gov/pubmed/32228186
http://doi.org/10.2196/28731
http://doi.org/10.1111/1464-0597.00062
http://doi.org/10.2478/s13382-014-0289-1
http://www.ncbi.nlm.nih.gov/pubmed/26159946
http://doi.org/10.3390/ijerph15010113


Healthcare 2022, 10, 144 12 of 13

24. Wagner, J.A.; Feinn, R.; Lampert, R.; Bermúdez-Millán, A.; Pérez-Escamilla, R. Changes in negative affect and changes in heart
rate variability among low-income latinos with type 2 diabetes in a randomized, controlled stress management trial. J. Psychosom.
Res. 2019, 124, 109774. [CrossRef]

25. Föhr, T.; Tolvanen, A.; Myllymäki, T.; Järvelä-Reijonen, E.; Peuhkuri, K.; Rantala, S.; Kolehmainen, M.; Korpela, R.; Lappalainen,
R.; Ermes, M.; et al. Physical activity, heart rate variability-based stress and recovery, and subjective stress during a 9-month
study period. Scand. J. Med. Sci. Sports 2016, 27, 612–621. [CrossRef]

26. Zhang, M.; Liu, L.; Shi, Y.; Yang, Y.; Yu, X.; Angerer, P.; Kristensen, T.S.; Li, J. Longitudinal associations of burnout with heart rate
variability in patients following acute coronary syndrome: A one-year follow-up study. Gen. Hosp. Psychiatry 2018, 53, 59–64.
[CrossRef] [PubMed]

27. Wekenborg, M.K.; Hill, L.K.; Thayer, J.F.; Penz, M.; Wittling, R.A.; Kirschbaum, C. The Longitudinal Association of Reduced
Vagal Tone with Burnout. Psychosom. Med. 2019, 81, 791–798. [CrossRef] [PubMed]

28. Shi, Y.; Jiang, R.; Zhu, C.; Zhang, M.; Cai, H.; Hu, Z.; Ye, Y.; Liu, Y.; Sun, H.; Ma, Y.; et al. High Job Burnout Predicts Low Heart
Rate Variability in the Working Population after a First Episode of Acute Coronary Syndrome. Int. J. Environ. Res. Public Health
2021, 18, 3431. [CrossRef]

29. Kanthak, M.K.; Stalder, T.; Hill, L.K.; Thayer, J.F.; Penz, M.; Kirschbaum, C. Autonomic dysregulation in burnout and depression:
Evidence for the central role of exhaustion. Scand. J. Work. Environ. Health 2017, 43, 475–484. [CrossRef]

30. Järvelin-Pasanen, S.; Sinikallio, S.; Tarvainen, M.P. Heart rate variability and occupational stress—Systematic review. Ind. Health
2018, 56, 500–511. [CrossRef] [PubMed]

31. Chalmers, J.A.; Quintana, D.S.; Abbott, M.J.-A.; Kemp, A.H. Anxiety Disorders are Associated with Reduced Heart Rate
Variability: A Meta-Analysis. Front. Psychiatry 2014, 5, 80. [CrossRef]

32. Kemp, A.H.; Quintana, D.S.; Gray, M.A.; Felmingham, K.L.; Brown, K.; Gatt, J.M. Impact of Depression and Antidepressant
Treatment on Heart Rate Variability: A Review and Meta-Analysis. Biol. Psychiatry 2010, 67, 1067–1074. [CrossRef]

33. De Jonge, P.; Mangano, D.; Whooley, M.A. Differential Association of Cognitive and Somatic Depressive Symptoms with Heart
Rate Variability in Patients with Stable Coronary Heart Disease: Findings from the Heart and Soul Study. Psychosom. Med. 2007,
69, 735–739. [CrossRef]

34. Beauchaine, T. Vagal tone, development, and Gray’s motivational theory: Toward an integrated model of autonomic nervous
system functioning in psychopathology. Dev. Psychopathol. 2001, 13, 183–214. [CrossRef] [PubMed]

35. Smith, T.W.; Deits-Lebehn, C.; Williams, P.G.; Baucom, B.R.W.; Uchino, B.N. Toward a social psychophysiology of vagally
mediated heart rate variability: Concepts and methods in self-regulation, emotion, and interpersonal processes. Soc. Pers. Psychol.
Compass 2020, 14, 12516. [CrossRef]

36. Perrotta, A.S.; Koehle, M.; White, M.D.; Taunton, J.E.; Warburton, D.E. Consecutive non-training days over a weekend for
assessing cardiac parasympathetic variation in response to accumulated exercise stress. Eur. J. Sport Sci. 2020, 20, 1072–1082.
[CrossRef]

37. Flatt, A.A.; Esco, M.R. Smartphone-Derived Heart-Rate Variability and Training Load in a Women’s Soccer Team. Int. J. Sports
Physiol. Perform. 2015, 10, 994–1000. [CrossRef] [PubMed]

38. Schmitt, L.; Regnard, J.; Desmarets, M.; Mauny, F.; Mourot, L.; Fouillot, J.-P.; Coulmy, N.; Millet, G. Fatigue Shifts and Scatters
Heart Rate Variability in Elite Endurance Athletes. PLoS ONE 2013, 8, e71588. [CrossRef] [PubMed]

39. Flatt, A.A.; Esco, M.R.; Nakamura, F.Y. Individual Heart Rate Variability Responses to Preseason Training in High Level Female
Soccer Players. J. Strength Cond. Res. 2017, 31, 531–538. [CrossRef]

40. Figueiredo, D.H.; Moreira, A.; Gonçalves, H.R.; Stanganelli, L.C. Effect of Overload and Tapering on Individual Heart Rate
Variability, Stress Tolerance, and Intermittent Running Performance in Soccer Players During a Preseason. J. Strength Cond. Res.
2019, 33, 1222–1231. [CrossRef]

41. Plews, D.J.; Laursen, P.B.; Kilding, A.E.; Buchheit, M. Heart rate variability in elite triathletes, is variation in variability the key to
effective training? A case comparison. Graefe’s Arch. Clin. Exp. Ophthalmol. 2012, 112, 3729–3741. [CrossRef]

42. Terluin, B.; Van Marwijk, H.W.; Adèr, H.J.; De Vet, H.C.; Penninx, B.W.; Hermens, M.L.; Van Boeijen, C.A.; Van Balkom, A.J.; Van
Der Klink, J.J.; Ab Stalman, W. The Four-Dimensional Symptom Questionnaire (4DSQ): A validation study of a multidimensional
self-report questionnaire to assess distress, depression, anxiety and somatization. BMC Psychiatry 2006, 6, 34. [CrossRef]

43. Kinnunen, H.; Rantanen, A.; Kenttä, T.; Koskimäki, H. Feasible assessment of recovery and cardiovascular health: Accuracy of
nocturnal HR and HRV assessed via ring PPG in comparison to medical grade ECG. Physiol. Meas. 2020, 41, 04NT01. [CrossRef]
[PubMed]

44. Stone, J.D.; Ulman, H.K.; Tran, K.; Thompson, A.G.; Halter, M.D.; Ramadan, J.H.; Stephenson, M.; Finomore, V.S.J.; Galster, S.M.;
Rezai, A.R.; et al. Assessing the Accuracy of Popular Commercial Technologies That Measure Resting Heart Rate and Heart Rate
Variability. Front. Sports Act. Living 2021, 3, 37. [CrossRef] [PubMed]

45. Pham, T.; Lau, Z.; Chen, S.; Makowski, D. Heart Rate Variability in Psychology: A Review of HRV Indices and an Analysis
Tutorial. Sensors 2021, 21, 3998. [CrossRef] [PubMed]

46. Shaffer, F.; Ginsberg, J.P. An Overview of Heart Rate Variability Metrics and Norms. Front. Public Health 2017, 5, 258. [CrossRef]
[PubMed]

47. Plews, D.J.; Laursen, P.B.; Le Meur, Y.; Hausswirth, C.; Kilding, A.E.; Buchheit, M. Monitoring Training with Heart-Rate Variability:
How Much Compliance Is Needed for Valid Assessment? Int. J. Sports Physiol. Perform. 2014, 9, 783–790. [CrossRef]

http://doi.org/10.1016/j.jpsychores.2019.109774
http://doi.org/10.1111/sms.12683
http://doi.org/10.1016/j.genhosppsych.2018.05.008
http://www.ncbi.nlm.nih.gov/pubmed/29859340
http://doi.org/10.1097/PSY.0000000000000750
http://www.ncbi.nlm.nih.gov/pubmed/31592938
http://doi.org/10.3390/ijerph18073431
http://doi.org/10.5271/sjweh.3647
http://doi.org/10.2486/indhealth.2017-0190
http://www.ncbi.nlm.nih.gov/pubmed/29910218
http://doi.org/10.3389/fpsyt.2014.00080
http://doi.org/10.1016/j.biopsych.2009.12.012
http://doi.org/10.1097/PSY.0b013e31815743ca
http://doi.org/10.1017/S0954579401002012
http://www.ncbi.nlm.nih.gov/pubmed/11393643
http://doi.org/10.1111/spc3.12516
http://doi.org/10.1080/17461391.2019.1688397
http://doi.org/10.1123/ijspp.2014-0556
http://www.ncbi.nlm.nih.gov/pubmed/25756657
http://doi.org/10.1371/journal.pone.0071588
http://www.ncbi.nlm.nih.gov/pubmed/23951198
http://doi.org/10.1519/JSC.0000000000001482
http://doi.org/10.1519/JSC.0000000000003127
http://doi.org/10.1007/s00421-012-2354-4
http://doi.org/10.1186/1471-244X-6-34
http://doi.org/10.1088/1361-6579/ab840a
http://www.ncbi.nlm.nih.gov/pubmed/32217820
http://doi.org/10.3389/fspor.2021.585870
http://www.ncbi.nlm.nih.gov/pubmed/33733234
http://doi.org/10.3390/s21123998
http://www.ncbi.nlm.nih.gov/pubmed/34207927
http://doi.org/10.3389/fpubh.2017.00258
http://www.ncbi.nlm.nih.gov/pubmed/29034226
http://doi.org/10.1123/ijspp.2013-0455


Healthcare 2022, 10, 144 13 of 13

48. Tegegne, B.S.; Man, T.; Van Roon, A.M.; Snieder, H.; Riese, H. Reference values of heart rate variability from 10-second resting
electrocardiograms: The Lifelines Cohort Study. Eur. J. Prev. Cardiol. 2020, 27, 2191–2194. [CrossRef]

49. De Zambotti, M.; Rosas, L.; Colrain, I.M.; Baker, F.C. The Sleep of the Ring: Comparison of the ŌURA Sleep Tracker Against
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