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ABSTRACT

For the trustworthiness of AI-based systems and their usage, control plays an 
important role from both regulatory and end-user perspectives. In general, two 
control approaches can be distinguished: direct control, giving the end user greater 
influence over the AI system, or a more indirect approach, by involving third parties 
to exercise control over the system. In this between-subjects experiment with 181 
participants, four conditions with direct and indirect (third-party) control measures 
were compared in their usage of the AI systems’ recommendations. During this 
study, participants evaluated the fit of fictional applications for a job opening. To 
assess system usage, we used the weight of advice (WOA), measuring the extent 
to which recommendations were considered in participants’ assessments. A one-
way ANOVA found a significant difference in the WOA between the levels of control:  
F(3, 183) = 2.81, p = .041. Group comparisons via contrasts showed a significant 
difference between the comparator and the third-party verification group (0.27; SE = 0.10; 
p = .011). Descriptively, all three experimental groups showed a higher usage (WOA) than 
the comparator group. This study shows the potential for control measures to deliver 
more trustworthy AI systems that see a higher usage of their recommendations. Thus, it 
provides practical implications for future design of AI-based decision support systems.
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INTRODUCTION

While AI-based systems are becoming increasingly present in our day-to-day 
lives and work, their trustworthiness and usage play an essential role in 
effective human-AI collaboration. Control is a vital factor, to facilitate both 
the trust in AI systems and their usage. 

One of the seven principles for trustworthy AI, as defined by the AI high-
level expert group of the European Union, is human agency and oversight (AI 
HLEG, 2019). Here, the importance of control is highlighted, clearly stating 
the importance of user autonomy, as well as the necessity of oversight and 
control measures. This need is also mirrored on the user side. When asked 
about factors that would increase their trust in AI systems, and multiple 
answers were possible, two of the top three user entries concerned control 
(Salesforce, 2024). While the most frequently mentioned entry was on 
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transparency (42%), “Human validation of outputs” was the second-most 
frequently mentioned, at 35% of participants, and “Greater user control over 
AI usage” ranked third, with 32% of participants highlighting this aspect as 
important (Salesforce, 2024). 

Thus, the present study aims to contribute to the ongoing discourse on 
control measures for trustworthy AI systems by exploring how different 
control measures influence the usage of recommendations by an AI-based 
decision support system. Specifically, we investigate whether direct and 
indirect (third-party) control measures succeed in enhancing the usage of 
such a system.

In the following sections, the current state of research and the hypotheses 
derived from it for this study will be presented. Afterwards, the experiment, 
its methods, and the results of this study will be described and discussed.

THEORETICAL BACKGROUND

Human-AI collaboration can be seen as a continuum, with fully manual work/
no automation at one end and full automation at the other (Parasuraman 
et al., 2008). Between these two extremes, the actual collaboration occurs, 
which can be divided into human-dominant and AI-dominant interactions, 
depending on the level of agency or control (Sun et al., 2023). In the field 
of human-dominant interactions, AI-based decision support systems can 
be placed. These systems offer users information or advice but let them 
decide what action to take and how to react (Jao, 2010). To ensure a 
working Human-AI collaboration, usage and trust of the system, and to 
overcome adverse effects like AI aversion, where participants prefer human 
recommendations, even though an AI system delivers a more accurate result 
(Rahman et al., 2023; Burton et al., 2020), a factor often discussed is control 
(Dietvorst et al., 2018; Lee et al., 2019; Westphal et al., 2023). To evaluate 
the effects of the control measures implemented in this study, we examined 
system usage by measuring the weight of advice (WOA) or how much the 
recommendations were taken into account. Although trust is an important 
prerequisite for system usage, they are not the same, as users can trust 
a system and yet still not use it (Turel & Gefen, 2013). In this study, we 
investigated the effects of control on users’ behaviour, which is why we chose 
system usage as the focus.

In general, control can be distinguished between direct and third-party 
control. Bandura (1997), for example, describes personal, proxy, and 
collective agency, of which we will focus on the first two. While personal 
agency describes the direct control a person has over a situation, proxy 
agency describes control as the indirect exertion of agency over a situation 
by having others (third parties) that act on my behalf. Regarding AI systems, 
control is often primarily discussed in terms of direct control. Here, giving 
users already small amounts of control resulted in a more positive evaluation 
of the algorithm (Dietvorst et al., 2018). Additionally, studies found that 
giving users greater control in the interaction with the AI system, by allowing 
them to adjust the system’s recommendations, resulted in higher trust and 
compliance with the system and thus usage (Westphal et al., 2023). 
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Some applications of human-in-the-loop approaches, on the other hand, 
can be classified as third-party control, in which a human supervisor is part 
of the decision process, providing approval before the AI system creates its 
output (Samad, 2023). A study by Reis et al. (2024) found that advice from 
a human using AI didn’t differ significantly from purely AI-based advice and 
performed significantly worse than purely human advice in terms of rated 
reliability, empathy, and the willingness to follow the advice. On the other 
hand, customer reactions were more positive when human control over the 
AI system was clearly evident (Haupt et al., 2024). Overall, previous studies 
on third-party control in the context of AI systems have shown mixed results 
regarding the beneficial effects of involving a human third party who can 
exert control over the AI system. 

Additionally, many previous studies focused on the medical domain or 
on domain-agnostic tasks, while this study focuses on a task from the work 
context and compares both direct and indirect control measures. Thus, 
the study at hand addresses the following research question: Can different 
control measures (direct and third-party control) increase the usage of 
recommendations from AI systems in the context of a hiring decision?

METHODS

This chapter gives an overview of the methods of this current study. It presents 
information about the sample, experimental procedure, study design and 
operationalization.

Sample

Of the total sample of 194 participants who completed the questionnaire, 
seven had a relative speed index greater than 2, indicating potential inattentive 
or superficial responses (Leiner, 2019). The responses of these participants 
were checked, and five were excluded due to extremely low response times 
(2 to 5,5 minutes for the whole study) or missing data. Of the 189 remaining 
participants, eight needed to be excluded because they had coincidentally 
given the same value for their first rating as the AI recommendation later, 
resulting in an undefined value for the WOA in that trial and thus missing 
values for the total WOA for that participant.

The final sample consisted of 181 participants. Of this, 131 (72.4 %) were 
female, 46 (25.4 %) were male, three (1.7 %) identified as diverse, and one 
participant (0.6 %) chose not to answer. The average age was 29.65 years  
(SD = 11.46, range = 18–66 years). The level of education was relatively high: 
seven people had a secondary school diploma (3.9%), and 62 participants 
had a general university entrance qualification (34.2%). Twelve participants 
had completed vocational training (6.6%). 49 participants (27.1%) had a 
bachelor’s degree, 35 participants (19.3%) had a master’s degree/diploma, 
and 12 participants (6.4%) had a doctorate. Four participants (2.2%) 
indicated “other.” 
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Procedure

The study was designed as an online vignette study on SoSci Survey (Leiner, 
2024), using a Wizard-of-Oz approach. While the participants believed they 
were interacting with a real AI system, the presented recommendations were 
hard-coded. After receiving information about data protection, voluntary 
participation, and the study duration, the participants were introduced to 
the study context. As a team lead, they were tasked with identifying the most 
suitable applicant for a job vacancy. As a basis for this, they received a job 
profile with task descriptions and required qualifications. One after another, 
the participants received three applications for the position to evaluate their fit 
with the job profile. The participants received explanations and background 
information about the fictional AI system TalentMatchPro that they were 
about to interact with. Afterwards, they were randomly assigned to one of 
four conditions, each with a different control measure, as explained under 
the study design in the next chapter. In all groups, participants first assessed 
the applicants’ fit for the job profile, then received the recommendation, and 
were asked to provide a final assessment that could differ from or match the 
first assessment. After evaluating all three applications, participants answered 
demographic questions and received their debriefing.

Thus, the experiment consisted of three phases: Firstly, participants 
provided consent and were introduced to the study context and background 
information on the AI system and its workings. Secondly, they received the 
job profile and an application, provided their initial assessment, received the 
AI system’s recommendation, and then provided their final assessment. This 
second phase was repeated three times for three different applicants. The job 
profile, however, stayed the same. The third phase contained demographic 
questions, as well as the debriefing, where participants were informed of 
the study’s aim and about the fact that they didn’t interact with a real AI 
system or colleague, and for group two, that they weren’t able to influence 
the system’s responses when setting its priorities.

Study Design and Hypothesis

The study compared four conditions, one comparator group and three 
experimental groups that differed in the extent of control the participants 
had in their interactions with the fictional AI system. The first group acted 
as the comparator group with the lowest level of control (low control group 
= 46 participants). Here, the participants received a recommendation from 
the alleged AI system, as explained above, with no further specifications. 
The second group was able to change the system’s priorities and weights 
(e.g., applicants’ work experience, communication skills, etc.) as well 
as the decision, whether the system should include further information 
(e.g., applicants’ photos or results from a previous aptitude test), giving 
the participants more control over the system’s operations (direct control 
group = 44 participants). In the third group, instead of interacting directly 
with the alleged AI system, the participants were told that the provided 
recommendation came from a colleague who used the introduced AI system 
to assist with his response (third-party AI usage group = 47 participants). 
Group four had the same setup as group one but received the additional 
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information that an experienced colleague had verified the validity of the 
systems’ recommendations before they were provided to the participants 
(third-party verification group = 44 participants). Thus, groups three and 
four fell in the category of third-party control. 

Based on the findings from the previous literature, this design described 
above was used to test the following hypotheses in this study:

H1: The four conditions of control differ significantly from each other
H1.1: �Usage of AI recommendations in the comparator group is lower 

than when participants are given greater direct control (direct 
control group)

H1.2: �Usage of AI recommendations in the comparator group is lower 
than when the AI system is used by a third-party to reach the 
recommendation (third-party AI usage group)

H1.3: �Usage of AI recommendations in the comparator group is lower 
than when the recommendations are verified by a third-party (third-
party verification group)

H1.4: �The direct control group differs significantly from the two third-
party groups

Operationalization

In this study, the weight of advice (WOA) is used to measure the usage of 
the AI systems’ recommendations. It refers to the extent to which a person 
changes their initial assessment in response to a given recommendation, 
thereby reflecting the strength of that advice’s influence. The WOA is 
calculated by dividing the difference between the final and initial estimates 
by the difference between the advice and the initial estimate. 

WOA =
final estimate − initial estimate

advice − initial estimate

A WOA value of 0 indicates that participants completely ignored the 
advice and that their final estimate was the same as their initial estimate. 
In contrast, a WOA of 1 indicates that subjects completely abandoned their 
original estimate and fully adopted the advice. At the participant level, a 
mean WOA value was calculated across the three evaluated applicants. 

RESULTS

We conducted a one-way ANOVA to assess the effects of different levels of 
control on the usage of the AI systems’ recommendations (as measured by 
the WOA). A significance level of α = .05 was set for the analyses. For the 
levels of control, there were four groups: direct control (M = 0.30, SD = 
0.50), low control (M = 0.06, SD = 0.64), third-party AI usage (M = 0.25, 
SD = 0.34), and third-party verification (M = 0.33, SD = 0.47). Although 
the Shapiro-Wilk test indicated a violation of the normality assumption  
(p < .05), an ANOVA was conducted due to its inherent robustness to non-
normal distributions. There was homogeneity of variance (Levene’s test,  
p > .05). The usage of the AI systems’ recommendations (as measured by the 
WOA) differed statistically significantly for the different levels of control:  
F(3, 183) = 2.81, p = .041, η2

p
 = .044.



86� Zysk et al.

Group Comparison Via Contrasts

To test the formulated subhypotheses H1.1, H1.2, and H1.3, contrasts 
were calculated comparing group 1 (low control) with groups 2 (direct 
control), 3 (third-party AI usage), and 4 (third-party verification). For the 
subhypothesis H1.4, an additional contrast was calculated to compare group 
2 to the two third-party groups (groups 3 and 4). A Bonferroni-corrected 
p-value of p = .0125 was used for the calculation. The calculated contrasts 
are displayed in Table 1.

Table 1: Calculated contrasts.

Contrast 
Values

Standard Error p Value

Low control vs direct control 0.24 0.10 .023

Low control vs third-party AI usage 0.19 0.10 .068

Low control vs third-party verification 0.27 0.10 .011*

Direct control vs third-party groups 0.01 0.09 .904

*statistically significant against a Bonferroni-corrected p-value of p = .0125

There was a statistically significant difference in WOA-scores between the 
groups with low control (M = 0.06, SD = 0.64) and third-party verification  
(M = 0.33, SD = 0.47) of 0.27 (SE = 0.10), p = .011. While the group with 
low control descriptively had the lowest value of all four groups (0.06 vs. 
0.30; 0.25; 0.33), the other two contrasts comparing this group to groups 
2 and 3 were not significant. Additionally, the contrast between the direct 
control group and the two third-party groups (3 and 4) found no significant 
difference. 

According to Yaniv (2004), all WOA-values can be described as low, with 
values from 0 to 0.3 classified as low, values from 0.4 to 0.6 as medium, and 
values from 0.7 to 1.0 as high. 

DISCUSSION

This study examined the effect of different control types on the usage 
of AI advice. For this, four groups were compared in a between-subjects 
study design. The conditions were a comparator group with low control 
and three experimental groups with different control measures. The first 
experimental group was a direct control group, in which participants had 
higher control because they could select priorities for the AI system and the 
other two groups were designed as third-party controls: in one condition, a 
colleague gave the assessment while using the AI system, and in the other, 
participants were notified that a colleague had previously verified the validity 
of the AI system’s recommendations. In this study, hypotheses H1 (The four 
conditions of control differ significantly from each other) and H1.3 (Usage 
of recommendations in the comparator group is lower than in the third-
party verification group) were supported by the data, finding statistically 
significant results. In contrast, hypotheses H1.1 (Usage of recommendations 
in the comparator group is lower than in the direct control group), H1.2 
(Usage of recommendations in the comparator group is lower than in the 
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third-party AI usage group), and H1.4 (The direct control group differs 
significantly from the two third-party groups) were not supported by this 
study’s findings.

This study’s findings contribute to the growing literature on human AI 
collaboration, showing that control measures are an important way to 
increase the use of recommendations from an AI-based decision support 
system. Its findings are thus in line with previous studies (Dietvorst et al., 
2018; Westphal et al., 2023; Haupt et al., 2024). It particularly highlights 
the potential of third-party verification of AI results (H1.3). This aligns 
with previous studies that found end users seeking third-party verification 
and independent certificates to enhance their trust in an AI system (Werz 
et al., 2023). Descriptively, the comparator group with low control had the 
lowest usage of all four groups. As all WOA values were below 0.39, they 
can be rated as low (Yanniv, 2004). Here, previous studies have shown that 
algorithmic recommendations are taken into account much more strongly 
when presented before participants make a decision than after (Aiyer & 
Yeung, 2025; Serra-Garcia & Gneezy, 2024). However, this was necessary to 
calculate the WOA and thus to measure the system’s usage.

Some results of this study however, were not expected from previous 
literature: Regarding the comparison of the comparator to the direct control 
group, it is possible that the participants felt like they already had a lot of 
control in the comparator condition, as the system was always a decision 
support system, falling in the human-dominant part of the human-AI 
collaboration continuum (Sun et al., 2023). In fact, other studies, such as that 
by Westphal et al. (2023), used a condition similar to the comparator in this 
study as their high-control condition. Additionally, the priority selection did 
not affect the recommendations during the study, which might have reduced 
the positive effect.

As we couldn’t find a significant difference between the comparator and 
the third-party AI usage group, it may be that it wasn’t clear that the alleged 
colleague was in control of the system, or that the participants didn’t trust 
him to use that control as they wished. This might also explain the mixed 
results found in previous studies (Reis et al., 2024; Haupt et al., 2024). 
In this case, it might be crucial that it is very clear that the third party is in 
control of the system, how exactly they use it, and for what purpose. Also, in 
this case, the third party may not have been trusted enough to improve the 
AI system’s perception.

Some additional limitations of this study should be noted. During the 
participants’ trial, they only had three interactions with the system. This 
might not have given them enough time and opportunity to get a feel for the 
system and build trust in it. Additionally, the participants did not interact with 
a real AI system; instead, they received scripted answers in this vignette study. 
Consequently, the preferences that could be manipulated in one condition 
didn’t change the given recommendations. 

For future work, the areas of human-AI collaboration and the effects of 
control remain relevant and promising research fields. As shown in this study, 
third-party verification was an effective tool for enhancing system usage. As 
this might not always be possible in practice at the output level, it would be 
interesting to compare other types of verification and their effects on AI system 
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perception and usage. This could entail, e.g., verification or certification of 
the system’s overall reliability, automatic output verification by a third-party 
service, or on-demand verification of individual results. Despite not finding 
an effect in the condition with higher direct control, it might still be valuable 
to compare different options of enhanced direct control, other than the one 
chosen here, in which participants could manipulate system priorities at 
the start of the interaction. One possibility would be a different Human-in-
the-loop approach, in which users provide feedback during the interaction, 
thereby shaping the system’s answers. Overall, we recommend that future 
studies use longer or more frequent interactions with the AI system, and 
it might also be interesting to have participants interact with an actual AI 
system to enhance the study’s realism.

CONCLUSION

This work investigated the effect of different control measures on the usage 
of an AI-based decision support system. Here, we found a statistically 
significant difference across the control conditions in the usage of the AI 
systems’ recommendations. Contrast comparisons showed a significant 
difference between the comparator group and the third-party verification 
group. This shows the benefit of providing a verification of AI systems and 
their outputs by third parties, for the usage of AI recommendations. This 
study, with its results, contributes to the developing field of research on 
human-AI collaboration and carries practical implications for the design of 
trustworthy and usable AI. 
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