
R E S E A R C H Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, 
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and 
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.

Röttgen et al. BMC Psychology         (2025) 13:1327 
https://doi.org/10.1186/s40359-025-03680-2

work design and employees’ psychological well-being. 
Algorithmic management (AM) systems are techno-
logical systems that have the capability to learn and to 
make autonomous decisions through algorithmic pattern 
detection. AM systems are increasingly used to take over 
typical managerial tasks at work [1–4].

So far, AM systems are mainly implemented to man-
age work in the so-called new platform economy (e.g., 
Uber, Amazon MTurk) [5] or in warehouse logistics [6] 
with rather low skilled jobs. However, AM systems are 
also beginning to transform traditional organizations and 
higher qualified jobs, such as engineering [7] and health-
care [8].

Introduction
The present study pursued two main objectives: (1) to 
develop and validate a novel psychological instrument 
designed to capture the extent to which Algorithmic 
Management (AM) assumes control over workers’ action 
regulation, and (2) to advance the still scarce empiri-
cal understanding of how AM affects human-centered 
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Even though AM systems become increasingly impor-
tant in our work lives, the psychological impact of AM or 
intelligent technological systems (ITS) in general on work 
design and mental well-being of employees is not yet well 
understood [9–14].

This work aims to advance existing research on AM by 
developing an instrument that can assess possible psy-
chological functions of AM. Such an instrument allows to 
systematically investigate the relationship between AM, 
work design and employee well-being. So far, the only 
instruments that exist today are the Algorithmic Man-
agement Questionnaire (AMQ) [15] and the Perceived 
Algorithmic Control Questionnaire (PACQ) [16]. Both 
questionnaires were developed focusing on the organiza-
tional tasks AM takes over from human managers. The 
AMQ distinguishes between monitoring, goal setting, 
scheduling, performance rating and compensation [15], 
while the PACQ distinguishes between instructive guid-
ance, process monitoring and feedback evaluation [16].

As both instruments take the perspective of managerial 
functions of AM systems within an organization, there is 
no underlying psychological model used to explain which 
psychological processes of workers such as action regula-
tion are affected by AM systems. To fill this gap, we take 
the perspective of action regulation theory to investigate 
how AM may change workers’ actions required to ful-
fill their work by choosing dimensions of AM functions 
substituting or at least affecting the steps of an action 
sequence of individual workers according to action regu-
lation theory. We assume that functions such as reward 
or discipline (as incorporated in the AMQ [15]) influence 
employee action more indirectly through broader orga-
nizational control mechanisms rather than by directly 
shaping the sequential steps of individual action regu-
lation. For this reason, these functions fall outside the 
theoretical scope of COMAMA. By focusing exclusively 
on the dimensions most directly tied to action regulation, 
COMAMA provides a parsimonious and at the same 
time conceptually coherent instrument with clear theo-
retical interpretability.

Theoretical foundations
Action regulation theory
For developing the questionnaire we took the perspec-
tive of the action-theoretical concepts of sequentially 
and hierarchical complete actions [17]. This perspective 
allows to systematically investigate and explain potential 
psychological functions of AM, and to understand the 
combined effects of AM functions on the quality of work 
design and mental well-being across different organiza-
tional contexts:

Action Regulation Theory (ART; [17, 18]) captures 
the cognitive processes of human action regulation and 
explains their relation to workers’ well-being, personal 

growth, intrinsic motivation, and good performance. 
Basically, ART assumes that these desirable individual 
outcomes are closely intertwined with the extent to 
which the work environment either promotes or impedes 
autonomous actions of workers by providing scope for 
decision-making and high levels of personal control.

In ART, actions are seen as sequentially complete when 
humans not only execute a given activity, but - along a 
complete action sequence - have also the control to set 
own goals, plan, and schedule the activity and receive 
meaningful feedback about the progress of the action 
[17, 18]. In addition, actions are hierarchically complete, 
i.e., intellectual stimulating and educational, when they 
involve not only automated regulation processes, but also 
knowledge-based and intellectual control processes [17, 
18]. Sequentially and hierarchically complete actions are 
seen as a core feature of humane work design, as they 
equally increase individual control and promote learning 
and development at work [17].

As AM potentially can take control over the com-
plete action sequence from the worker, AM is supposed 
to transfer control about work activities from the indi-
vidual employee to the organizational system, and with 
that might have detrimental effects on work design and 
mental-well-being.

Therefore, we suggest the following working defini-
tion of AM: An algorithmic management system is a 
form of organizational control which aims to direct the 
work behavior of employees through rule-based computed 
(algorithmic) goal setting, action-planning, scheduling, 
monitoring, and feedback, without explicit involvement 
of human managers or other social agents at work. The 
amount and extent of algorithmic control of these func-
tions indicate the “COMpleteness of Algorithmic MAnage-
ment” (COMAMA) [19].

Because of the assumed close inherent logical relation-
ship between the single “functions” of AM according to 
action theory, we believe that they also jointly affect work 
design and mental well-being and therefore must be 
studied together and not separately.

Dimensions of the COMAMA questionnaire
Based on the concept of sequentially complete action 
[17] and the definition above, the COMAMA question-
naire captures five aspects of algorithmic management 
goal setting, action planning, scheduling, monitoring and 
feedback.

The subscale goal setting (GS) assesses the extent to 
which an AM system specifies work tasks or work objec-
tives for the worker. Goals, in terms of mental represen-
tations of future outcomes are one of the fundamental 
concepts of ART (Hacker, 2003). Goals not only initiate 
actions but also guide attention throughout the process 
and serve as criteria for assessing progress. The latitude 
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to set own goals therefore offers the worker autonomy 
and control about the complete sequence of action [17, 
18]. It therefore helps them to avoid overload and nega-
tive mental strain [20]. Moreover, it contributes to the 
perception of more self-determination [21], and higher 
intrinsic motivation at work [22, 23]. Consequently, 
externally determined goals through AM should contrib-
ute to higher negative mental strain and demotivation [1, 
24].

The subscale action planning (AP) assesses the extent 
to which an AM system determines work processes or 
working methods. Before an action begins, a more or 
less conscious idea is usually developed as to how the 
action will be realized, i.e. an action plan is conceived 
[18]. Action planning is both, an element of job auton-
omy [25], and also a major regulation requirement [18]. 
Regulation requirements in ART are primarily seen as 
motivating and learning-promoting job demands, i.e. 
challenge demands [26]. On the one hand, coping with 
these job demands requires individual resources, that 
will be exhausted at some point and must therefore be 
regenerated in order to avoid impairment of well-being 
[27]. On the other hand, however, challenge demands 
are motivating, as they provide opportunities for learn-
ing and their accomplishment meet our basic need for 
competence [21]. AM systems, however, are often used 
to provide clear instructions on how a task needs to be 
done. An Uber driver needs to follow the proposed 
route [28], and a warehouse logistics worker is being told 
where to get an item to pack, which box size to use and 
how long the tape needs to be to seal the package [29]. 
There are also first examples that AM is also used in 
higher qualified jobs with more complex work methods 
like health care [30] and recruiting [31]. As AM relies 
on the standardization of work, the conceptional aspect 
of work is shifted from the individual worker to the AM 
system and thus reduces the amount of individual action 
planning for the worker [28]. Consequently, externally 
determined action plans through AM might contribute 
to decrease negative mental strain, e.g., in terms of physi-
ological and cognitive stress reactions or tension due to 
high demands, but might at the same time also decrease 
positive mental strain like activating effects as it contrib-
utes to a simplification of work by reducing the cognitive 
demands and learning opportunities. And thus, leading 
to more demotivating work [1].

The subscale scheduling (SCH) assesses the extent to 
which an AM system makes specifications about work-
days, daily working times, and work breaks. In the broad-
est sense, scheduling could be seen as part of action 
planning, that specifically refers to the organization of 
working time. The possibility to plan your own work-
ing time is an important factor for work-life balance and 
recovery [32]. However, AM systems dynamically adapt 

action plans and schedules in real time according to cur-
rent customer and market needs, which makes it harder 
for the worker to predict their working times [e.g., 5, 33, 
34]. This organization and capacity oriented working 
time flexibility might negatively affect the private life of 
workers and their opportunities for recovery [32].

The subscale monitoring (MO) assesses the extent to 
which an AM system constantly collects data on work 
behavior. From the perspective of ART, monitoring one’s 
own action is the precondition to test whether the action 
execution leads to the intended goal or deviates from it 
(e.g. because errors occur) [18]. However, intense elec-
tronic monitoring or surveillance can lead to a focus 
shift and might have negative effects on workers’ intrin-
sic motivation and well-being [33, 34]: Intense electronic 
monitoring or surveillance is based on external directives 
and criteria and may thus lead to decoupling workers 
from their own action goals, and force them to “work for 
data” [35]. This means that workers focus on the aspects 
of a task that are recorded by the monitoring system 
and less on the things that seem relevant, meaningful 
and intrinsically motivating to them. Moreover, as elec-
tronic monitoring often emphasizes speed and efficiency 
of action, workers must maintain a constantly high work 
pace, which increases stressful quantitative job demands 
[36].

The subscale feedback (FB) assesses the extent to which 
an AM system provides feedback on work behavior and 
performance. From the perspective of ART, feedback is 
the result of monitoring. It provides information about 
the progress of goal attainment and is thus a prerequi-
site for the successful execution of actions [18]. There-
fore, feedback is also a very important source of learning 
and development at work [17]. AM systems like apps 
provide workers usually with timely and understand-
able feedback, e.g., whether a task has been finished or 
how many tasks have been completed [1]. Such informa-
tion may strengthen the feeling of workers’ mastery and 
their experience of competence [24]. However, studies 
also report that feedback offered by AM systems might 
not always be helpful: Feedback in AM might be not 
acceptable to the worker due to the lack of legitimacy of 
the feedback criteria, and unreliability of the information 
source, like unjustified reviews from annoyed custom-
ers [5, 37]. Moreover, feedback in AM often lacks details 
and transparency, as workers are frequently unaware of 
the data used to generate it. Furthermore, the feedback 
is often aggregated from different data sources [29]. This 
making it more difficult for workers to identify specific 
areas for improvement and therefore diminishes the role 
of feedback as a source of learning. Consequently, feed-
back provided by AM systems might be understandable 
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but lack credibility and transparency, which might con-
tribute to demotivation of workers and impede learning 
[38].

Although, as outlined above, each of the individual 
dimensions of the AM system can have an impact on the 
quality of work design and the well-being of employees, 
we also assume holistic effects, that are reflected by the 
concept “completeness of AM”. Particularly, we expect 
that compared to “traditional” efficiency-driven Taylorist 
management systems, like the repetitive but predict-
able work at an assembly line, AM possess entirely new 
qualities by replacing important social agents at work like 
human managers, and by making work more opaque and 
unpredictable in comparison [39].

In addition to an evaluation of the individual subscales, 
we therefore assume that a joint evaluation of an over-
all COMAMA score can reveal an independent quality 
of AM systems that is greater than the sum of its parts. 
Therefore, the main hypothesis is: the action regulatory 
functions of algorithmic management can be mapped with 
the COMAMA questionnaire.

Method
The scale development process consists of six studies 
with a total of nine different datasets. The datasets are 
described in detail within their respective studies.

Table  1 provides an overview of all data collected. 
In the first study the item pool was generated, and the 
content validity was assessed. The factorial validity was 
then assessed in two studies with an exploratory factor 
analysis in study two and a confirmatory factor analysis 
in study three. The convergent and discriminant validity 
where both assessed in study four and the differentiation 
between known groups was tested in study five. Finally, 
study six assessed the association of the COMAMA 
scale with work design and negative mental strain. For 
all studies ethical approval was granted by the responsi-
ble committee at the University of Duisburg-Essen prior 
conducting the research.

Scale development
Study 1: development of the item pool and assessment of 
the content validity of the COMAMA questionnaire
Method
The German item pool was developed using a deductive 
approach [40]. The baseline for the item wording struc-
ture was the “Tätigkeits- und Arbeitsanalyseverfahren 
(TAA)” [41]. The TAA is a well-established questionnaire 
to screen for psychological stressors in the work context. 
The TAA is theoretically based on ART and has been 
used and validated in different occupational settings [41]. 
To generate the COMAMA items, the respective items 
from the TAA were adapted to reflect the AM-specific 
features. The features of AM at work were derived from 
qualitative research [1, 29, 42–44]. Care was taken to for-
mulate the items as neutral as possible, to assess AM as 
independently of subjective bias as possible.

To investigate content validity of the COMAMA ques-
tionnaire, we conducted in a first step seven interviews 
with job experts, i.e., workers who were at least partly 
managed by algorithms. The aim of the interviews was to 
examine whether the original pool of 23 items was under-
standable as well as applicable for assessing the identified 
functions of algorithmic management.

The participants were recruited in various ways: Digital 
postings on the website and social media channels of the 
University of Duisburg-Essen as well as postings on the 
campus in Essen, Germany. Furthermore, workers were 
directly addressed at their gathering points, the so-called 
hubs. A total of seven workers could be recruited to take 
part in an interview. Three of them were female, while 
four of them were male. On average the participants 
were 29.4 years old (SD = 8.3, range 22–43 years). Six 
participants had advanced level education. Furthermore, 
all participants had vocational training or a university 
degree. They had worked on average 4.6 years in their job 
(SD = 9.0, range 0.1–25 years). The average working time 
was 19.4 h every week (SD = 12.8, range 7.5–38.5 h every 
week). The participants predominantly worked in the so-
called gig economy. Five worked for food delivery ser-
vices. Besides that, also one warehouse worker as well as 
one driver for a large e-commerce company were inter-
viewed. For four of the seven participants, the algorith-
mically managed job was the main income source. Each 
interviewee received an online voucher (75€) for partici-
pating. A single interview took between 40 and 90 min. 
The interviews were conducted either at the University 
of Duisburg-Essen or as a videoconference or telephone 
conference depending on the participants’ preference.

At the beginning of each interview, the participants 
were asked to give a brief overview of their job tasks and 
the implementation of algorithmic management in their 
jobs. Secondly, participants were presented the identi-
fied functions of algorithmic management. They were 

Table 1  Overview of datasets used
Dataset Sample 

size
Study 
nr.

Data/Study type

Job experts 7 1 Qualitative 
interviews

I&O psychological experts 10 1 Quantitative survey
Clickworker 1 335 2 & 5 Quantitative survey
Warehouse logistics 1 100 3 & 4 Quantitative survey
Interprofessional sample 273 5 Quantitative survey
Clickworker 2 118 6 Quantitative survey
Warehouse logistics 2 137 6 Quantitative survey
Delivery services 42 6 Quantitative survey
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then instructed to tell whether any of these functions was 
used in their job If a specific function was used in their 
job, participants should describe how that function was 
implemented. After that, participants were asked if there 
was any function of algorithmic management in their job 
that was not included in the list of functions presented to 
them. Afterwards, the participants should outline posi-
tive and negative aspects of those algorithmic manage-
ment functions that were currently used in their jobs.

Ultimately, we conducted cognitive interviews with 
the job experts [45, 46]. Experts were asked to think-
aloud about the items of the questionnaire, i.e., they were 
actively encouraged to share their thoughts about each 
question and the appropriateness for measuring algo-
rithmic management. Furthermore, we asked the partici-
pants if any function regarding algorithmic management 
was missing in their opinion.

To evaluate the interviews, we conducted a qualitative 
content analysis [47] of the answers given by the workers.

In a second step, the adapted version COMAMA ques-
tionnaire was sent to experts in the field of industrial and 
organizational (I&O) psychology. The goal of this part of 
the validation was to test whether there was an agree-
ment between scientific experts regarding the belong-
ing of the adapted items to the five theoretically derived 
scales. A total number of ten experts took part in the 
validation process. The experts had on average 17.2 years 
of experience in the field of industrial and organizational 
psychology (SD = 8.99, range 4–35 years).

First, the I&O experts were independently asked to 
assign each item to one of six possible categories. The 
categories represented the five scales of the COMAMA 
questionnaire as well as the category “item belongs to no 
category”, which should be selected if an item would not 
fit in any of the other categories.

The I&O experts were then asked to rank the items 
within each scale with regard to the representativeness of 
individual items for the respective scales. Our goal was to 
shorten the questionnaire by selecting only the most rep-
resentative items for each scale. The final 11 items were 
selected by two criteria. The first criterion was the per-
cental consensus between the raters regarding the assign-
ment of each item to one of the five scales. The second 
criterion was the median rank for every item in terms 
of representativeness for the specific scale. To measure 
the overall interrater reliability of the I-O expert ratings, 
Fleiss Kappa was used.

Results
The interviews with the job experts indicated that all 
the functions on the scale were considered relevant for 
their job. Individual items were reformulated to further 
increase comprehensibility and suitability for the job. 
Above all, the wording was changed about the degree 

of binding nature of the instructions by the AM systems 
(e.g. make specifications vs. determine). Moreover, in 
item 10 two examples to illustrate work behavior were 
added. Four additional items were added, primarily 
reflecting additional aspects of the already predefined 
functions (e.g., the number of work assignments deter-
mined by the AM system).

The resulting pool of 27 items were assigned by the 
I&O experts to the correct scales with 40% to 100% 
agreement. The goal of the COMAMA development was 
to have an economic questionnaire with as few items as 
feasible. Due to the high work pace of the target group 
of this questionnaire we consider it important to reduce 
the time required to answer it to a minimum. The more 
time a worker must spend on a survey, the more likely it 
is that the survey is not completed. Additionally, there is 
growing evidence that short psychological measures with 
even just one indicator, if well-constructed, can be just as 
valid and reliable as scales with multiple indicators [48]. 
Therefore, we selected only those two items for each of 
the five scales with the highest agreement respectively. 
An exception was the scheduling scale where we chose to 
keep all three items because each represented a unique 
aspect of scheduling (the results of the validation pre-
sented in the following studies indicate that the psycho-
metric properties of the scale were also satisfactory with 
two items each). If two items had the same percental con-
sensus, the item with the higher median rank in terms of 
representativeness for the scale was chosen. The lowest 
agreement of the finally selected 11 items had the items 
1 and 2 (respectively 80% agreement) that were originally 
intended to represent goal setting. Fleiss Kappa score 
for the correct assignment of the 11 items was 0.754, 
which can be interpreted as substantial agreement [49]. 
All items are to be answered on a five-point Likert scale 
containing the responses: (1) not at all, (2) rather no, (3) 
partly, (4) rather yes, (5) yes, exactly. The final version of 
the COMAMA scale can be found in Appendix I.

Study 2: assessment of factorial validity (Exploratory Factor 
Analyses, EFA)
Method
To analyze the factorial structure of the items, we col-
lected data via the online platform clickworker.de, a digi-
tal labor platform based in Germany with a large user 
base. These clickworkers work as freelancers and perform 
microtasks like training of artificial intelligence systems. 
To improve the data quality bogus items (i.e., instructed 
response items) were used. After removing all partici-
pants who failed the attention checks with bogus items, 
a total of 335 participants was used for the EFA. 41.5% 
of the participants were female, the mean age was 38.93 
years (SD = 11.75). 49.3% stated to have only the one job 
as a clickworker. Participants were asked to what degree 
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they agreed with each item on a five-point Likert scale 
(1 = not at all, 5 = yes, exactly). It was ensured that par-
ticipants could not complete the survey more than once. 
Every participant received 4€ after completing the survey. 
Two common criteria for determining the number of fac-
tors were used [50]: The number of eigenvalues >1 and 
the number of eigenvalues that cumulatively account for 
80% of total variance. An oblique rotation was used as the 
psychological functions of AM represent different stages 
of the action sequence according to ART and thus are not 
independent. The EFA was performed using the psych 
package in R 4.4.

Results
The Kaiser-Meyer-Olkin test (KMO) indicated that 
the collected data was suitable for conducting the EFA 
(KMO = 0.85). The Bartlett’s test of sphericity was sig-
nificant (X2 = 2140.786, Df = 55, p <.000). The number of 
eigenvalues > 1 was three, suggesting a three-factor struc-
ture, four eigenvalues are needed to explain a cumulative 
percentage of variance of 80%, suggesting a four-factor 
structure, whereas a 5-factor structure represents our 
above-described assumption based on ART. We there-
fore decided to perform the EFA for five (to test the theo-
retical model), four (following the 80% variance rule) and 
three factors (following the eigenvalue > 1 rule, to com-
pare the results.

The 5-factor EFA showed cumulative variance account-
ing for 66.7% of the total variance. The resulting factor 
loadings correspond with the theoretical factor model 
except item AP1, which shows main loadings on the 
same factor as the GS-items. The internal consistency 
was α = 0.87 for the total scale, showing good internal 

consistency in most factors: goal setting (GS): α = 0.86; 
action planning (AP): α = 0.82; scheduling (SCH): α = 0.88; 
monitoring (MO): α = 0.66; feedback (FB): α = 0.79). The 
intercorrelations of the COMAMA dimensions are pre-
sented in Table 2.

The 4-factor EFA explained a cumulative variance of 
65.9%. The items for goal setting and action planning 
showed loadings above 0.7 on the same factor. The item 
MO1 did not show a loading above 0.35 on any of the 
four factors. As the items MO1 and MO2 are intended 
to measure two different aspects of monitoring (work 
performance and social interaction with colleagues), the 
item MO1 was kept in the questionnaire. The internal 
consistency was α = 0.87 for the total scale, showing good 
internal consistency in most factors: goal setting & action 
planning (GS&AP): α = 0.90; scheduling (SCH): α = 0.88; 
monitoring (MO): α = 0.66; feedback (FB): α = 0.79). The 
intercorrelations of the COMAMA dimensions are pre-
sented in Table 3.

The 3-factor EFA explained a cumulative variance of 
62.5%. In addition to the combination of goal setting and 
action planning, monitoring and feedback items showed 
loadings above 0.5 on the same factor. The internal con-
sistency was α = 0.87 for the total scale, showing good 
internal consistency in most factors: goal setting & action 
planning (GS&AP): α = 0.90; scheduling (SCH): α = 0.88; 
monitoring & feedback (MO&FB): α = 0.80). The intercor-
relations of the COMAMA dimensions are presented in 
Table 4.

The results of the exploratory factor analysis are pre-
sented in Table 5.

Table 2  Means, standard deviations, and correlations of the 5-factor model
Variable M SD 1 2 3 4 5
1. Goal setting 3.36 1.15
2. Action planning 3.33 1.12 0.78**
3. Scheduling 2.07 1.09 0.29** 0.32**
4. Monitoring 1.98 0.98 0.26** 0.31** 0.53**
5. Feedback 2.37 1.05 0.32** 0.37** 0.42** 0.61**
6. COMAMA 2.57 0.79 0.71** 0.74** 0.76** 0.72** 0.72**
M and SD are used to represent mean and standard deviation, respectively

* indicates p <.05. ** indicates p <.01

Table 3  Means, standard deviations, and correlations of the 4-factor model
Variable M SD 1 2 3 4
1. Goal setting & action planning 3.35 1.07
2. Scheduling 2.07 1.09 0.32**
3. Monitoring 1.98 0.98 0.30** 0.53**
4. Feedback 2.37 1.05 0.36** 0.42** 0.61**
5. COMAMA 2.57 0.79 0.77** 0.76** 0.72** 0.72**
M and SD are used to represent mean and standard deviation, respectively

* indicates p <.05. ** indicates p <.01
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Study 3: assessment of factorial validity (Confirmatory 
Factor Analyses, CFA) model specification and internal 
consistency
Method
We conducted a confirmatory factor analysis CFA to 
assess the fit of the hypothesized factorial structure to 
the data. For this purpose, we collected data from work-
ers in the logistics sector using the survey panel provider 
Bilendi. The logistics sector is one of the first traditional 
industries to adopt the usage of AM systems [51]. Bilendi 
used their “niche-sampling” technique to reach the 
required target group via social media. Screening ques-
tions ensured only workers in warehouse logistics work-
ing more than 20 h per week participated. To improve 
the data quality, bogus items were used. The sample used 
for the CFA was composed of 100 workers of which 72% 
worked 40 h and more per week. 42% worked as logisti-
cian, 13% as warehouse helper, 8% as driver, 8% as forklift 
driver.

Based on the results of the EFA, we adapted our 
assumed model, consisting of five factors and one higher 
order factor, by shifting the item AP1 to the goal setting 
factor (model 1). The second model proposes that the 
factors goal setting and action planning cannot be differ-
entiated but measure just one factor called directing. The 
AMQ [15] is an example of a questionnaire where goal 
setting and action planning are combined into one fac-
tor; Fernández-Macías, Urzì Brancati [52] as well pro-
pose one combined factor direction. This resulted in four 
factors and one higher order factor (model 2). The third 
model proposes three-factors model according to the 
EFA 3 factor solution and one higher order factor (model 
3). It is based on model 2 with additionally combining 
the factors monitoring and feedback into evaluating. The 
fourth model (model 4) assumes one general AM factor 
without subfactors. The CFA was performed using the 
lavaan package in R 4.4. The goodness of fit was assessed 
using the rule of thumb indicators [53]: (a) comparative 
fit index (CFI; target: >0.90), (b) Tucker–Lewis index 
(TLI; target >0.90), (c) root mean square error of approxi-
mation (RMSEA < 0.08), and (d) standardized root mean 
square residual (SRMR; target < 0.08). The Mardia’s test 
indicated a significant deviation from a multivariate 

Table 4  Means, standard deviations, and correlations of the 
3-factor model
Variable M SD 1 2 3
1. Goal setting & action planning 3.35 1.07
2. Scheduling 2.07 1.09 0.32**
3. Monitoring & Feedback 2.17 0.91 0.37** 0.53**
4. COMAMA 2.57 0.79 0.77** 0.76** 0.80**
M and SD are used to represent mean and standard deviation, respectively

* indicates p <.05. ** indicates p <.01
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normal distribution. Thus, we used the Satorra Bentler 
correction [54].

Results
Model 1 and model 2 both showed good fit to the data 
and were superior to all other models. Both models 
would be acceptable from a theoretical point of view. 
And although it has been shown that one-item-scales 
– as contained in model 1 – do not need to be consid-
ered inferior to multi-item-scales [48] we chose model 2 
with four factors for a more robust scale. This led us to 
adapt our factor naming combining the factors goal set-
ting and action planning into directing (DI). The inter-
nal consistency was α = 0.87 for the total scale, showing 
good internal consistency in most factors: directing (DI): 
α = 0.87; scheduling (SCH): α = 0.81; monitoring (MO): α 
= 0.78; feedback (FB): α = 0.66). The intercorrelations of 
the COMAMA dimensions are presented in Table 6. The 
final measurement model is shown in Fig. 1, the model 
comparison results are shown in Table 7.

Study 4: convergent and discriminant validity
Method
To check the construct validity of the COMAMA scale, 
we looked at the convergent and discriminant validity 
and at the differentiation between known groups.

Convergent validity is the extent to which a construct 
measured in different ways yields similar results. Specifi-
cally, it is the “degree to which scores on a studied instru-
ment are related to measures of other constructs that can 
be expected on theoretical grounds to be close to the one 
tapped into by this instrument” [55]. For this we used 
the Algorithmic Management Questionnaire (AMQ) 
[15]. We translated the items into German following the 
method proposed by Harkness [56]. The scales and items 
were independently translated by two researchers (Ger-
man native speakers who are fluent in English) that were 
acquainted with the theoretical background of the AMQ. 
Additionally, a third translation was created by using the 
software deepl. In a second step, all three translations 
were compared and differences that had occurred in the 
translations were discussed. As a result of the compari-
son and discussion process, the final German version of 
the AMQ was used in the “warehouse logistics 1” sample 

(n = 100). We expected to find moderate to high cor-
relations between the AMQ and the COMAMA scale. 
Discriminant validity is the extent to which a measure is 
novel and not simply a reflection of some other construct 
[55]. We tested discriminant validity via correlations 
between the COMAMA scale with the pragmatic qual-
ity of user experience scale (UEQS) [57]. We expected 
low correlations as the user experience of an information 
technology system is a different feature as the actions 
steps taken over by that same system.

Results
As shown in Table  8, the COMAMA scale correlated 
highly (0.71) with the AMQ. Although the COMAMA 
and the AMQ are different in their theoretical foundation 
and therefore measure different constructs, their ability 
to measure the exposure to AM systems correlate well 
(shared variance about 50%). These results indicate that 
the COMAMA scale presented good convergent validity. 
The internal consistency was α = 0.88 for the COMAMA 
scale, α = 0.95 for the AMQ scale and α = 0.96 for the 
UEQS scale.

Table 8 also shows the correlations for the COMAMA 
scale with the UEQS being low (0.23) supporting the 
assumption of discriminant validity.

Study 5: differentiation between known groups
Method
Differentiation or comparison between known groups 
examines the distribution of a newly developed scale 
score over known binary items [55] For this purpose, 
we collected an interprofessional sample of employ-
ees with a wide spectrum of occupations. The partici-
pants were recruited by direct approach and via social 
media and under all participants two vouchers of 50€ 
each were raffled. After deleting participants with failed 
attention checks and incomplete data the resulting sam-
ple contained 273 participants (67% female, 63% full-
time employed with an average age of 38.98 years). This 
sample was compared to the “clickworker 1” sample (n 
= 335). We expected the “clickworker 1” sample to show 
higher scores in all COMAMA factors and the overall 
scales than the “interprofessional” sample (n = 273).

Table 6  Means, standard deviations, and correlations
Variable M SD 1 2 3 4
1. Directing 3.35 1.07
2. Scheduling 2.07 1.09 0.32**
3. Monitoring 1.98 0.98 0.30** 0.53**
4. Feedback 2.37 1.05 0.36** 0.42** 0.61**
5. COMAMA 2.57 0.79 0.77** 0.76** 0.72** 0.72**
M and SD are used to represent mean and standard deviation, respectively

* indicates p < .05. ** indicates p < .01
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Table 7  CFA model comparison
Model df X2 CFI TLI RMSEA [90% CI] SRMR AIC BIC
Model 1 31 43.847 0.959 0.941 0.076 [0.000 − 0.124] 0.055 2617.477 2680.001
Model 2 40 43.789 0.987 0.982 0.039 [0.000 − 0.097] 0.056 2841.035 2908.769
Model 3 41 58.598* 0.938 0.917 0.084 [0.022 − 0.130] 0.078 2866.760 2931.890
Model 4 44 104.609** 0.791 0.739 0.149[0.112 − 0.186] 0.096 2932.681 2989.994
N = 100. Reported statistics are Satorra Bentler corrected

AIC Akaike information criterion, BIC Bayesian information criterion, CFI confirmatory fit index, df degrees of freedom, RMSEA root mean square error of approximation, 
SRMR standardized root mean square residual, TLI Tucker-Lewis index

* indicates p <.05. ** indicates p <.001 

Fig. 1  Final measurement model
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Results
The results shown in Table 9 confirm the differences 
in the mean scores between these two samples. As 
expected, all AM functions as well as the degree of total 
AM were significantly higher in the clickworker sample. 
The subscales Scheduling and Monitoring show a mod-
erate effect size while Directing, Feedback and the total 
scale had a large effect size [58]. The internal consistency 
for the clickworker sample was α = 0.87 for the total 
scale, showing good internal consistency in most fac-
tors: directing (DI): α = 0.90; scheduling (SCH): α = 0.88; 
monitoring (MO): α = 0.66; feedback (FB): α = 0.79). The 
internal consistency for the interprofessional sample was 
α = 0.85 for the total scale, showing good internal con-
sistency in most factors: directing (DI): α = 0.84; schedul-
ing (SCH): α = 0.83; monitoring (MO): α = 0.71; feedback 
(FB): α = 0.80).

Study 6: criterion validity - expected association of AM 
with work design and negative mental strain
According to our introductory considerations, we exam-
ined the association of the COMAMA scale with health-
relevant work design characteristics [1, 19] and negative 
mental strain [59].

Work pace
AM increases work pace by continually optimizing work 
efficacy [60, 61]. By setting performance targets based 
on past data, it fosters ever-rising productivity stan-
dards [62]. In warehouses, scanners display daily targets, 
enforced by supervisors [29]. AM monitors task perfor-
mance extensively, using data to nudge worker behavior. 

On some platforms, it adjusts pay rates in real time, 
pushing workers to chase lucrative but irregular hours, 
often at the expense of free time [43, 63, 64]. Addition-
ally, AM’s feedback changes constantly as algorithms 
incorporate real time data [65]. We thus formulated the 
following hypothesis:

Hypothesis 1: More complete AM is associated with 
higher work pace.

Job autonomy
More complete AM systems are linked to reduced job 
resources [1]. Across different work settings, AM pre-
defines task goals, limiting worker influence. Unlike tra-
ditional management, where supervision usually allows 
for individual task planning, AM’s strict task assignment 
and monitoring hinder autonomy [66, 67]. Algorithms 
minimize human intervention, making task negotiation 
difficult. In platform work, frequent task rejection is 
often sanctioned [5, 60, 68–70]. Additionally, AM’s reli-
ance on quantification encourages “working for data,” 
further reducing autonomy. Thus, more complete AM 
restricts job autonomy, a key resource for action regula-
tion in ART [18] leading to the following hypothesis:

Hypothesis 2: More complete AM is associated with 
lower job autonomy.

Negative mental strain
AM has been reported to affect the mental well-being 
of workers in a negative way [4, 59]. On the one hand 
AM is expected to reduce job resources and increase job 

Table 8  Descriptive statistics and correlations for convergent and discriminant validity
Variable M SD 1 2 3 4 5 6
1. User experience 4.24 0.85
2. AMQ 1.70 0.99 0.15
3. Directing 2.11 1.16 0.20* 0.60**
4. Scheduling 1.42 0.73 0.20* 0.56** 0.59**
5. Monitoring 1.71 1.07 0.15 0.46** 0.39** 0.32**
6. Feedback 1.51 0.79 0.12 0.58** 0.54** 0.46** 0.40**
7. COMAMA 1.74 0.76 0.23* 0.71** 0.91** 0.76** 0.63** 0.71**
M and SD are used to represent mean and standard deviation, respectively

* indicates p <.05. ** indicates p <.01

Table 9  Overview over mean differences in the scales between “clickworker sample” and “interprofessional sample”
Clickworker sample
(n = 335)

Interprofessional sample
(n = 273)

M SD M SD t(606) p d
Directing 3.35 1.07 2.35 1.05 11.537 0.000 0.941
Scheduling 2.07 1.09 1.53 0.90 6.644 0.000 0.537
Monitoring 1.98 0.98 1.47 0.79 7.081 0.000 0.571
Feedback 2.37 1.05 1.36 0.70 14.119 0.000 1.129
COMAMA 2.57 0.79 1.79 0.67 13.240 0.000 1.071
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demands [1, 19]. In line with the Job Demands-Resources 
Model (JD-R model) this is associated with reduced men-
tal well-being and increased negative strain experience 
[24]. On the other hand it has been found that the facili-
tation of control through AM systems also corresponds 
directly with threat techno-stressors [71]. We therefore 
propose the following hypothesis:

Hypothesis 3: More complete AM is associated with 
higher negative mental strain.

Method
The data we use to assess the criterion validity was gath-
ered in three separate surveys capturing three different 
groups of algorithmically managed workers. In the first 
sample, we again used the platform clickworker.com. 
After removing the participants not meeting the quality 
checks 118 participants remained in the “clickworker 2” 
sample. 64.4% were male and 67.8% were younger than 
40 years. The “warehouse logistics 2” sample addressed 
workers in warehouse logistics using the company 
Bilendi to sample the data. 137 participants passed the 
data quality assurance with 75.2% being male and 24.8% 
being younger than 40 years old. The “delivery services” 
sample covered delivery services and was gathered per-
sonally. 42 participants were kept after quality control 
with 92.9% being male and 61.9% being younger than 40 
years. Thus, the combined dataset contained 297 partici-
pants. All three samples were based on surveys that do 
not overlap with previously reported samples.

Work pace was measured by three items from the 
Copenhagen Psychosocial Questionnaire [72]. A represen-
tative item is “Do you have to work very fast?” Cronbach’s 
α was 0.85 in our study.

Job autonomy was measured by three items from the 
decision-making autonomy sub scale from the Work 
Design Questionnaire [25]. A representative item is “The 
job allows me to make a lot of decisions on my own.” 
Cronbach’s α was 0.88 in our study.

Negative strain experience was measured with the 
eight items of the Irritation Scale for the Assessment of 
Work-Related Strain [73]. A representative item is “Even 
at home I often think of my problems at work.” Cronbach’s 
α was 0.92 in our study.

We controlled for participants’ gender, age (2 = 18–29 
years, 3 = 30–39 years, 4 = 40–49 years, 5 = 50–59 years, 
6 = 60–69 years, 7 = 70 years and above) and job type 
(clickworker, warehouse logistics and delivery services).

A structural equation model was calculated to evaluate 
the associations between COMAMA and the variables 
described above using the lavaan package in R 4.4.1.

Results
We first performed a CFA to check the fit of the 
COMAMA measurement model which showed a 
good fit (X2 = 94.427, df = 40, CFI = 0.974, TLI = 0.964, 
RMSEA = 0.078, SRMR = 0.051). The internal consistency 
was α = 0.90 for the COMAMA scale, α = 0.85 for the 
work pace scale, α = 0.88 for the job autonomy scale and 
α = 0.92 for the irritation scale.

The correlations and descriptive statistics are shown 
in Table  10. The direction of COMAMA correlations 
were as expected, showing positive correlations with 
work pace and irritation and a negative correlation with 
job autonomy. The subscale monitoring had the highest 
correlation with work pace and irritation, job autonomy 
showed the highest correlations with directing and moni-
toring. The indications observed in the correlations were 
further supported by a structural equation model (SEM).

The complete SEM (Fig.  2) showed an acceptable 
fit (X2 = 934.610, df = 354, CFI = 0.871, TLI = 0.855, 
RMSEA = 0.080, SRMR = 0.100). The results of the SEM 
are shown in Table S1 in Appendix III. For clarity’s sake, 
control variables are omitted from the figure.

COMAMA is positively associated with work pace (ß = 
0.351, p <.001), negatively associated with job autonomy 
(ß = − 0.148, p <.05) and - independently from the two 
work design measures - positively associated with irrita-
tion (ß = 0.301, p <.001). These results are in full support 
of the formulated hypotheses.

Discussion
The aim of the research presented in this paper was 
twofold: (1) to develop and validate a new psychological 
measure to specifically assess the amount of control over 
worker´s action regulation taken over by Algorithmic 
Management (AM) and (2) to contribute to the currently 
limited empirical evidence on the impact of AM on 
human-centered work design and employees’ psychologi-
cal well-being. Therefore, we created the COMpleteness 
of Algorithmic MAnagement questionnaire (COMAMA) 
drawing on action regulation theory [17]. The results of 
six studies using qualitative (i.e., expert interviews) and 
quantitative (i.e., online surveys) methods led us to con-
clude that the COMAMA scale presents good factorial, 
discriminant and convergent validity. We identified a 
four-factor structure as the most feasible solution balanc-
ing theoretical foundation and capability to differenti-
ate subfactors. We could show that COMAMA is not an 
instrument to assess the user experience of technology 
but rather a tool to measure the exposure to AM. Fur-
thermore, results suggest that COMAMA is able to show 
associations to work design outcomes as proposed by the 
current state of research [1, 3, 19, 24].

The items of the scale distinctively capture four 
action relevant functions of AM: directing, scheduling, 
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monitoring, and feedback, with these functions reflecting 
a higher order construct of exposure to AM. Moreover, 
we found indications that the completeness of algorith-
mic management is associated with an increase in job 
demands (i.e., work pace) and a decrease in job resources 
(i.e., job autonomy) as well as a decrease in mental well-
being (i.e., higher levels of irritation). In line with prior 
research on AM [1, 24], these findings also align with 
the Job Demands-Control Model [20], which posits that 
high job demands combined with low job control can 
lead to increased negative mental strain and adverse 
mental health outcomes. As such, our results suggest 
that more comprehensive algorithmic management sys-
tems may contribute to stressful work environments by 
intensifying demands while simultaneously undermining 
workers’ autonomy, thereby exacerbating risks to mental 
health [74]. As most of the existing research is of qualita-
tive nature, our studies complement the current body of 
knowledge with quantitative data.

To the best of our knowledge, the COMAMA question-
naire is the first instrument measuring exposure to AM 
based on an established psychological theory. This strictly 
theory-driven approach enabled us to develop an instru-
ment that is independent of the specific work environ-
ment or job type. During the development of COMAMA, 
data samples from jobs in the platform economy as well 
as traditional workplaces (e.g., warehouse logistics) were 
used to ensure its applicability across different job types. 
Although there are certain commonalities with existing 
measures like the AMQ [15], the COMAMA is based on 
the perspective on workers’ actions and not exclusively of 
the features of an AM system.

This perspective assumes that the psychological effects 
of AM can be explained by the channeling of human 
action regulation through these systems [19]. It offers 
a fruitful foundation for further work and organiza-
tional psychology research in this field, as it allows for 
the development of hypotheses that can be empirically 
tested using the COMAMA scale. We therefore believe 
that COMAMA will help researchers to further investi-
gate and understand the impairment of workers’ mental 
well-being by AM systems in their current way of imple-
mentation. In addition, the deeper understanding of the 
psychological effects of AM on workers will hopefully 
enable AM developers to consider more human-centered 
design approaches in the future to utilize AM advantages 
without impairing employee’s health and wellbeing. By 
integrating ART and AM research we hope to contrib-
ute to an increased awareness of ART within the AM and 
artificial intelligence academia. Furthermore, we hope 
that COMAMA will be used to apply ART research to 
new job types like the ones within the platform economy.
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Limitations and future research
More research is needed to test the applicability and 
validity of the instrument in different contexts. Scholars 
emphasize that the psychosocial effects of technological 
systems like AM are not uniform but depend on exter-
nal factors such as the organizational context [2, 10]. For 
example, platform organizations and “regular” organiza-
tions differ regarding the employment status of work-
ers, which may also significantly impact workers’ rights. 
In regular organizational settings, legal protections and 
co-determination rights may therefore mitigate some 
of AM’s adverse effects. Platform-based organizations 
may offer greater flexibility and autonomy regarding 
work schedules. In both traditional and platform orga-
nizations, variations may exist in terms of total work-
ing hours and the degree of financial dependence on the 
work (e.g., primary source of income versus supplemen-
tary earnings). Thus, more research is needed to fully 
understand potential contextual differences of psycho-
social AM effects. Furthermore, we only used cross-sec-
tional data to validate the COMAMA, that do not allow 
to draw causal inferences. Moreover, observed associa-
tions may be inflated due to common method bias [75] 
which might play a relevant role specifically in the test 
for criterion validity where independent and dependent 
variables are assessed at the same time via self-report. 
However, we believe that characteristics of AM are likely 
to be only minimally susceptible to distortions caused by 
individual response tendencies, as they capture factual 
conditions (e.g. “Information technologies (e.g., software, 

apps) make specifications, which tasks or assignments I 
have to complete.”), and “only” medium-sized associa-
tions (Table 10; Fig. 2) support this notion. Moreover, for 
this same reason, potential reverse causal relationships 
(e.g., that negative mental strain “causes” AM) appear 
implausible. Nonetheless, future longitudinal studies are 
both meaningful and desirable—to examine how negative 
(and positive) mental strain under algorithmic manage-
ment develops over time.

Lastly, we developed and validated the COMAMA 
questionnaire with German workers only. Further 
research needs to investigate the applicability and validity 
of other languages in other countries.

Conclusion
With the COMAMA questionnaire we provide a vali-
dated instrument, based on established psychological 
theory, to investigate the impact on AM on human-cen-
tered work design and workers mental well-being. This 
questionnaire enables researchers to gain a more differ-
entiated psychological understanding of the effects of 
AM in different work environments, and to support the 
human-centered implementation of AM in the future.
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