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ABSTRACT

In high-risk, high-workload heavy-haul railway operations, loconfive crew sa
technical proficiency but is also strongly influenced by psycholo

operat|ona| records from 203 heavy- haul ra|lway dr|vers this study

performance depends not only on
gical states. Using 1117 real-world

from non-perfect operation events. The
evel was associated with a lower incidence of non-

related to drivers' general psychological
the value of integrating psychological,
haul railway drivers.

Key words: heavy-haul rail
assessment

ated a protective association under specific cognitive load
e findings suggest that operational safety is more closely
0 isolated cognitive ability measures. The results highlight

INTRODUCTI

is a cornerstone of
modity distribution in
afety-critical system charac-
, strong system coupling, and
crance for error (Perrow, 1984; Reason,

2000). In this c&text, locomotive drivers occupy a

central position in the human-machine-environment
interaction chain and are required to sustain stable
attention, judgment, and operational control over
prolonged duty periods and under tightly constrained
conditions (Fan ¢/ al., 2022; Wickens e/ al., 2004). Failures
in this system carry substantial social and economic
extending beyond immediate operational
disruption to broader supply-chain and public safety

costs,

*These authors contributed equally to this work.
*Corresponding Author:

Pei Sun, Faculty of Health and Wellness, City University of Macau, Avenida Padre Tomas Pereira, Taipa, Macau 999078, China. Email: peisun@cityu.edu.mo; https://
orcid.org/0000-0002-5938-8180

Received: 19 December 2025; Revised: 24 December 2025; Accepted: 25 December 2025

https://doi.org/10.54844/wsr.2025.1121

& This is an open access article distributed under the terms of the Creative Commons Attribution-NonCommercial-ShareAlike 4.0 International License, which allows
others to copy and redistribute the material in any medium or format non-commercially, as long as the author is credited and the new creations are licensed under the
identical terms.



Wang et al. * 2026

risks (Perrow, 1984).

Contemporary railway human factors research increas-
ingly emphasizes that major safety incidents rarely result
from isolated technical failures or simple "driver error".
Instead, operational risk emerges from the interaction of
individual states, organizational arrangements, and
system design, ultimately manifesting at the level of
human performance (Kusumastuti e/ a/., 2025; Reason,
1997). Accordingly, drivers' psychological functioning—
shaped by fatigue, stress, workload, and emotional
regulation—has become a central concern in safety
management. Empirical studies consistently show that
fatigue and psychological workload are closely linked to
impaired performance and elevated risk among train
drivers, while acute stressors may influence behavior
even when drivers are not fully aware of their effects
(Dottian et al., 2011).

Despite this growing recognition, important gaps remain
in how driver wellbeing is conceptualized and measured
in relation to operational safety. First, much of the
existing literature relies on single-domain indicators,
such as fatigue scales or isolated performance metrics,
even though real-world safety is likely shaped by intet-
acting psychological processes. From a well-being
perspective, psychological health at work reflect
configuration of mental fatigue, perceived workloa
self-efficacy, stress experience, and emotional state,
rather than any single dimension in 4
(Demerouti ez al., 2001; World Health
2024). Second, the predictive value of
cognitive tasks for real-world safet

measures of cognitive ability,
complex, dynamic operatio

al., 2012).

te assessment in safety-
t al., 2022). Evidence from
Cue monitoring suggests that combining
subjective rc[%@its with behavioral and physiological
signals can enhaM@e sensitivity to risk states. However,
how these different modalities jointly contribute to
safety outcomes—and whether their effects are
hierarchical or context-dependent—remains insuffi-
ciently understood, particularly in highly professionalized
groups such as heavy-haul railway drivers.

driving and

Against this background, the present study examines
operational safety among heavy-haul railway drivers
using a multimodal framework that integrates psycholo-
gical health, cognitive task performance, and physiolo-
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gical indicators. Operational performance is analyzed
using an event-rate approach, treating non-perfect
operations as risk events in line with safety management
logic. The study addresses a focused theoretical
question: In a population of well-trained drivers, are
differences in safety outcomes better explained by task-
specific cognitive abilities, or by more stable psycholo-
gical health states together with context-dependent
physiological conditions that generalize across opera-
tional contexts? By answering this question, the study
aims to clarify the relative roles o

and to inform the developme
wellbeing-oriented risk monitQri
occupational settings.

METHOD

Participants

mental
prot pproved by the institutional
ethi pproval No. THU-2022-23), and all

ormed that psychological, physiolo-
al data collected during routine work

cd consent was obtained prior to their inclusion
y. Participants were heavy-haul locomotive
ivers employed by a large railway transportation
ompany in China. The final analytical sample consisted
203 drivers, who together contributed 1117 opera-
tional records during the study period, with each record
corresponding to a completed duty cycle with valid
operational performance data and matched psycholo-
gical or behavioral assessments.

Because drivers were assessed repeatedly during routine
operations, the data had a multilevel structure, with
operational records nested within drivers. Of the 1117
operational records, 91.1% represented full-score
performance, whereas 99 records (8.9%) were classified
as non-full-score events, indicating the occurrence of at
least one operational deviation during the evaluated

duty.

Psychological well-being measures were available for all
operational records. Cognitive functioning was assessed
using a set of computerized tasks administered on a
rotating basis during routine operations; consequently,
task-specific sample sizes varied. Across tasks, the
number of drivers providing valid data ranged from 81
to 142, with corresponding numbers of operational
records ranging from 150 to 241.

All participants were active-duty locomotive drivers at
the time of data collection. Operational performance
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data were obtained from the company's standardized
assessment system. The study was based exclusively on
data collected in routine work settings, without experi-
mental manipulation.

Measures

Psychological well-being questionnaire
Psychological well-being was assessed using a self-
developed mental health questionnaire tailored for
heavy-haul locomotive drivers. The instrument was
designed to balance brevity with multidimensional
coverage and to capture psychological characteristics
most relevant to locomotive operation. It comprises five
dimensions: Mental fatigue, workload, self-efficacy,
stress level, and emotional state.

Confirmatory factor analysis supported a five-factor
structure with satisfactory model fit (y?/df = 1.83, root
mean squared error of approximation [RMSEA] =
0.056, Bentler's comparative fit index [CFI] = 0.94,
Tucker-Lewis index [TLI] = 0.93, standardized root
mean square residual [SRMR] = 0.048), which was
considered acceptable given the brief and operationally
embedded nature of the questionnaire. Standardized
factor loadings ranged from 0.68 to 0.89. Composite
reliability values ranged from 0.82 to 0.91, and avera
variance extracted values ranged from 0.56 to 0.7
indicating good convergent and discriminant validity.
Cronbach's alpha coefficients for the total ammle and
subscales ranged from 0.75 to 0.88, demo i
factory internal consistency.

Cognitive tasks
Cognitive functioning was as

s. Because not all tasks
ement occasion,

The strg utive control and inhib-
itory p . indicators were extracted:
Reaction (in milliseconds [ms]), reflecting

processing sp@
correctness.

and accuracy rate, reflecting response

The target tracking task assessed sustained attention and
visuospatial monitoring ability. Performance was
indexed by accuracy rate, reflecting the proportion of
correctly tracked targets.

The Ligature test assessed visuomotor coordination and
cognitive flexibility. Performance was indexed by total
completion time (in seconds [s]), with shorter times
indicating better task performance.
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The digit memory task assessed short-term working
memory capacity. Performance was indexed by the
number of digits correctly recalled (count), with higher
scores indicating better working memory.

The BallSport task assessed speed perception ability.
Performance was indexed by reaction time (s), with
shorter times indicating better perceptual processing

speed.

response persistence. Performance
number of unexploded balloon

performance.

The cognitive task per
task-specific indicat
or count-base
Descriptive s

dicator used in this study refers to a
ogical-behavioral index developed

ad and state stability during duty periods. Rather
senting a single biological mechanism, this
dicator was designed to capture drivers' overall
hysiological readiness and regulatory capacity in opera-
nal contexts.

Physiological data were collected through an integrated
multimodal assessment system deployed in routine
operational settings. The indicator integrates multiple
signal sources, including cardiorespiratory activity,
fatigue-related physiological features, patterns of
alertness fluctuation, and operational behavioral metrics.
Specifically, the physiological indicator incorporates: (1)
Cardiorespiratory features, such as heart rate and heart
rate variability (HRV), which serve as indirect indicators
of autonomic nervous system activity and physiological
arousal; (2) fatigue-related physiological indicators,
reflecting cumulative physiological strain and reduced
recovery capacity; and (3) behavioral and psycho-
physiological features, extracted from operational
behavior patterns and affective computing-based
analyses of facial expressions, speech prosody, and eye-
movement dynamics, which reflect attentional
engagement, emotional arousal, and fatigue-related
behavioral signatures.

All physiological and behavioral features were
temporally aligned and standardized prior to analysis.
Feature integration was implemented using a multimodal
fusion framework, in which the relative contribution of
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different signal sources was jointly modeled to generate
an overall physiological state score. When multiple
physiological records were available for the same driver
within a given day, their mean value was used in
subsequent analyses.

Higher values on this physiological indicator indicate
better physiological regulation, lower fatigue levels, and
greater readiness for safe operation, whereas lower
values reflect increased physiological strain or potential
fatigue-related risk. Similar composite physiological-
behavioral indicators have been widely applied in safety-
critical industries, such as aviation and railway opera-
tions, to support monitoring of alertness, fatigue, and
operational risk (Hockey, 2013; Lim & Dinges, 2010;
Borghini ez al, 2014). Moreover, prior research on
multimodal integration of physiological and behavioral
data has demonstrated the feasibility of using composite
indices to estimate individuals' psychophysiological
states based on multi-source signals (Hssayeni &
Ghoraani, 2021). Accordingly, the physiological
indicator adopted in the present study is consistent with
established industry practices and current advances in
multimodal physiological monitoring research.

Operational performance

Operational performance was measured using stan
ardized operational scores recorded by the railwal
company. For inferential analyses, performance was

In heavy-haul railway operatio
ation follows a zero-tolerance

tially increase safety
does not mg in performance, but
-relevant operational
een full-score and non-
: therefore, constitutes an
ftent and safety-relevant categorization,

parse simplification of performance

industry-cd
rather than 2
variability.

Statistical analysis

Data were collected between April and November as
part of routine operational monitoring procedures.
Statistical analyses were conducted in three steps. First,
the main variables—psychological well-being, the
physiological indicator, and the six cognitive task
measures—were summarized using descriptive statistics
to characterize their distributions. Continuous variables
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were reported as means and standard deviations, with
medians and interquartile ranges additionally provided
when distributions showed noticeable skewness.
Categorical variables were expressed as counts and
percentages. Prior to regression analyses, all continuous
predictors were standardized to z-scores to ensure
comparability across measures with different units and
ranges. Operational safety outcomes were expressed as
event counts (non—full-score operations), with the total
number of operations included as an offset to account
for differences in work exposure across da

event-rate models. For eac
full-score events was trea

rofiles, we conducted a set of joint
hin each cognitive task subsample.
d the psychological well-being index,

ological indicator as predictors, again using the
non-full-score events as the outcome and
tal operations as an offset. These models were used to
valuate the unique and combined contributions of
ychological, cognitive, and physiological factors to
operational performance.

All statistical analyses were performed using R (Version
4.4.3; R Foundation for Statistical Computing, Vienna,
Austria) within the RStudio integrated development
environment (Posit Software, PBC, Boston, MA, USA).
The threshold for statistical significance was set at P <
0.05.

RESULT

Descriptive statistics and group comparisons
A total of 1117 operational records from 203 drivers
were included in the analyses, of which 91.1% achieved
full-score performance. Descriptive statistics for psycho-
logical well-being dimensions, the overall psychological
well-being composite, and the physiological indicator are
presented in Table 1.

Among the psychological well-being dimensions, self-
efficacy showed the highest mean value (7.18 £ 1.89),
followed by mental fatigue (6.81 + 2.14). In contrast,
workload (3.09 £ 1.93) and stress level (3.92 + 2.41)
exhibited lower mean values. The score of overall
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Table 1: Descriptive statistics of psychological well-being dimensions and physiological indicator

Variable Mean Standard deviation
Mental fatigue 6.81 2.14
Workload 3.09 1.93
Stress level 3.92 2.41
Self-efficacy 7.18 1.89
Emotional state 5.89 1.90
Overall psychological well-being 5.38 0.95
Physiological indicator 4.04 2.20

The overall psychological well-being score was calculated as the equally weighted mean of the five psychological dimensions (each

scores indicate better psychological functioning after score transformation.

psychological well-being, calculated as an equally
weighted composite of the five dimensions was 5.38 £
0.95. The composite physiological indicator demon-
strated moderate variability across records (4.04 + 2.20).

Baseline performance across cognitive tasks showed a
high degree of stability (Table 2). Group comparisons
indicated that nearly all cognitive task measures did not
differ significantly between the full-score and non-full-
score groups (P> 0.05), with mean values remaining
highly similar across groups—for example, Stroo
accuracy (0.800 »s. 0.807). Similarly, individual psychol
gical dimensions showed no substantial group differ
ences. However, the overall psychological well-being
composite score was significantly lower in tk
score group (M = 5.16) compared wit
group (M = 5.40, P = 0.03).

Poisson event-rate model

associated with a lo
(incidence 4 i
interval

physio was not significantly related to
event ratc Vel (IRR = 0.90, 95% CI [0.65,
1.22], P= . No evidence of overdispersion was

observed (dispe ratio = 1.05, P = 0.295), supporting
the adequacy of the Poisson event-rate specification.

Joint effects of psychological well-being,
cognitive tasks, and physiological indicators

To examine whether psychological well-being remained
associated with operational risk when cognitive
performance and physiological status were considered
jointly, a series of Poisson event-rate models was
estimated. Each model included psychological well-
being, one cognitive task, and a physiological indicator,

A 20). Higher

statistical significance in most
onverging direction across

higher psychological well-being was
er rate of non-full-score operational

vent rates at the driver level. The incidence rate ratios
r cognitive tasks varied in direction and were not
atistically significant across models, suggesting that
task-specific cognitive performance did not independ-
ently account for variations in operational risk when
psychological well-being was included.

The physiological indicator likewise did not show
consistent independent effects across tasks. However, a
significant protective association emerged in the digit
memory task subsample, where higher physiological
scores were associated with a substantially lower event
rate. This finding suggests that physiological state may
play a buffering role under specific cognitive load condi-
tions, rather than serving as a general risk predictor.

DISSCUSSION

The finding that the overall composite score reached
statistical significance while individual dimensions did
not supports the theoretical premise that operational
safety is governed by a global regulatory state rather than
isolated psychological stressors.

Overview of key findings
The present study investigated whether operational
safety among heavy-haul railway drivers is better
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Table 2: Descriptive statistics of cognitive task performance

Task N_trials Mean Standard deviation
Stroop-accuracy 241 0.801 0.141

Stroop-time (ms) 241 1182 391

Target tracking 196 0.740 0.216

Ligature test (s) 181 67.600 20.800

Digit memory 176 6.670 1.830

Ballsport (s) 173 1.520 0.810

Ballon 150 10.200 3.490

Reaction time for the Stroop task is reported in milliseconds (ms), whereas reaction time for the BallSport task and completion time

reported in seconds (s). Accuracy-based indicators ate expressed as proportions, and count-based indicators represent raw counts.

re Test are

of non-full-score operational events (Poisson event-rate models)

Cognitive Drivers Non-full Event  Psychological well-being p
task (N) events rate IRR [95% CI]

Stroop- 142 23 0.095 0.88 [0.56, 1.38] 0.422
accuracy

Stroop-time 142 23 0.095 0.89 0.57, 1.40] 1.20 [0.75, 1.80] 0.411
Target 105 20 0.102 0.88 [0.54, 1.45] 0.66 10.38, 1.13] 0.139
tracking

Ligature-test 100 18 0.099 0.68 [0.40, 1.15] 0.688 0.89 [0.47, 1.47] 0.679
Digit memory 99 14 0.080 0.90 [0.53, 1.48] 0.409 0.26 [0.09, 0.68] 0.012
BallSports 94 15 0.087 0.7310.38, 1.34] 0.731 1.07 [0.60, 1.82] 0.797
Balloon 81 9 0.060 0.54 {0.27, 1.09] 0.646 1.20 [0.60, 2.26] 0.580

Each model includes psychological well-being, one cognitive task, and physiol§

ponding cognitive task. The outcome is the number of non-full,

Predict operational risk when psycholo-
gical well-bet as taken into account. Third, physiolo-
gical indicators onstrated context-dependent effects,
becoming predictive only under specific cognitive load
conditions, most notably in the digit memory task.

Together, these findings suggest that operational safety
in this highly professionalized context is shaped less by
isolated cognitive skills and more by cross-context
psychological regulation, with physiological state
exerting conditional influence under elevated cognitive
demands.

MYIs fitted on the subsample of drivers who completed the corres-
garithm of total operations used as an offset. IRR < 1 indicates a reduced
with an offset for the logarithm of total operations. For time-based cognitive

pat higher values indicate better performance. IRR, incidence rate ratio; CI,

Psychological well-being as a cross-context
predictor of operational safety

The most consistent result of the present study is the
protective role of psychological well-being across opera-
tional contexts. Higher levels of overall psychological
health were associated with lower rates of non-perfect
operations, both at the driver level and across multiple
task-specific subsamples.

Psychological well-being in this study represents a
composite of mental fatigue, perceived workload, stress,
emotional state, and self-efficacy (Bandura, 1997).
Rather than capturing momentary performance capacity,
this construct reflects drivers' sustained ability to
regulate attention, emotion, and effort over prolonged
duty periods (Ryff & Singer, 2008). In safety-critical
environments such as heavy-haul railway operations,
performance failures are rarely attributable to isolated
cognitive lapses; instead, they emerge from cumulative
strain, reduced self-regulatory capacity, and diminished
resilience over time (Hockey, 2013; Matthews ez 4/,
2014).
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This interpretation is consistent with human factors
theories emphasizing system-level and cross-temporal
influences on safety performance. From a Swiss cheese
perspective, psychological well-being functions as a
higher-order defensive layer that modulates how effect-
ively lower-level cognitive and behavioral processes are
deployed (Reason, 1997; Reason, 2000). Drivers with
better psychological health are more likely to maintain
stable vigilance, detect eatly signs of fatigue or overload,
and adaptively regulate their behavior in response to
operational demands (Hancock & Warm, 1989; Wickens
et al., 2004).

The findings also align with the broaden-and-build
theory of positive psychological functioning, which
posits that positive emotional and psychological states
broaden attentional scope and build enduring regulatory
resources (Fredrickson, 2001). In the present data,
psychological well-being did not enhance performance
on any single task per se; rather, it appeared to reduce
the likelihood of safety-relevant deviations across diverse
contexts, supporting its role as a general regulatory
resource rather than a task-bound enhancer (Britt ¢/ a/.,
20106).

Why do individual cognitive tasks not
independently predict safety outcomes
Contrary to expectations derived from traditiond

This pattern does not imply that cognj
irrelevant for safe railway operation,

assess 1S®lated
d time-limited

decision-making, an
and stress -
As such, th

Second, heavi§@aul railway drivers constitute a highly
selected and ex®@hsively trained professional group.
Cognitive abilities in this population likely operate as
qualification thresholds rather than differentiating
factors, resulting in restricted variance. Well-established
principles from personnel psychology indicate that
under such conditions, even valid cognitive measures
will show reduced predictive power for performance
outcomes (Sackett ez al., 2008).

More fundamentally, cognitive capacity appears to be a
necessary but not sufficient condition for operational

http://www.wsrjournal.org

safety. The present results suggest that what matters
most is not how well drivers perform on discrete
cognitive tasks, but whether they can reliably mobilize
their cognitive resources under conditions of fatigue,
emotional fluctuation, and sustained workload (Hockey,
2013; Matthews ez al., 2014). Psychological well-being,
rather than an isolated cognitive skill, governs this
mobilization process.

Context-dependent role of physiological
indicators

Physiological indicators did not
effect across models, but a signifs
ation emerged in the digit
pattern indicates that physi
primarily under condg

tly translate into operational vulner-
, under lower cognitive demand,

cffort or experience, masking physiolo-
ects (Hockey, 2013).

his finding is consistent with resource vulnerability and
ompensatory control theories, which propose that
Physiological strain becomes behaviorally consequential
when task demands approach or exceed available
cognitive resources (Matthews ¢ al., 2014). It also aligns
with prior fatigue and driving research showing that
physiological indicators are more predictive of unsafe
behavior during high-demand operational phases (Yu
et al., 2022; Zhang et al., 2021).

Accordingly, physiological indicators should not be
interpreted as global predictors of safety risk, but rather
as conditional markers whose relevance depends on task
demands and cognitive load.

Toward a hierarchical multimodal framework
of operational safety

Taken together, the present findings support a
hierarchical multimodal framework for understanding
operational safety in heavy-haul railway contexts.
Psychological well-being emerged as the most stable,
cross-context predictor, shaping how drivers sustain
performance over time. Cognitive abilities, while
essential for baseline competence, showed limited
discriminative power within a highly trained population,
consistent with range restriction effects (Sackett ¢f a/.,
2008). Physiological indicators contributed in a task-
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dependent manner, becoming salient under conditions
of heightened cognitive load.

This hierarchy suggests that effective safety monitoring
should move beyond single-domain indicators toward
integrated systems that prioritize psychological well-
being as a foundational regulatory factor, while dynam-
ically incorporating cognitive and physiological inform-
ation in relation to operational context (Li 7 al., 2022;
Reason, 1997). Such an approach may improve risk
detection and support more targeted, wellbeing-oriented
safety interventions in safety-critical industries.
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