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Abstract
Purpose Occupational e-mental-health (OEMH) may extend existing instruments for preservation or restoration of health 
and work ability. As a key precondition to efficient implementation, this study examined acceptance and person-centered 
barriers to potential uptake of OEMH for work-related distress in employees with an elevated risk of early retirement.
Methods Within the framework of the “Third German Sociomedical Panel of Employees”, 1829 employees with prior sick-
ness absence payments filled out a self-administered questionnaire. Participants had a mean age of 49.93 years (SD = 4.06). 
6.2% indicated prior use of eHealth interventions. Potential predictors of acceptance of OEMH were examined based on the 
“Unified Theory of Acceptance and Use of Technology” (UTAUT) extended by work ability, mental health, eHealth literacy 
and demographic characteristics.
Results 89.1% (n = 1579) showed low to moderate acceptance (M = 2.20, SD = 1.05, range 1–5). A path analysis revealed 
significant, positive direct effects of UTAUT predictors on acceptance (performance expectancy: 0.48, SE = 0.02, p < 0.001; 
effort expectancy: 0.20, SE = 0.02, p < 0.001; social influence: 0.28, SE = 0.02, p < 0.001).Online time and frequency of online 
health information search were further positive direct predictors of acceptance. Model fit was good [χ2(7) = 12.91, p = 0.07, 
RMSEA = 0.02, CFI = 1.00, TLI = 0.99, SRMR = 0.01].
Conclusions Attitudes towards OEMH are rather disadvantageous in the studied risk group. Implementation of OEMH, 
therefore, requires a-priori education including promotion of awareness, favorable attitudes regarding efficacy and usability 
in a collaborative approach.
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PE  Performance expectancy
MLR  Maximum likelihood estimation with 

robust standard errors
RMSEA  Root mean square error of approximation
SF-36  Short form (36) health survey
SI  Social influence
UTAUT  Unified theory of acceptance and use of 

technology
WAI  Work ability index

Introduction

An increasing complexity of job demands including work 
intensification, multi-tasking or constant availability and 
further dysfunctional psychosocial work environments (e.g. 
job strain, effort-reward imbalance) have been associated 
with adverse health effects and reduced work ability (Bethge 
et al. 2009; Stansfeld and Candy 2006). Consequently, work 
stress represents a major risk factor for mental disorders 
(Frese 1999; Stansfeld and Candy 2006) and early retirement 
(Gjesdal et al. 2004; Mykletun et al. 2006). Correspond-
ingly, inpatients with mental disorders show increased work-
related distress compared to the general population, mainly 
due to interpersonal conflicts and lower coping resources 
(Zwerenz et al. 2004). In turn, early retirement can be associ-
ated with decreased health or higher mortality (Karpansalo 
et al. 2004).

Following the principle of “rehabilitation before retire-
ment”, improvement or restoration of health and work 
ability are main objectives of the German system of social 
security, particularly of the German Pension Insurance 
Fund (GPIF), with about 200 facilities specialized in men-
tal health care (Deutsche Rentenversicherung 2017). Evi-
dence supports the effectiveness of inpatient psychosomatic 
rehabilitation (Petermann and Koch 2009). However, reha-
bilitation services are applied rather late in the course of 
disease (Deutsche Rentenversicherung Bund 2014) and are 
preceded by long-term sickness absence (Henderson et al. 
2011). Another critical aspect is the reduced adoption of 
indicated mental health care in those at risk for early retire-
ment: half of early disability pensioners did not use rehabili-
tation services before the disability pension was approved 
(Deutsche Rentenversicherung Bund 2014) and two-thirds 
have not been receiving outpatient psychotherapy (Apfel and 
Riecher-Rössler 2005). Thus, efforts to increase access to 
mental health services and to support the development of 
preventive instruments for occupational mental health are 
urgently needed.

A promising extension to existing health care instruments 
may be low-threshold, web- or mobile-delivered interven-
tions, which can be defined as “health-related services and 
systems, carried out over a distance by means of information 

and communications technologies, for the purpose of global 
health promotion, disease control and healthcare” (WHO 
1998, p. 1). Since Internet access and use advance constantly 
(Internet Society 2016), Internet-delivered interventions 
may be widely accessible and can be administered cost-
effectively, with less organizational or local limitations 
(Hedman et al. 2011; Nordgren et al. 2014). Furthermore, 
meta-analytic evidence proves the effectiveness of eHealth 
interventions in mental health promotion (Andersson et al. 
2013; Barak et al. 2008) and even suggests a comparative 
efficacy in comparison with face-to-face interventions (Cui-
jpers et al. 2010).

However, digital interventions addressing work-related 
distress and its interactions with mental health problems 
are underrepresented yet. Summarized as occupational 
e-mental-health (OEMH), these interventions may comprise 
preventive or curative interventions, including psychoeduca-
tion, health risk assessment, workplace health promotion or 
return-to-work assistance (Lehr et al. 2016a). Examples of 
previous studies include a psychodynamic web-based after-
care supporting return-to-work of former inpatients (Zwer-
enz et al. 2017), self-help for employees with sleep-problems 
(Thiart et al. 2015), stress management (Ebert et al. 2016) or 
focus on particular occupational groups (Lehr et al. 2016b). 
In a recent meta-analysis of 26 studies, Heber et al. (2017) 
identified a moderate effectiveness of web-based interven-
tions in reducing stress (d = 0.43, 95% CI 0.31–0.54).

However, the implementation of OEMH is still in its early 
stages. A key precondition to efficient implementation of 
these technologies is their utilization and adoption by rel-
evant target groups (e.g. help-seekers, health professionals, 
occupational health management). Studies suggest that indi-
vidual’s acceptance of new technologies in health care may 
be critical for their uptake.

Determinants of acceptance of eHealth 
interventions

Acceptance of eHealth interventions can be considered a 
highly subjective, internally (e.g. emotional or cognitive per-
ception, self-competence) and externally (e.g. health care 
or political system, social attitude, technical or institutional 
resources) driven positive attitude towards their future use. 
Regarding eHealth interventions for mental health issues, 
recent surveys demonstrate low acceptance ratings in the 
general population (Eichenberg et al. 2013; Wallin et al. 
2016) or in patient samples (Baumeister et al. 2014, 2015; 
Ebert et al. 2015). First evidence also suggests low to mod-
erate acceptance of OEMH as an aftercare in inpatients 
and health professionals of German rehabilitation services 
(Hennemann et al. 2016, 2017a).

As a well-established theoretical framework, the Unified 
Theory of Acceptance and Use of Technology (UTAUT) 
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(Venkatesh et al. 2003) operationalizes acceptance as the 
intention to use technology, which is directly determined 
by performance expectancy (PE; expected health benefits), 
effort expectancy (EE; expected usability) and social influ-
ence (SI; influence of significant others towards using the 
technology) and indirectly by facilitating (structural or 
institutional) conditions. The UTAUT has been adapted to 
study drivers and barriers to acceptance of eHealth inter-
ventions in patients (Ebert et al. 2015; Hennemann et al. 
2016) or health professionals (Li et al. 2013; Hennemann 
et al. 2017a), where studies found positive relations of 
the postulated predictors with technology acceptance, in 
particular for performance expectancy.

Furthermore, previous research has established demo-
graphic characteristics such as younger age, higher edu-
cational or socioeconomic status as predictors of digital 
health information search or utilization of eHealth inter-
ventions (Eichenberg et al. 2013; Kontos et al. 2014). This 
influence may be mediated through general Internet-orien-
tation, technical competencies (Neter and Brainin 2012) 
or general treatment motivation. Moreover, knowledge 
of eHealth interventions has been associated with higher 
acceptance ratings (Eichenberg et al. 2013; Topooco et al. 
2017). Similarly, eHealth literacy, defined as the ability 
to locate, evaluate, and harness health information in the 
Internet to cope with health problems (Norman and Skin-
ner 2006), may play a pivotal role in acceptance and adop-
tion of eHealth interventions. In this regard, a survey by 
Neter and Brainin (2012) points to a ‘digital divide’ of 
eHealth literacy that reinforces social differences. How-
ever, the impact of eHealth literacy on the adoption of 
eHealth interventions in help-seekers or health profession-
als has not been studied sufficiently yet.

Regarding the affective determinants of eHealth accept-
ance, previous studies in patients and health profession-
als document several reasons for skepticism or rejection 
of eHealth interventions, including concerns about data 
security, individuality, therapeutic relationship or limita-
tion of communication (Boonstra and Broekhuis 2010; 
Hennemann et al. 2017a).

Evidence on the influence of symptom severity on the 
uptake of eHealth interventions is inconsistent. Ebert et al. 
(2013) found that work stress was higher in non-partici-
pants of a web-based aftercare for psychosomatic inpa-
tients. However, in a transdiagnostic sample of inpatients, 
Hennemann et al. (2016) could not identify an association 
of risk for work disability or early retirement or mental 
health with acceptance of OEMH. Despite the growing 
body of evidence on implementation strategies of eHealth 
interventions, no previous study systematically investi-
gated acceptance and barriers to utilization of OEMH in 
employees.

Objectives

Based on the UTAUT framework, the first aim of the fol-
lowing exploratory cross-sectional study, therefore, was 
to investigate acceptance defined as behavioral intention 
to use of OEMH for coping with work-related distress in 
employees with an elevated risk of early retirement. Second, 
we were interested in individual barriers and facilitators to 
acceptance. Based on evidence from previous studies, we 
postulated positive loadings of UTAUT- and Internet-related 
predictors (health-related Internet behavior, eHealth literacy) 
on acceptance. Furthermore, we aimed to explore the influ-
ence of mental health, work ability and demographic char-
acteristics on the attitude towards and acceptance of OEMH.

Materials and methods

Study design

Cross-sectional data were collected within the second wave 
of a large-scale longitudinal cohort survey of employees with 
health complaints, the “Third German Sociomedical Panel 
of Employees” (GSPE-III). The GSPE-III was designed to 
identify environmental and personal risk factors affecting 
work ability and participation in working life (Bethge et al. 
2017). The study population was formed by persons aged 
40–54 years with prior sickness absence benefits due to pro-
longed sick leave (≥ 6 weeks) in 2012 and no utilization of 
rehabilitation service during the last 4 years. The sample was 
selected randomly and stratified by gender from the register 
of the Federal GPIF. Informed consent was obtained from 
all individual participants. Questionnaires were mailed in 
July 2015, followed by one reminder within 4 weeks. All 
procedures involved in the study were approved by the Eth-
ics Committee of the Hannover Medical School (Ref. No. 
1730–2013) and by the data protection commissioner of the 
GPF. The study is registered in the German Clinical Trials 
Register (DRKS00004824).

Acceptance of OEMH

Based on the UTAUT model, acceptance was operational-
ized as the intention to use OEMH. Following a short intro-
duction on OEMH interventions and their application to 
work-related distress, acceptance was measured by two items 
(see Table 1), which were adapted from previous studies 
(Baumeister et al. 2014; Ebert et al. 2015; Hennemann et al. 
2016). Answers were rated on 5-point scales (1 = “totally 
disagree” to 5 = “totally agree”), with higher scores indicat-
ing elevated acceptance. A mean score was calculated across 
the items. Reliability was calculated as Cronbach’s alpha (α) 
or Spearman–Brown (ρ) for two-item scales according to the 



308 International Archives of Occupational and Environmental Health (2018) 91:305–316

1 3

recommendations by Eisinga et al. (2013). Reliability of the 
acceptance scale was ρ = 0.83.

Determinants of acceptance

The UTAUT predictors were measured by two items each 
(see Table 1), based on previous studies in clinical contexts 
(Baumeister et  al. 2014; Ebert et  al. 2015; Hennemann 
et al. 2016). Again, answers were rated on a 5-point scale 
(1 = “totally disagree” to 5 = “totally agree”) and mean 
scores were calculated for each predictor. Reliabilities of the 
scales were satisfactory (PE: ρ = 0.80, SI: ρ = 0.63) except 
for EE (ρ = 0.44).

eHealth literacy was assessed with two items (see 
Table 1) from the 8-item German adaption of the eHealth 
literacy scale (eHEALS) (Soellner et al. 2014). Previous 
research by Norman and Skinner (2006) showed a high 
internal consistency of α = 0.88. Answers were rated on 
a 5-point scale (1 = “strongly disagree” to 5 = “strongly 
agree”). Items were selected regarding high factor loadings 
and assignment to the latent factors (information-seeking, 
information-appraisal) according to Soellner et al. (2014). A 
mean score across the items was calculated with higher val-
ues indicating a higher level of eHealth literacy. Reliability 
of the composite scale was ρ = 0.79 in this study.

As an indicator of workers’ health, we used the Work 
Ability Index (WAI) (Tuomi et  al. 2001). The WAI 
assesses work ability on seven dimensions: (1) current 
work ability compared with the lifetime best, (2) work 
ability in relation with the demands of the job, (3) number 
of current diseases diagnosed by a physician, (4) estimated 
work impairment due to diseases, (5) sick leave during the 

past year, (6) own prognosis of work ability 2 years from 
now and (7) mental resources. The WAI score varies from 
7 to 49 with higher scores indicating better work ability 
(7–27 = poor work ability, 28–36 = moderate work ability, 
37–43 = good work ability, 44–49 = very good work abil-
ity). In a previous study, internal consistency of the WAI 
proved to be high (α = 0.84) (Bethge and Radoschewski 
2010). Cronbach’s alpha was α = 0.69 in this study.

Mental health was operationalized through the mental 
health index of the German version of the Short Form 
Health Survey (SF-36; Morfeld et al. 2011). The scale 
comprises five items on the frequency of positive/nega-
tive mental states (e.g. “How much of the time during 
the past 4 weeks have you felt so down in the dumps that 
nothing could cheer you up?”) rated on a 6-point scale 
(1 = “always” to 6 = “never”). Items are recoded into a 
0–100 range, with higher values indicating a more favora-
ble mental health state (Hays et al. 1993).Cronbach’s alpha 
of the index was α = 0.90 in this study.

The frequency of online health information search was 
assessed in one item, with answers ranging on a 5-point 
scale from 1 = “never” to 5 = “always”. Participants could 
specify daily online time in leisure time in minutes. In a 
nested item, knowledge of (existing vs. non-existing) and 
prior experience (yes vs. no) with eHealth interventions 
in general was evaluated, based on a previous survey by 
Eichenberg et al. (2013) (see Table 1). Sociodemographic 
characteristics included sex, age, level of education, 
employment status, type of work, self-reported  medi-
cal diagnoses and migration background. The latter was 
identified through foreign place of birth (self or parent), 
mother tongue, or nationality.

Table 1  Adapted items of the 
UTAUT model and further 
predictors of acceptance

ACC-OEMH acceptance of OEMH, PE performance expectancy, EE effort expectancy, SI social influence, 
eHEALS eHealth Literacy Scale (items 3, 7)
a Reversely coded

Construct Item

ACC-OEMH “I could imagine, using OEMH”
“I intend to use OEMH in the future”

PE “OEMH would improve my work-related well-being.”
“OEMH would help me with work-related distress”

EE “OEMH would be too complex for me to use.”a

“OEMH would be suitable to my daily life”
SI “People close to me would approve using OEMH.”

“My general practitioner would recommend the use of OEMH.”
eHealth literacy (eHEALS) “I know what health resources are available on the Internet.”

“I can tell high-quality health resources from low-quality health 
resources on the Internet.”

Experience with eHealth interventions “I have already used an Internet- or mobile-based intervention for 
a personal health problem.”

Online health information search “Do you use the Internet, to inform yourself about health issues?”
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Statistical analyses

The data were analyzed using IBM SPSS Statistics 23 and 
Mplus 7. Eligible for analyses were participants with cur-
rent employment and Internet usage. Listwise deletion was 
performed on missing data in UTAUT variables (0.5–3.6%). 
Mean scores on aggregated UTAUT and eHEALS items 
were obtained. Acceptance was further categorized by 
triparting the mean score into low (1–2.34), moderate 
(2.35–3.67) and high (3.68–5) values and the frequency of 
each category was calculated. The acceptance score was dif-
ferentiated regarding dummy coded demographic variables: 
sex (male vs. female), level of education (low vs. moderate 
vs. high), migration background (yes vs. no), employment 
status (employed vs. unemployed), type of work (mentally 
vs. physically demanding vs. both), medical diagnoses (men-
tal disorder vs. somatic disease vs. no disease), and experi-
ence with eHealth interventions (yes vs. no) using ANOVA 
or independent t-tests. When the assumption of variance 
homogeneity was violated, Welch’s F-ratio was calculated.

Before entering the predictive model of OEMH accept-
ance, bivariate correlations between additional variables and 
UTAUT variables were tested. Since age range was restricted 
due to sampling criteria and was not significantly correlated 
with any UTAUT variable, it was excluded from further 
analyses. We allowed for covariation between additional 
variables with substantial zero-order correlations (p < 0.001, 
see online resource 1 and Fig. 1). We conducted separate 
analyses for the predictive model of acceptance of OEMH. 
A path analysis was conducted for the subgroup without 

prior experience with eHealth interventions (n = 1615). 
Direct effects of UTAUT predictors, as well as direct and 
indirect effects of additional variables on acceptance (see 
Fig. 1, left), were analyzed using complete cases and mani-
fest variables (i.e. no latent variables were specified in the 
presented model). UTAUT predictors served as mediators 
of additional predictors. Since the data were non-normally 
distributed, missing cases were observed and the dependent 
variables were continuous, we used maximum likelihood 
estimation with robust standard errors (MLR) as a robust 
and efficient estimator (Yuan and Bentler 2000). Models 
were analyzed using absolute (χ2, RMSEA) and incre-
mental (CFI, TLI, SRMR) fit indices that were classified 
following the interpretation guidelines of Hu and Bentler 
(1999). Standardized estimates are reported. Employees with 
self-rated prior experience (n = 111) were analyzed with a 
separate hierarchical regression model, where predictors 
were included blockwise: (1) sociodemographic variables, 
(2) health and work-related variables (work ability, mental 
health), (3) Internet-related variables, and (4) UTAUT pre-
dictors. Listwise deletion was used, leaving n = 94 data sets. 
The path analytic model is depicted in Fig. 1.

Results

Participants

2233 out of 3294 participants (67.8%) returned completed 
questionnaires. Non-responders differed from responders in 

Acceptance of 
OEMH 

Demographic Characteristics 
Sex 
Educational level 
Online-time 
Experience with eHealth 
interventions 
Online health information search 
Migration background  

Performance expectancy 

Effort expectancy 

Social influence 

Ehealth literacy (eHEALS) 

Work ability (WAI)   

Mental health (SF-36)  

UTAUT-Model  Extended Model  

Fig. 1  Research model with UTAUT (right) and extended predictors (left) of acceptance. Direct effects and covariations of extended predictors 
are not depicted
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some variables, although effect sizes were marginal: non-
responders were more likely to be male (p < 0.001, Cram-
er’s V = 0.06), less educated (p < 0.001, Cramer’s V = 0.11), 
non-working (p < 0.001, Cramer’s V = 0.09) and showed 
poorer mental health (p = 0.03, SMD = 0.08). 229 partici-
pants with current unemployment or missing indicator of 
employment status (n = 20) and non-Internet users (n = 155) 
were excluded from further analysis. Acceptance of OEMH 
did not differ between employed (M = 2.15, SD = 1.05) 
and unemployed individuals (M = 2.07, SD = 1.05), 
t(2129) = − 1.15, p = 0.25. As expected, non-Internet users 
(M = 1.59, SD = 0.83) showed lower acceptance ratings 
than Internet users (M = 2.21, SD = 1.05) t(2087) = − 7.52, 
p < 0.001. Participant flow is depicted in Fig. 2. The sample 
thus included 1007 (55.1%) female and 822 (44.9%) male 
employees with a mean age of 49.93 years (SD = 4.06). 
Mean daily online time was 45.50 min (SD = 47.50). Out 
of 1822, 281 (15.4%) participants indicated low, 1103 
(60.5%) medium and 438 (24.0%) high education level. Out 
of 1823 participants, 1229 (67.5%) reported using the inter-
net “sometimes” to “always” for information about health 
issues. Only 111 (6.2%) out of 1804 participants indicated 
prior use of eHealth interventions and 766 (42.5%) indicated 
no prior knowledge of eHealth interventions.

Acceptance of OEMH

Overall observed acceptance of OEMH was low (n = 1772, 
M = 2.20, SD = 1.05). Only about one in ten participants 
reported high acceptance, while 89.1% (n = 1579) showed 
low-to-moderate acceptance (see Fig.  3). The accept-
ance score was significantly higher in male participants, 
t(1770) = 4.11, p < 0.001 and followed a quadratic trend in 
educational status, with highest scores in the high educa-
tion subgroup (Welch’s F(2,1762) = 5.24, p = 0.005). Fur-
thermore, acceptance scores were significantly higher in 

participants who indicated prior experience with eHealth 
interventions (n = 105, t(116.61) = − 11.89, p < 0.001) and 
lower in participants who indicated a diagnosis of a mental 
disorder (n = 449, t(1770) = − 1.81, p = 0.07). No differences 
existed regarding migration background, t(1690) = − 1.64, 
p = 0.10. Acceptance ratings differed between types of work 
with higher acceptance in mentally demanding work type 
(n = 105, Welch’s F(2,279.09) = 18.71, p < 0.001). However, 
post hoc analysis (Games-Howell) only indicated a sig-
nificant difference between mentally demanding (n = 984) 
and both mentally/physically (n = 683) demanding type of 
work, p < 0.001. No group differences in acceptance ratings 
were found for type of medical diagnosis, F(2,1769) = 1.67, 
p = 0.19. Subgroup data and analyses of acceptance ratings 
can be found in online resource 2.

Barriers and facilitators of OEMH acceptance

Scores on the UTAUT predictors indicated low-to-moderate 
PE (n = 1758, M = 2.29, SD = 0.95), SI (n = 1759, M = 2.31, 

Fig. 2  Participant flow with rea-
sons for exclusion. a,b reference 
group of percentages

Gross sample a

n = 3294

Responder b

n = 2233, 67.8%

Eligible for analyses
n = 1829, 82.0%b

Missings: 0.5-3.6%

Excluded (n = 404, 18.1%b)
Unemployed
Missing indication of employment
No internet use

n = 229
n = 20
n = 155

Undeliverable/no consent to follow-up: n = 407, 12.4%a

n:rednopser-noN = 654, 19.9%a

59.4%

29.7%

10.9%
0

25

50

75

100

low moderate high

fre
qu

en
cy

 in
 %

 

acceptance category 

Fig. 3  Level of OEMH acceptance, n = 1772. Error bars represent 
95% confidence intervals
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SD = 0.89) and EE (n = 1767, M = 2.71, SD = 0.93). eHealth 
literacy was above average (n = 1802, M = 3.24, SD = 0.84). 
The WAI total score was ‘moderate’ on average (n = 1767, 
M = 34.81, SD = 8.20). The mental health index of the 
SF-36 was in the medium range of the valuation (n = 1808, 
M = 65.91, SD = 19.98), as was the frequency of online 
health information search (M = 2.86, SD = 0.96).

As expected, the path model for non-eHealth-experi-
enced employees (n = 1615) yielded significant and positive 
direct effects on acceptance for all three UTAUT predic-
tors: PE (0.48, SE = 0.02, p < 0.001), EE (0.20, SE = 0.02, 
p < 0.001), SI (0.28, SE = 0.02, p < 0.001). Explained vari-
ance of OEMH acceptance was high, R2 = 0.73 (SE = 0.01, 
p < 0.001). Covariation of UTAUT predictors was moderate 
to high (see online resource 3). Contrary to our hypothesis, 
eHealth literacy did not predict acceptance directly (− 0.03, 
SE = 0.01, p = 0.054). Mental health (− 0.01, SE = 0.02, 
p = 0.57) and work ability (− 0.01, SE = 0.02, p = 0.74) 
yielded no significant direct effects on acceptance. Online 
time (0.05, SE = 0.01, p < 0.001) and online health informa-
tion search (0.05, SE = 0.02, p < 0.001) could be identified 
as further significant direct predictors of acceptance.

Online health information search, work ability and sex 
showed significant loadings on all UTAUT predictors. 
Online time demonstrated significant positive loadings on 
PE and EE. Mental health scores demonstrated significant 
negative loadings on PE and SI. Higher education, male 
sex and migration background were associated with higher 
ratings in the UTAUT predictors. Significant total indirect 
effects on acceptance through the UTAUT predictors could 
be observed for all additional variables except for eHealth 
literacy, ranging from 0.04 (SE = 0.02, p = 0.03) for migra-
tion background to 0.21 (SE = 0.02, p < 0.001) for online 

health information search. However, educational status and 
migration background did not yield significant total effects 
(0.03, SE = 0.03, p = 0.2, resp. 0.03, SE = 0.02, p = 0.17). 
Table 2 contains the direct and indirect effects of addi-
tional variables for non-eHealth-experienced employees 
(n = 1615). Detailed model estimates can be found in online 
resource 3.

Overall, model fit was good according to recommenda-
tions by Hu and Bentler (1999). χ2-test was insignificant, 
χ2(7) = 12.91, p = 0.07. RMSEA [0.02, 90% CI (0.00; 0.04)] 
and SRMR (0.01) were below 0.05. CFI (0.99) and TLI 
(0.99) were above 0.97.

A separate hierarchical linear regression in employees 
who indicated prior eHealth experience (n = 94) yielded sim-
ilar results: In the complete model (4), all UTAUT predic-
tors showed significant positive associations with acceptance 
(PE: β = 0.41, p < 0.001; EE: β = 0.34, p < 0.001; SI: β = 0.21, 
p < 0.01). However, out of the additional predictors, only 
online health information search was significantly related to 
acceptance (β = 0.13, p = 0.05). Consequently, explained var-
iance was highest in the complete model including UTAUT 
variables (R2 = 0.79, F(11,82) = 27.18, p < 0.001) in com-
parison with sociodemographic (R2 = 0.01, F(3,90) = 0.16, 
p = 0.92), health-related (R2 = 0.02, F(5,88) = 0.34, p = 0.89) 
and internet-related (R2 = 0.25, F(8,85) = 3.55, p < 0.001) 
predictor sets.

Discussion

The prevention of work-related mental and somatic 
health complaints, sick leave and early retirement repre-
sents a major challenge in occupational health. Based on 

Table 2  Direct, indirect and total effects of additional predictors (n = 1615)

Standardized results (STDYX). Standard errors in brackets
ACC-OEMH acceptance of occupational e-mental health, PE performance expectancy, EE effort expectancy, SI social influence, eHEALS 
eHealth Literacy scale (items 3, 7), WAI work ability index, SF-36 Short Form Health Survey-36 (mental health index)
*p < 0.05, **p < 0.01

Predictors Direct effect Total indirect 
effect on ACC-
OEMH

Total effect on 
ACC-OEMH

ACC-OEMH PE EE SI

eHealth literacy (eHEALS) − 0.03 (0.02) − 0.06* (0.03) − 0.01 (0.03) − 0.05 (0.03) − 0.04 (0.02) − 0.07* (0.03)
Online time 0.05** (0.01) 0.07* (0.03) 0.08** (0.02) 0.03 (0.02) 0.06* (0.02) 0.11** (0.03)
Online health information search 0.05** (0.02) 0.25** (0.03) 0.21** (0.03) 0.17** (0.03) 0.21** (0.02) 0.26** (0.03)
Work ability (WAI) − 0.01 (0.02) 0.16** (0.04) 0.09* (0.04) 0.11* (0.04) 0.12** (0.03) 0.12** (0.04)
Mental health (SF-36) − 0.01 (0.02) − 0.13** (0.04) − 0.04 (0.04) − 0.14** (0.04) − 0.11** (0.03) − 0.12** (0.04)
Educational status − 0.02 (0.01) 0.05* (0.03) 0.06* (0.02) 0.04 (0.03) 0.05* (0.02) 0.03 (0.03)
Migration background − 0.01 (0.01) 0.07* (0.03) 0.002 (0.02) 0.05* (0.02) 0.04* (0.02) 0.03 (0.02)
Sex 0.02 (0.01) − 0.12** (0.02) − 0.10** (0.02) − 0.14** (0.02) − 0.12** (0.02) − 0.09** (0.02)
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the UTAUT (Venkatesh et al. 2003) and further validated 
constructs, the present study investigated acceptance and 
person-centered barriers to potential uptake of OEMH as a 
promising preventive instrument for work-related distress in 
a large sample of employees with an elevated risk of early 
retirement.

The behavioral intention to use OEMH in those at risk of 
early retirement was low. Only about 11% of the participants 
indicated a substantial acceptance of OEMH interventions 
in general. Interestingly, this proportion corroborates previ-
ous studies based on the UTAUT investigating acceptance 
of e-mental health in various patient samples, with propor-
tions ranging from 14 to 18% (Baumeister et al. 2014, 2015; 
Ebert et al. 2015; Hennemann et al. 2016). Further evidence 
points to an even lower acceptance in representative surveys 
in the general population, ranging from 9% in an Australian 
(Gun et al. 2011) to 8% in a German sample (Eichenberg 
et al. 2013). It thus can be concluded, that around one in 
ten persons of various target groups demonstrates substan-
tial intention to use eHealth interventions for mental health 
problems. If the well-known intention–behavior gap is taken 
into account (Bhattacherjee and Sanford 2009), actual uti-
lization might be limited even more. This becomes relevant 
when the reach of interventions for occupational health is 
scaled to a public health level. A follow-up study should 
thus investigate the actual usage of OEMH longitudinally.

Acceptance of OEMH may have been influenced by 
attitudes towards mental health resources in general. Since 
acceptance of the latter may be still limited on a societal 
level (Corrigan 2004), future research should include a 
broader perspective on attitudes towards various forms of 
(occupational) mental health services. However, the flex-
ibility and accessibility of OEMH may also contribute to 
lowering thresholds towards other mental health resources.

In an effort to identify barriers or facilitators to OEMH 
acceptance, we used a complex path model including 
UTAUT predictors as mediators of additional Internet-
related, psychological, work-related and demographic vari-
ables. Consistent with previous evidence (Hennemann et al. 
2016; Liu et al. 2015; Taiwo and Downe 2013), PE was 
the strongest predictor of acceptance and was significantly 
associated with all additional predictors. It seems paramount 
to facilitate positive outcome expectancies and to translate 
the compelling body of evidence on the efficacy of eHealth 
interventions in various contexts into public knowledge. 
In face-to-face psychotherapy, outcome expectancies have 
even been associated with actual outcome (Constantino et al. 
2011). EE and SI exerted a somewhat smaller influence on 
acceptance, which is consistent with prior research (Henne-
mann et al. 2017b; Taiwo and Downe 2013). However, pre-
sent data support the importance of interpersonal attitude 
formation towards eHealth interventions (Hennemann et al. 
2016; Menachemi et al. 2007). In the technology adoption 

process, PE and SI have been shown to be sustained predic-
tors of technology use, while the influence of EE declines 
with ongoing utilization (Venkatesh and Davis 2000). Future 
developers are thus encouraged to take a systemic perspec-
tive of technology adoption, including relevant mediators 
or OEMH champions and to consider practical aspects of 
technology implementation in every day (work-) lives.

Acceptance ratings were indirectly and positively influ-
enced by work ability, suggesting an association between 
positive attitudes towards OEMH and a potential need for 
support in work stress. This finding mirrors evidence from 
Ebert et al. (2013), who found reduced outcome expectan-
cies in occupationally distressed non-participators of an 
online-aftercare for psychosomatic inpatients. Furthermore, 
we found that the level of mental health or mental disor-
der did not represent direct barriers to the intention to use 
OEMH and that expectancies regarding usability and social 
influence were more positive in employees with lower men-
tal health levels. These results encourage implementation of 
OEMH for various levels of mental distress and in high-risk 
groups with more severe mental health conditions, in par-
ticular, that are still insufficiently targeted by most eHealth 
interventions.

In line with previous evidence, a set of Internet-related 
and demographic predictors were positively and directly 
associated with acceptance. Internet use and online health 
information search were associated with higher acceptance, 
underlining previous research on the significance of Inter-
net behavior for the acceptance of eHealth interventions 
(Eichenberg et al. 2013). Our finding that two-thirds stated 
regular use of the Internet for health information and the pro-
portion of participants with some form of experience with 
eHealth interventions corroborates previous evidence of 
population-based surveys (Eichenberg et al. 2013; Gun et al. 
2011). Internet use was lower in the present sample than in 
representative surveys in comparable age groups (Koch and 
Frees 2016) and was statistically independent of eHealth lit-
eracy. The effect of eHealth literacy was somewhat ambigu-
ous and only indirectly associated with acceptance through 
PE. However, employees indicated high eHealth literacy, 
including knowledge and differentiability of eHealth inter-
ventions, which is comparable to a recently studied inpatient 
sample (Hennemann et al. 2016).

The present study found higher acceptance of OEMH 
in male employees but no direct effect of sex in the pre-
dictive models. Evidence on gender effects in technology 
acceptance and adoption is inconclusive: while some evi-
dence points to a technology friendly orientation in males 
(Hennemann et al. 2016; Menachemi and Brooks 2006), 
other studies could not identify gender differences in accept-
ance of eHealth interventions (Eichenberg et al. 2013). In 
a representative survey in the United States, Wang et al. 
(2005) could show that males are more likely to receive 
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adequate mental health care than women. To increase access 
to effective occupational health instruments, it thus seems 
important to facilitate positive attitudes towards OEMH 
in female employees. Baumeister et al. (2014), for exam-
ple, could demonstrate in this regard, that a short-video-
based introductory course on eHealth interventions could 
increase acceptance in female diabetes patients in particular. 
Consistent with previous findings (Eichenberg et al. 2013; 
Hennemann et al. 2016), higher education level was posi-
tively associated with acceptance of OEMH. Interestingly, 
this was only partly mirrored in job demands, where only 
the mentally demanding type of work significantly differed 
from a mixture of mentally and physically demanding labor. 
Together these results underline the need to address less-
educated subgroups and efforts to include these in OEMH 
trials. To our knowledge, this study is one of the first to 
investigate the role of migration background on acceptance 
of eHealth interventions. Employees indicated comparable 
acceptance ratings independent of migration background. 
However, since migration background is a highly complex 
construct, more research is advised to further investigate the 
relationship with the adoption of OEMH. This finding may 
also reinforce the development of multilingual and culture-
sensitive OEMH.

Practical implications and future research

Previous research has demonstrated the efficacy of short 
video- or text-based introductory courses about application, 
usability, effectiveness or security of eHealth interventions 
in increasing acceptance and positive attitudes in patients 
(Baumeister et al. 2015; Ebert et al. 2015) as well as in 
health professionals (Donovan et al. 2015). According to 
Dockweiler (2016), starting points for increasing acceptance 
and lowering access barriers to OEMH in risk populations 
may be threefold: First, the intervention itself needs to be 
addressed, regarding the development of user-friendly and 
user-oriented eHealth interventions, considering perfor-
mance and effort expectancies of potential users. Optimally, 
this process should include users and health professionals 
(Yardley et al. 2015). Introductory courses to familiarize 
users with the intervention are also advised when imple-
menting OEMH in institutional settings. However, more 
research is needed to identify differentiated strategies in the 
indication for and moderators of efficacy in OEMH. Second, 
accounting for the person-level requires translating existing 
evidence of applicability, privacy protection, or risks and 
potentials of eHealth interventions into the workplace, to 
enable a comprehensive and informed attitude formation. 
Education in eHealth interventions could also help estab-
lish a realistic perception of OEMH as an extension to, 
rather than a replacement for existing instruments in occu-
pational health. Third, external drivers to adoption should 

be incorporated. Beyond the focus of the present study, this 
may include a conducive organizational culture and further 
social, cultural, economic or legal aspects of the implemen-
tation of OEMH as well as guidelines and orientation for 
future users, providers and developers (Klein et al. 2016).

Limitations

However, when interpreting the results, several limitations 
should be considered. First, these concern psychometric 
properties and construct validity of the UTAUT operation-
alization. The inclusion of a neutral category in the UTAUT 
scales, as recommended in the original study by Venkatesh 
et al. (2003), may have produced a tendency to the mean, 
resulting in limited variance of values. Also, for economic 
reasons of this multi-purpose panel, UTAUT predictors were 
operationalized with only two items, restricting interpret-
ability of reliability (Eisinga et al. 2013). Reliabilities of 
the UTAUT predictors were satisfactory, except for EE. 
Here, the inclusion of an inversely coded item may have 
reduced reliability. Due to the cross-sectional design of this 
study, caution is advised when interpreting causal direction 
of the model variables. With cognitive aspects of attitude 
formation dominating in the UTAUT, affective aspects of 
attitudes (e.g. concerns, skepticism) may have not been suf-
ficiently covered in the present study. The four-dimensional 
questionnaire “Attitudes toward psychological online inter-
ventions” (Schröder et al. 2015), for example, further sub-
stantiates emotional concerns assessing “confidence in effec-
tiveness” or “scepticism and perception of risks” (p. 140). 
Also, the UTAUT does not differentiate motivational or 
volitional aspects of attitude formation. Future research may 
thus include process models, such as the Health Action Pro-
cess (HAPA) model (Schwarzer 2008), to expand types and 
levels of acceptance. Furthermore, it could be argued that 
the rather broad operationalization of UTAUT constructs 
ensured applicability to various contexts to the disadvantage 
of a more specific interpretability. For example, social influ-
ence could be expanded to the workplace (e.g. colleagues, 
supervisors, occupational physicians) and specific aspects 
of work-related distress and applications of OEMH (e.g. 
preventive, curative, resource-oriented) should be differ-
entiated in future studies on the preconditions of OEMH 
implementation.

Second, generalization to other welfare and occupational 
health systems may be limited due to the specific sample 
characteristics (risk population, age range, employed, Inter-
net users) and possible selection effects as reflected in minor 
differences between responders and non-responders regarding 
sex, educational or employment status, corroborating previous 
evidence on the relevance of demographic characteristics in 
eHealth acceptance and uptake (Eichenberg et al. 2013; Kon-
tos et al. 2014). However, acceptance of OEMH proved to 
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be low and independent of employment status, type of work 
(when contrasting predominantly mental vs. physical job 
demands) or medical diagnoses, indicating the generalizability 
of the present risk sample.

Third, since the focus of this study was on OEMH for per-
ceived work-related distress, job demands and work stress were 
not evaluated specifically. Future research should thus include 
not only the assessment of job demands (e.g. work overload, 
personal conflicts) but also job resources (e.g. task-oriented, 
interpersonal, organizational) in an effort to explore further 
barriers and facilitators to OEMH acceptance. It is worth high-
lighting, that the response rate of the present study (68%) was 
high. In contrast to previous surveys in the general or patient 
populations, the present study is among the first to investigate 
mechanisms of adoption of OEMH in a large risk group of 
German employees and was able to prove the applicability and 
model fit of a complex well-grounded research model.

Conclusions

Employees with an elevated risk of early retirement have 
reservations towards utilization of OEMH for work-related 
distress that are similar to other target groups in previous 
research. Adverse expectancies, reduced  health related 
Internet-orientation and deficient information about eHealth 
interventions may be important barriers to adoption of 
OEMH. Although Internet- and mobile technologies are 
becoming more convenient, attitudes towards their useful-
ness and usability have shown to be rather independent of 
technological progress (Gauck 2012) and thus need to be 
considered in the future development and implementation 
of OEMH. eHealth interventions may not only save costs in 
the health care sector (Bernnat et al. 2017), but also in occu-
pational health as they have the potential to extend existing 
instruments in the prevention of work-related mental and 
somatic health issues and increase the reach of occupational 
health in relevant risk groups.
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