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ABSTRACT

AI-based Decision Support Systems (AI-DSS) are increasingly recognized for their 
significance in professional environments. A key challenge in human-AI interactions is 
effectively communicating the uncertainty inherent in AI recommendations, as this can 
influence performance outcomes. Various methods exist for representing uncertainty, 
primarily through numerical data or visual cues. While users often favor numerical 
probabilities for their perceived precision, these figures can be difficult to interpret. 
Conversely, visual representations may enhance understanding but tend to be less 
accepted by users. The existing literature lacks clear conclusions regarding the impact 
of these communication designs on user performance and cognitive load. This research 
examines the effects of two forms of uncertainty communication—numerical (decimal 
numbers) and visual (traffic light system)—on user performance and cognitive load. 
An online experimental study was conducted with 104 participants assigned randomly 
to either condition within an AI-supported customer service context. Participants 
responded to support request emails using AI-ranked response modules while retaining 
decision-making authority. Each participant engaged with ten vignettes and completed 
questionnaires measuring task load afterward; performance was assessed based on 
correctly answered vignettes. Results indicated no significant differences in task load 
between groups. However, notable variations in performance emerged when systems 
made errors, influenced by the communication design used. These findings suggest 
that effective uncertainty communication strategies may vary based on context and 
audience, offering valuable insights for designing AI-DSS.
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INTRODUCTION

AI-based decision support systems (AI-DSS) enhance decision-making 
by integrating human expertise with data-driven recommendations. The 
importance of these systems has grown, as joint human-AI decisions often 
outperform individual human judgment in various scenarios (Vaccaro 
et al., 2024). In workplace settings, joint human-AI performance is a critical 
metric for evaluating the benefits of AI-DSS, leading to its implementation 
across diverse applications, for example, in healthcare, the finance sector, 
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or manufacturing. Additionally, employees supported by AI-DSS frequently 
report reduced mental load (Kong et al., 2023). However, achieving these 
positive outcomes hinges on users developing appropriate reliance on the 
system’s recommendations, neither overtrusting nor undertrusting them 
(Zhang et al., 2020). Overtrust occurs when users blindly follow system 
suggestions without critical evaluation, while undertrust results in insufficient 
utilization of the system’s capabilities. Uncertainty communication 
emerges as a potential solution to foster appropriate reliance by presenting 
probabilities alongside recommendations to indicate their reliability. Despite 
its promise, current research provides mixed results regarding its effectiveness 
(Rechkemmer & Yin, 2022; Zhang et al., 2020). Furthermore, key contexts 
remain underexplored, including work environments and decision tasks with 
multiple response options (Lai et al., 2023).

This study aims to examine how uncertainty communication within an 
AI-DSS affects performance and task load in a work-related decision-making 
scenario. We designed our investigation around a technical customer support 
task with multiple response options to address existing research gaps.

RELATED WORK

Uncertainty communication in the context of AI-based decision support 
systems displays the additional information about the systems’ uncertainty 
along with the recommendations made as decision support. The goal of 
uncertainty communication is to raise awareness of the possibility that most 
systems are not accurate in every case. It should warn the user in cases where 
the system recommends incorrect options. On the one hand, this can prevent 
blindly following the system’s recommendations, which is also described as 
overtrust. On the other hand, it could also affect the tendency for people 
mistrust the system when they notice that the system made a mistake. This 
phenomenon is called algorithm aversion. 

After the discovery that users had to slow down to process uncertainty 
communication (Prabhudesai et al., 2023), It was used as a strategy, named 
cognitive forcing, to slow the users down and to motivate them to consider 
analytically every recommendation (Buçinca et al., 2021). Although this 
strategy reduces overreliance on the participants, they needed more cognitive 
capacity and did not rate their interaction as pleasant (Buçinca et al., 2021; 
Liu et al., 2021). 

Prior research has yielded mixed results regarding the presentation 
of model uncertainty information and its impact on user reliance on AI 
suggestions. Some studies found that displaying high uncertainty in model 
input features can lead to a significant decrease in user confidence and 
trust in the system (Lim & Dey, 2011). Conversely, other research indicated 
that presenting model confidence as a percentage had limited effects on 
user reliance when accompanied by the model’s stated accuracy based 
on held-out data (Rechkemmer & Yin, 2022). In general, uncertainty 
communication might affect the performance as well as the task load of 
the users. 
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One could conclude that the type of uncertainty communication might be the 
decisive factor for the mixed results. In numerical uncertainty communication, 
probabilities are often communicated as percentages, or decimal numbers are 
used. The challenge with effectively utilizing probabilities lies in users’ ability to 
interpret these values, a phenomenon known as statistical illiteracy. This issue 
has been acknowledged since the 2000s, with recommendations suggesting 
the use of frequencies instead of relative probability scores (Gigerenzer 
et al., 2007). However, evidence supporting the superiority of frequency-based 
communication over relative probability scores remains inconclusive (Cao 
et al., 2024). Furthermore, while some studies advocate for calibrated scores, 
these too have not consistently outperformed standard relative probability 
scores (Cao et al., 2024). Also, people want to receive uncertainty information 
(Gaertig & Simmons, 2018) but find it hard to interpret it (Bussone et al., 
2015). Most existing research has focused on binary decisions; however, it 
raises an important question: how do users interpret probability scores when 
there are multiple response options? Is it easier to understand probabilities in 
relation to one another?

Another potential avenue for improving understanding may lie in 
visual representations of uncertainty. Visuals could mitigate the difficulties 
associated with interpreting statistical data by leveraging graphical 
education through imagery. Nonetheless, previous studies have faced 
criticism for using overly complex graphics, such as violin plots or error 
bars (Fernandes et al., 2018; Zhao et al., 2024). This leads us to consider 
what possibilities exist for representing uncertainty when multiple response 
choices are involved. Can visuals or icons effectively replace traditional 
numerical representations?

Regarding the variables of performance and task load, we hypothesize: 

	 H1: �The performance of people working with an AI-based decision 
support system who receive visual uncertainty communication 
differs from the performance of those who receive numerical 
communication. 

	 H2: �The task load of people working with an AI-based decision support 
system who receive visual uncertainty communication differs from 
the task load of those who receive numerical communication. 

METHODS

Sample 
A total of 104 participants was recruited with a digital flyer that was posted 
on social media, as well as a university internal system recruiting psychology 
students who received test subject hours as compensation. Among the 
participants, n = 72 (69%) identified as female and n = 31 (30%) identified 
as male, while n = 1 (1%) did not disclose their gender. The average age of 
participants was 32 years, with ages ranging from 18 to 68. Approximately 
half of the sample were university students (n = 55, 53%), with a high 
proportion of psychology students (n = 40, 39%). The other half was 
employed. 
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Design
The between-subjects design compares two groups regarding the two 
dependent variables, performance and task load. One group received visual 
uncertainty communication as a traffic light symbol during their task, while 
the other group received numerical uncertainty communication as a decimal 
number (Fig. 1). The participants were randomly assigned to the groups.

Stimuli
The study was conducted as an online vignette study via Sosci Survey in 
two survey periods: 15.06.25 until 02.07.25 and 29.10.25 until 17.11.25. 
The vignette was used to represent a fictional customer service portal, 
which provided both customer emails and pre-written response templates 
for frequently asked questions. Participants were asked to put themselves 
in the shoes of a customer service representative at a company that sells 
Wi-Fi adapters. The participants’ task was to match the correct pre-
written response template to different e-mail enquiries. The AI support, 
which was facilitated by a displayed picture of the AI output, was realized 
by ranking the eight possible response templates according to their 
likelihood to match the current e-mail. The participants were told that the 
AI had an accuracy of 80% on the first-ranked response. Consequently, 
the recommendation of two of the ten AI-supported items was incorrect. 
The correct answer was not ranked in first place but in second place. As the 
uncertainty communication should warn the participants in which cases 
the AI system is not accurate, the first option had a yellow traffic light, 
and in the numerical variant, the decimal was below 0.80, as displayed in 
the upper example of Figure 1. 

  

 

Figure 1: AI output used a stimulus within the experiment. Two e-mail items display 
the different variants of uncertainty communication. Left the coloured traffic light 
symbols and on the right side the numerical uncertainty communication. 
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Operationalization
The key dependent variables are performance and task load. Performance is 
measured as the matching of the correct response option to the emails. Task 
load is operationalized with the NASA Task Load Index (Hart & Staveland, 
1988). The participant rated their task load with items assessing, for example, 
the mental load or the effort on a scale from 0 to 100.

Procedure
The study began with participants reading information about data protection 
and consenting to participating in the study. They read information about 
the product relevant to the emails they were tasked with addressing. This 
information included a product description, potential malfunctions, and 
corresponding response texts. To familiarize participants with the email 
system, a practice phase consisting of two emails was integrated. Subsequently, 
a control block was implemented at the beginning of the test to assess how 
well participants understood the functionality of the described product. This 
control block consisted of four emails that participants had to respond to 
without AI support. The following AI-supported interaction phase comprised 
two blocks containing five emails each. After participating in this AI-supported 
interaction phase, participants filled out questionnaires regarding task load. 
On average, participants required 40 minutes to complete a full trial run.

RESULTS

The statistical analytics were performed with IBM SPSS version 29.0.2.0. 
Table 1 displays descriptive statistics comparing the visual and numerical 
uncertainty communication groups. While the performance of the items 
is displayed by frequency of correct answers per item, the score for task 
load operationalized by NASA TLX questionnaire is shown as means with 
standard deviations.

Table 1: Descriptive statistics displaying the performance.

Group n
Performance in the Frequency of Correct Answers

Task load 
(NASA TLX 
score 0-100)

I II III IV V VI VII VIII IX X Mean s

Visual 51 51 45 50 41 48 43 45 45 45 51 31,93 13,62

Numerical 53 52 50 53 51 52 51 46 47 35 53 27,33 11,85

χ² 0,97a 1,23a 1,05a 6,38* 1,12a 4,24* 0,05 0,01 7,21* -

χ² = Pearson-Chi-Quadrat; a expected cell frequencies below 5; * p-value < 0,05; abbreviations:  
n = sample size; s = standard deviation.

Comparing the groups regarding their performance, chi-square tests 
were used; for items where the expected cell frequencies were below 5, the 
exact test according to Fisher (Mehta & Patel, 1983) was used. In Item X, 
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the groups could not be compared because in both groups, all participants 
answered this item correctly. No significant differences were found for Items 
I, II, III, V, VII, and VIII. Whereas Item IV χ²(1) = 6,38, p = .012, φ = 0.248, 
Item VI χ²(1) = 4,25, p = .039, φ = 0.202, and Item IX χ²(1) = 7,21, p = .007, 
φ = –0.263 show a significant difference between the visual and the numerical 
uncertainty communication. Descriptively, in items IV and VI, the numerical 
uncertainty led to higher frequencies of correct answers (IV: visual: 41/51; 
numerical: 51/53; VI: visual: 43/51; numerical: 51/53). In item IX, the visual 
group had a higher frequency of correct answers (visual: 45; numerical: 35). 

The task load between the groups was compared with a t-test. No 
significant mean difference was found between the visual (mean = 31,93) 
and the numerical (mean = 27,33) uncertainty communication style t(102) = 
1,838, p > .05.

DISCUSSION

This study examined the effect of different variants of uncertainty 
communication on the performance and the task load of users of an AI-based 
Decision support system. We compared a visual uncertainty communication 
as a coloured traffic light symbol, with numerical uncertainty communication 
displayed as decimal numbers.

Hypothesis 1, stating a difference in performance between the variant 
of uncertainty communication, was supported by the data in cases where 
the system did not recommend the correct solution in the first place. Those 
items were item IV and item IX. Surprisingly, the descriptive values of the 
frequency of correct answers suggest that the effects of the items point in 
different directions. While in item VI the numerical group performed better 
compared to the visual group, it is opposite at item IX, where the visual 
group performed better than the numerical group. This could be attributed 
to the fact that the items were different in their design. In item VI, the first-
ranked response by the AI-system had a numerical score of 0.50, and the 
second-ranked response had a score of 0.24. In the visual condition, the first 
response had a yellow traffic light, and the second had a red traffic light due to 
the low score. This differentiation could have misled the visual group. In the 
scenario of the other item, both first responses had a yellow traffic light, and 
the numerical scores were 0.57 and 0.43, respectively. In this second case, the 
visual group performed better because the system categorized both answers 
as equally matching. As expected, the other items were not influenced by the 
type of uncertainty communication, except item IV. It shows a significant 
difference between the groups. We are not sure what might led to this effect. 
But in every interpretation of the occurred effects, it is important to consider 
the item difficulty since it could have an impact on the decision. 

The second hypothesis, focusing on the task load of the participant, stated 
a difference between the types of uncertainty communication, and was not 
supported by the data. The suggested relief of the task load that the simpler 
representation compared to the numerical uncertainty communication 
should have could not be found. Even the descriptive values point in the other 
direction since the visual group has a slightly higher mean of task load than 
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the numerical group. This might indicate that although the decimal number 
might be more difficult to interpret it recommends in every case a clear first 
place by always having one option a higher number than the others. While 
the visual uncertainty communication returns the decision to the user when 
communicating two options as equivalent likely to match the problem. This 
responsibility to choose between those two options might have an impact on 
the task load. 

Besides its contribution our study has some limitations: the items 
were not randomized in their occurrence with a certain and uncertain AI 
recommendation, as well as in their sequence. This is why we cannot exclude 
that the item difficulty had an impact on the performance. Furthermore, 
the sample consisted of a great number of students, especially psychology 
students, which is not the main target group of such AI-based decision 
support systems that should support employees. Moreover a problem in 
this study design is that you need items where the system is correct in 
order to build trust in the participants that the system is capable of the 
current task although the interesting cases are when the system errs. This 
leads to the fact that you have high load for the participants by several 
item but for the interpretation of uncertainty communication only a few 
are relevant.

CONCLUSION

This study investigated the impact of different types of uncertainty 
communication on decision-making performance and task load within a 
technical customer support context. The results indicate differences in the types 
of uncertainty communication but point in different directions; therefore, it may 
be dependent on the item which type of uncertainty communication succeeds. 
However, the findings regarding task load were inconclusive. The timing of task 
load assessments may have influenced participants’ perceptions, as they likely 
experienced relief when supported by the AI system. Future research could 
address this by employing larger sample sizes or within-subject designs to capture 
these dynamics more effectively.

The study’s limitations should be explored further.  Enhancing the dataset 
with additional items lacking correct AI recommendations could provide 
deeper insights into trust dynamics between users and AI systems. Additionally, 
future investigations should focus on various decision-making contexts 
involving multiple response options and examine both effective uncertainty 
communication styles and the consequences of miscommunication.

In summary, while uncertainty communication shows promise in improving 
joint performance between humans and AI decision support systems under 
certain conditions, its effects on task load remain uncertain and warrant 
further exploration.
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