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Train and truck drivers experience a myriad of unique occupational
factors, whichhavebeenpostulated to contribute to a high incidence
of health conditions such as depression anxiety and cardiovascular
disease amongst this population. The present study aimed to iden-
tify associations between heart rate variability and negative mood
states such as depression and anxiety in a cohort of Australian truck
and train drivers. 120 professional drivers (60 truck drivers, 60 train
drivers) were recruited from the local community. Participants com-
pleteabatteryofpsychometricquestionnaires toassess levels ofneg-
ative mood states such as depression and anxiety. Participants then
completed abaseline (resting) and active (driving) taskwhile concur-
rent electrocardiography datawas collected to obtain heart rate vari-
ability parameters. Anxiety and depression were found to be associ-
atedwith increases in lowfrequencyheart ratevariabilityandsympa-
thovagal balance, and a reduction in total power. The present study
identified associations between negativemood states and heart rate
variability parameters that are unique to this cohort.
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1. Introduction
Australia’s rail and road freight systems are primarymeans

for the movement of freight and people between cities, states
and territories. These industries employees over 1million in-
dividuals each year, and experience annual industry growth
of approximately 4% [1]. Given that Australia’s person per
square kilometer of land ratio is amongst the lowest in the
world [2], a reliance on road and rail freight has persevered
despite advancements in commuter and transport technol-
ogy.

Train and truck drivers experience a myriad of unique oc-
cupational workplace factors, such as monotonous driving
conditions, long hours spent sitting, the necessity of strict
mental alertness, workplace social isolation and the poten-
tial for “person under vehicle” events. These conditions have
been postulated to contribute to a high incidence of health
conditions such as depression [3–9], anxiety [10–13] and car-
diovascular disease (CVD) [14–16] amongst this population.

Although often occurring independently of one another,
the link between depression and cardiovascular risk is well

established. The world health organisation recently identi-
fied depression as in independent risk factor for heart dis-
ease [17]. Individuals with depression are more likely to
suffer from CVD and are more likely to die from CVD re-
lated diseases than the general population [18]. The mech-
anisms by which depression and CVD are linked, however,
remain somewhat elusive. Various pathophysiologicalmech-
anisms have been suggested, including increased inflamma-
tory responses; hypercoagulability as a result of deleterious
adaptions of the clotting cascade; upregulation of oxidative
stress responses; hyperactivity of the hypothalamic-pituitary-
adrenal axis; downregulation of systemic endothelial progen-
itor cells; decreased heart rate variability; and genetic diathe-
ses [19–22]. Recent studies have utilised heart rate variability
(HRV), the analysis of minute fluctuations in successive heart
beats, as a means of quantifying cardiovascular autonomic
control. In particular, HRV can be used to measure parasym-
pathetic nervous system activity and has been utilised as an
indirect measure of cardiovascular function. Previous studies
assessing the associations between depressive symptomology
and HRV have yielded varied results, however limitations in
sample size, psychometric assessment and potential reporting
bias may have obscured results.

Given the high rates of both depression and CVD within
the population of Australian truck and train drivers, this
study aimed to identify associations between heart rate vari-
ability and negative mood states such as depression and anxi-
ety in a group of Australian truck and train drivers. Quan-
titative assessment of the association between depression
and cardiovascular function (as measured by HRV) in the
Australian professional driving community may provide the
foundation for a dual mitigation approach within the work-
place to manage both conditions within this community.

2. Methods
2.1 Participants

A total of 60 truck drivers (mean age 36.5 ± 9.67, n = 45
males, n = 4 females) and 60 train drivers (mean age 39.16
± 10.51, n = 53 males, n = 5 females) were recruited for as-
sessment in this cross-sectional study. Participants were re-
cruited through local advertisement via a poster, recruitment
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through contacts established independently to this research,
online forums and with the aid and endorsement of Australia
Post Transport Division, Sydney Trains and the Australian
Trucking Association. Participants were required to be em-
ployed as a truck driver, regularly driving a truck with a gross
vehicle mass of over 4.5 tonne, or a currently employed train
driver.

2.2 Procedure

Participants were tested between 9.30 AM and 3 PM in
order to negate the variations in heart rate between 8–9 AM
and 4–8 PM [23]. The inclusion criteria were as follows; cur-
rent employment as a full-time truck or train driver, and flu-
ent English literacy. The exclusion criteria, as determined by
part one of the Lifestyle appraisal questionnaire [24], were
as follows; those currently taking any prescription or non-
prescription drugs (excluding caffeine and nicotine) or suf-
fering fromany chronic disease or illness, were excluded from
the study. Participants were required to abstain from food
for 2 hours, nicotine and caffeine for 4 hours, and alcohol for
12 hours before the study; to avoid influencing the physio-
logical measures. The study was conducted in a controlled
laboratory environment, with auditory and visual interfer-
ence being reduced as much as viably possible. Light sources
were controlled, with laboratory blinds being drawn to re-
duce the impact of external light sources influencing physi-
ological measurements. The study was comprehensively de-
tailed to the subject upon arrival, with the opportunity for
questions being presented. Upon confirmation of written
consent, the study was commenced.

2.3 Questionnaires

The questionnaire package included the in-house de-
signed Professional Driver Package, Lifestyle Appraisal
Questionnaire [24], the Becks Depression Inventory [25],
and the Profile of Mood States Questionnaire [26]. The Pro-
fessional Driver Package provides demographical informa-
tion regarding licensing, employment length, employment
status, nutrition, accident or near-miss history and working
conditions. The Lifestyle Appraisal Questionnaire (LAQ),
a validated and clinically reliable questionnaire, was used to
record demographic, lifestyle and psychological stress infor-
mation from the participant. The LAQ consists of two parts,
with Part I consisting of 22 questions, with the highest ob-
tainable score being 73. This information included fam-
ily history of disease, smoking status, alcohol intake, exer-
cise and diet regime, etc. The higher the score obtained
from Part I of the LAQ, the greater the risk of developing
a chronic illness later in life. Part II of the LAQ consists
of 27 items and assessed an individual’s “cognitive appraisal
of pressure and demands” [24]. The Beck’s Depression In-
ventory Scale (BDI-II) [25] is a 21-item self-reported tool
used to assess the severity of depression in adults and ado-
lescents (aged >13). Scores range from 0–63, with 0–13 in-
dicating minimal depression, 14–19 indicating mild depres-
sion, 20–28 indicating moderate depression and 29–63 indi-

cating severe depression [27]. The coefficient alpha of the
BDI-II was found to be 0.93, indicating high internal con-
sistency. The test-retest correlation of the BDI-II was found
to be 0.93, which was significant (p ≤ 0.001). As such, the
BDI-II is a suitable psychometric tool for the assessment of
depressive symptoms within this study. The Profile of Mood
States questionnaire (POMS) [26] is composed of 65 items
describing six mood subscales: tension-anxiety, depression-
dejection, anger-hostility, vigor-activity, fatigue-inertia, and
confusion-bewilderment. An overall measure of total mood
disturbance is calculated for all six subscales by combining the
scores obtained on the tension-anxiety, depression-dejection,
anger-hostility, fatigue-inertia, and confusion-bewilderment
scales minus the score on the vigor-activity scale. The
depression-dejection subscale is strongly predictive of the
Beck Depression Inventory-II (BDI-II) [27], which is of-
ten used in clinical practice to diagnose depression. The
depression-dejection subscale of the POMS is consequently
considered a useful short alternative to the BDI-II, since it
also investigates other components of mood such as anxiety
and aggression [28].

2.4 Heart rate variability

Standardised attachment of a three-lead electrocardio-
gram was performed, with the active electrodes being posi-
tioned at the intercostal space between the fourth and fifth
ribs, two centimetres laterally from each side of the ster-
num and the reference electrode being secured underneath
the shoulder. Following this, the participant was asked to
rest for five minutes, after which, the participant was seated
in the driving simulator and after participating in the race
format for ten minutes to familiarise themselves with pro-
gram, were asked to complete the ‘active’ driving situation,
in which they were engaged in a race meeting (Fuji Speed-
way) with other automatically generated cars whilst a con-
current twenty-minute ECG recording was obtained. The
driver was then asked to rest for ten minutes. Following this,
a baseline (control) recording was obtained, which involved
the participant engaging in a twenty-minute driving session,
again on the Fuji Speedway, with the absence of other auto-
mobiles on the road whilst a concurrent twenty-minute ECG
recording was taken. The driving simulator was employed in
order to elicit a physiological stress response, and it should
be noted that subjects were familiarised with the program
prior to ECG recordings being obtained. Heart rate variabil-
ity (HRV) data was then obtained from the R-R intervals of
the ECG recordings using a non-parametric algorithm (Fast
Fourier Transform) and used as a quantitative measurement
of the sympathetic (Low Frequency HRV) and parasympa-
thetic nervous systems (High Frequency HRV). HRV reac-
tivity was obtained by calculating the increase from baseline
to active states in the various HRV parameters.

2.5 Heart rate variability analysis

Initially, using the QRS detector, the pre-processing step
of HRV analysis included band pass filtering to decrease
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power line noise, baseline wander, muscle noise and any
other interference components. The pass band at approxi-
mately 5–30 Hz is sufficient to cover most of the frequency
content of QRS complex [29]. After this pre-processing had
occurred, a set of decision rules were applied to define if a
QRS complex had occurred. The decision rules included the
average heartbeat period as well as the amplitude threshold,
whichwere amended adaptively as the detection process con-
tinued. The fiducial point was selected to be the R-Wave,
and the time at which the R-Wave occurs was logged. Post
R-Waves identification, and time of R-Wave occurrencewas
determined, the HRV time series was derived. The R-R in-
tervals were determined as the variances between successive
R-Wave occurrence time periods. A power spectrum density
(PSD) estimatewas then used to calculate the R-R interval se-
ries. The PSD estimation is performed using the Fast Fourier
Transform based Welch’s periodogram method (Hann win-
dow was used). In the Welch’s periodogram method, the
HRV sample is separated into overlapping segments (50%
overlap). The spectrum was then acquired by calculating the
average spectra of these segments. This method reduces the
amount of variance of the FFT spectrum. The frequency
bands derived for short-term HRV recordings were low fre-
quency (LF, 0.04–0.15 Hz) and high frequency (HF, 0.15–0.4
Hz). The absolute power values for each frequency bandwere
derived through integration of the spectrum over the band
limits.

2.6 Statistical analysis

Power analysis was applied to determine the minimum
sample size required to produce statistically reliable data. The
minimum sample size required for this research, based on
moderate-large effect, was 30 [30]. Statistical power in-
creases with increasing sample size [29, 31]. As such, with a
total sample size of 120, sufficient power for statistical anal-
ysis was obtained. The statistical analyses was conducted us-
ing the software program SPSS Version 22.0 (IBMCorp, Ar-
monk, NY, USA) and comprised of dependent sample t-tests,
Pearson’s correlations and regression analyses. Associations
of significance are presented at a p value of<0.05.

3. Results
3.1 Demographics

The average age recorded for the professional driver sam-
plewas 37.0± 9.5 years, whichwas younger than the national
average age of employees (46 years). The mean BMI was re-
ported as 28.6 which is within the overweight category (25–
30) [32]. The sample was 93.3%male, which reflects themale
dominance of this industry. Average years employed as a pro-
fessional driver was 9.3± 7.4, and the average hours driving
a vehicle as a worker each week was 33.8 ± 9.7. Drivers re-
ported 0.9 ± 1.5 accidents or near misses in the previous 12
months, and 4.7± 7.3 accidents or near misses in their career
(Table 1).

3.2 Psychometric tests
The mean test scores of each of the six respective mood

subscales (tension-anxiety, anger-aggression, fatigue-inertia,
depression-dejection, confusion-bewilderment and vigor-
activity) of the POMS questionnaire, a total mood distur-
bance scores, along with the normative values [33] are listed
in Table 2 (Ref. [33]). It should be noted that through
single sample t-tests, it was ascertained that scores were
significantly higher for tension-anxiety (p = 0.003) anger-
aggression (p = 0.03), fatigue-inertia (p≤ 0.001), depression-
dejection (p = 0.004) and total mood disturbance (p≤ 0.001),
and significantly lower for vigor-activity (≤0.001) than the
advised normative values [33].

The mean BDI-II test score for the professional driving
sample (n = 120) are presented in Table 3 (Ref. [25]), along
with the cut-off for mild to moderate depression [25].

There was no significant differences in BDI scores be-
tween the current sample of professional drivers (n = 120)
and the advised normative cut-off [25].

3.3 Baseline task
The mean HRV (LF, HF, TP and LF:HF) for the profes-

sional driving sample (n = 120) during the baseline phase is
displayed in Table 4.

Partial correlations, when controlling for gender, smok-
ing status, age and BMI, were undertaken to assess associ-
ations between baseline HRV parameters, profile of mood
states scores and Beck’s Depression Inventory scores. Signif-
icant findings are displayed in Table 5.

Seven statistically significant correlations between de-
pression scores and HRV parameters were identified during
the baseline task in truck drivers (Table 5). Tension-anxiety
and anger-aggression (asmeasured by the POMS)were found
to be correlated with LF, HF and Ration, and TP respectively.
The BDI was found to be correlated with LF and TP.

3.4 Active phase
The mean HRV (LF, HF, TP and LF:HF) for the profes-

sional driving sample (n = 120) during the active phase is dis-
played in Table 6.

Partial correlations, when controlling for gender, smok-
ing status, age and BMI, were undertaken to assess associa-
tions between active HRV parameters, profile of mood states
scores and Beck’s Depression Inventory scores. Significant
findings are displayed in Table 7.

A number of statistically significant correlations between
depression scores and HRV parameters were identified dur-
ing the active task. Confusion bewlderment was correlated
with LF and HF. Total mood disturbance was correlated with
LF and ratio. BDI was correlated with LF and HF.

4. Discussion
Mental Health and links to cardiovascular parameters

in Australian professional drivers have rarely been studied,
which is of concern given the reportedly high levels of neg-
ative health states reported within this occupational group
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Table 1. Demographic data of the professional driving sample (n = 120).
Mean± SD or % Median Interquartile range

37.0± 9.5
Gender (Males) 93.34
BMI 28.6± 4.3
Years employed 9.3± 7.4
Hours driving 33.8± 9.7
Accidents/near misses in previous year 0.9± 1.5 0 1
Accidents/near misses per career 4.7± 7.3 2 4

Key: BMI, Body Mass Index; SD, Standard deviation.

Table 2. The average scores attained for the six mood subscales, the total mood disturbance score in professional driving
sample (n = 120) and the normative values for an adult male sample [33] of the Profile of Mood States Questionnaire.

Sub-scale Total sample mean score Normative values (Nyenhuis et al. [33]) p value

Tension-anxiety 9.5± 6.5 7.1± 5.8 0.003
Anger-agression 8.7± 7.4 7.1± 7.3 0.03
Fatigue-inertia 10.3± 9.5 7.3± 5.7 <0.001
Depression-dejection 10.3± 9.5 7.5± 9.2 0.004
Confusion-bewilderment 7.0± 4.9 5.6± 4.1 0.062
Vigor-activity 14.4± 5.9 19.8± 6.8 <0.001
Total mood disturbance 29.2± 32.1 14.8± 32.7 <0.001

Table 3. Becks Depression Inventory score for the total sample.
Total sample (n = 120) Cut-off for mild to moderate depression [25]

BDI score 9.7± 7.9 10

Table 4. Mean HRV parameters for the professional driving
sample during the baseline task.

HRV parameter Total sample (n = 120)

LF (ms2) 3.2± 3.2
HF (ms2) 2.9± 3.3
Low total power (ms2) 3.7± 3.8
LF:HF 1.4± 0.5

Key: HF, High frequency; HRV, Heart rate variability; LF,
Low frequency; LF:HF, Low frequency to high frequency ra-
tio (sympathovagal balance); ms2, Milliseconds squared.

Table 5. Correlations between Profile of Mood Sates scores,
Beck’s Depression Inventory and HRV parameters in cohort

of professional drivers during a baseline task.
HRV parameter r p

Tension-anxiety
LF 0.25 0.046
HF –0.24 0.044
Ratio 0.24 0.049

Anger-aggression TP 0.26 0.041

BDI
LF 0.17 0.048
TP –0.18 0.030

Key: BDI, Becks Depression Inventory; HF, High frequency (nor-
malised units); HRV, Heart rate variability; LF, Low frequency (nor-
malised units); LF:HF, Low frequency to high frequency ratio (sym-
pathovagal balance); TP, Total HRV power; p, Level of statistical sig-
nificance; r, Correlation coefficient.

Table 6. Mean HRV parameters during the active task.
HRV parameter Total sample (n = 120)

LF (ms2) 3.4± 3.5
HF (ms2) 3.2± 3.7
Low total power (ms2) 3.8± 4.0
LF:HF 1.1± 0.5

Key: HF, High frequency; HRV, Heart rate variability; LF,
Low frequency; LF:HF, Low frequency to high frequency ra-
tio (sympathovagal balance); ms2, Milliseconds squared.

Table 7. Correlations between Profile of Mood Sates scores,
Beck’s Depression Inventory and HRV parameters in cohort

of professional drivers during an active task.
HRV parameter r p

Confusion-bewilderment
LF 0.32 0.016
HF –0.29 0.024

Total mood disturbance
LF 0.24 0.049
Ratio 0.27 0.038

BDI
LF 0.18 0.030
HF –0.19 0.031

Key: BDI, Becks Depression Inventory; HF, High frequency
(normalised units); HRV, Heart rate variability; LF, Low fre-
quency (normalised units); LF:HF, Low frequency to high
frequency ratio (sympathovagal balance); TP, Total HRV
power; p, Level of statistical significance; r, Correlation co-
efficient.
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overseas. In this study, anxiety was found to be higher in
the professional driving cohort than the advised normative
values. This supports previous literature which suggests the
inherent nature of professional driving lends itself to higher
rates of anxiety [10–13]. In particular, perceived job stres-
sors in the professional driving industry remain a primary
source of anxiety [34], as does the burden of passenger safety
[12], employment stability, and income [35]. Anxiety was
also found to have a weak positive association with an in-
crease in low frequency heart rate variability at baseline. Re-
cent research suggests the LF bandwidth, while inclusive of
sympathetic activity, may more accurately reflect a combina-
tion of autonomic (PSNS and SNS) system, and the barore-
ceptor reflex [36]. Nonetheless, increased LF has been as-
sociated with cardiac impairment, an increase risk of cardiac
events and mortality [37]. The ratio of LF to HF, which has
been suggested to reflect sympathovagal balance, was found
to be positively correlated to anxiety scores. This indicates
a parasympathetic nervous system withdrawal in the context
of high resting anxiety levels. Further, HF HRV was found
to be inversely related to anxiety symptoms. It is well ac-
cepted that HF is indicative of parasympathetic nervous sys-
tem activity, and thus states of anxiety facilitate a parasym-
pathetic withdrawal [38, 39]. In times of acute stress, this
provides an evolutionary benefit, allowing for an upregu-
lation of sympathetic responses that enable an appropriate
stress response. However, in the context of chronic stress,
this sympathetic predominance is known to have deleterious
effects on the heart. These include increases in circulating
ionotropic and chronotropic catecholamines [40], suppres-
sion of vagal stimulation [41] and prolonged peripheral vaso-
constriction, resulting in elevated resting total peripheral re-
sistance, and thus elevated blood pressure [42]. These find-
ings are novel within a population of Australian professional
drivers and provide important insights into the potential as-
sociations between anxiety and cardiac health within this co-
hort. Steps to raise awareness, in particular in these males
dominated industries, and the implementation of strategies to
mitigate anxiety within this occupational groupmay improve
not only the short-term psychological health of these indi-
viduals, but further, may improve their cardiovascular out-
comes.

Depression scores were found to be associatedwith reduc-
tions in total heart rate variability, increased low frequency
and reduced high frequency values. Given the similarities
between anxiety and depression with regards to neurobio-
logical aetiology and the continued scholarly support for the
neurovisceral integration theory, it stands to reason that sim-
ilar biological mechanism may be responsible. Reduced total
heart rate variability has been well established as an indepen-
dent predictor of not only cardiac health, but cardiovascular
mortality [43]. Reduced total heart rate variability reflects a
reduction in parasympathetic vagal outflow. The neurovis-
ceral integration theory suggests efferent outputs from the
pre-frontal cortex control vagal nerve inhibition of cardiac

automaticity [44]. A reduction in this top-down control re-
sults in reduced cardiac control and is thus cardiopathogenic.
The present study, in line with previous research, identified
a bidirectional relationship between depression and reduc-
tions in total HRV at baseline. Given this, steps to address
mental health conditions, in particular depression and anx-
iety, within the population of professional drivers would be
beneficial to both psychological outcomes, as well as cardio-
vascular health. Further, given the hypothesised bidirection-
ality of this relationship, interventions that have been shown
to improve total HRV, such as exercise, should be encouraged
amongst this population.

There are some limitations of the present study. Response
bias may be present due to the use of self-reported psycho-
metric questionnaires; however, participants were advised
that responses were deidentified to provide anonymity and
reduce this biasWhile common in psychophysiological stud-
ies, univariate analysis has limitations in its predictive power,
in particular as workplace variables rarely occur in isolation
of one another. However, a rational and well recognised pre-
liminary step is to investigate univariate associations, which
allows the variables to be quantified preceding their inser-
tion into a later predictive model. The primary objective
is to include the “best” group of variables that increase pre-
dictive capability, whilst ensuring no unnecessary complex-
ity. Further, although significant correlations were identi-
fied, the strength of these relationships should be examined
in a larger cohort.

5. Conclusions
This study is the first to examine associations between

mood states and cardiovascular functioning as measured
by heart rate variability in Australian professional drivers.
Anxiety and depression were both found to be associated
with parasympathetic withdrawal, and sympathetic predom-
inance, a known risk factor for CVD. This is of concern
and should be considered when adopting holistic workplace
health policies within this industry. Given the hypothesised
bidirectionality of the relationship between mental health
and cardiovascular function, it stands to reason that improve-
ment of one state would symbiotically improve the other.
That is, techniques to improve mental health states such as
anxiety and depression may improve cardiovascular risk, and
reciprocally, steps to improve cardiovascular variables, such
as reducing LF HRV, may have beneficial effects on mental
health. This study is important, as the psychophysiological
health of Australia’s professional drivers has been somewhat
overlooked in the past. Given the large number of workers
employedwithin this industry, and the potential personal and
public safety implications of a suddenly unwell driver, it is vi-
tal that policies and workplace practices are designed to opti-
mise the health of these individuals.
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