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Abstract

Background: This study investigates short-term lagged relationships between
work demands, control and fatigue. A second research question addresses if
objectively- and subjectively-measured scores of demands and control con-
verge. Based on the Job-Demand-Control-Support Model, strain and buffer ef-
fects are analysed by testing different matching qualities of demand and control
variables. Good matches are comprised of work intensity and time latitude. Bad
matches are comprised of work complexity and time latitude. Method: The
method of this study combined observations with adapted survey scales into a
three-waves repeated measures design, over the course of 2 months. Results:
Based on the data of 25 participants, work intensity predicted increased need
for recovery and decreased psychological detachment from work and thus sup-
ported the strain hypothesis as a central result. The good match of work inten-
sity and time latitude revealed consistent buffering. The bad match of work
complexity and time latitude did not exhibit consistent buffering. These inter-
action effects indicate that matching quality affects buffering a second central
result. Furthermore, work complexity showed effects not aligned with the strain
hypothesis and indicated a reducing main effect on need for recovery which
requires additional discussion and investigation. The comparison of objective
and subjective scores revealed high overall convergence which differed between
the factors work intensity, work complexity time latitude. This third central
result showed that the convergence of objective and subjective scores differs
between the kind of working condition that is measured. Discussion: The find-
ings are discussed regarding prior research, directions of effects and mecha-
nisms of action. While comparisons are limited due to differences in research
designs and sample sizes, this study adds to the insights on buffering effects
and extends the matching-principle. It also adds to the body of research about
short-term strain effects and makes an attempt at testing convergence between
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objective and subjective scores of working conditions. Implications for future
research are given in an attempt to progress the current findings and their mean-
ing for practitioners is highlighted.

Keywords

Job-Demand-Control-Support Model, Strain Hypothesis, Buffer Hypothesis,
Need for Recovery, Psychological Detachment from Work

1. Introduction

The topic of straining work environments has been subjected to a long history of
research (Bliese et al., 2017). Concurrently, given the rising importance of work
flexibility and socially responsible practices among employers for Generation Z
(Agarwal & Vaghela, 2018), alongside the need for retention of older employees
(Lichtenthaler & Fischbach, 2016), advancements in healthy job design are now-
adays more important than ever before. This study takes a “shortitudinal” (de-
fined as a longitudinal design with a short time span) (Dormann & Griffin, 2015:
p. 1) approach to progress the research on seminal frameworks in organisational
health psychology, the Job-Demand-Control-Support Model (Johnson & Hall,
1988; Karasek, 1979) and the Job-Demand-Resources Model (Bakker & Demerouti,
2007), focusing on short-term lagged effects. This study aims to contribute to the
theory and practice of job design, by addressing common challenges when meas-
uring working conditions through surveys (Lesener et al., 2019) and advancing
the principle of matching demands and control (Cohen & Wills, 1985; Jonge &
Dormann, 2003).

2. Literature Review

Research Gaps Regarding of Work Strain Studies

The Job- Demand- Control Model (JDC) (Karasek, 1979) defines job demands and
job control, and explains main and interactive effects on strain. The term job de-
mands refers to sources of stress within the work environment, while job control
is defined as decision latitude (Karasek, 1979). The model also explains job strain
and suggests that it occurs in jobs jobs, which impose high demands and low con-
trol. The model was updated to the Job-Demand-Control-Support Model (JDCS)
by Johnson & Hall (1988), who added social support as a third dimension. The
present study refers to the model as JDCS (Johnson & Hall, 1988), as it expands
Karasel’s (1979) original concept. Scholars categorised challenge and hindrance
demands (Podsakoff et al., 2007), yet a distinction can be challenged, if a stressor’s
nature is defined based on individual appraisal (Lazarus & Folkman, 1984). Alt-
hough not explicitly defined in Karasek’s (1979) work, scholars formulated hy-
potheses pertaining to the impact of demand and control on health (Hausser et

al., 2010). The strain hypothesis (van Vegchel et al., 2005) predicts increased strain
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due to high demands and predicts control to anticipate decreased strain. Similarly,
the iso-strain hypothesis (Johnson & Hall, 1988) predicts the highest strain when
demands are high, control is low, and support is low. The buffer hypothesis refers
to an interaction of demands and control (Van der Doef & Maes, 1999). It predicts
effects by high demands to be buffered by high control, causing active and learn-
ing-inducing work (Van der Doef & Maes, 1999). Bakker & Demerouti (2007)
criticised the model’s static nature and lack of attention to motivational processes
and justified the more flexible Job-Demands-Resources model (JD-R). It suggests
the influence of control factors to differ between jobs, and that factors should be
broadly defined as job resources. In line with previous JDCS research that de-
ployed diverse measures for working conditions (Fila et al., 2013), the present
study defines demands, control, and support as categories, not specific constructs.
The present study still refers more to the JDCS than JD-R because it does not ad-
dress motivation. Due to the high similarity of the models describing strain, both
JDCS and JD-R research is relevant for the issues under investigation.

Empirical support for the JDCS is mixed and requires a nuanced consideration.
Vote-counting reviews on the (iso-) strain hypothesis conclude that additive ef-
fects on wellbeing are supported by most studies (de Lange et al., 2003; Hausser et
al., 2010; Van der Doef & Maes, 1999). Hausser et al. (2010) demonstrate that all
studies with N > 3000 show full support. Findings were more consistent for de-
mand and control (JDC) than for demand, control and support (JDCS), which is
attributed to a stochastic effect of including another predictor. A meta-analysis by
Fila et al. (2013), analysing main effects confirmed moderate cross-sectional cor-
relations between emotional exhaustion (Maslach, 1998) and demands, control,
and support. As support was higher cross-sectionally than in the few longitudinal
designs, scholars call for more longitudinal studies (Hausser et al., 2010; Van der
Doef & Maes, 1999). The recent meta-analysis by Lesener et al. (2019) confirmed
longitudinal main effects on emotional exhaustion, but also criticised the scarcity
of longitudinal research, a limitation the present study strives to address.

Regarding the buffer hypothesis, empirical support is weaker (de Lange et al.,
2003; Fila, 2016; Fila et al., 2013; Hausser et al., 2010; Van der Doef & Maes, 1999).
De Lange et al. (2003) concluded that stronger studies which regarded design, time
lags (meant as the time between two measurement points), measurement, analysis
and non-response examination, did not demonstrate more significant effects than
weaker studies. Accordingly, only 6% of reviewed studies by Hausser et al. (2010)
were fully supportive of interactive effects. Significant findings were particularly
few in longitudinal studies (Hausser et al., 2010; Van der Doef & Maes, 1999), able
to test causal effects (Kain & Jex, 2010). Despite the limitations of vote-counting
reviews regarding skewing and near-significance (Hunter & Schmidt, 2004, as
cited in Fila et al., 2013), research shows only limited support for buffering. The
matching principle (Cohen & Wills, 1985), referring to how measures of demands,
control, or support match, has been discussed as a reason why buffer effects can-

not be consistently demonstrated (de Lange et al., 2003; Hausser et al., 2010; Van

DOI: 10.4236/psych.2024.158078

1311 Psychology


https://doi.org/10.4236/psych.2024.158078

L. Hotte et al.

der Doef & Maes, 1999). A good match means demands, and control are linked to
the same capacity such as workload and timing control; a bad match implies that
they are linked to different capacities like emotional demands and timing control
(Fila, 2016). Studies which matched variables well, detected twice as many signif-
icant buffer effects than studies that did not match well (Hausser et al., 2010).
Matching was extended to triple-matching (Jonge & Dormann, 2003), meaning
strains should also be matched with demands and control. It appeared that this
could lead to more significant effects than if only demands and control match
(Chrisopoulos et al., 2010; de Jonge & Dormann, 2006). These studies however
classified demands, control/resources, and strains broadly as cognitive, emotional,
or physical (Chrisopoulos et al., 2010; de Jonge & Dormann, 2006) and such sim-
plicity could be questioned. Firstly, tasks may require workers to engage in both
cognitive processing and physical actions. Secondly, a control factor like time lat-
itude (Sonntag & Feldmann, 2022) could be leveraged to buffer either a cognitive,
physical, or emotional demand. Finally, time latitude could buffer some, but not
all, cognitive demands. If the demand is a high load of cognitive tasks, autono-
mously controlling one’s work time may serve as a buffer, since the individual can
allocate specific time slots for different tasks, prioritise tasks and situationally
work faster or slower. Yet, if the cognitive demand involves processing complex
information (Sonntag & Feldmann, 2022), it seems logical that merely increasing
time latitude may not yield a buffering effect. Simply put, when people have to
process complex information, the ability to control work time does not signifi-
cantly benefit them, when complexity exceeds analytic capabilities.

The present study proposes that matching is more context-dependent, and at-
tempts testing the matching of demands and control based on if a compelling ar-
gument can be made, that control can buffer the demand because it is comple-
mentary to the demand. Besides testing the strain hypothesis longitudinally, the
present study therefore aims to test the buffer hypothesis by examining the re-
search question of how matching quality affects buffering.

Hypothesis 1 (a): Demands positively predict later fatigue (strain hypothesis).

Hypothesis 1 (b): Control negatively predicts later fatigue (strain hypothesis).

Hypothesis 2 (a): The interaction of demands and control predicts later fatigue
if demands and control are matched appropriately (buffer hypothesis).

Hypothesis 2 (b): The interaction of demands and control does not predict later
fatigue if demands and control are not matched appropriately (buffer hypothesis).

Beyond the matter of matching, the topic of appropriate time lags for longitudi-
nal work strain studies received little coverage. De Lange et al. (2003) rated a time
lag of over 1 year as more appropriate, even if shorter lags are grounded in theory.
Lesener et al. (2019) disregarded lag length and emphasised the theoretical argu-
ment and the number of waves, with more waves yielding higher validity. Reviewed
longitudinal studies by Lesener et al. (2019) had mean lags of 11 months, whilst
few studies, such as Huang et al. (2011), used much shorter lags, and mainly meas-

ured emotional exhaustion through the Maslach Burnout Inventory (Maslach et
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al., 1997) or Oldenburg Burnout Inventory (Halbesleben & Demerouti, 2005).
This explains long-term effects, yet for early prevention it is required to also un-
derstand short-term work-fatigue relationships, which is the goal of the present
study.

Need for recovery, defined as the need to replenish energy levels as a work con-
sequence and an early fatigue symptom (Veldhoven, 2008), predicts later emo-
tional exhaustion (Simbula et al., 2019). In past research, it showed to be corre-
lated positively with demands and negatively with control (Jansen, 2003; Machin
& Hoare, 2008; Sonnentag & Zijlstra, 2006). De Raeve et al. (2007) tested a 4-
month time lag and demonstrated how changes in demands predicted increased
need for recovery; changes in control showed decreasing effects of need for recov-
ery. Increased need for recovery through demands is explained by loss spirals, if
work demands deplete resources beyond what a person can conserve (Holmgreen
et al., 2017). Effects by De Raeve et al. (2007) were however small and insignifi-
cant, when controlling for other confounding factors. Moreover, buffer effects
were not tested, which necessitates further research on recovery.

A lack of psychological detachment from work, defined as not leaving one’s
work psychologically behind (Sonnentag & Fritz, 2007), is another early fatigue-
related factor. It has been described as a predictor of emotional exhaustion
(Demerouti et al., 2012), is predicted by demands on a day level (Sonnentag &
Bayer, 2005) correlates positively with control (Ward & Steptoe-Warren, 2013). It
furthermore mediated the relationship between working availability and emo-
tional exhaustion in a study using 2-month time lags (Dettmers, 2017). This is
explained by the stressor-detachment model (Sonnentag & Fritz, 2015). It pro-
poses that job stressors inhibit psychological detachment through negative activa-
tion, and that lack of detachment mediates strain reactions and moderates the
main effects of demands. Since the outlined fatigue indicators, which are relevant
for long-term exhaustion have up to this point been researched either on a day
level, or with lags of several months, the present study “shortitudinally” (Dor-
mann & Griffin, 2015: p. 1) closes the gap. Using time lags of several weeks, it im-
poses a second research question; do the strain and buffer hypothesis apply to the
fatigue indicators psychological detachment from work and need for recovery?

A limitation of most work strain studies is a reliance on self-report measures
(Lesener et al., 2019). Even though this seems reasonable for research economics,
particularly in longitudinal designs, this imposes issues. Measuring objective
working conditions with subjective measures is conceptually incongruent (van
Vegchel et al., 2005) and cannot be fully valid, as individuals perceive stressors
through their individual appraisal (Lazarus & Folkman, 1984). Since stress ap-
praisal is described as a process, perceived stressors can be expected to differ be-
tween individuals, and it depends on when it was measured during the appraisal
process (Lazarus & Folkman, 1984). Bias through monomethods (Spector, 2006)
can further inflate correlations through social desirability (Chen et al., 1997) or

negative affectivity (Watson et al., 1987). In contrast, the issue of common method
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variance has been discussed as overstated (Spector, 2006), which raises the ques-
tion of whether objective measures are required. Convergence between objective
and subjective scores of working conditions has been tested previously, by check-
ing correlations among objective scores of ward organisation and nurse-rated
scores of comparable factors (Stab et al., 2016). The authors found correlations to
be generally positive, though only two were statistically significant. When conver-
gence was high, around 25% of variance of the subjective score could be explained
by the objective score, and vice versa. They partly attributed their effects to obser-
vation and self-report contents being comparable but not identical, thus measur-
ing different parts of the same dimension, limiting convergence (Stab et al., 2016).
The same argument can also be applied to findings by Melamed et al. (1995) which
showed moderate correlations between subjective monotony scores and different
objective assessments of monotony, where the explained variance was, on average,
close to 8%. Further research is therefore required to test convergence under the
condition of highly identical objective and subjective measures, and, ideally, to
test how both predict strain. Generating objective workplace data to predict strain
exceeds this study’s resources, as it requires onsite observations by experts in 30
units with three individuals each (van Dick et al., 2005). Instead, the present study
aims to generate objective workplace data in a small scope and to validate scores
by addressing a third research question; do subjective and objective scores of de-
mands and control converge? Accordingly, additional hypotheses follow:

H3 (a): Subjective and objective demand scores converge (convergence hypoth-
esis).

H3 (b): Subjective and objective control scores converge (convergence hypoth-
esis).

Convergence decreases if respondents are strongly biased, therefore the conver-
gence hypotheses suggest insignificant differences between subjective and objec-
tive scores. Such comparisons cannot resolve the outlined conceptual issue, but
convergence between subjective and objective scores can validate the subjective

measurements to an extent.

3. Method
3.1. Sample

The sample consists of 25 workers of either a subject service team (n = 11), nutri-
tion team (n = 7) or coordination team (n = 7) during a 2-month project. The
total size of all three teams combined was of 41, which signifies a return rate of
61%, the dropout rate was 26%. Workers from subject service and nutrition teams
were working students with backgrounds in medicine and nutritional science.
Asides from team membership, no demographic information was surveyed, for
data protection purposes. The demographic characteristics of sample can there-
fore not be precisely described. Yet it can be stated, that majority of the team
members were female and between the age of 25 and 40 years old. It can also be

assumed, that the coordination team members were older than the members of
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the nutrition and subject service teams.

3.2. Design and Procedure

The study deployed a three-wave repeated measures design, combining direct
non-participating (Ciesielska et al., 2018) onsite observations with online surveys.
To retrieve objective and subjective data, workplaces were observed by an expert
and rated by surveyed workers. Subjective scores were measured for predicting
strain and testing them against the objective scores. Separate observations were
conducted for the teams subject service and nutrition. Coordination workers were
surveyed, but not included in the observation, for research-economic reasons. For
measuring fatigue indicators, only survey data was collected. The data was col-
lected between May 1st and July 4th of 2023. The present study was designed
around a 2-month research project in Germany. While said project cannot be dis-
closed in detalil, it consisted of three study phases. Phase one had a duration of 15
days, phase two of 30 days and phase three had a duration of 14 days. The study
workers (the subjects of the current sample) carried out different tasks throughout
these phases. These changes in tasks applied to the subject service team most
prominently, and to a lesser degree to the nutrition and coordination team. Work-
ing conditions of the study workers were observed once during each phase, and
study workers were concurrently surveyed online during three time frames. On-
site observations were conducted by a trained observer with a bachelor’s degree in
Industrial and Organisational Psychology. For team subject service, each observa-
tion took 6 hours, covering morning, afternoon, and night shifts. For team nutri-
tion, each observation took 4 hours, covering morning and afternoon shifts. The
observer did not know in advance, which workers were on site on observation
days, and participants were not involved in scheduling. Survey participation was
voluntary, surveys were sent out several days after a phase had started, setting time
lags of 16 days between measurements. Surveys were conducted over three 7-day
periods, to which workers had access during work or leisure time. This gave ade-
quate time to experience working conditions and kept surveys accessible long

enough to increase response rates.

3.3. Observation Measures

Working conditions. Demands and control were observed using the Geféhr-
dungsbeurteilung Psychischer Belastung (GPB) (Sonntag & Feldmann, 2022).
This is an objective observation instrument, covering 13 dimensions of demands
and resources, based on the JDC(S) (Johnson & Hall, 1988; Karasek, 1979). Ob-
jectivity, reliability and validity regarding content, construct and criterion validity
were found to be satisfactory in various industries (Feldmann, 2018). Dimensions
consist of four items each, rated on a fully labelled 5-point scale (almost never -
rarely - sometimes - frequently - constantly). Traditionally, the instrument is de-
ployed by multiple observers, who make independent and individual ratings first.

Afterwards scores are determined through consensus finding in a second step.
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3.4. Survey Measures

Working conditions. The dimensions work complexity (demand), work intensity
(demand) and time latitude (control) were included, using adapted items from the
GPB (Sonntag & Feldmann, 2022). This entailed formulating questions into state-
ments and wording them in first person. An example is Can the employee himself
determine when he performs the individual steps in his work? (time latitude ob-
servation), was changed to / can determine myself when I perform the individual
steps in my work (time latitude survey). No changes were made to the answering
scale. The adaption to a survey format kept content identical between observer
and survey scores, and was more appropriate than choosing a different scale, as
harmonising the measures this way maximised comparability between the objec-
tive and subjective scores. The factors work complexity, work intensity and time
latitude were chosen for the survey, to test the matching principle. The argument
is that work intensity and time latitude are a good match, while work complexity
and time latitude are not. Work intensity (sample item: 77me pressure can arise
in my work (especially due to unplanned events)) refers to a quantitative demand
of how much work a person needs to handle within a time frame (Sonntag & Feld-
mann, 2022) and time latitude gives that person autonomy over the time-manage-
ment regarding said work. Thus, these variables match well because both are con-
nected to the capacity of time. Contrarily, work complexity (sample item: As part
of my job, I work on tasks where I have to absorb and process a lot of different or
very complex information) refers to the complexity of information processing re-
quired through one’s work (Sonntag & Feldmann, 2022), which, as described in
the theory part, should be buffered to a lesser degree by time latitude.

Fatigue variables. The German psychological detachment from work scale
(Sonnentag & Fritz, 2007) was used as a job-related fatigue indicator. It is a four-
item measure, rated on a 5-point scale ranging from 1 (I do not agree at all) to 5
(I fully agree). A sample item is: In my free time I forget about work. Also, a Ger-
man version (derived through back-and-forth-translation) of the need for recov-
ery scale (Veldhoven, 2008) was administered in short form as done by Stevens et
al. (2019) to measure job-related fatigue. The three-item measure was rated on a
dichotomous scale, ranging from 1 (yes) and 2 (no). A sample item is: Generally,
I need more than an hour before I feel completely recuperated after work.

Control variables. No control variables were measured to keep the question-
naire as short as possible, this was deemed acceptable to minimise participants

dropping out of the study.

3.5. Psychometrics

Internal consistencies at each time frame are displayed in Table 1. After assessing
internal consistencies, the first item of the time latitude scale was removed, which
resulted in increased reliability of above a = 0.70. This was based on item-whole
correlation (Table 2). The reduced version was used for all subsequent analyses.

Work intensity, work complexity and psychological detachment showed satisfactory
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internal consistencies above a = 0.70. Need for recovery missed this criterion and
alphas ranged from 0.550 to 0.613. Test-retest correlations (Table 3) for all work
variables and psychological detachment showed generally satisfactory stabilities.

Need for recovery showed lower stabilities ranging from 0.415 to 0.514.

Table 1. Internal consistencies.

Cronbach’s a

Number of items

T1 T2 T3
Time latitude 4 0.657 0.599 0.686
Time latitude (modified) 3 0.839 0.727 0.792
Work intensity 4 0.870 0.738 0.924
Work complexity 4 0.839 0.711 0.798
Psychological detachment 4 0.921 0.849 0.874
Need for recovery 3 0.550 0.599 0.613

Table 2. Item analysis for time latitude.

Item-rest correlation T1 Item-rest correlation T2Item-rest correlation T3

Item 1 0.168 0.172 0.251
Item 2 0.524 0.670 0.482
Item 3 0.609 0.309 0.694
Item 4 0.653 0.501 0.552

Item 1: Ich kann die Dauer und/oder Lage der taglichen Arbeitszeit selbst bestimmen. Item
2: Ich kann bei meiner Tatigkeit selbst festlegen, wann ich die einzelnen Arbeitsschritte
ausfithre. Item 3: Ich kann bei Zeitdruck die Bearbeitungsabfolge dndern, bzw. den Ar-
beitsauftrag variieren, um mich zu entlasten. Item 4: Ich kann im Rahmen meiner Tatigkeit
die Arbeitsgeschwindigkeit selbst bestimmen.

Table 3. Pearson correlations of survey variables.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1 Work intensity (T1)
2 Work intensity (T2) 0.752**
3 Work intensity (T3) 0.833** (.655%*

4 Work complexity (T1)
5 Work complexity (T2)

6 Work complexity (T3)

7 Time latitude (T1)
8 Time latitude (T2)
9 Time latitude (T3)

10 Need for recovery (T1)

0.825%* 0.691** 0.679**

0.671** 0.649** 0.596** 0.800**

0.746** 0.494* 0.748** 0.749** 0.798**

-0.308 -0.265 —0.3761 —0.235 -0.157 —0.365F

—-0.425* -0.411* -0.312 -0.216 -0.170 -0.116 0.634**

-0.216 —-0.210 -0.397* -0.105 0.011 —0.191 0.784** 0.515**

0.076 0.156 0.035 -0.086 0.096 -0.064 -0.161 -0.159 -0.221
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Continued

11 Need for recovery (T2) —-0.064 0.255

-0.005 -0.058 -0.026 -0.245 -0.151 -0.307 -0.327 0.514**

12 Need for recovery (T3) 0.357t 0.3421 0.419* 0.3391 0.190 0.211 -0.402* —0.301 —0.480* 0.415* 0.426*

13 Psychological detachment (T1) —0.246 -0.330 —0.104 —0.442* —0.395t —-0.183 —0.019 -0.039 —0.042 -0.247 —-0.144 -0.324

14 Psychological detachment (T2) —0.440% -0.569** —0.282 -0.471* —0.472* -0.251 0.002 0.198 -0.051 -0.084 —0.151 -0.100 0.692**

15 Psychological detachment (T3) —0.410% —0.547** —0.329 —-0.535**—0.454* —-0.303 0.235 0.237 0.130 -0.219 -0.290 -0.311 0.687** 0.752**

16 Team 0.763** 0.514** 0.690** 0.809** 0.680** 0.828** —0.3451 —0.259 -0.238 -0.142 —0.120 0.163 -0.313 —0.3461 -0.3951

Note. N=25df=23. 1 p<0.1* p<0.05** p<0.01.

3.6. Statistical Analysis

Descriptive and inferential analyses were conducted using SPSS 29 (IBM Corp,
2022) and Jamovi (JAMOVTI, 2022). Observation scores were calculated with Excel
(Microsoft, 2019). Inclusion criteria was that participants responded to all three
surveys. No cases were excluded. To assess potential attrition bias, means for
working conditions and fatigue indicators were compared between dropped out
(n =9) and complete cases (n = 25) in a robust Welch’s ANOVA. No significant
differences were detected (Table 29). Hypothesis 1 (a/b) and Hypothesis 2 (a/b)
were tested in two hierarchical multiple regression analyses, predicting need for
recovery and psychological detachment. Hypothesis 3 (a/b) was tested with one
sample t-tests. The subjective means for work intensity, work complexity and time
latitude were compared to the objective scores for each time frame. T-tests were
conducted in such a way that the subjective scores were tested against the objective
scores and entered as test values. Comparisons were done separately for the teams
subject service and nutrition as these were separate workplaces. Hedge’s correc-
tion g was used to interpret the standardised effect sizes to accommodate the small
subsample sizes of n = 11 (subject service) and n = 7 (nutrition). Because of the
low power of the Shapiro-Wilk-test at such sample sizes, distributions were visu-
ally assessed and found to be non-normal. Thus, 1000 random sample-bootstrap-

ping, and the bias corrected and accelerated method were used.

4. Results

Pearson correlations and descriptives are displayed in Tables 3-5. Need for recov-
ery (T3) showed several positive moderate correlations with work intensity and
work complexity at all three time frames. With time latitude at all three time
frames, small to moderate negative correlations were found. Psychological detach-
ment (T2) and (T3) showed moderate positive correlations with work intensity
and work complexity at all three time frames. No substantial correlations were
found with time latitude. Not all moderate effects were significant at a 5% (a =
0.05) level. The variable team was further moderately correlated with psychologi-

cal detachment at all three time frames.
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Table 4. Descriptives of survey variables.

N Mean SD Min Max

Work intensity T1 25 2.620 1.059 1.000 4.000
Work intensity T2 25 2.900 0.677 2.000 4.250
Work intensity T3 25 2.210 0.912 1.000 3.750
Work complexity T1 25 2.790 0.978 1.250 4.750
Work complexity T2 25 2.920 0.770 1.750 4.250
Work complexity T3 25 2.490 0.885 1.000 3.750
Time latitude T1 25 3.050 0.860 1.500 4.500

Time latitude T2 25 2.890 0.613 1.750 3.750

Time latitude T3 25 3.260 0.738 2.000 4.750
Psychological detachment T1 25 3.580 0.929 1.000 5.000
Psychological detachment T2 25 3.510 0.808 1.500 4.750
Psychological detachment T3 25 3.660 0.819 1.750 4.750
Need for recovery T1 25 1.507 0.335 1.000 2.000
Need for recovery T2 25 1.627 0.338 1.000 2.000
Need for recovery T3 25 1.467 0.360 1.000 2.000

Table 5. Partial correlations of work intensity and work complexity.

Control variables 1 2 3 4 5 6
Work intensity ~ Correlation -
T1 p

Work intensity Correlation  0.648%** -
T2

p <0.001
Work intensity Correlation  0.656***  0.485* -
3
T3 p <0.001  0.016

Team
Work complexity Correlation  0.547** 0.545*%* 0.284 -

T1 p 0.006  0.006 0.178
Work complexity Correlation  0.321 0.476* 0.240 0.580**

T2 P 0.126  0.019 0259 0.003

Work complexity Correlation 0316 0.142  0.435* 0241 0.571** -

T3 P 0.132 0.509 0.034 0.258 0.004

Note. N = 25. df = 22. * p< 0.05** p< 0.01 ** p< 0.001.

4.1. Strain and Buffer Hypothesis

To test main effects of work intensity, work complexity, and time latitude on need

for recovery and psychological detachment, two separate two-step multiple
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hierarchical regression models were conducted. Model A predicted need for re-
covery (T3). In the first step, the independent (T1) variables: baseline need for
recovery, work intensity, work complexity, time latitude and interactions were in-
cluded. Assumption tests showed no violation of the assumption of normally dis-
tributed residuals (W = 0.920, p > 0.05), no multicollinearity (values of variance
inflation factor < 10 and tolerance > 0.1) and no autocorrelation (Durbin-Watson
statistic = 2.54). No maximum values for Cook’s distance exceeded the threshold
of 1, indicating that no influential cases diminished the accuracy of the prediction
(Cook & Weisberg, 1982). A graphical analysis of the residuals further indicated
homoscedasticity. The step one model was significant p < 0.05, explaining 43,1%
of adjusted variance. Work intensity (T1) showed a significant increasing effect
on need for recovery (T3) b = 1.050, [0.223, 1.877] 95% CI, t = 2.666, B = 3.086, p
= 0.016. Work complexity (T1) did not show a significant effect according to the
P < 0.05 criterion, but it predicted decreased need for recovery on a 10% (a = 0.1)
level b = —0.868, [-1.906, 0.171] 95% CI, t = —=1.756, B = —2.357, p = 0.096. The
direction of this effect is reversed, compared to the positive bivariate correlation
between work complexity (T1) and need for recovery (T3) (Table 6). The inter-
action term of work intensity (T1) and time latitude (T1) significantly predicted
need for recovery (T3) b =-0.339, [-0.591, —0.087] 95% CI, t = —2.826, = —3.234,
p =0.011. The negative interaction effect implies that an increase in one variable
makes the main effect of the other variable more negative. The interaction term
of work complexity (T'1) and time latitude (T1) also significantly predicted need
for recovery b = 0.308, [0.005, 0.610] 95% CI t = 2.135, p = 0.047. This positive
interaction effect implies that an increase in one variable makes the main effect of
the variable more positive. It is noteworthy, that the standardised beta coefficients
exceeded 1, when entering work intensity, work complexity, time latitude and the
interaction terms in Step one. As work intensity showed a positive effect on need
for recovery, and work complexity showed negative effect, possible suppression
occurred, as work intensity and work complexity themselves were shown to be

positively correlated (Table 3).

Table 6. Two-step regression on need for recovery (Model A).

Variable B SE p 95% CI B R? AR?
Step 1 0.574
Intercept 0.882 0.767 0.265 [-0.730, 2.494]
Need for recovery T1 0.372% 0.175 0.048 [0.005, 0.740] 0.347
Work intensity T1 1.050* 0.394 0.016 [0.223, 1.877] 3.086
Work complexity T1 -0.8687F 0.494 0.096 [-1.906, 0.171] -2.357
Time latitude T1 -0.077 0.196 0.700 [-0.489, 0.336] -0.198
T1 - work intensity * time latitude —-0.340* 0.120 0.011 [-0.591, —0.087] -3.234
T1 > work complexity * time latitude 0.308* 0.144 0.047 [0.005, 0.610] 3.061
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Continued
Step 2 0.700 0.127
Intercept 3.588 2.236 0.134 [-1.283, 8.460]
Need for recovery T1 0.176 0.252 0.499 [-0.373, 0.724] 0.163
Work intensity T1 1.291* 0.526 0.030 [0.144, 2.437] 3.795
Work complexity T1 -0.920 0.622 0.165 [-2.275, 0.435] -2.499
Time latitude T1 -0.023 0.218 0.918 [-0.497, 0.4511] —-0.0593
T1 - work intensity * time latitude —-0.365* 0.148 0.030 [-0.688, —0.042] —3.484
T1 > work complexity * time latitude 0.308 0.174 0.102 [-0.071, 0.688] 3.069
Need for recovery T2 0.447 0.270 0.124 [-0.142, 1.036] 0.419
Work intensity T2 -1.004 0.924 0.299 [-3.018, 1.001] —1.888
Work complexity T2 -0.251 0.549 0.656 [-1.447, 0.945] -0.536
Time latitude T2 -1.006 0.697 0.175 [-2.525, 0.514] -1.860
T2 > work intensity * time latitude 0.279 0.275 0.331 [-0.320, 0.878] 1.758
T2 > work complexity * time latitude 0.080 0.170 0.647 [-0.291, 0.450] 0.623

Note. N = 25. df = 18 for step 1. df = 2 for step 2. T p< 0.1 * p< 0.05.

In step two, (T2) need for recovery, work intensity, work complexity, time lat-
itude, and the interaction terms were included. Adding the predictors in step two
did not violate the assumption of normally distributed residuals (W = 0.980, p >
0.05). Furthermore, no multicollinearity (values of variance inflation factor < 10
and tolerance > 0.1) and no autocorrelation (Durbin-Watson statistic = 1.59) or
heteroscedasticity were present. No maximum values for Cook’s distance ex-
ceeded the threshold of 1, indicating that no influential cases diminished accuracy
of the prediction (Cook & Weisberg, 1982). The step two model was significant
only on a 10% (a = 0.1) level, explaining 40.1% of adjusted variance. Work inten-
sity (T1) still showed a significant increasing effect on need for recovery (T3) b =
1.291, [0.144, 2.437] 95% CI, t = 2.453, B = 3.795, p = 0.030. The effect of the
interaction term (T1) of work intensity and time latitude on need for recovery also
remained significant b = —0.365, [-0.688, —0.042] 95% CI, t = —2.462, p = 0.030.
Work complexity (T1) and its interaction (T1) with time latitude no longer
demonstrated any significant effects (Table 6). None of the (T2) variables showed
a significant effect on need for recovery (T3) (Table 6). In both step one and step
two, the coefficients of prior need for recovery indicated moderate stability (Table
6).

Model B predicted (T3) psychological detachment and was conducted analo-
gously to Model A, including the (T1) working conditions and interaction terms
in step one, and the (T2) working conditions and interaction terms in step two.
The difference was that in step one, baseline (T1) psychological detachment was
controlled for and in step two, (T2) psychological detachment was included. Need

for recovery was not included in Model B, as it predicted a different outcome
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variable. Model B also controlled for the variable team, as it showed near signifi-
cant correlations with psychological detachment (Table 3). Assumption tests
showed no violation of the assumption of normally distributed residuals (W =
0.980, p > 0.05), no multicollinearity (values of variance inflation factor < 10 and
tolerance > 0.1) and no autocorrelation (Durbin-Watson statistic = 1.53). No
maximum values for Cook’s distance exceeded the threshold of 1. A graphical
analysis of the residuals further indicated homoscedasticity. The step one model
was significant p < 0.05, explaining 41,3% of adjusted variance. In step one, none
of the time one working conditions or interaction terms showed significant effects

on time three psychological detachment (Table 7).

Table 7. Two-step regression on psychological detachment from work (Model B).

Variable B SE P 95% CI B R? AR?
Step 1 0.584
Intercept 2.200 1.800 0.238 [-1.599, 5.998]
Psychological detachment T1 0.526* 0.159 0.004 [0.190, 0.862] 0.597
Work intensity T1 -0.216 1.086 0.845 [-2.508, 2.075] -0.279
Work complexity T1 -0.251 1.497 0.869 [-3.409, 2.907] -0.300
Time latitude T1 0.043 0.457 0.926 [-0.922, 1.008] 0.049
T1 - work intensity * time latitude 0.052 0.350 0.883 [-0.685, 0.790] 0.219
T1 > work complexity * time latitude 0.006 0.414 0.988 [-0.866, 0.879] 0.028
Team 0.124 0.351 0.728 [0.617, 0.866] 0.129
Step 2 0.801  0.217
Intercept 9.589t 5.127 0.088 [-1.695, 20.874]
Psychological detachment T1 0.362 0.202 0.101 [-0.084, 0.808] 0.411
Work intensity T1 1.427 1.260 0.282 [-1.347, 4.201] 1.843
Work complexity T1 —1.512 1.713 0.396 [-5.282, 2.258] -1.805
Time latitude T1 0.268 0.446 0.560 [-0.714, 1.251] 0.304
T1 - work intensity * time latitude —-0.392 0.404 0.352 [-1.280, 0.496] —-1.643
T1 - work complexity * time latitude 0.341 0.477 0.490 [-0.709, 1.390] 1.490
Team 0.320 0.370 0.406 [-0.494, 1.134] 0.332
Psychological detachment T2 0.354 0.254 0.191 [-0.205, 0.914] 0.349
Work intensity T2 —4.219* 1.881 0.047 [-8.359, —0.088] —-3.486
Work complexity T2 1.331 1.064 0.237 [-1.010, 3.673] 1.251
Time latitude T2 =2.772% 1.467 0.085 [-6.002, 0.457] —-2.253
T2 > work intensity * time latitude 1.2661 0.577 0.051 [-0.004, 2.536] 3.510
T2 > work complexity * time latitude -0.384 0.340 0.283 [-1.134, 0.365] -1.320
Note. N = 25. df = 17 for step 1. df = 1 for step 2. + p< 0.1 * p < 0.05.
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After adding the (T2) working conditions and interaction terms, and control-
ling for (T2) psychological detachment, residuals were still found to be normally
distributed (W = 0.976, p > 0.05), no multicollinearity (values of variance inflation
factor < 10 and tolerance > 0.1), or autocorrelation (Durbin-Watson statistic =
1.61) was detected. No maximum values for Cook’s distance exceeded the thresh-
old of 1. The step two model was significant p < 0.05, explaining 56.6% of adjusted
variance. Work complexity (T2) and the interaction (T2) of work complexity and
time latitude showed no significant effects on psychological detachment (T3) (Ta-
ble 7). Work intensity (T2) predicted significantly decreased psychological de-
tachment b = —4.219, [ 8.359, —0.088] 95% CI, t = —2.242, p = —3.486, p = 0.047.
On a 10% (a = 0.1) level, time latitude (T2) also predicted significantly decreased
(T3) psychological detachment b = —2.772, [- 6.002, 0.457] 95% CI, t = —1.890, 8
= -2.253, p=0.085. The direction of this effect is reversed compared to the posi-
tive bivariate correlation between time latitude (T2) and psychological detach-
ment (T3). The interaction (T2) of work intensity and time latitude showed a near
significant positive effect b = 1.266, [-0.004, 2.536] 95% CI, t = 2.194, = 3.510, p
= 0.051. This positive effect implies that an increase in one variable makes the
main effect of the other variable more positive. The standardised beta coefficients
exceeded 1 in this model, as was the case for Model A, indicating suppression
effects. Stabilities indicated by the coefficients of prior psychological detachment

were found to be moderate, in both step one and step two (Table 7).

4.2. Convergence Hypothesis

For the sake of brevity, only the central findings are summarised below. The de-
scriptive statistics of the objective scores of working conditions are displayed in
Table 8 for the subject service team and in Table 9 for the nutrition team. The
results of all 18 comparisons are displayed in the Appendix (Tables 10-27). The
average standardised effect size of all comparisons was g = 0.631 and can be de-
scribed as moderate. The pattern of results indicates that objective and subjective
scores did not differ significantly in most comparisons: 12 out of 18 comparisons
(66.67%) detected no significant differences between subjectively measured scores
of demands and control and objective observation scores. One test (5.56%) de-
tected near significant differences on a 10% (a = 0.1) level, and five tests (27.78%)
detected significant differences on a 5% (a = 0.05) level. On average, objective and
subjective scores differed by 10.48%, work complexity scores showed the lowest
percent differences (5.56%), followed by work intensity (10,38%) and time latitude
(15.49%). The most significant differences between objective and subjective scores
were found in the variable time latitude, followed by work intensity. The differ-
ences in objective and subjective scores for time latitude were found to be signifi-
cant at the 5% (a = 0.05) level in three instances, and nearly significant at the 10%
(ae=10.1) level in one instance. For work intensity, significant differences at the 5%
level were found in two instances. There was no clear pattern regarding the direc-

tion of differences between objective and subjective scores, objective scores were
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found to be larger or smaller than subjective scores in nine instances each.

Table 8. Descriptives of working conditions for subject service.

Subject service Subject service % Difference between
subjective objective subjective and objective
Mean workplace-level score score
Work intensity T1 1.568 1.750 11.465
Work intensity T2 2.431 2.50 2.881
Work intensity T3 1.386 1.750 25.899
Work complexity T1 1.931 1.750 9.326
Work complexity T2 2.341 2.250 3.846
Work complexity T3 1.681 1.750 4.167
Time latitude T1 3.205 2.750 14.063
Time latitude T2 3.068 2.750 10.423
Time latitude T3 3.455 2.750 20.290

Table 9. Descriptives of working conditions for nutrition.

Nutrition Nutrition objective % Difference between sub-
subjective workplace-level jective and
Mean score objective score

Work intensity T1 3.571 3.250 8.964
Work intensity T2 3.357 3.250 3.274
Work intensity T3 2.964 3.250 9.797
Work complexity T1 3.178 3.000 5.660
Work complexity T2 3.214 3.000 6.542
Work complexity T3 2.892 3.000 3.806
Time latitude T1 2.821 3.250 15.248
Time latitude T2 2.642 3.250 23.106
Time latitude T3 2.964 3.25 9.797

Table 10. One sample statistics for work intensity (T1) for subject service.

Bootstrap a

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
work Mean 1.5682 —0.0011  0.0875 1.3889 1.7308
intensity
T1 SD 0.29772 -0.01935 0.05714 0.19997 0.34553

SE Mean 0.08977

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.
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One-Sample Test

Test Value = 1.75

95% Confidence Interval

Signifi
‘ ¢ ‘gniticance Mean of the Difference
One-Sided Two-Sided Difference
Lower Upper
p p
work
. . -2.025 10 0.035 0.070 —-0.18182  -0.3818 0.0182
intensity T1
Bootstrap for One-Sample Test
Bootstrap a
Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
work intensity T1 ~ —0.18182 —0.00114 0.08755 —-0.36111 —-0.01923

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Effect Sizes

95% Confidence Interval

Standardiser a Point Estimate

Lower Upper
work intensity Cohen’s d 0.29772 -0.611 -1.245 0.049
T1 Hedges’ correction  0.32264 —-0.564 -1.149 0.045

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 11. One sample statistics for work intensity (T2) for subject service.

Bootstrap b
Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
work Mean 24318  -0.0030 0.1273 2.2290 2.6538
intensity

T2 SD 0.43432  —-0.02850 0.08404 0.29830 0.50000

SE Mean 0.13095

b. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Test

Test Value = 2.50

95% Confidence Interval

Signifi
¢ df ignificance Mean of the Difference
) ) Difference
One-Sided p Two-Sided p Lower Upper
work
. . -0.521 10 0.307 0.614 -0.06818  —0.3600 0.2236
intensity T2
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Bootstrap for One-Sample Test

Bootstrap a

Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
work intensity —0.06818 —0.00278b 0.12673b —-0.27209b 0.15256b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 996 samples.

One-Sample Effect Sizes

Standardiser Point 95% Confidence Interval

a Estimate Lower Upper
work intensity Cohen’s d 043432 -0.157  -0.748 0.442
T2 Hedges’ correction ~ 0.47069  —0.145  —0.690 0.408

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 12. One sample statistics for work intensity (T3) for subject service.

Bootstrap b
Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
work Mean 1.3864 0.0014  0.1188 1.1546 1.6250
intensity T3 SD 0.40871  —0.02002 0.04497 0.35453 0.42743

SE Mean 0.12323

b. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Test

Test Value = 1.75

95% Confidence Interval

Signifi
t df igniticance Mean of the Difference
. . Difference
One-Sided p Two-Sided p Lower Upper
work
. . -2.951 10 0.007 0.015 -0.36364 —0.6382 —-0.0891
intensity T3
Bootstrap for One-Sample Test
Bootstrap a
Mean
. Sig. BCa 95% Confidence Interval
Difference  Bjas SE ;
(2-tailed) Lower Upper
work
. . —-0.36364 0.00181b 0.11823b  0.023b —-0.59333b —0.12500b
intensity T3

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 999 samples.
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One-Sample Effect Sizes

Standardiser  Point  95% Confidence Interval

a Estimate Lower Upper
work intensity Cohen’s d 0.40871 ~0.890 ~1.580 -0.169
T3 Hedges’ correction  0.44293 —-0.821 —-1.457 —-0.156

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 13. One sample statistics for work complexity (T1) for subject service.

Bootstrap a

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
work Mean 1.9318 0.0046  0.1322 1.7000 2.1944
complexity
T1 0.44848 —-0.02443 0.08150 0.30619 0.53452

SE Mean  0.13522

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Test

Test Value = 1.75

95% Confidence Interval of

Signifi
¢ ¢ igriticance Mean the Difference
One-Sided Two-Sided Difference
Lower Upper
pP P
work
complexity 1.345 10 0.104 0.208 0.18182 -0.1195 0.4831
T1
Bootstrap for One-Sample Test
Bootstrap a
Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
work
. 0.18182 0.00463 0.13222 —0.05000 0.44444
complexity T1

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Effect Sizes

Point  95% Confidence Interval

Standardiser a

Estimate Lower Upper
work Cohen’s d 0.44848 0.405 -0.220 1.013
complexity T1 Hedges’ correction  0.48603 0.374 -0.203 0.934

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.
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Table 14. One sample statistics for work complexity (T2) for subject service.

N

work Mean

complexity T2 SD

SE Mean

Bootstrap a

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
11
2.3409 0.0004 0.1353 2.1250 2.5750
0.46466 —0.03358 0.08723 0.32733 0.52968
0.14010

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Test

Test Value = 2.25

95% Confidence Interval

t df Significance .Mean of the Difference
One-Sided p Two-Sided p Difference Lower Upper

work
complexity 0.649 10 0.266 0.531 0.09091 -0.2213 0.4031

T2

Bootstrap for One-Sample Test

Bootstrap a

BCa 95% Confidence Interval

Mean Difference
Bias SE
Lower

—-0.12500

Upper
0.32500

work complexity  0.09091 0.00038  0.13531

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Effect Sizes

Standardiser Point 95% Confidence Interval
a Estimate Lower Upper
work complexity Cohen’s d 0.46466  0.196 —0.406 0.788
T2 Hedges’ correction  0.50356 0.181 -0.375 0.727

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 15. One sample statistics for work complexity (T3) for subject service.

Bootstrap b

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
work Mean  1.6818 —0.0096 0.1534 1.3958 1.9706
complexity
T3 SD 0.51346 —0.03049 0.09537 0.34686 0.60002

SE Mean 0.15481

b. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.
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One-Sample Test

Test Value = 1.75

95% Confidence Interval

Signifi
¢ igriticance Mean of the Difference
One-Sided Two-Sided Difference
Lower Upper
pP P
work
. -0.440 10  0.335 0.669 —-0.06818 —0.4131 0.2768
complexity T3

Bootstrap for One-Sample Test

Bootstrap a

Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
k complexit
WOrK compiexity ) 06818 —0.00943b 0.15342b  —0.35417b 0.22135b

T3

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 999 samples.

One-Sample Effect Sizes

Standardiser  Point  95% Confidence Interval

a Estimate Lower Upper
work complexity Cohen’s d 0.51346 —-0.133 -0.723 0.464
T3 Hedges’ correction  0.55644 -0.123 -0.667 0.428

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 16. One sample statistics for time latitude (T1) for subject service.

Bootstrap a

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
time latitude Mean 3.2045 —0.0090  0.2390 2.6596 3.6816
T1 SD 0.80482  —-0.06948 0.19022 0.48412 0.98383

SE Mean 0.24266

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Test

Test Value = 2.75

95% Confidence Interval of

Signifi
‘ ¢ lgniticance Mean the Difference
One-Sided Two-Sided Difference
Lower Upper
P p
time latitude
1.873 10 0.045 0.091 0.45455 —0.0861 0.9952

T1
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Bootstrap for One-Sample Test

Bootstrap a

Mean
. BCa 95% Confidence Interval
Difference Bias SE
Lower Upper
time latitude T1  0.45455 —0.00898 0.23896 —0.09039 0.93160

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Effect Sizes

Standardiser  Point 25% Confidence Interval

a Estimate

Lower Upper
time latitude Cohen’s d 0.80482 0.565 -0.087 1.192
T1 Hedges’ correction 0.87220 0.521 -0.080 1.100

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 17. One sample statistics for time latitude (T2) for subject service.

Bootstrap a

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
time Mean 3.0682 00019 01518 27778 3.3611
latitude T2 SD 0.50114 —-0.02963 0.07912 0.38193 0.56262

SE Mean 0.15110

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Test

Test Value = 2.75

95% Confidence Interval

Significance
‘ ¢ 1enit Mean of the Difference
One-Sided Two-Sided Difference
Lower Upper
P P
time latitude
T2 2.106 10 0.031 0.061 0.31818 —0.0185 0.6548
Bootstrap for One-Sample Test
Bootstrap a
Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
time latitude T2 0.31818 0.00190 0.15180 0.02778 0.61111

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.
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One-Sample Effect Sizes

Standardiser Point 95% Confidence Interval

a Estimate 1 qwer Upper
time latitude Cohen’s d 050114  0.635  —0.030 1.274
T2 Hedges’ correction 0.54309 0.586 -0.027 1.175

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 18. One sample statistics for time latitude (T3) for subject service.

Bootstrap a

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 11
time latitude Mean  3.4545  —0.0155 0.2491  2.9770 3.9066
T3 SD 0.84275 —-0.05132 0.16392 0.59667 0.98638

SE Mean 0.25410

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Test

Test Value = 2.75

L 95% Confidence Interval
Significance Mean

t df of the Difference
Difference

One-Sided p Two-Sided p Lower Upper
time latitude

T3 2.773 10 0.010 0.020 0.70455 0.1384 1.2707

Bootstrap for One-Sample Test
Bootstrap a
Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
time latitude T3 0.70455 —-0.01545 0.24913 0.22698 1.15662

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

One-Sample Effect Sizes

Standardiser  Point 95% Confidence Interval

a Estimate Lower Upper
time latitude Cohen’s d 0.84275 0.836 0.128 1.514
T3 Hedges’ correction 0.91331 0.771 0.118 1.397

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.
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Table 19. One sample statistics for work intensity (T1) for nutrition.

Bootstrap c

.. BCa 95%
Statistic
Bias SE Confidence Interval
Lower Upper
N 7
work intensity Mean 3.5714 0.0011 0.1759 3.1694 3.8923
T1 SD 0.44987 —0.05694d 0.13035d 0.22835d 0.53348d

SE Mean 0.17003

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based

on 998 samples.

One-Sample Test

Test Value = 3.25
95% Confidence Interval

Significance

¢ Mean of the Difference
One-Sided Two-Sided Difference
Lower Upper
p P
work intensity T11.890 6 0.054 0.108 0.32143 —0.0946 0.7375

Bootstrap for One-Sample Test
Bootstrap a

Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
work intensity T1 0.32143 0.00165b 0.17064b  —0.06250b 0.62500b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based

on 993 samples.

One-Sample Effect Sizes

Standardiser  Point 95% Confidence Interval

a Estimate Lower Upper
work intensity Cohen’s d 0.44987 0.714 -0.147 1.532
T1 Hedges’ correction 0.51791 0.621 -0.128 1.331

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 20. One sample statistics for work intensity (T2) for nutrition.

Bootstrap c

Statistic BCa 95% Confidence Interval
Bias S
Lower Upper
N 7
work Mean 3.3571 0.0052 0.1071 3.1500 3.6250

intensity T2 SD 0.28347 -0.02951d 0.07681d 0.20863d 0.31339d
SE Mean 0.10714

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based

on 997 samples.
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One-Sample Test

Test Value = 3.25

95% Confidence Interval

Signifi
‘ ighiticance Mean of the Difference
One-Sided Two-Sided Difference
Lower Upper
P pP
work intensity T21.000 6 0.178 0.356 0.10714  -0.1550 0.3693

Bootstrap for One-Sample Test

Bootstrap a

M
. can BCa 95% Confidence Interval
Difference Bias SE

Lower Upper

work intensity T2~ 0.10714 0.00729b  0.10346b  —0.08333bc 0.33333b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 960 samples; c. Some results could not be computed from jackknife samples. so this
confidence interval is computed by the percentile method rather than the BCa method.

One-Sample Effect Sizes

Standardiser Point 95% Confidence Interval

a Estimate Lower Upper
work intensity Cohen’s d 0.28347 0.378 -0.406 1.134
T2 Hedges’ correction 0.32635 0.328 —0.353 0.985

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 21. One sample statistics for work intensity (T3) for nutrition.

Bootstrap c

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 7
work Mean 2.9643 0.0065 0.2245 2.5000 3.4105
intensity T3 SD 0.60257 —0.06649d 0.14114d 0.37884d 0.67997d

SE Mean 0.22775

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based
on 996 samples.

One-Sample Test

Test Value = 3.25

L 95% Confidence Interval
Significance Mean

t df of the Difference
- - Difference
One-Sided p Two-Sided p Lower Upper
work
. . -1.255 6 0.128 0.256 —-0.28571 —0.8430 0.2716
intensity T3
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Bootstrap for One-Sample Test

Bootstrap a

Mean
. BCa 95% Confidence Interval
Difference Bias SE
Lower Upper
work intensity T3 —-0.28571 0.00576b 0.22049b  —0.75000b 0.14286b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 992 samples.

One-Sample Effect Sizes

Standardiser Point 95% Confidence Interval

a Estimate Lower Upper
work intensity Cohen’s d 0.60257 —0.474 —1.243 0.329
T3 Hedges’ correction  0.69371 -0.412 —1.080 0.286

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 22. One sample statistics for work complexity (T1) for nutrition.

Bootstrap ¢

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 7
work Mean  3.1786  0.0091  0.1954 2.6927 3.4643
complexity
T1 0.53452 —0.11739d 0.24807d 0.11573d 0.72169d

SE Mean  0.20203

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based
on 998 samples.

One-Sample Test

Test Value = 3.00

95% Confidence Interval

Signifi
t  df igniticance Mean of the Difference
Difference
One-Sided p Two-Sided p Lower Upper
work
complexity 0.884 6 0.205 0.411 0.17857  -0.3158 0.6729
T1
Bootstrap for One-Sample Test
Bootstrap a
Mean
. BCa 95% Confidence Interval
Difference  Bijas SE
Lower Upper
work complexity T1 0.17857  0.00422b 0.19444b  —-0.29167b 0.44447b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 975 samples.
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One-Sample Effect Sizes

Standardiser Point 95% Confidence Interval

a Estimate Lower Upper
work Complexity COhen’S d 0.53452 0.334 —0.442 1.085
T1 Hedges’ correction  0.61537 0.290 -0.384 0.942

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 23. One sample statistics for work complexity (T2) for nutrition.

Bootstrap ¢

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 7
work Mean  3.2143 0.0027  0.2395 2.7857 3.7500
complexity
T2 SD 0.63621 —0.06857d 0.14954d 0.41904d 0.71651d

SE Mean 0.24046

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based
on 998 samples.

One-Sample Test

Test Value = 3.00

95% Confidence Interval

Signifi
‘ ¢ ignticance Mean of the Difference
One-Sided Two-Sided Difference
Lower Upper
P pP

work complexity 0.391

T 6 0.204 0.407 0.21429  -0.3741 0.8027

Bootstrap for One-Sample Test

Bootstrap a

Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
work complexit
P Y 0.21429 0.00264b 0.23670b  —0.20895b 0.75000b

T2

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 997 samples.

One-Sample Effect Sizes

Standardiser Point  95% Confidence Interval

a Estimate Lower Upper
work Complexity COhen’S d 0.63621 0.337 —0.440 1.088
T2 Hedges’ correction  0.73243 0.293 —-0.382 0.945

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.
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Table 24. One sample statistics for work complexity (T3) for nutrition.

Bootstrap ¢

Statistic BCa 95% Confidence Interval
Bias S
Lower Upper
N 7
work Mean 2.8929  —0.0013  0.1899 2.5833 3.2500
complexity
- SD 0.49701 —-0.06310d 0.13661d  0.27386d 0.58384d

SE Mean 0.18785

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based

on 997 samples.

One-Sample Test
Test Value = 3.00

L 95% Confidence Interval
Significance

) ¢ Mean of the Difference
One-Sided Two-Sided Difference
Lower Upper
p p
work
. -0.570 6 0.295 0.589  -0.10714 -0.5668 0.3525
complexity T3
Bootstrap for One-Sample Test
Bootstrap a
Mean
. BCa 95% Confidence Interval
Difference Bias SE
Lower Upper
work complexity T3 —0.10714 -0.00190b 0.18750b  —0.41667b 0.25000b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based

on 990 samples.

One-Sample Effect Sizes

Standardiser Point  95% Confidence Interval

a Estimate Lower Upper
work complexity Cohen’s d 0.49701 -0.216 -0.957 0.543
T3 Hedges’ correction  0.57218 —-0.187 —-0.832 0.472

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 25. One sample statistics for time latitude (T1) for nutrition.

Bootstrap ¢

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 7
time Mean 2.8214 -0.0094  0.4089 1.9643 3.6250
latitude T1 SD 1.09653 —0.10725d 0.22792d 0.90370d 1.12547d

SE Mean 0.41445

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based

on 995 samples.
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One-Sample Test

Test Value = 3.25

95% Confidence Interval
¢ Mean of the Difference
One-Sided Two-Sided Difference
P p
time latitude T1 -1.034 6 0.170 0.341 —0.42857 —1.4427 0.5856

Significance

Lower Upper

Bootstrap for One-Sample Test

Bootstrap a

Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
time latitude T1 —0.42857 —0.01876b 0.39008b —1.29167bc 0.25000b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 983 samples; c. Some results could not be computed from jackknife samples. So this
confidence interval is computed by the percentile method rather than the BCa method.

One-Sample Effect Sizes

Standardiser Point Es- 95% Confidence Interval

a timate Lower Upper
Cohen’s d 1.09653 -0.391 -1.148 0.395

time latitude T1
Hedges’ correction  1.26237  —0.339 -0.997 0.343

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 26. One sample statistics for time latitude (T2) for nutrition.

Bootstrap ¢

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 7
time latitude Mean 2.6429 —-0.0032  0.2980 2.0357 3.1786
T2 SD 0.77536  —0.08091d 0.15854d  0.62249d 0.80364d

SE Mean 0.29306

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based

on 996 samples.

One-Sample Test

Test Value = 3.25
95% Confidence Interval of

Significance

¢ Mean the Difference
One-Sided Two-Sided Difference
Lower Upper
p P
time latitude
-2.072 6 0.042 0.084 -0.60714 —1.3242 0.1099

T2
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Bootstrap for One-Sample Test

Bootstrap a

Mean Difference BCa 95% Confidence Interval
Bias SE
Lower Upper
time latitude T2 —-0.60714 0.00189b 0.28478b  —1.16813b -0.07143b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 987 samples.

One-Sample Effect Sizes

Standardiser Point 95% Confidence Interval

a Estimate Lower Upper
Cohen’s d 0.77536 -0.783 -1.618 0.098

time latitude T2
Hedges’ correction  0.89263 —0.680 -1.405 0.085

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Table 27. One sample statistics for time latitude (T3) for nutrition.

Bootstrap ¢

Statistic BCa 95% Confidence Interval
Bias SE
Lower Upper
N 7
time latitude Mean 2.9643  —0.0079  0.2169 2.5833 3.3571
T3 SD 0.58503 —0.06205d 0.13928d 0.42956d 0.63649d

SE Mean  0.22112

c. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; d. Based
on 997 samples.

One-Sample Test
Test Value = 3.25

95% Confidence Interval

onifi

¢ Significance Mean of the Difference
One-Sided Two-Sided Difference

» » Lower Upper

time latitude
-1.292 6 0.122 0.244 —-0.28571 —0.8268 0.2553

T3
Bootstrap for One-Sample Test
Bootstrap a
Mean
. BCa 95% Confidence Interval
Difference Bias SE
Lower Upper
time latitude T3 —0.28571  —0.00824b 0.21335b  —0.70833bc 0.15000b

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples; b. Based
on 992 samples; c. Some results could not be computed from jackknife samples. So this
confidence interval is computed by the percentile method rather than the BCa method.
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One-Sample Effect Sizes

Standardiser Point  95% Confidence Interval

a Estimate Lower Upper
time latitude Cohen’s d 058503  —-0.488  —1.259 0318
T3 Hedges’ correction 0.67351 -0.424 -1.094 0.276

a. The denominator used in estimating the effect sizes. Cohen’s d uses the sample standard
deviation. Hedges’ correction uses the sample standard deviation, plus a correction factor.

Group Statistics

Bootstrap a

Observation group Statistic Std. BCa 95% Confidence Interval
Bias
Error Lower Upper
N 9
Mean 0.5632 0.0022 0.0648 0.4450 0.7047
Patient-care
Std. Deviation 0.19760  -0.01711 0.05134 0.07871 0.24067
Standardised effect Std. Error Mean 0.06587
size N 9
Mean 0.6985 0.0010 0.0844 0.5502 0.8699
Nutrition
Std. Deviation 0.26254  —-0.02846 0.07870 0.12139 0.32935

Std. Error Mean 0.08751

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

Independent Samples Test

Levene’s Test

for Equality t-test for Equality of Means
of Variances
95% Confidence
Significance Interval of the
P Sig. ¢ df Mean  Std. Error Difference

Difference Difference

One-Sided Two-Sided
P P

Lower Upper

Equal variances

0.160 0.694 -1.235 16 0.117 0.235 -0.13528 0.10953 -0.36747 0.09691
assumed

Effect_size

Equal variances
-1.235 14.862 0.118 0.236 —-0.13528 0.10953 -0.36893 0.09837
not assumed

Comparing outcomes between teams, the average standardised effect size for all
team nutrition comparisons at g = 0.698 was larger than for the average standard-
ised effect for all team subject service comparisons g = 0.563. This difference was
tested in a subsequent analysis and was found to be small and not significant (see
Table 28 and Table 29).
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Table 28. Bootstrap for independent samples t-test comparing convergence effect sizes
between subject service and nutrition.

Bootstrap a

Mean BCa 95%

Difference  Bjas Std. Sig.
Error (2-tailed)

Confidence Interval

Lower  Upper

Equal variances
—0.13528 0.00121 0.10588 0.228 —0.35835 0.06877
) assumed
Effect_size .
Equal variances
—-0.13528 0.00121 0.10588 0.238 —0.35835 0.06877
not assumed

a. Unless otherwise noted, bootstrap results are based on 1000 bootstrap samples.

Independent Samples Effect Sizes

95% Confidence Interval

Standardiser a Point Estimate

Lower Upper

Cohen’s d 0.23235 —-0.582 -1.519 0.372

Effect_size Hedges’ correction  0.24400 -0.554 -1.446 0.354
Glass’s delta 0.26254 -0.515 -1.457 0.456

a. The denominator used in estimating the effect sizes. Cohen’s d uses the pooled standard
deviation. Hedges’ correction uses the pooled standard deviation, plus a correction factor.
Glass’s delta uses the sample standard deviation of the control group.

Table 29. Dropout analysis to test attrition bias (ANOVA).

Sum of Squares df Mean Square F Sig.

Between Groups 0.906 1 0.906 0.789 0.381
Work intensit
o lTnl MY Within Groups 36.765 32 1149
Total 37.671 33
Between Groups 0.557 1 0.557 0.605 0.443
Work o
. Within Groups 29.460 32 0.921
complexity T1
Total 30.017 33
Between Groups 0.372 1 0.372 0.464 0.501
Time latitude L
T1 Within Groups 25.654 32 0.802
Total 26.026 33
Between Groups 0.026 1 0.026 0.216 0.646
Need for o
Within Groups 3.804 32 0.119
recovery T1
Total 3.830 33
Between Groups 1.018 1 1.018 1.184 0.285
Psychological
SYCHOTOBICAY  Within Groups 27.521 32 0.860
detachment T1
Total 28.539 33
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Robust Tests of Equality of Means

Statistic df1 df2 Sig.

Work intensity T1 Welch 0.752 1 13.598 0.401
Work complexity T1 Welch 0.654 1 15.303 0.431
Time latitude T1 Welch 0.542 1 16.568 0.472
Need for recovery T1 Welch 0.194 1 12.965 0.667
Psychological detachment T1 ~ Welch 1.192 1 14.277 0.293

5. Discussion

5.1. Strain Effects

Support for the strain hypothesis 1 (a/b) differs between work factors and on the
context of analysis. Work intensity has the clearest pattern of effects. It shows to
be negatively correlated with psychological detachment and to be positively cor-
related with need for recovery. The regressions show that these main effects re-
main significant when controlling for other working conditions and prior fatigue.
It can be interpreted that increased work intensity predicts increased later need
for recovery and decreased later psychological detachment. This supports the
strain hypothesis 1 (a), stating demands to positively predict later fatigue. Com-
parisons with the existing body of literature are limited, as the present study is one
of few attempts to test strain effects with a three-waves design, using comparable
time lags. Work intensity predicting need for recovery confirms what Sonnentag
& Zijlstra (2006) showed; quantitative workload predicting need for recovery. How-
ever, comparability between these studies is low since the authors used daily sur-
veying over five days and did not measure symptoms of need for recovery. Instead,
they measured if participants felt they had enough opportunity to recover. Effects
of work intensity are also congruent with De Raeve et al. (2007), though compa-
rability is lowered by the large difference in time lags. Yet, it indicates that the
exposure time necessary to affect need for recovery is shorter than demonstrated
by De Raeve et al. (2007). Work intensity negatively predicting psychological de-
tachment measured 2 - 3 weeks later, supports previous findings, that show psy-
chological detachment predicted by work demands on a day level (Sonnentag &
Bayer, 2005) and after 2 months (Dettmers, 2017). It also indicates that working
conditions from previous 2 - 3 weeks predict psychological detachment, and that
an exposure time of 2 months is not required to affect psychological detachment.
Another noteworthy insight is that the prediction of psychological detachment
occurred more short-term than effects on need for recovery, since psychological
detachment was predicted by time two variables (a lag of approximately 23 days),
while need for recovery was predicted by time one variables (a lag of approxi-
mately 46 days). This shows that the minimum exposure time to affect psycholog-
ical detachment can be shorter than the minimum exposure time to affect need
for recovery.

Considering longitudinal meta-analytic strain effects on burnout (Lesener et al.,
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2019), the current results regarding work intensity are congruent. Bivariate effect
sizes of work intensity and later fatigue are generally comparable with meta-ana-
Iytic correlations by Lesener et al. (2019). Comparisons of standardised coeffi-
cients are limited by the suppression effects. Still, the amount of explained vari-
ance is comparable to the meta-analytic model, explaining 48% of the variance in
burnout (Lesener et al., 2019), while the present study explains 40% of adjusted
variance of need for recovery and 57% of adjusted variance of psychological de-
tachment. However, stabilities are lower than in the meta-analytic model. This
decreases the relevance of effects (Adachi & Willoughby, 2015). Yet, it is unsur-
prising that short-term fatigue shows less stability than chronic fatigue, and that
one’s ability to psychologically detach from work fluctuates higher than burnout.
It also needs to be considered, that the workers within this sample underwent
work changes when bed-rest-study phases changed, which may have affected sta-
bility of the fatigue variables.

Work complexity, the second demand tested in this study, shows to affect fa-
tigue differently, depending on the context of the analysis. Bivariate correlations
indicate that high work complexity is near-significantly associated with high need
for recovery at later time frames, and significantly associated with low psycholog-
ical detachment at later time frames. This implies high work complexity to be cor-
related with high fatigue and supports hypothesis 1 (a). However, when regres-
sively analysing the effects of work complexity in an extended context (controlling
for other working conditions and interactions), the direction of effects reverses.
Based on the step one regression analysis, increased work complexity is associated
with reduced need for recovery. This near-significant effect gets reduced further
when controlling for time two need for recovery and time two working conditions.
Effects of work complexity predicting psychological detachment are smaller,
showing no indication of significance when controlling for the other working con-
ditions. Nonetheless, the direction of effects also reverses in this instance. This
contradicts strain hypothesis 1 (a), because effects lack significance when control-
ling for other working conditions and are directed contrary to the hypothesis. It
conveys that if work intensity, time latitude, and the interactions are controlled
for, increased work complexity shows a trend to decrease need for recovery, which
implies a beneficial main effect and cannot be defined as strain.

Only the bivariate correlations are therefore in line with previous findings on
demands predicting increased fatigue (De Raeve et al.,, 2007; Dettmers, 2017;
Lesener et al., 2019; Sonnentag & Zijlstra, 2006); the regression coefficient indi-
cating decreases in fatigue are contrary. From the JDCS perspective it would be
not surprising to find work complexity showing a fatigue reducing effect if control
is high, as this combination qualifies as an active job (Karasek, 1979). However, it
is surprising that work complexity predicts decreased need for recovery as a main
effect, when controlling for time latitude and interactions, since controlling for
these factors isolates the relationship of work complexity and the outcome. Prior
reviews (Fila et al., 2013; Hausser et al., 2010; Lesener et al., 2019) did not focus
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on work complexity though but measured mostly quantitative workload. The cur-
rent results should thus be interpreted as findings on another predictor, not a con-
tradiction. The deviation hints, that work complexity affects strain differently than
other demands, like work intensity, and should therefore be reviewed thoroughly.
Work complexity, according to Sonntag & Feldmann (2022), is ideally kept on a
moderate level, as both low and high complexity could be straining. This signifies
a U-shape relationship between work complexity and fatigue, and it has been
tested cross-sectionally (Chung-Yan, 2010). Contrary to the present study, the au-
thor found no significant bivariate correlation between work complexity and the
strain variable (psychological wellbeing). He concluded that work complexity can
both positively and negatively predict wellbeing when autonomy is low or mod-
erate, with moderate complexity being ideal for wellbeing. In addition, the study
showed that, if autonomy was high, any level of work complexity predicted equal
wellbeing levels (Chung-Yan, 2010). Applying these findings to the present study,
a key take away should be that main effects of work complexity seem to depend
on whether the factor is analysed bivariately or in the context of other factors.
While a conclusive comparison is limited due to the different study design used
by Chung-Yan (2010), and due to autonomy not being measured as time latitude,
comparing these findings shows that there is agreement about work complexity’s
effects being context dependent.

Adding insights from Bai et al. (2021), it may be useful to consider their dual-
path mediation model within the Conservation of Resources theory (Holmgreen
et al., 2017). This model suggests that work complexity can lead to both resource
gain (via increased work engagement) and resource loss (via energy depletion),
influencing job crafting behaviors. This dual perspective aligns with the current
finding that increased work complexity can be associated with reduced or in-
creased need for recovery. The resource gain process through enhanced engage-
ment can explain this beneficial effect, supporting the notion that higher job com-
plexity can foster proactive job crafting, enhancing employee resources and re-
ducing fatigue. On the one hand, this may contribute to explaining the current
findings on work complexity predicting decreased later need for recovery. On the
other hand, the short time frame, the current study was conducted in, weakens
this explanation. Because participants may not have had sufficient time for job
crafting. Based on that, work complexity cannot be stated to have a clear fatigue
increasing or decreasing, but a context dependent effect, necessitating further in-
vestigation of moderating and mediating factors.

Time latitude, the included control variable, also shows context-dependent ef-
fects and requires nuanced interpretations. Time latitude shows reversed predic-
tive effects for psychological detachment when other working conditions are con-
trolled for. For need for recovery, no reversal was found, but controlling for other
working conditions renders main effects insignificant. Predictive effects thus vary
from bivariate relationships, as time latitude is negatively correlated with need for

recovery at later time frames, and slightly positively correlated with psychological
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detachment. These bivariate effects are congruent with strain hypothesis 1 (b),
suggesting control to negatively predict fatigue. The bivariate correlations with
need for recovery are in line with the previous result, that decision latitude, also a
control factor, longitudinally predicts decreased need for recovery (De Raeve et
al., 2007). The regression effects observed in the present study, regarding the re-
lationship between time latitude and later need for recovery, do not confirm these
findings, due to the lack of statistical significance in the current coefficients. Still,
it is crucial to consider the difference in sample sizes when comparing these anal-
yses. The present study had 25 subjects, while the research by De Raeve et al.
(2007) had 2332 subjects. The authors report decreased need for recovery due to
decision latitude of p = —0.078, which is significant, albeit of such small magni-
tude, that the present study could not have detected it due to its low power.
When regressively analysing psychological detachment, time latitude shows a
near-significant negative effect when controlling for the other working conditions
and interactions. This finding contradicts hypothesis 1 (b), and therefore suggests
that, when influences of other working conditions are controlled for, increased
time latitude is associated with decreased ability to psychologically detach from
work. The negative prediction of psychological detachment does not oppose the
stressor-detachment framework, as the model does not describe main effects of
control. Still, the authors (Sonnentag & Fritz, 2015) describe how psychological
detachment could be inhibited by a lack of job resources. Therefore, the current
finding insinuates deviation from the theory. Thus, only bivariate results regard-
ing time latitude and psychological detachment are congruent witch cross-sec-
tional correlations reported previously (Ward & Steptoe-Warren, 2013). When
controlling for the other working conditions and interactions, the near-significant
negative prediction of psychological detachment opposes the previous positive ef-
fects. Inconsistent main effects of job control have been discussed by Kubicek et
al. (2014), who found curvilinear relationships cross-sectionally and longitudi-
nally. A comparison with these results can be valuable for interpreting the current
effects, as both studies drew subjects from similar industries. The authors discuss
whether control could increase fatigue, when exerting job control is perceived as
a necessity, not an opportunity and thus becomes a demand. Increased job control
could also be coupled with increased responsibilities leading to ruminations about
work during non-work time (Kubicek et al., 2014). Building on these argumenta-
tions, a decrease in one’s ability to psychologically detach from work is attributa-
ble to workers with high control over their work time who think more often about
their work due to a) more planning efforts when scheduling work during free time
and b) feeling obliged to be more involved in their work as they know they are

given the privilege of time latitude and want to restore equity (Gould, 1979).

5.2. Buffer Effects

The interaction effects generally support the hypotheses 2 (a) and (b), predicting

that the matching quality of demands and control affects buffering. The current
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findings will be discussed in the context of previous research, after interpreting
the nature of the interactions.

The interaction of work intensity and time latitude, the good match, signifi-
cantly negatively predicts later need for recovery. As theoretically suggested by the
buffer hypothesis, this negative interaction effect can be interpreted as time lati-
tude buffering the increasing effect of work intensity on need for recovery. Note
that when interpreting interaction terms, no direct indication is provided on
which variable is the moderator. For psychological detachment, findings are anal-
ogous to need for recovery. The interaction of work intensity and time latitude
predicts psychological detachment near significantly, marginally missing the 5%
significance. This positive interaction effect can be interpreted as time latitude
buffering the decreasing effect of work intensity on psychological detachment.

The bad match, the interaction of work complexity and time latitude, does not
consistently predict fatigue. No significant effects were found on psychological
detachment, or in the full (step two) model of need for recovery. The only instance
of significance is the step one model predicting need for recovery. This effect does
not remain significant when controlling for time two variables. Beyond that, the
effect poses interpretative challenges. The positive interaction effect can be inter-
preted as time latitude buffering the negative main effect of work complexity on
need for recovery. As any interaction can be interpreted both ways, work com-
plexity could also moderate the main effect of time latitude. According to the
JDCS and the result that time latitude only shows minuscule main effects on later
need for recovery, interpreting time latitude to be the moderator seems more rel-
evant. Work complexity reveals a near-significant negative effect on need for re-
covery in the step one model. Buffering this main effect signifies that the beneficial
effect of work complexity is diminished when time latitude is increased. Techni-
cally, this is buffering. Yet, the buffer-hypothesis is associated with control buff-
ering detrimental effects of demands (Van der Doef & Maes, 1999), not with an
attenuation of beneficial effects. Time latitude diminishing beneficial effects of
demands opposes how Karasek (1979) described active work to increase wellbe-
ing. It further opposes the empirical finding that work complexity at any level is
associated with increased wellbeing if autonomy is high (Chung-Yan, 2010). Not
challenging the assumptions of the JDCS, an argument can still be made for how
high time latitude could attenuate beneficial effects of work complexity in some
instances; exerting time latitude inappropriately may lead to frequent task switch-
ing or multi-tasking. This is associated with performance costs (Ward et al., 2019),
and may detract from engaging deeply with complex tasks, thus decreasing its
benefits. This job-enrichment-gone-wrong-perspective is a preliminary attempt
to explain the deviating results while not opposing the JDCS.

In conclusion, since buffer effects as described within the JDCS (Johnson &
Hall, 1988; Karasek, 1979), only occurred when demands and control were matched
well, the present study confirms the importance of the matching principle as pre-

viously stated (de Jonge & Dormann, 2006; Hausser et al., 2010; Jonge & Dormann,
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2003). Yet, this research extends prior implications. It adds that the matching
principle applies when predicting early fatigue indicators. Beyond that, it demon-
strates that matching entails aspects besides classifying variables as physical, emo-
tional, or cognitive (Jonge & Dormann, 2003), as time latitude consistently buffers
work intensity, but not work complexity. This control facet is described as cogni-
tive rather than physical or emotional, as it entails planning and decision-making
regarding work processes (Sonntag & Feldmann, 2022). Work intensity can be
argued to either be cognitive, physical, or emotional, depending on the nature of
the tasks, as the construct refers to the imposed load of tasks (Sonntag & Feld-
mann, 2022). Work complexity though is described as cognitive, as it necessitates
information processing (Sonntag & Feldmann, 2022). Despite the control factor
being primarily cognitive, it does not show to consistently buffer the purest cog-
nitive demand. It can further be stated, that the one buffer effect, which was found
despite poor matching, does not correspond to the theory of buffering and is less

clearly interpretable than buffer effects from well-matched variables.

5.3. Convergence

Considering the 10,48% average difference between subjective and objective
scores, and that two thirds of the comparisons detected no significant differences,
hypothesis 3 (a) and (b) are partially supported. Interpreting the results separately
for work intensity, work complexity and time latitude reveals the highest support
for convergence for work complexity scores, lower support for work intensity
scores, and lowest support for time latitude scores. This is the first attempt to test
convergence for these measurements, through mean comparisons and using iden-
tical item contents between objective and subjective measures. The current results
are thus not directly comparable to previous convergence findings (Melamed et
al., 1995; Stab et al., 2016). It is still noteworthy that on average, current subjective
and objective scores are 89,52% congruent, while correlations between objective
and subjective scores by Melamed et al. (1995) explained on average 8% of vari-
ance, and correlations by Stab et al. (2016) explained at maximum 25% of vari-
ance. This comparison implies that the identical item contents contributed largely
to convergence. Beyond that, the pattern of current results holds further implica-
tions.

The finding that subjective scores were equally often higher or lower than ob-
jective scores indicates that the subjective measurement did not systematically
over- or underreport demands or control, compared to the objective measure.
Subjective demands scores being consistently underreported compared to objec-
tive demands scores, and subjective control scores being consistently overreported
compared to objective control scores, would suggest that the subjective scores
were biased through social desirability or negative affectivity. As such patterns
were not present for work intensity, work complexity, or time latitude, it can be
inferred that no such biases strongly affected the scores. This does not rule out

that strain scores were not biased. It however could indicate, that when subjective

DOI: 10.4236/psych.2024.158078

1346 Psychology


https://doi.org/10.4236/psych.2024.158078

L. Hotte et al.

demands and control scores are not strongly biased, the subjective strain scores
are not strongly biased either. This is due biasing factors like social desirability
(Chen et al., 1997) and negative affectivity (Watson & Clark, 1984) being defined
as traits which should have general effects on responding.

The current findings also show that convergence differs between working con-
ditions, as the deviations for time latitude were three times higher than for work
complexity, and 50% higher than for work intensity. Larger differences between
objective and subjective time latitude scores, compared to work intensity and work
complexity, can be attributed to how the factors were assessed during observa-
tions. As the study workers used various protocols and instructions for individual
tasks, work intensity in terms of the number of tasks and the task density within
a time frame was more directly observable. Protocols and instructions informed
both observer and workers about what tasks had to be completed. Work complex-
ity was specifically observable because workers had access to instructions that in-
formed them about tasks requirements. Scheduling activities on the other hand
may occur when workers are at home, so they are not observed directly and infor-
mation regarding the ability to schedule one’s workday is gathered through ques-
tioning. Subtle changes in work pace may be missed by the observer, or changes
in work pace may be perceived as intentional adjustments when they are not. This
demonstrates how observing time latitude may be more prone to error and can
explain lower convergence compared to work intensity and work complexity that

were observable based on more salient indicators.

5.4. Limitations and Strengths

The three-wave longitudinal design was more internally valid and capable for test-
ing causation than cross-sectional studies (Kain & Jex, 2010). Using three waves
enabled testing two different time lags and these lags were set appropriately for
the short-term fatigue variables. Measuring all variables at every time frame al-
lowed to control for stabilities and increased internal validity (Lesener et al., 2019).
The triple measuring of demands and control across two teams also benefitted
testing convergence, as effects for the same constructs were assessed repeatedly.
Triple convergence testing thus provided more reliable insight than comparing
objective and subjective scores cross-sectionally. Three waves also allowed to as-
sess reliabilities repeatedly, which was particularly useful, as the demand and con-
trol scales have not yet been tested in this survey format. While most internal scale
consistencies can be described as good, the reliability of the short form need for
recovery scale can be criticised for missing the reliability criterion at each time
frame. This impacts the internal validity of the results on need for recovery and
the three-wave design leastwise provided repeated inside into the scales’ reliabil-
ity.

The present study was moreover limited in the number of measures it deployed,
in favour of low dropout rates. Measuring different demands was prioritised as it

permitted valuable insight into buffering and matching. The narrow scope meant
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not measuring factors that could bias responses, like social desirability (Chen et
al., 1997) and negative affectivity (Watson & Clark, 1984). As gender and nation-
ality were not measured either, the present study was unable to control for these
factors and test moderation effects like prior research (Fila et al., 2017), limiting
the interpretability of the current findings due to potential confounding effects.
The interpretation of the results is further limited by the fact, that the current
study did not include other control variables. On the positive, the study showed
that objective and subjective scores converged highly and that no pattern indi-
cated over- or underreporting of scores in one type of measurement. This supports
that subjects did not respond strongly biased. The low dropout rate of 26% com-
pared to similar research using three-waves (Dettmers, 2017) is also positive and,
paired with the dropout analysis, contributes to a good method (Lesener et al.,
2019).

The low sample size marks a limitation, as it decreased power, resulting in in-
creased probabilities of overfitting and limits the generalisability of the results.
While statistical countermeasures like bootstrapping were used to address sample
limitations, not all drawbacks were attenuated. This limits comparisons with stud-
ies using large samples, that detected small effects (De Raeve et al., 2007), while in
the present study moderate effects often missed criteria of significance. Despite
the small sample size, the present study found significant strain and buffer effects,
which attests the size of effects. While the sample was limited in size, the study
included multiple different teams. This strengthens external validity and suggests
that the findings can be generalised to more than a single job type. On the other
hand, the sample was not representative for the working population. Due to the
absence of demographic data, an accurate description of the sample could not be
given, however representativeness was not achieved considering the sample size
of 25 subjects.

Measuring demands and control objectively and subjectively is a strength of
this research because it addresses this aspect, overlooked by many studies (Lesener
et al., 2019). This strength is reinforced by applying the observational measures
longitudinally. Moreover, adapting the observation measures provided new in-
sight into how convergence can be increased if item contents are kept identical to
enable comparable results. It is however necessary to consider, that the observa-
tions were limited to a single observer who was not blind to the goals of the study
(Burghardt et al., 2012). A single observer also disabled using the instrument in
its original consensus-oriented way (Sonntag & Feldmann, 2022). Despite the
scores from the workplace observation being defined as the objective scores, com-
plete objectivity can therefore be questioned, as observer biases cannot be rejected.
The objective scores can thus not be regarded as fully objective, and scores may
be more biased than scores produced by studies with multiple observers (Stab et
al., 2016). Beyond objectivity, using a single observer may increase error rates,
through missed events, especially under high cognitive load (Reyes & Lee, 2008).

The design of the observations is therefore a strength, while limitations exist
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within the execution.

5.5. Implications

Replicating the present study with more extensive resources can advance future
research. A large sample of a least 30 workplaces would be viable for multilevel
hierarchical modelling (van Dick et al., 2005) and would increase statistical power,
leading to more robust findings on fatigue and convergence. A replication should
use a more representative workplace sample to test how effects differ between job
types as put forward by Bakker & Demerouti (2007). Large samples entail using a
team of observers for objective workplace data. The present study adapted only a
fraction of GPB dimensions for its survey and future studies can deploy the full
measure in an adapted survey format. As effects have been shown to be context-
dependent, using all 13 work dimensions within a large sample can capture mul-
tivariate complexity better by using structural equation modelling (Ullman &
Bentler, 2012). Current issues with the reliability of the short need for recovery
scale may be avoided by using the full scale (Veldhoven, 2008) in future applica-
tions.

Divergent findings on work complexity and time latitude require additional at-
tention. Future goals should be to explain under which conditions work complex-
ity can reduce need for recovery, and if main effects are robust. Time latitude at-
tenuating positive effects of work complexity should be reinvestigated regarding
how people choose to manage their work time when dealing with complex tasks.
The difference in exposure time between need for recovery and psychological de-
tachment should be subject to further research to find out whether effects on these
variables correspond to different stressor-strain models (Garst et al., 2000) or
whether mechanisms are similar, but require different durations of exposure. This
includes testing how effects change with exposure time, whether adaption decreases
effects or whether accumulation sustains or increases effects (Frese & Zapf, 1988).
Reversed causation (Garst et al., 2000), the paths of need for recovery, and psy-
chological detachment predicting later working conditions should be addressed
in future research, as the parameters of this study (highly standardised job roles
and a short time frame) were ineffective in testing whether fatigued workers drift
into worse working conditions or refuge into better ones.

For practitioners, a key take away should be that both strain and buffer effects
are relevant for fatigue effects in the workplace. This is crucial because the strain
and buffer hypotheses impose different practical applications (Van der Doef &
Maes, 1999). Redesigning work according to the buffer hypothesis means that in-
creasing control would eliminate all adverse effects of high demands, whereas ac-
cording to the strain hypothesis, not all negative effects can be resolved by increas-
ing control (Karasek & Theorell, 1990, as cited in Fila, 2016). Based on work in-
tensity showing robust fatigue-increasing main effects, it is recommended to re-
duce high work intensity. Time latitude consistently showed to attenuate some,

but not all adverse effects of work intensity. This should be utilised by enabling
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employees to decide when they are doing their tasks, to prioritise them, and to
change their working speed accordingly (Sonntag & Feldmann, 2022). However,
findings imply that increasing time latitude cannot buffer work intensity fully, and
that time latitude does not reduce fatigue directly. Reducing time pressure and the
necessity to work on parallel tasks or postponement of work steps should thus
remain a primary concern, with time latitude being another vector of fatigue re-
duction. Time latitude showing tendencies of unwanted effects does not justify
reducing or disregarding interventions that increase time latitude, because the
positive effects prove to be substantially more robust. Still, the findings on poten-
tially adverse effects are useful for practitioners because they hint at possible
shortcomings that should be avoided in practice. These concern the effect of time
latitude decreasing beneficial effects from complex work, and time latitude de-
creasing the ability to psychologically detach from work. While definitive recom-
mendations should not be made based on limited findings, practitioners should
be aware that high time latitude may motivate frequent task switching, which low-
ers attention on tasks (Ward et al., 2019). This means that interventions should
not only increase time latitude, but frame complex tasks as growth opportunities
that deserve dedicated time and energy. Concerning time latitude possibly de-
creasing psychological detachment due to planning activities during non-work
hours, it can be recommended to provide not only efficient planning tools, but to
enable employees to pursue planning and scheduling during working hours. Prac-
titioners should also consider that employees may feel obliged to stay non-de-
tached from work when they have been granted time latitude to restore equity
with the organisation (Gould, 1979). The responsibility lies with the leadership to
encourage relaxation and communicate that time latitude is not coupled with ex-
pectations of increased work involvement during leisure time. For accurate diag-
nosis, it is recommended to pair objective and subjective measures as demon-
strated by the present study. Measures of fatigue, such as need for recovery or
psychological detachment, can be deployed by practitioners to assess short-term
fatigue changes. This assessment can then be used for a first evaluation of inter-

ventions, before an assessment of long-term effects becomes viable.

6. Conclusion

In conclusion, this study advances the research on how demands and control af-
fect strain, by demonstrating short-term fatigue effects. The new findings close a
research gap as they show how fatigue indicators, which are predictors of long-
term strain, are affected in short-term by work intensity, work complexity, and
time latitude. Based on previous takes on matching demands and control (Cohen
& Wills, 1985; Jonge & Dormann, 2003), the matching principle is extended and
re-evaluated. Based on its findings, this study stresses the importance of matching
demands and control to be complementary for buffering effects to occur. Unex-
pected findings on main effects of work complexity, time latitude and their inter-

action received preliminary explanations that should be subjected to further
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studies. Finally, this study progresses research comparing objective and subjective
scores of demands and control factors by showing how identical item contents
may contribute to convergence compared to prior studies (Melamed et al., 1995;
Stab et al., 2016). Adopting such dual measurements could enable more exhaus-

tive measurements of working conditions.
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