
.

.

Latest updates: hps://dl.acm.org/doi/10.1145/3706599.3720131
.

.

WORK IN PROGRESS

Let's Be Realistic: AI-Recommender Use in a Complex Management
Seing

JANA GONNERMANN-MÜLLER, University of Potsdam, Potsdam, Brandenburg, Germany
.

KRISTINA SAHLING, Humboldt University of Berlin, Berlin, Germany
.

JENNIFER HAASE, Humboldt University of Berlin, Berlin, Germany
.

.

.

Open Access Support provided by:
.

University of Potsdam
.

Humboldt University of Berlin
.

PDF Download
3706599.3720131.pdf
25 January 2026
Total Citations: 0
Total Downloads: 279
.

.

Published: 26 April 2025
.

.

Citation in BibTeX format
.

.

CHI EA '25: Extended Abstracts of the
CHI Conference on Human Factors in
Computing Systems
April 26 - May 1, 2025
Yokohama, Japan
.

.

Conference Sponsors:
SIGCHI

CHI EA '25: Proceedings of the Extended Abstracts of the CHI Conference on Human Factors in Computing Systems (April 2025)
hps://doi.org/10.1145/3706599.3720131

ISBN: 9798400713958

.

https://dl.acm.org
https://www.acm.org
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/3706599.3720131
https://dl.acm.org/doi/10.1145/3706599.3720131
https://dl.acm.org/doi/10.1145/contrib-99661563645
https://dl.acm.org/doi/10.1145/institution-60021763
https://dl.acm.org/doi/10.1145/contrib-99661569190
https://dl.acm.org/doi/10.1145/institution-60000762
https://dl.acm.org/doi/10.1145/contrib-99661563471
https://dl.acm.org/doi/10.1145/institution-60000762
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/institution-60021763
https://dl.acm.org/doi/10.1145/institution-60000762
https://dl.acm.org/action/exportCiteProcCitation?dois=10.1145%2F3706599.3720131&targetFile=custom-bibtex&format=bibtex
https://dl.acm.org/conference/chi
https://dl.acm.org/conference/chi
https://dl.acm.org/conference/chi
https://dl.acm.org/sig/sigchi
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3706599.3720131&domain=pdf&date_stamp=2025-04-25


Let’s Be Realistic: AI-Recommender Use in a Complex
Management Setting

Jana Gonnermann-Müller
University of Potsdam
Potsdam, Germany

Weizenbaum Institute
Berlin, Germany

jana.gonnermann@wi.uni-
potsdam.de

Kristina Sahling
Humboldt University
Berlin, Germany

Weizenbaum Institute
Berlin, Germany

kristina.sahling@hu-berlin.de

Jennifer Haase
Humboldt University
Berlin, Germany

Weizenbaum Institute
Berlin, Germany

jennifer.haase@hu-berlin.de

Human Decision Maker

AI System

Task Decision

Mindset

ExpertiseLabeling

Accuracy

AI Recommendation

Usefulness Complexity

evaluates

elaborates

decides

Human Decision 
Process

Essential Aspects

Figure 1: This Experimental Study Investigates the Influence of Key Elements (Human Decision-Maker Characteristics, AI
Recommendation Labeling, Task Attributes) on Decision Accuracy
The figure depicts the experimental setup, where an AI system provides recommendations assessed by a human decision-maker
whose decision-making process is influenced by factors such as usefulness, labeling, mindset, expertise

Abstract
Labels like "AI-powered" or "Human-Expert" activatemental models
and shape user decisions. Yet, the transferability of these labels on
performance in complex, realistic tasks needs investigation. This
study examines how recommender labeling and human factors
(mindset, expertise) impact performance in a complex business
management scenario. We conducted an online experiment employ-
ing a management dashboard, where participants (N = 395) received
recommendations labeled as either Artificial Intelligence (AI) or
Human-Expert-generated. Unlike previous research, labeling did
not significantly influence task performance. Instead, graph literacy
and cognitive load were key predictors of performance. Participants
with positive attitudes toward AI found recommendations helpful,
but their performance did not improve with their use. Expertise
seems to be dominant in AI labeling in this context. These findings
highlight the interaction between expertise, mindset, and labeling,
advocating for further research investigating in which contexts
labeling and human factors critically influence performance when
using AI recommendations.
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1 Introduction
Decision-making lies at the heart of managerial tasks, especially in
complex organizational environments where data-driven insights
play an increasingly important role. As the variety, velocity, and
amount of data increase, Recommender Systems (RS) support deci-
sion quality by generating task-specific recommendations [9, 11].
A RS aims to decrease the potentially great number of alternatives
[32] and deal with the information overload problem common for
management tasks in real-life [9, 11, 40].

Within Human-Computer Interaction (HCI), RSs are studied
from different perspectives while mainly taking on a technical fo-
cus, including different RS algorithms [1, 14] or concepts like RS
fairness [8]. We also know from adjacent areas of research that
human-related factors and psychological concepts are important
when engaging with RSs in practice. Especially the user’s mindset
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and expertise influence their ability to engage with, trust, and crit-
ically evaluate RS outcome [4, 15, 17, 22, 27]. Thus, how RSs are
branded, as “AI-powered” or “algorithmic”, can reshape user trust
and reliance by activating distinct mental models–also referred
to as the labeling-effect [25]. Experiments by Langer et al. [22]
have shown that differing terminology used to describe algorithmic
decision-making systems influences laypeople’s perception (e.g.,
complexity) and evaluation (e.g., trust). Further, positive or nega-
tive beliefs about AI accuracy influence actual decision outcomes,
irrespective of the system’s actual performance, also known as the
"AI-placebo" effect [18, 34]. These examples show the necessity
of mindful labeling and considering additional aspects of mental
models evoked by such labels to ensure (a) robust and replicable
research outcomes and (b) the accurate and effective application of
RS in practical contexts.

Prior research has established the existence of labeling effects [16,
25, 36] and provided valuable insights into the human role in RS use.
So far, these experimental studies relied on simplified decision or
task scenarios, such as binary choices [15], preference evaluations
[13, 24] or puzzle-like tasks [18], showing increased internal validity.
However, to manage the complexity of real-world decision-making,
particularly in managerial contexts where users must integrate
contextual knowledge and manage higher task demands [7, 15],
high external validity is essential to transfer results from research
into practice.

With a focus on external validity, this study builds on existing
HCI research and develops an experimental setting with compara-
bly high task complexity on the basis of a concrete management
scenario. Arnold and Sutton define task complexity as “the degree
to which task completion or resolution taxes the cognitive abilities
of the decisionmaker” [3, p.180]. Thus, participants were asked to
solve management tasks supported by a dashboard with either AI
or Human-Expert recommendations. We investigate the roles of
RS labeling, user mindset, and expertise to deepen the understand-
ing of human factors influencing decision-making in our scenario
(Figure 1). Through the use of a management dashboard with RS
simulating real-world scenarios, we address the following research
questions:

RQ 1: To what extent does recommender systems’ labeling affect
objective performance in complex tasks?
RQ 2: How do mindset and expertise influence objective perfor-
mance in complex tasks when using a dashboard with recom-
mendations?

Our findings provide insights into the impact of RS labeling and
human factors on task performance, informed by AI and Human-
Expert recommendations. Results reveal that expertise, rather than
labeling or mindset, dominates task performance. These results
underscore the importance of user proficiency in leveraging RSs
effectively and call for more external valid experimental designs in
HCI to capture the nuanced dynamics of human-AI interaction in
complex decision environments.

2 Background
2.1 Influence of Labeling of Recommender

Systems on Task Performance
The labeling of RS plays an important role in shaping user percep-
tions, trust, and reliance on algorithmic decision aids. Labels such as
“AI-powered”, “algorithm”, or “computer program” activate distinct
mental models that influence how users interpret system outputs
and their roles in decision-making [22]. For example, systems la-
beled “AI” often create high competence and precision expectations,
particularly in objective domains such as financial analysis [25].
However, in ethically sensitive or subjective tasks like hiring, users
may perceive AI as lacking contextual understanding, leading to
skepticism [26, 39]. Misaligned labels can undermine trust and re-
duce critical evaluation. Erroneous or unhelpful recommendations
labeled as “AI” exacerbate skepticism, especially when expectations
of precision are unmet [7]. Conversely, helpful recommendations
foster trust and improve decision outcomes in complex tasks, high-
lighting the importance of aligning labels with system capabilities
[41].

2.2 Influence of Human Factors on Task
Performance

Prior research has found various human factors relevant for the per-
ception and use of RSs. First, a positive attitude, such as openness
to innovation, promotes trust and greater reliance on AI, especially
in tasks where computational precision enhances decision quality
[27]. In contrast, skepticism or algorithm aversion can lead to either
disengagement or overreliance on human judgment, even when
AI recommendations are superior [7, 26]. Trust is a key determi-
nant of AI adoption, shaped by system transparency and past user
experiences [2, 23]. Transparent systems, where recommendation
processes are clearly explained, foster critical engagement and im-
prove decision-making [2]. However, blind reliance on AI can lead
to errors, emphasizing the need for informed trust that encourages
critical evaluation and effective use of RS outputs [28].

Furthermore, it was found that user expertise significantly mod-
erates interactions with RSs. Experts with contextual knowledge
critically evaluate AI outputs and align recommendations with task-
specific goals, resulting in higher decision quality [7]. Conversely,
users with limited expertise may struggle to assess recommenda-
tions, leading to overreliance or disengagement [16]. Familiarity
with AI tools further influences trust and reliance. Experienced
users develop a nuanced understanding of AI’s strengths and limita-
tions, enabling more balanced engagement [7], while inexperienced
users may display skepticism or hesitation, especially in high-stakes
scenarios [41]. Additionally, task complexity amplifies these dynam-
ics. In cognitively demanding contexts, helpful recommendations
enhance trust, whereas inconsistent outputs erode confidence and
discourage system use [7, 37]. Designing adaptive RSs that accom-
modate varying levels of expertise is crucial to fostering effective
decision-making and maintaining user trust.

3 Methods
To investigate our RQs, we created an experimental setup to ex-
amine the RS labeling effect and its impact on task performance
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(RQ 1), along with the influence of individual factors (RQ 2). The
experiment was developed with high external validity in mind;
thus, we mimicked a realistic business scenario, including complex
decision-making tasks. The study used a one (labeling of AI vs.
Human-Expert) between-subject design accounting for the influ-
ence of human factors of expertise, mindset, and cognitive capaci-
ties. The study design was approved by the ethics committee of the
authors’ research institute.

3.1 Procedure
Participants were randomly assigned to theAI or theHuman-Expert
recommendation group. Both groups received a dashboard with
identical information and completed the same set of tasks. At the
bottom of the dashboard, task-specific recommendations were pro-
vided to assist participants in completing their decision-making
tasks. These recommendations were designed to examine the la-
beling effect, where the same content was framed differently to
be perceived as either AI-generated or Human-Expert-generated.
The recommendations were tailored to the specific tasks but re-
mained identical across both conditions, allowing for a controlled
comparison of how labels influenced user trust, reliance, and task
performance. The study has three parts (see Figure 2). In the first
part of the experiment, participants were introduced to the cover
story, in which they assumed the role of a supermarket manager
using an accompanying management dashboard. They began with
two comprehension checks to familiarize themselves with the dash-
board’s information and structure. Following these comprehension
checks, participants completed the first block of six tasks. After
every six questions, two additional comprehension checks were
conducted before starting the next block of six tasks. Alongside
task performance, participants indicated whether they relied on
the information from the dashboard and the recommendations
(see Appendix, Figure 3). After completing all tasks, participants
proceeded to the second part of the study, where they answered
questions about their cognitive load, maintaining the perspective
of the supermarket manager role introduced earlier. In the final
section, participants were asked to exit the manager role and com-
plete questionnaires assessing general attitudes toward AI, trust
in algorithmic decisions, AI literacy, graph literacy, and expertise
with reporting systems.

3.2 Task and Dashboard Application
Participants assumed the role of a supermarket manager responsi-
ble for improving customer satisfaction to meet key performance
indicators (KPIs) set by the parent company. The supermarket story
contains the note that traditionally, managers relied on Excel spread-
sheets and gut feeling to make decisions. Therefore, the dashboard
was presented as a new analytics tool that has been introduced to
enhance decision-making, aiming to optimize store performance
and customer satisfaction, e.g., by reducing waiting times. The dash-
board presents precise, visual KPI data through graphs, however,
it is static in all the representations. The dashboard includes meta
information like the date and time, as well as explanations for the
top three KPIs. Visualizations include bar and line charts, with
specific colour schemes and KPI boxes placed prominently at the
top. The data presented in the dashboard consists of mock-up data,

meaning that all figures were created to appear logical and feasi-
ble within a supermarket management context, rather than being
derived from real datasets. This approach ensures experimental
control while maintaining realism, preventing participants from
being influenced by inconsistencies that might arise in real-world
data. Figure 3 (see Appendix) illustrates the AI group’s dashboard,
showing both retrospective (blue) and predictive (orange) insights.
Key KPIs include Customer per day,Waiting time at the cash desk,
Product Sales and Sales Forecast (in Euro), and Product Variation List.
The dashboard remains the same across all decision-making tasks to
simplify the experience and minimize potential cognitive overload.
At the bottom of the dashboard, task-specific recommendations for
complex tasks are provided, tailored to the tasks, but remain identi-
cal for both AI and Human-Expert group. This setup was designed
to achieve high external validity, ensuring that the study reflects
real-world managerial decision-making. The decision tasks were
designed to reflect realistic managerial challenges requiring analyti-
cal reasoning, problem-solving, and strategic thinking. Participants
were not merely asked to choose between predefined options; in-
stead, they had to synthesize multiple data points to make decisions
aligned with business goals. This complexity ensures that the study
captures cognitive processing under realistic constraints, address-
ing a major limitation of previous experimental studies that used
simplified decision scenarios with limited contextual depth [5, 7].
Therefore, the task design captures these key characteristics while
maintaining experimental control. Participants were assigned to
either receive AI and Human-Expert recommendations alongside
the identical dashboard. The framings for both groups were:

AI: "the AI recommendation includes an AI-powered recommen-
dation service that analyzes collected data using algorithms to
generate actionable suggestions automatically."
Human-Expert: "the expert recommendation includes a recom-
mendation service powered by a subject matter expert (SME)
who analyzes the data and generates suggestions based on
their experience and domain knowledge."

3.3 Measurements
We recorded task-related aspects, mindset-related, and expertise-
related variables (for a complete overview, see Table 1 in Appendix).
Demographics such as gender, age, work experience, and position
were provided by the participant recruitment platform Prolific. The
study focuses on a realistic management scenario, including only
participants with prior management experience, to further enhance
the external validity of the study.

Task-related Aspects. Complex task performance was assessed
using twelve tasks divided into two subsets: (a) tasks that could only
be solved by utilizing the information provided by the AI/Human-
Expert recommender–marked as important task– and (b) tasks
that could be solved solely based on the dashboard. All recommen-
dations we factually correct. As part of a larger research project
involving the distinction of two subsets, this paper focuses on the
statistical analysis of the important tasks only. We employed a
"Wizard-of-Oz" RS [38], which delivered identical information, like
additional facts to the specific situation relevant for the tasks for
both groups. All tasks required participants to analyze dashboard
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Figure 2: Applied Experimental Design for the Survey
Flowdiagramof the experimental design, beginningwith informed consent, followed by a supermarket scenario, comprehension
checks, task performance with AI or expert recommenders, questionnaires, and concluding with debriefing.

information and make decisions aimed at improving customer sat-
isfaction. Each task was presented as a multiple-choice question
with one correct answer out of four options. The tasks were not
time-constrained. One example task is: "How should you adjust
your staffing and promotion strategy to accommodate the surge in
customers?" the correct answer is: "Allocate additional staff to cash
desks and launch a targeted promotion during the local event". The
tasks were evaluated and refined through two rounds of pretesting
to ensure validity and clarity1.

To gain insights into user perception of recommendation and
dashboard, we assessed the Utilization and Evaluation of Recom-
mendations’ Helpfulness with two items: (1) The first item evaluated
the usefulness of the respective recommendation on a scale ranging
from 1 "Not at all useful" to 5 "Totally useful", with an additional
option of 0 "Did not use it". (2) The second item assessed the same
for the usefulness of the dashboard.

Expertise-related Aspects. We used the AI literacy scale by
[31] to capture the participants’ self-rated perception of their AI
knowledge and experience in usage and design. We assessed Cog-
nitive Load with a questionnaire by [20] that distinguished the
concept into Mental load and Mental effort. To collect participants’
Graph Literacy, we used the short graph literacy by [29]. The scale
presents four visualizations, each requiring participants to provide
multiple-choice answers or open-ended responses based on the
information displayed. To measure the Experience with Reporting
System, we developed the following item: "When you think about a
typical workday, how often do you use reporting systems?" we as-
sessed experience with reporting systems on a scale from 1 "Never"
to 5 "Regularly".

Mindset-related Aspects. To assess aspects of Trust and Per-
ceptions of Recommender, four variables were measured using scales
adapted from [12] measured on a 7-point Likert scale ranging from
1 "Strongly disagree" to 7 "Strongly agree". We tailored the items
and instructions to align with the experimental condition, ensur-
ing they addressed the corresponding recommender. Items include
AI Integrity (e.g., "I think the AI Recommender makes unbiased
decisions"), AI Trust (e.g., "I would heavily rely on the AI Recom-
mender"), AI Fairness (e.g., "I think the AI Recommender makes fair

1We conducted a first qualitative pretest with N = 12 and a second quantitative pretest
with N = 40

recommendations"), and AI Acceptance (e.g., "I think I would accept
the AI recommendation").

To evaluate General Attitudes toward AI for participants in the
AI group, a questionnaire with two scales from [33] was employed:
Positive General Attitudes toward AI (e.g., "I am interested in using
Artificial Intelligence systems in my daily life" and "Artificial Intel-
ligence can provide new economic opportunities for this country")
and Negative General Attitudes toward AI (e.g., "I think Artificial
Intelligence is dangerous" and "Artificial Intelligence might take
control of people"). Responses were rated on a 5-point Likert scale
ranging from 1 "Strongly disagree" to 5 "Strongly agree".

3.4 Sample
We had 395 participants in the main experiment. We excluded 32
data sets due to less than 50% correct answers in comprehension
checks. This left 363 participants (140 female, 221 male, 2 prefer
not to say) aged 18 to 69 (m = 38.69, SD = 10.72). Participants
were randomly assigned to either the AI group (N = 183; 50.4%)
or the Human-Expert recommendation group (N = 180; 49.6%).
The majority were managers with 76.6%, with senior managers
making up 23.4%. Work experience varied, with 42.5% having over
16 years, 21.0% with 6–10 years, 16.3% with 3–5 years, 15.7% with
11–15 years, and 4.4% with 1–2 years. The average survey duration
was approximately 28.95 minutes (SD = 13.16 min). Table 2 (see
Appendix) summarizes the characteristics of the sample.

4 Results
To address RQ 1, the research data is compared between the two
groups receiving either AI or Human-Expert recommendations us-
ing anANCOVA. The influence of additional factors such asmindset
towards the AI/Human-Expert recommendation and expertise on
task performance was analyzed using linear regression (RQ 2). The
data was tested for compliance with the statistical requirements
of both measurements. Levene test was used to confirm the as-
sumption of homogeneity of variances across groups for tasks with
important input (F (1, 361) = 1.25, p > .265), which confirmed no
deviations from the assumption. We used the Variance Inflation
Factor (VIF) to check for multicollinearity in regression analysis. No
multicollinearity was detected among the predictors. In addition to
answering the RQs, we conducted exploratory analyses to examine
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variations in participants’ utilization of AI recommendations for
task completion and their evaluations of the recommendations’
perceived helpfulness.

4.1 Effects of the Labeling of Recommendation
System on Complex Task Performance

The participants performed well for tasks with important recom-
mendations (M = 5.83, SD = 1.25). A comparison between the two
groups revealed no performance differences, with participants re-
ceiving AI (M = 5.84, SD = 1.21) and Human-Expert (M = 5.81,
SD = 1.30) recommendations performing equally well. Table 3 (see
Appendix) provides a detailed overview of the means, standard
deviations, and F-test results. To address RQ 1, we performed an
ANCOVA calculation, including the complex task performance as
the dependent variable and the labeling as the independent variable.
We add expertise-based variables, such as graph literacy, experi-
ence with reporting systems, AI literacy, and cognitive load, as
control variables into the ANCOVA to account for variances in task
performance due to individual differences. Against prior research
findings that the labeling of a dashboard-integrated RS leads to dif-
ferences in complex task performance, the ANCOVA results reveal
that both groups performed equally in the tasks regardless of the
recommendations’ labeling (F (1,357) = 0.99, p = .32). About the con-
trol variables that we included into the ANCOVA, our results show
an effect of graph literacy on task performance (F (1,357) = 37.31,
p < .001). In addition, the self-reported cognitive load arising from
the tasks significantly influenced task performance (F (1,357) = 9.57,
p < .001), with higher task results for participants reporting less
cognitive demand.

4.2 Effects of Expertise and Mindset on
Complex Task Performance within a
Dashboard Scenario

To address RQ 2, we analyze variables influencing task performance
within each subgroup, performing linear regression. In addition
to expertise-related variables –graph literacy, AI literacy, experi-
ence with a RS, and cognitive load–, we integrated mindset-related
variables into the analysis, such as integrity, trust, fairness, and
acceptance of the respective recommendation. For participants re-
ceiving theAI recommendation, we added their positive and negative
attitudes towards AI. Calculations reveal a significant linear model
(F(9,173) = 3.43, p < .01). The results show a significant coefficient
for graph literacy (𝛽 = .23, p < .01) and cognitive load (𝛽 = -.19,
p < .05) on task performance indicating that participants with
higher graph literacy perform better when receiving AI recommen-
dations and participants with higher cognitive load show reduced
task performance. Similar effects of graph literacy (𝛽 = .50, p < .001)
can be observed in theHuman-Expert recommendation group. Again,
the linear model was significant (F(6,173) = 8.04, p < .01). In both
groups, we found no significant impact for variables related to
participants’ mindsets on task performance.

4.3 Exploratory Analysis and Additional
Observations

In addition to conducting the confirmatory analyses, we also ex-
plored the explanation of variance in participants’ usage and percep-
tion of theAI recommendation. After each task, participants reported
whether they used the dashboard and the AI/Expert recommenda-
tions for completing the tasks and rated the usefulness of the dash-
board and recommendation in achieving task goals. We conducted
linear regression, including perceived helpfulness or reported use
as dependent variables and expertise-related factors, such as AI
literacy, graph literacy, cognitive load, mindset-related variables,
attitude toward AI, trust, acceptance, fairness, and integrity as
independent variables. For participants receiving Human-Expert
recommendation, the linear regression on perceived helpfulness of
the Human-Expert recommendation revealed trust as a significant
coefficient (𝛽 = .2, p < .001) on the helpfulness of the Human-Expert
recommendation. In addition, we were also interested in whether
participants utilized the AI recommendations for task completion.
For participants who received AI recommendations, the findings
indicate trust as a significant coefficient (𝛽 = .38, p < .01). Trust was
also significant coefficient for those who received Human-Expert
recommendations (𝛽 = .26, p < .001).

5 Discussion
Our study investigated the impact of RS labeling (AI vs. Human-
Expert), mindset toward AI, and expertise on task performance
within a complex management setting. Unlike prior research focus-
ing on simplified decision tasks, our experiment involved actual
managers working in a realistic, high-complexity decision envi-
ronment. Regarding our first research question, task performance
did not significantly differ between AI-labeled and Human-Expert-
labeled recommendations. Instead, graph literacy and cognitive
load emerged as the primary predictors of performance, supporting
the view that expertise, rather than labeling effects, determines
decision-making efficiency in data-driven environments [7, 30].
For our second research question, mindset factors, such as trust
and acceptance of AI, did not significantly affect task performance.
However, exploratory analysis revealed that AI-related attitudes
positively influenced subjective evaluations—such as perceived help-
fulness and reported usage of recommendations—indicating that
while mindset affects how users engage with RSs, it does not nec-
essarily translate into better decision accuracy.

These findings align with broader discussions in HCI and RS
research, suggesting that once tasks reach a certain level of com-
plexity, cognitive abilities directly relevant to the task become the
primary determinant of performance, while factors such as mind-
set, RS labeling, and system explanations play a lesser role [16, 19].
The existing HCI literature often emphasizes technical RS aspects,
including algorithmic efficiency, design patterns, and explanation
mechanisms, while prioritizing internal validity in controlled ex-
perimental studies [1, 14, 21, 37]. However, our results suggest that
integrating these factors into a high-complexity, externally valid set-
ting shifts the primary performance drivers toward comprehension
of the dashboard and tasks, reinforcing the importance of expertise
in extracting meaningful insights from RSs.
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Another key observation relates to the AI placebo effect, which
has gained attention in recent RS and HCI research [19, 36]. While
prior studies highlight the psychological influence of AI labels on
perceived system effectiveness, our results suggest that in high-
complexity decision-making contexts, managers’ performance is
not meaningfully influenced by these labels or their associated men-
tal models. Instead, users relied on their expertise and task-related
cognitive processing, with trust in AI affecting subjective evalu-
ation metrics rather than objective performance outcomes. This
finding calls into question the generalizability of AI placebo effects
in structured managerial decision tasks, where domain knowledge
and analytical skills take precedence over heuristic-driven biases.

Our study also underscores the methodological challenges of
achieving external validity in RS experiments. While many prior
studies focus on labeling effects, mental models, and system expla-
nations in controlled settings, our findings emphasize the necessity
of designing RS experiments that reflect real-world decision-making
conditions [6, 35]. The interaction between user expertise, task com-
plexity, and system design must be better understood to develop
RSs that effectively support decision-makers navigating dynamic,
ambiguous, and high-stakes environments. These results suggest
that future research should move beyond isolated labeling effects
to examine how expertise, task structure, and cognitive load jointly
influence the effective use of AI-driven decision support systems.

5.1 Limitations
As with all experimental work, there are limitations. First, the dash-
board design lacked interactivity, which might have reduced user
engagement [10]. We do not believe this impacted task performance
as the overall accuracy was high, and the reported cognitive load
was relatively low. Second, the absence of explainable AI features,
such as transparency regarding KPI and recommendation calcu-
lations, could have affected trust and decision behavior and thus
mask the labeling effects commonly found. Third, our sample may
not represent the diversity of real-world decision-makers. Exper-
tise is task-related, and we had managers in our sample who had
experience in dashboard use. Moreover, the exclusion of contextual
factors, such as time pressure, organizational culture, and compet-
ing priorities, reduces the real-world applicability of our findings.

5.2 Future Research
We have identified three main areas for future research. First, de-
signing the dashboard as an interactive dashboard –using filters and
drop-downs– means allowing users to have personalized views and
filter data to potentially further improve task performance. Through
methods like click analysis and eye-tracking, recommendation us-
age, users’ learning behavior, and cognitive load can be measured
more explicitly, and the influence of more realistic dashboard-RS
scenarios in complex task settings can be examined. Second, build-
ing RSs providing clear explanations of recommendation generation
processes and accuracy levels might foster transparency and trust.
Thus RSs could evolve into tools that not only provide suggestions
but also help users build expertise over time, improving decision-
making and performance in complex environments. Third, applying
the dashboard-RS setup across diverse management domains would

enhance claims of generalizability. The effects of mindset and cog-
nitive load may vary across contexts, requiring RSs to adapt to
specific needs and demands.

6 Conclusion
This research offers evidence-based insights into task performance
with data-driven dashboards featuringAI- orHuman-Expert-generated
recommendations. Contrary to prior research findings, recommen-
dation labeling did not significantly affect task performance. Instead,
graph literacy and cognitive load emerged as key predictors of per-
formance. Notably, a disconnect was identified: while participants
with positive attitudes toward AI perceived recommendations as
more helpful, these attitudes did not translate into improved perfor-
mance. The findings suggest that the determinants of performance
may shift significantly as task complexity increases. Specifically,
when tasks reach a high level of complexity, cognitive abilities
directly relevant to the task emerge as the primary predictors of
performance. In contrast, human factors such as mindset and la-
beling effects, frequently emphasized in prior research, appear to
have a diminished impact on objective performance. Instead, their
influence is more pronounced in shaping subjective evaluations
rather than objective performance outcomes. This shift underscores
the importance of considering task complexity and real-life appli-
cability when conducting experiments. It highlights the need for
further research to explore the nuanced interplay between cognitive
abilities, human factors, and task complexity in both experimental
and applied settings.
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A Appendix
A.1 Dashboard Design

Figure 3: Dashboard Design for the AI Recommender Experimental Condition
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A.2 Measurements

Table 1: Overview of Tasks, Variables, and Items used in the Experimental Study

Focus Variable Items Response Format

Task-related
Aspects

Task Performance 12 tasks, e.g.,
Task: "How should you adjust your staffing and promo-
tion strategy to accommodate the surge in customers?"
Correct answer: "Allocate additional staff to cash desks
and launch a targeted promotion during the local event."
Task: "How should you manage the cash desk opera-
tions to reduce the waiting time to 6 minutes or less?"
Correct answer: "Open two cash desks and reallocate
one colleague from the stockroom to the cash desk."

Multiple choice (1 correct
answer out of 4 options)

Utilization and Evaluation of
Recommendations’ Helpfulness

(1) Usefulness of the recommendation: "How helpful
was the recommendation?"
(2) Usefulness of the dashboard: "How helpful was the
dashboard?"

Scale: 1 "Not at all helpful"
to 5 "Very helpful" (addi-
tional option 0 "Did not use
it")

Expertise-
related
Aspects

AI Literacy [31] Self-reported knowledge and experience in AI usage
and design

Scale: 1 "Strongly disagree"
to 7 "Strongly agree"

Cognitive Load [20] (1) Mental load: "The tasks were difficult to complete."
(2) Mental effort: "I put effort into the task."

Scale: 1 "Not at all" to 7 "To-
tally"

Graph Literacy [29] Four visualizations with multiple-choice or open-ended
tasks

Multiple choice or open-
ended responses

Experience with Reporting
System

"When you think about a typical workday, how often
do you use reporting systems?"

Scale: 1 "Never" to 5 "Regu-
larly"

Mindset-
related
Aspects

Trust and Perceptions of
Recommender [12]

(1) AI Integrity: "I think the AI Recommender makes
unbiased decisions."
(2) AI Trust: "I would heavily rely on the AI Recom-
mender."
(3) AI Fairness: "I think the AI Recommender makes fair
recommendations."
(4) AI Acceptance: "I think I would accept the AI Recom-
mender’s recommendations."

Scale: 1 "Strongly disagree"
to 7 "Strongly agree"

General Attitudes toward AI
[33]

(1) Positive General Attitudes toward AI : "I am interested
in using AI systems in my daily life."
(2) Negative General Attitudes toward AI : "I think AI is
dangerous."

Scale: 1 "Strongly disagree"
to 5 "Strongly agree"
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A.3 Sample

Table 2: Sample Description including Demographics and Control Variables

Demographics Absolute AI Group Expert Group

Age mean (SD) 38.69 (10.72) 38.72 (11.2) 38.65 (10.23)
Gender abs (%)

Female 140 (38.57) 72 (39.34) 68 (37.78)
Male 221 (60.88) 110 (60.11) 111 (61.67)
No answer 2 (0.55) 1 (0.55) 1 (0.56)

Role abs (%)
Manager 278 (76.58) 140 (76.50) 138 (76.67)
Senior Manager 85 (23.42) 43 (23.50) 42 (23.33)

Working Experience abs (%)
1-2 years 16 (4.42) 5 (2.73) 11 (6.15)
3-5 years 59 (16.30) 34 (18.58) 25 (13.97)
6-10 years 76 (21.00) 36 (19.67) 40 (22.35)
11-15 years 57 (15.75) 27 (14.75) 30 (16.76)
16+ years 154 (42.54) 81 (44.26) 73 (40.78)

Experience with Reporting System mean (SD) 3.06 (1.10) 3.05 (1.06) 3.07 (1.15)
Short Graph Literacy mean (SD) 2.30 (1.09) 2.17 (1.09) 2.42 (1.07)
AI Literacy Overall Items mean (SD) 3.86 (1.65) 3.83 (1.74) 3.89 (1.56)

A.4 Outcomes

Table 3: Results of Task Performance and Evaluation of Dashboard and Recommendation for the Full Sample, AI, and Expert
Group

Variable Full Sample AI Group Expert Group F p

Task Performance 5.83 (1.25) 5.84 (1.21) 5.81 (1.30) 0.99 .32
Dashboard Use 6.63 (1.16) 6.54 (1.32) 6.72 (.97)
Recommendation Use 6.7 (1.04) 6.56 (1.26) 6.84 (.75)
Recommendation Evaluation 4.14 (.75) 4.12 (.80) 4.16 (.69)
Evaluation of Dashboard 3.77 (.86) 3.72 (.91) 3.82 (.81)

Note: Values are presented as M (SD). Dashboard Use and Recommendation Use are sum scores: 0–7 for tasks with necessary recommendations.
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