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ABSTRACT

This study investigates the impact of Driver Advisory Systems (DAS) for eco-efficient driving on train drivers’ job characteristics and job satisfaction, and their effects
on acceptance and compliance with the system. Driving and questionnaire data from 16 drivers equipped with DAS were collected over a five-month period.
Questionnaire data were compared to questionnaire data of a control group (n = 18). Contrary to expectations, DAS did not significantly alter job characteristics or
occupational satisfaction. However, drivers with higher task identity and occupational satisfaction demonstrated greater acceptance of and compliance with DAS,
highlighting the interplay between work design and technology adoption. Regression analyses indicated that perceived usefulness, task identity, and skill variety
were key predictors of compliance. Despite our small sample size, our study provides first indications about the value of considering aspects of work design to

understand drivers’ willingness to drive more energy-efficiently with the support of DAS.

1. Introduction
1.1. Automation in rail operation

The transport sector contributes 25 % of greenhouse gas emissions in
the European Union (European Commission, 2022), while demands for
goods and passenger transport steadily rise (European Environment
Agency, 2021). Rail, being the most energy-efficient and sustainable
mode for long-distance transport (FEuropean Environment Agency,
2022a), is central to the EU’s strategy to shift traffic from road and air to
rail (European Environment Agency, 2022b). Consequently, European
railways are under pressure to enhance capacity and energy efficiency
while maintaining economic viability (Luijt et al., 2017; Yang et al.,
2013). Technological innovation and automation are key to achieving
these goals (European Environment Agency, 2023).

These advancements significantly impact train drivers as their tasks
and work environments evolve with new technologies in and around the
driver’s cabin (Brandenburger et al., 2017a,b; Naumann et al., 2016a,b).
Changes include the adoption of train protection systems (Giesemann,
2013), Driver Advisory systems (DAS) (Luijt et al., 2017), automated
functions for braking and speed adjustment, and remote train supervi-
sion (Brandenburger and Naumann, 2019). Human factors research has

examined the effects of automation on variables like task load, fatigue,
situational awareness, attention allocation, workload, and performance
(Brandenburger et al., 2017a,b; Naumann et al., 2016a,b; Giesemann,
2013). Although this research is crucial to make technologies in the
railway domain safe, this strong cognitive focus may lead to a neglection
of questions concerning general task- and work design and their con-
sequences on technology adoption.

Additionally, there is limited knowledge about how these changes
affect the qualitative aspects of operators’ work and system acceptance.
If such issues are not addressed during system design, operators may
reject or fail to comply with these systems, undermining their potential
benefits. To widen the concept of technology acceptance by including
aspects of work design to predict technology adoption is therefore much
needed.

To address this gap, this study explores how automation impacts
train drivers’ job characteristics and satisfaction, focusing on the
implementation of a DAS for energy-efficient driving. We investigate
how perceived changes in work characteristics influence system accep-
tance and compliance. To this end, we collected questionnaire data
before and after DAS implementation in a German railway company.
Additionally, driving data was collected over five months to examine
interactions with the system.
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1.2. Energy-efficient driving and DAS in railways

Energy-efficient driving is increasingly vital for railway undertakings
to enhance sustainability and reduce costs (Albrecht, 2013; Formato
etal., 2023; Liu and Golovitcher, 2003). DAS offer a practical solution by
providing real-time advice to optimize punctuality and energy con-
sumption without requiring integration with train hardware or software
(Albrecht, 2013; Meirich et al., 2020, 2023). Simulations have shown,
that this way energy consumption can be decreased by up to 15 %
(Hunscha and Geipler, 2018; Meirich et al., 2020). To do so, DAS inte-
grate static (e.g. timetables, vehicle properties) and dynamic data (e.g.
passenger boarding times, train crossings) to calculate optimal driving
trajectories and the optimal point in time to transfer from cruising to
coasting, during which the train does not consume any energy (Meirich
et al., 2023; see Fig. 1).

DAS then provide a prompt to the driver, who then implements the
driving advice by moving the master control lever to a neutral position
(see Fig. 2). A driving advice is only given, when the system detects a
sufficient buffer in the schedule as to not interfere with the train’s
punctuality.

An example of such a DAS is displayed in Fig. 3. This DAS was
developed and piloted in the project "Fahrerassistenzsysteme adaptive
Nachhaltigkeit" (Driver Advisory Systems Adaptive Sustainability;
FASaN). The system was installed on drivers’ mobile phones and dis-
played the current and next two stops, scheduled arrival times, and train
delays. Driving advices to switch to coasting to save energy appeared as
a yellow-framed pop-up for 5 s, with the phrase “Leistung abschalten”
(“Switch off power”) and an icon indicating the required action, along
with a reason for the advice (e.g., delayed train crossing). Driving ad-
vices were also given via voice audio, with the option to permanently
mute the system.

For a DAS as a system that gives an operator advice for energy-
efficient driving, DAS effectiveness depends on the drivers’ compli-
ance, which is primarily influenced by their acceptance of the system
(Formato et al., 2023; Hunscha and Geifler, 2018; Yang et al., 2013).

1.3. Technology acceptance

Technological evolution has highlighted the need to understand the
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adoption and use of new technologies (Al-Emran and Granic, 2021;
Regan et al., 2014). Technology acceptance is critical for a system to
fulfill its intended purpose (Blut et al., 2022; F. D. Davis, 1985; Ven-
katesh et al., 2003). Numerous acceptance models have been proposed
(for an overview, see Adell, 2009). One of the most influential models is
the Technology Acceptance Model (TAM) (Fig. 4) developed by F. D.
Davis (1985), which remains widely used in research today (King and
He, 2006; Tarhini et al., 2016). Despite being developed nearly 40 years
ago, TAM’s application continues to expand (Al-Emran and Granic,
2021).

TAM explains how features of a new technology at the workplace
influence its use (F. D. Davis and Venkatesh, 2004). It posits that an
individual’s behavioral intention to use a system predicts actual usage.
This intention is shaped by perceived ease of use (the belief that the
technology requires minimal effort) and perceived usefulness (the belief
that the technology enhances job performance). Additionally, usefulness
is influenced by ease of use, as systems that are easier to use tend to be
seen as more useful (F. D. Davis, 1985).

The technological systems studied in the 1980s for acceptance
research differ greatly from those train drivers encounter today. Meta-
analyses show that the Technology Acceptance Model (TAM) was
mainly applied to less complex technologies, such as text editors and e-
mail programs (Legris et al., 2003). In contrast, modern technologies,
like DAS in rail operations, integrate data from multiple sources in dy-
namic environments to provide concrete advices for train drivers.

These complex systems have the potential to significantly change
train drivers’ tasks and work environments. While it is known that new
technologies in rail operations influence job characteristics and tasks
(Brandenburger, 2022; Brandenburger et al., 2017a,b; Naweed, 2014),
these factors are not yet fully considered in our understanding of tech-
nology acceptance and driver interaction with such systems. It is
therefore necessary to expand the TAM to include occupational aspects
like job characteristics as predictors for technology acceptance and use.

1.4. The influence of new technologies on perceived job characteristics
The implementation of new technology in the workplace changes

tasks and organizational structures (Argote and Goodman, 1984; Bala
and Venkatesh, 2013). Such changes can impact job attitudes, including
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Fig. 1. Optimal driving regimes for a simple flat track (Scheepmaker and Goverde, 2015, p. 226).
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Fig. 2. Basic scheme of a DAS, its sources of information and its effects.
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Fig. 3. DAS interface showing (among other things) current stop and next
stops, scheduled arrival and departure times, driving advice and the reason for
the advice. Interface was translated from German to English for this paper.

satisfaction and well-being (Ang and Slaughter, 2001; Morris and

Venkatesh, 2010). Unfavorable changes in job characteristics may lead
to negative reactions toward new systems (Bala and Venkatesh, 2013).
Understanding how technology alters operator tasks is therefore essen-
tial to understanding technology adoption in the workplace.

While some researchers have called for a focus on how technologies
influence work design (Ang and Slaughter, 2001; Cascio and Mon-
tealegre, 2016; Parker and Grote, 2022), more research is needed to
better understand these changes and how operators directly perceive
them (Barley, 2015; Cascio and Montealegre, 2016; Rieth, 2022).

The Job Characteristics Model (JCM; Hackman and Oldham, 1976)
(Fig. 5) offers a framework for understanding how technological
changes influence job characteristics and occupational satisfaction
(Rieth, 2022). It is one of the most influential models for examining the
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Fig. 5. The job characteristics model (Hackman and Oldham, 1976, p. 256).
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relationship between job characteristics, employee attitudes, and
behavior (Boonzaier et al., 2001; Hogan and Martell, 1987).

The JCM specifies five key job characteristics essential for em-
ployees’ satisfaction, motivation, and performance, that are described in
Table 1.

The impact of job characteristics is moderated by employees’ need
for development and growth. Individuals with strong growth needs seek
higher levels of these characteristics to find growth opportunities in
their work environment. The JCM also suggests that job characteristics
influence work-related outcomes through psychological states (see
Fig. 4). However, this aspect has faced criticism, as some studies found
psychological states mediate the relationship between job characteris-
tics and work outcomes only partially (Renn and Vandenberg, 1995) or
not at all (Fried and Ferris, 1987; Renn and Vandenberg, 1995). For
instance, Fried and Ferris (1987) found no increase in explained vari-
ance in work-related outcomes when psychological states were included
as mediators, while Wall et al. (1978) found that excluding psycholog-
ical states from the model explained more variance in work outcomes
than the original model.

In parallel to the JCM, Hackman and Oldham (1976) developed the
Job Diagnostic Survey (JDS), which includes scales for all variables in
the model (see Fig. 4). The results from the JDS are combined into the
Motivation Potential Score (MPS), reflecting the extent to which the five
core job characteristics are present in a job:

In addition to the multiplicative MPS index, an unweighted additive
index is often used in studies. Evans and Ondrack (1991) found the
additive index to be a better predictor of work outcomes in blue-collar
workers than the MPS. Similar results were found by Fried and Ferris
(1987) and Hinton and Boderman (1995). Based on these findings,
Boonzaier et al. (2001) recommend using the additive index over the
multiplicative index.

In the context of the JCM, the introduction of automated systems like
DAS can be seen as a form of work redesign, impacting job character-
istics and work-related outcomes such as occupational satisfaction
(Ghani and Al-Meer, 1989).

Although Morris and Venkatesh (2010) note that system success
often depends on job and process reengineering, there are currently no
models of technology adoption that consider how changes in job char-
acteristics influence technology acceptance.

Using the TAM and the JCM as theoretical frameworks, we therefore
aim to answer the following research questions:

Q1: What influence does the introduction of a DAS for energy-
efficient driving have on train drivers’ perceived job characteristics
and occupational satisfaction?

Q2: What influence does the change of drivers’ perceived job char-
acteristics have on the acceptance and use of the DAS?

Table 1
The five core dimensions of the JCM (Hackman and Oldham, 1976, p. 257-258).

JCM Scale Definition

Autonomy “The degree to which the job provides substantial freedom,
independence, and discretion to the individual in scheduling the
work and in determining the procedures to be used in carrying it
out.”

Feedback “The degree to which carrying out the work activities required by
the job results in the individual obtaining direct and clear
information about the effectiveness of his or her performance.”

Skill variety “The degree to which a job requires a variety of different activities

in carrying out the work, which involve the use of a number of
different skills and talents of a person.”
Task “The degree to which a job has a substantial impact on the lives or
significance work of other people, whether in the immediate organization or in
the external environment.”
“The degree to which the job requires completion of a whole and
identifiable piece of work; that is, doing a job from beginning to
end with a visible outcome.”

Task identity
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Previous studies on the influence of new technologies on job char-
acteristics produced mixed findings. A study by C. J. Davis and Hufnagel
(2007) examined the effects of an automated fingerprint identification
system on 24 fingerprint technicians. The introduction of the system
increased autonomy but decreased task identity, skill variety, and task
significance. Similarly, Venkatesh et al. (2010) studied 1743 bank em-
ployees and found that the implementation of information and
communication technology positively affected all five job characteris-
tics. However, it had a negative impact on occupational satisfaction due
to environmental barriers like unstable energy supply, which increased
workload.

Millman and Hartwick (1987) investigated the impact of word pro-
cessing, e-mail, and conference software on 75 middle managers. Most
managers reported increased task significance and skill variety, but little
change in autonomy and feedback. In contrast, an interview study by
Rieth (2022) showed that air traffic controllers experienced a decrease
in skill variety and task significance due to automation. A follow-up
questionnaire study revealed that air traffic controllers in more auto-
mated work environments perceived lower autonomy compared to those
in less automated environments.

Empirical findings on how new technologies affect job characteristics
show that the direction of change (positive or negative) varies across
technologies and work contexts (Cascio and Montealegre, 2016; Tausch
and Kluge, 2022). For instance, a DAS which advises drivers on when to
move the master control lever, could impact drivers’ autonomy by
reducing their control over driving decisions. Drivers may fear a loss of
task variety or significance due to automation, which could negatively
influence their attitudes toward the system (Brooks et al., 2017). On the
other hand, it may increase skill variety by highlighting the goal of
energy-efficient driving to their tasks.

Since there is no prior research on the impact of DAS in the railway
domain regarding job characteristics, nor are there transferable empir-
ical results from comparable domains or technologies, we adopted an
exploratory approach. Our study investigates whether the introduction
of DAS affects perceived autonomy, feedback, skill variety, task signif-
icance, task identity, and occupational satisfaction.

H1. Train drivers’ perceptions of their job characteristics and occu-
pational satisfaction change after the introduction of a DAS (see Fig. 6).

We suggest that a system that changes perceived job characteristics
in a positive direction, aligns more with train drivers’ needs for a job in
which they are satisfied. This could lead to higher acceptance and
compliance with the system then a system that has a negative or no
influence on perceived job characteristics.

H2. The change in perceived job characteristics correlates positively
with acceptance and use of the system. Specifically, the more positive
the change in perceived job characteristics, the higher the acceptance of
and compliance with the system.

To find the most suitable model to depict our variables and their
relationships, we test the following hypotheses as depicted in Fig. 7:

H2a. Including the change in perceived job characteristics due to the
introduction of a new technology to the original TAM will enhance the
predictive value of the model.

H2b. The positive correlation between changes in perceived job
characteristics and acceptance of and compliance with the system is
mediated by the change in occupational satisfaction.

2. Method
2.1. Design

The study had a quasi-experimental design, with one between-
(driving with DAS vs. driving without DAS) and one within-subjects

factor (before vs. after the implementation of DAS) and acceptance
and compliance as dependent variables.
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Fig. 6. The relationship between job characteristics and occupational satisfaction and their change due to the introduction of a DAS as hypothesized.
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Fig. 7. Model for the relationship of JCM factors, technology acceptance and compliance.

2.2. Participants

Our sample consisted of train drivers from a German railway com-
pany. We recruited participants until three weeks before the study’s end,
aiming for N = 30. Due to a limited pool of drivers and a high dropout
rate between the baseline questionnaire (t0), the data acquisition phase,
and the follow-up questionnaire (t1), we ended up with a smaller sam-
ple. The intervention group was equipped with the DAS on their work
phones, while the control group consisted of drivers from routes not
equipped with DAS. Assignment to groups was based on the routes
drivers were assigned to by their railway undertaking, not random.

In the intervention group, sixteen drivers completed all three phases.
Our sample included 15 male drivers and 1 female driver, with a mean
age of 43.46 years (SD = 11.52) and an average of 10.86 years of job
experience (SD = 13.47). The control group consisted of 18 drivers (3
female), with a mean age of 41.5 years (SD = 13.22) and an average of
11.89 years of experience (SD = 10.54).

2.3. Material

2.3.1. Job characteristics and occupational satisfaction

We used the revised form of the Job Diagnostic Survey (JDS) (Idaszak
and Drasgow, 1987) that contains 15 items overall for the scales au-
tonomy, feedback from the task, skill variety, task significance and task

identity, six items for the scale growth need strength and one item for
general occupational satisfaction (cf. Spector, 2022; Nagy, 2002 on the
advantages of using a single-item approach to measure occupational
satisfaction). As discussed in section 1.4, we chose not to include the
items covering the psychological states from Hackman’s and Oldham’s
original model (1976), but worked with an additive index as an overall
measure for all five job characteristics scales. We translated all items
into German, based on the translation by van Dick and colleagues
(2001). As the authors translated the JDS specifically for the context of
education, we adapted some items to the context of train driving. We
used the back-translation method recommended by Brislin (1970), with
one English and one German native speaker, and one German native
speaker who works as an English teacher.

2.3.2. Technology acceptance

Items to assess technology acceptance were based on the TAM
questionnaire by F. D. Davis and Venkatesh (2004), consisting of the
scales perceived usefulness, perceived usability and intention to use. The
items were translated into German as described in section 2.2.1. As
critical behavior in relation to DAS is not simply not using the system,
the items of the scale intention to use were adapted to reflect this. The
adaptation was based on an acceptance scale by Ghazizadeh and col-
leagues (2012) that includes drivers’ intention to integrate a system’s
advices into their driving, and therefore better reflects the premises of
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this study.

2.3.3. Compliance with the DAS

Compliance with the system’s driving advices was investigated based
on behavioral driving data, as we expected biases in self-report measures
concerning desirable behavior at the workplace from an employer’s
point of view.

The method to measure train drivers’ compliance with the DAS, that
was based on train position and time data is only briefly described here.
For a detailed description see Appendix A and Schniicker et al. (2024).

Behavior in accordance with the driving advices was defined as
follows: train drivers have to move the master control lever to a neutral
position upon receiving an advice, which then initiates the coasting of
the train. We used the train’s speed profile as an indirect measure of
compliance; with moderate deceleration indicating the implementation
of the driving advice to coast. Speed data obtained via a GPS log
(sampling rate 1 Hz) was processed with an Artificial Neural Network
(ANN). This allowed us to automatically classify the driving regimes in a
first step, and then ultimately to check for every driving advice if it was
followed or not.

2.4. Procedure

Participation among train drivers working at our project railway
undertaking was voluntary and advertised through internal events, e-
mails, and the company intranet. Drivers in the intervention group
(using DAS) received 80 Euros for activating the system on at least eight
trips per week for a minimum of three weeks and completing a ques-
tionnaire twice. The control group (driving without DAS) completed the
same questionnaire and had a chance to win one of five 50-Euro
vouchers for an online marketplace or a German supermarket chain.
All participating train drivers first completed an online questionnaire to
assess baseline job satisfaction and perceived job characteristics (t0).

Train drivers from the intervention group were trained through an
on-demand video uploaded to the company’s internal information
platform. They were instructed to follow the driving advices at their
discretion, as the system should not interfere with safety-critical tasks.
Drivers were allowed to choose not to follow advices due to safety-
related operational and tacit knowledge, e.g. about wet leaves on the
tracks, which could delay braking.

Once the DAS was installed, driving trajectories based on GPS data
were collected for each trip where the driver activated the system. The
driving data collection phase lasted for five months. Drivers in the
intervention group completed a second questionnaire after at least eight
rides with the DAS. This ensured that drivers already gained some
experience with the DAS before assessing it. This second questionnaire
assessed their job satisfaction, perceived job characteristics, and DAS
acceptance (t1). Drivers from the intervention group were asked to keep
on providing driving data after completing the second questionnaire
until the data collection period ended after five months. The control
group also completed the second questionnaire, such that a t1 mea-
surement of occupational satisfaction and perceived job characteristics
was obtained from both groups around the same time.

This approach ensured that the intervention and control groups
assessed their experiences under similar conditions and allowed us to
investigate the impact of DAS on perceived job characteristics and
acceptance.

3. Results
3.1. Analyzed train rides and compliance

From the 16 drivers in the intervention group, 1049 train rides with
DAS with an overall driving time of 1594 h over the course of five

months were collected and analyzed. The average overall driving time
per driver with DAS was 99.62 h (Min. = 8; Max. = 184). During this
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driving time, the DAS gave an average of 616 driving advices to each
driver (Min. = 23; Max. = 1655). Using the ANN (see section 2.2.4.),
every driving advice was categorized as followed or not followed, so that
the compliance rate could be calculated for each driver. On average, the
drivers followed 37.56 % of driving advices (SD = 11.88).

3.2. Effects of DAS on perceived job characteristics and occupational
satisfaction

We conducted a two-way ANOVA with one between-subject factor
(group) and one within-subject factor (time) to test hypothesis 1. All
means and standard deviations can be found in Table 2. For overall job
characteristics (additive index of all job characteristics scales, cf. 2.2.2),
there was no main effect of group F(1, 31) = 1.68, p = 0.2145, or time F
(1, 31) =1.22, p = 0.7298, nor an interaction effect for group x time F(1,
31) = 0.42, p = 0.5267. The same was true for occupational satisfaction,
as again neither a main effect of group F(1, 31) = 1.53, p = 0.2351, or
time F(1, 31) = 0.19, p = 0.669, nor an interaction effect group x time F
(1, 31), p = 0.5741 proved to be significant. This means the introduction
of DAS had no measurable effect on train drivers’ perceived job char-
acteristics or occupational satisfaction.

3.3. Correlations between changes in job characteristics and occupational
satisfaction and acceptance and compliance

To test if changes in perceived job characteristics and occupational
satisfaction correlate with the acceptance of and compliance with the
system, we planned to compute Spearman correlations between the
delta of the perceived job characteristics (e.g. the difference in auton-
omy before vs. after the introduction of DAS) with the respective TAM
scales and the proportion of driving advice followed.

As we could not confirm hypothesis one, meaning we did not find
indications that the DAS had an influence on job characteristics or
occupational satisfaction, we discarded this approach. Instead, we
exploratively examined the interrelations between the overall JCM
score, the five JCM scales, acceptance, and compliance with the system.
For the overall JCM score, the JCM scales, and occupational satisfaction,
we used the mean of t0 and t1 for each participant.

We conducted multiple Spearman correlations with Bonferroni-
Holm correction to adjust the significance level. The resulting correla-
tion matrix is presented in Table 2.

For the TAM scales, we found a positive correlation between the
system’s perceived usefulness and the behavioral intention to comply
with the system (r = .80, p < .01) as well as with compliance (r = .64; p
< .05). Behavioral intention did not correlate with system compliance
and ease of use did not correlate with usefulness, behavioral intention or
system compliance.

Regarding the JCM, task identity correlated with compliance (r =
.57, p < .05), and overall occupational satisfaction correlated positively
with the perceived usefulness of the system (r = .65, p <. 05).
Furthermore, occupational satisfaction correlated positively with the
overall JDS mean (r = .56, p < .05).

To proceed with the testing of H2a and H2b in the same manner as
with the testing of H2, we examined the mean of t0 and t1 regarding the
JCM and occupational satisfaction instead of the delta t0 — t1.

To examine if including job characteristics and occupational satis-
faction enhances the predictive value of the TAM, we conducted a
multiple regression analysis. As independent variables to predict system
compliance, we included the original TAM variables perceived ease of
use and usefulness into the model as well as the overall JCM mean, the
five JCM scales and occupational satisfaction. This was to see, which
factors from both models were best at predicting system compliance.
The overall model was not significant F(3,30) = 1.29, p = 0.2958).
Running a stepwise forward regression analysis instead, we found that
the best fit for a model to predict system compliance was when adding
usefulness, task identity and skill variety to the model F(3, 31) = 7.96, p
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Table 2
Means, standard deviations, and correlations.
Variable M SD 1 2 4 5 6 7 8 9 10
1. Compliance 37.78 13.09
2. Skill Variety 3.68 0.39 -.37
3. Task identity 3.97 0.81 .57* .30
4. Task significance 4.09 0.68 —.41 .46 .28
5. Autonomy 2.40 0.52 .35 —.09 -.11 —.42
6. Feedback 2.93 0.68 .48 —.08 -.07 —.24 .65%*
7. JDS mean 3.41 0.31 —.24 .54* .65%* .46 .35 .49
8. Usefulness 5.21 1.31 .64* .27 -.17 .08 11 42 .22
9.Behavioral intention 5.71 0.95 31 .50 -.09 .28 -.15 .24 .24 .80%*
10. Ease of use 6.37 0.55 .21 -.16 -.31 .28 —.24 .19 —.08 .20 .34
11.0ccupational satisfaction 4.53 0.83 .09 .44 .08 .45 .13 .38 .56* .65* .50 21

Note. M and SD are used to represent mean and standard deviation, respectively. * indicates p < .05. ** indicates p < .01.

< .05., adjusted R? = 0.63.

Because when testing H2, we did not find any of the JCM dimensions
to correlate with occupational satisfaction and at the same time with
compliance or acceptance, we did not test, if a relationship between the
JCM dimensions and compliance or acceptance was mediated by occu-
pational satisfaction (H2).

4. Discussion

The aim of this study was to examine how advisory systems for eco-
efficient driving impact train drivers’ perceived job characteristics and
occupational outcomes, and how these factors influence compliance
with the system. We analyzed the driving behavior of 16 drivers using
the DAS over five months, collected questionnaire data at two points in
time from the DAS group, and compared results with a control group.

In general, the train drivers in our sample reported high levels of skill
variety, task identity, task significance, and general occupational satis-
faction, and low to medium autonomy and feedback, compared to the
norm sample (Hackman and Oldham, 1975). Regarding technology
acceptance, drivers perceived DAS as useful, easy to use, and intended to
comply, though the actual compliance rate was relatively low with
substantial variability.

Our study did not provide information on reasons why drivers did
not follow the driving advices. As the system could be permanently
muted, it could be, that drivers were not aware of the driving advices, if
they relied on the audio cues only. Nevertheless, for the idea of this
study, this would also be indicative for a lack of compliance with the
system. Additionally, we do not know, if drivers may have had sufficient
reason to not follow an advice such as the prioritization of safety or
punctuality in a specific situation. Also due to the fact, that the DAS is
programmed to only provide coasting advice when there is a sufficient
time buffer, drivers might have not received advices for longer periods
of time and therefore thought the system was not that relevant or not
functioning. However, we can expect this margin of error in the esti-
mation of the “true” compliance to be the same for all our participants as
they all drove in the same railway sector and because of the large
number of driving data we collected from each participant.

Correlations within the TAM only partly aligned with the model.
While usefulness and behavioral intention and usefulness and compli-
ance correlated, no correlation between behavioral intention and
compliance was observed. Ease of use did not correlate with any other
TAM variable. A direct link from usefulness to use was also observed by
other authors (e.g. Lu and Gustafson (1994), and previous research has
found usefulness to be a stronger predictor in the TAM then ease of use
(F. D. Davis and Venkatesh, 2004).

We did not find support for the hypothesis 1, that train drivers’
perceptions of their job characteristics and occupational satisfaction
changes after the introduction of DAS. The premises to test hypothesis 2
was therefore not given and we adopted an exploratory approach to
investigate whether drivers’ current perceptions of their jobs were

linked to their acceptance and compliance with DAS instead. The
observed lack of impact of DAS on the JCM dimensions and occupational
satisfaction may be explained by the voluntary use of the system. Had
DAS use been mandatory, it is plausible that drivers would have
perceived the system as more intrusive. This, in turn, could have led to a
greater influence on their job characteristics.

The best model to predict system compliance, as determined by
forward stepwise regression, included perceived usefulness, task iden-
tity, and skill variety.

This means, we were partly able to identify aspects of work design
that are linked to system compliance. Drivers with higher task identity
were more likely to integrate eco-efficient driving into their tasks. This
could be due their recognition of broader organizational benefits, such
as cost reduction. This would support findings from Schniicker et al.
(2023), which indicated that operational cost savings motivated drivers
to adopt energy-efficient driving. Similarly, the positive correlation
between occupational satisfaction and perceived usefulness might be
explained by more intrinsically motivated drivers who value tools like
DAS to improve their driving efficiency. Furthermore, drivers who
already perceived the variety of skills required for their jobs to be
manifold, were more willing to integrate eco-efficiency into their
driving.

Future research should continue to investigate a possible link be-
tween job characteristics and technology acceptance and compliance, as
well as strive for sufficient sample sizes. It should also be investigated to
what degree voluntariness impacts the influence on new technologies on
job characteristics. While this study draws on the established JCM due to
its strong applicability for job redesign, we acknowledge the emergence
of more recent models to explain job satisfaction. We therefore see an
opportunity for future research to investigate the relationship between
occupational satisfaction and technology acceptance using these newer
models. Additionally, it would be important to consider how other
organizational factors, such as management support and incentives in-
fluence the adoption of technologies at the workplace.

In conclusion, this study provides a valuable contribution to a more
holistic perspective of consequences of technology introduction by
including job characteristics as factors to influence technology accep-
tance and compliance within the TAM. We found that the current status
of job dimensions at least partly influences the adoption of DAS for
energy-efficient driving. This provides new angles for strategies to
improve technology adoption by considering aspects of work design. For
a human centered future, technologies that enhance energy-efficiency
should be designed and implemented in a way that is subjectively use-
ful for operators and that aligns with their work characteristics. This will
improve system adoption and therefore overall sustainability, especially
in the railway domain.
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Appendix A

Feature extraction, modeling, properties and performance of the artificial neural network for driving regime classification.

To achieve the optimal balance between precise timing of regime changes and stable classification despite noise, we employed a feature extraction
procedure to extend the data set, followed by the use of an artificial neural network (ANN) model for regime classification. This classification was then
used to assess compliance with driving advices using an automated rule-based rating. The process of feature extraction for the classification model, the
performance of the model on regime classification and the procedure of compliance rating are described in the following section.

1. Feature extraction

To enhance the classification model’s performance, we used a feature extraction technique incorporating variables denoted as Xi and Yi. These
variables provide each data point with temporal context based on the velocity trajectory.

The Xi variables (X; to Xg) capture local changes in the velocity trajectory across different time scales. This involves segmenting the data into two
consecutive windows of varying widths, performing linear regression within each window to estimate local slopes, and calculating the difference in
slopes to measure velocity change over time. The window widths are iteratively increased from 2 to 512 data points, with X1 capturing the finest
temporal changes and Xy the broadest, enriching the feature set with detailed temporal dynamics.

The Y; variables (Y; to Yo) predict future velocity trends by capturing the forthcoming slope within a defined window. A regression is performed
within a subsequent window, and the slope coefficient, indicating the expected velocity change, is assigned to the corresponding Yi variable. Window
widths are expanded similarly to the X; variables, embedding anticipatory characteristics into the feature set.

Unfiltered velocity, velocity smoothed using a Savitzky-Golay filter, and acceleration were also included as features. The resulting 21 variables (9
Xj, 9 Y}, unfiltered velocity, filtered velocity, acceleration) comprised the final feature set that was used to classify driving regimes using an ANN.

These variables collectively enhance the model’s ability to identify complex temporal patterns.

2. ANN modeling

For regime classification, we implemented an ANN using the neuralnet package in R. The network consists of an input layer with 21 nodes
(representing the 21 variables from the feature enriched dataset), a first hidden layer with 21 neurons, a second hidden layer with 5 neurons, and an
output layer with 5 nodes representing the classification regimes (standing, accelerating, cruising, coasting, and braking). Bias nodes in each layer
improve the model’s fit. This architecture was chosen to balance complexity and computational efficiency.

3. ANN regime classification performance

As a basis for training 9 rides with a total of 451 min of driving time were manually labeled. These rides comprised 46 driving advices. After feature
extraction the enriched data were pooled together. From this pool, a learning set was constructed by randomly choosing 75 % of data points from the
pool. The remaining 25 % of data points were used as a testing set.

Regime classification performance on the learning and testing set were 0.9415, 95 % CI [0.9381, 0.9447], and 0.9356, 95 % CI [0.9294, 0.9414],
respectively. Fig. 1 shows the confusion matrices for the learning and testing set. Note the drop of sensitivity for the “standing” category for both sets.
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Fig. 1. Left: confusion matrix learning set. Right: Confusion matrix testing set.

4. Rule-based compliance rating

Last, a rule-based rating was used to establish whether participants complied to the driving recommendation. A driving recommendation was rated
as implemented when within a 40 s window after recommendation onset at least two regimes were found AND a non-coasting regime was followed by

a coasting regime.

The performance of this final analysis step was accessed using the combined training and test data (Fig. 2).

Noncompliance

Compliance

Noncomp”ance --
Comp”ance --

Fig. 2. Confusion matrix of the compliance rating.

Figure A2 shows the confusion matrix for the compliance-rating procedure. The rule-based compliance-rating achieved an overall accuracy of
80.43 % (95 % CI: 66.09-90.64). The Kappa coefficient was 0.6087, indicating moderate to substantial agreement. The sensitivity was 1.00,
while the specificity was 0.6087, showing that the ANN-classified regime data differed from the manually classified regime data in such a way that it
prompted some false-alarms from the rule-based compliance-rating. This means that the procedure might consistently overestimate absolute
compliance-rates over all participants. While absolute compliance rates should therefore be interpreted with caution, the consistent application of the
two analysis steps across all participants allows for reliable relative comparisons between individuals or groups, assuming that classification errors are

uniformly distributed.
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