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Abstract. Al is anticipated to improve human decision-making across various do-
mains, often in high-stakes, difficult tasks. However, human reliance on Al recom-
mendations is often inappropriate. A common approach to address this is to pro-
vide explanations about the Al output to decision makers, but results have been
mixed so far. It often remains unclear when people can rely appropriately on Al and
when explanations can help. In this work, we conducted a lab experiment (N = 34)
to investigate how the appropriateness of human reliance on (explainable) Al de-
pends on the mental workload induced by different decision difficulties. Instead of
self-assessments, we used EEG (Emotiv Epoc Flex head cap, 32 wet electrodes) to
more directly measure participants’ mental workload. We found that the difficulty
of a decision, indicated by the induced mental workload, strongly influences partic-
ipants’ ability to rely appropriately on Al as assessed through relative self-reliance,
relative Al reliance, and decision accuracy with and without AI. While reliance was
appropriate for low mental workload decisions, participants were prone to overre-
liance in high mental workload decisions. Explanations had no significant effect in
either case. Our results imply that alternatives to the common “recommend-and-
explain” approach should be explored to assist human decision-making in challeng-
ing tasks.
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1. Introduction

Al is expected to enhance human decision-making in a wide variety of domains, in-
cluding high-stakes ones like law enforcement [1] or healthcare [2]. However, peo-
ple’s reliance on Al-generated decision recommendations is often inappropriate, with
multiple studies observing either underreliance (rejection of correct/beneficial recom-
mendations) [3,4,5] or overreliance (acceptance of incorrect/detrimental recommenda-
tions) [6,7,8]. Such inappropriate reliance prevents humans and Al from complementing
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each other [9], and in the case of high-stakes decisions also raises ethical concerns. A
common approach is to try to enable appropriate reliance by explaining the Al recom-
mendations. The rationale is that by making transparent how the Al produced a recom-
mendation, people can better judge when the recommendation is reliable or not. How-
ever, results have been mixed so far. While a few studies do find more appropriate re-
liance with explanations [10,11], in the majority of studies, explanations were either inef-
fective [12,13,14] or even increased overreliance [9,15,16,17]. Often, it remains unclear
when people are able to rely appropriately on Al and when explanations can improve the
appropriateness of reliance. One possible factor could be the difficulty of a decision, as
overreliance and the ineffectiveness of explanations to mitigate it have been particularly
observed in tasks that are challenging for humans [12,13,16,17].

In this work, we aimed to investigate how the mental workload of solving a decision
task affects appropriate reliance and the effectiveness of explanations. Such an under-
standing would be of interest as it is often hoped that Al can improve human decision-
making in difficult decisions that induce more mental workload, such as interpreting
medical images [18,19,20]. The call for explainable Al is particularly prominent in such
critical applications, even though its effectiveness is unclear [21]. We contribute to the
discourse by posing the following research questions:

RQ1: How does the appropriateness of human reliance on Al depend on the mental
workload induced by the difficulty of a decision task?

RQ2: How does the effect of explanations on the appropriateness of reliance depend
on the mental workload induced by the difficulty of a decision task?

To answer our research questions, we conducted an experiment with the recognition
of noisy images of varying difficulty as test bed to assess the appropriateness of partic-
ipants’ Al reliance, both with and without explanations. As a methodological contribu-
tion, we used electroencephalography (EEG) to measure participants’ mental workload
while looking at the images as indicator for their subjectively experienced decision diffi-
culty, rather than asking for it after each decision. We found that for decisions with low
mental workload (indicating easier decisions), people relied appropriately on Al leading
to complementary team performance (i.e., the performance of human and Al together
is better than that of either alone). For decisions with high mental workload (indicat-
ing more difficult decisions), overreliance was much more pronounced, and team per-
formance was not complementary. Explanations had no significant effect in our study,
neither for low nor for high mental workload. Our results highlight the challenges of
supporting human decision-making with Al in difficult, high-stakes decisions.

2. Related Work
2.1. Reliance on (Explainable) Al and Decision Difficulty

There are several studies related to how the difficulty of a decision influences people’s
reliance on Al. For instance, Lu and Yin [22] investigated how people derive heuristics
for how to rely on Al based on decisions where they are highly confident and how they
observe the Al to perform on those decision tasks. Papenmeier et al. [23] showed that
Al errors on difficult, more ambiguous decisions hurt people’s perception of the AI’s ac-
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curacy less than errors on easy decisions. Importantly to our study, Parkes [24] demon-
strated that it is subjectively perceived task difficulty, not objective task complexity, that
is positively related to reliance on decision aids. All these studies show that the difficulty
of a decision task plays an important role in how humans assess the reliability of Al and
in how they choose to rely on it. However, these studies do not directly assess the appro-
priateness of people’s reliance behavior, and how the effect of explanations on reliance
depends on difficulty.

We are aware of two closely related works that do address task difficulty in relation
to appropriate reliance and explanations. Wang and Yin [12] compared the effectiveness
of several explanation styles regarding appropriate reliance, among other desiderata, on
two different decision tasks, one where participants had more domain knowledge and
another where they had less. One can assume that the latter task was more challenging
for participants. Vasconcelos et al. [10] explicitly studied how explanations and task
difficulty interact to influence overreliance. Their study was based on a maze solving
task, and task difficulty was manipulated through the complexity of the mazes, such that
more difficult tasks required significantly more effort from participants.

In contrast to these two works, our goal was to vary the difficulty of decisions while
keeping the task domain and complexity constant. This is more in line with the notion
of difficulty studied by Lu and Yin [22] or Papenmeier et al. [23], where difficulty is not
caused by a lack of domain knowledge or the required effort, but rather by the presence of
more than a single plausible answer. We were more interested in this notion of difficulty
as it better reflects the difficulty of many real-world decisions such as medical diagnoses
or creditworthiness assessments. To clarify that we study difficulty due to the presence
of more than one plausible answer, we use the term decision difficulty throughout this
paper.

We further did not treat decision difficulty as an objective property of a decision
task, since the same decision might be challenging for one person, but not for another.
Instead, we chose to account for this subjectivity by using EEG to measure participants’
mental workload while making a decision, which we used as indicator for subjective
decision difficulty. To the best of our knowledge, this is the first work investigating how
the appropriateness of human reliance on Al and the effectiveness of explanations to
improve appropriate reliance is affected by subjective, decision difficulty-induced mental
workload. The use of physiological measures further sets our work apart from related
studies like the one by Lu and Yin [22], who asked participants to rate their confidence
after each decision. Compared to such a self-rating approach, our EEG-based method
has the advantage that it does not introduce a secondary task (rating the difficulty of a
decision), which may distract from the primary task (making the decision).

2.2. Mental Workload Measurement With EEG

Mental workload (MWL) signifies the level of engagement of a limited set of cognitive
resources during the ongoing processing of a primary task, influenced by various external
factors such as environmental conditions and situational variables, as well as by intrinsic
traits of the human operator. It involves the allocation of effort and attention to manage
the constant demands of the task [25]. In addition to self-reported measures and primary
task performance measures, physiological measures are often applied in assessing MWL.
Physiological measures assess MWL through the analysis of physiological responses of
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an operator while executing a primary task [26,27,28,29,30,31]. Among physiological

measures, EEG is widely utilized in assessing MWL due to its direct measurement of
signals from the brain, as opposed to the indirect measurement of other physiological
responses initiated by the brain [28,32,33].

Recent research has prioritized validating the utilization of physiological responses
to quantify individuals' MWL [34,35]. Evidence indicates that neurophysiological mea-
surements, such as EEG signals, exhibit a direct correlation with the mental demand en-
countered during tasks [36]. The electrical activity within the prefrontal cortex, as mea-
sured by the theta frequency band, escalates in tandem with increasing cognitive de-
mands [37], while activity in the parietal midline alpha band decreases [34,38,39]. EEG
spectral components consistently display discernible variations in response to varying
cognitive task requirements [40,41,42], underscoring a correlation between EEG spectral
power and task intricacy.

Signi cant progress has been made in understanding MWL, with key contributions
from Sweller's Cognitive Load Theory and subsequent developments by Paas, Renkl, and
Sweller [43,44]. Relevant to our methodology (Section 3), recent research has explored
how mental workload is affected by visual stimuli degradation [45,46] and how mental
workload can be measured from EEG signals during simulated tasks. A notable study by
Kartali et al. showed a strong correlation between EEG-derived mental workload metrics
and task complexity, providing valuable insights for real-time monitoring of cognitive
processing in complex tasks [47].

3. Method

Our aim was to investigate the effect of explanations and the mental workload induced
by varying decision dif culties on human reliance on Al. To this end, we conducted an
experiment in which participants had to solve a series of carefully selected decision tasks
with the help of Al predictions, both with and without explanations. We collected EEG
data along with participants' decisions in conjunction with the Al predictions to derive
the mental workload induced by different decision dif culties and participants' reliance
behavior. Figure 1 gives an overview of our study and how the rest of the paper maps
onto it.

Figure 1. Flow chart of the study and the respective sections of the paper.

In this section, we describe our methodology. We start by presenting the decision-
making task (Section 3.1) and our procedure for selecting the speci c task instances for
the experiment (Section 3.2). We close the section by presenting the experimental design
and procedure (Section 3.3).
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3.1. Human-Al Decision-Making Task

To investigate our research questions, we chose an image recognition task where partic-
ipants had to decide with the help of Al predictions what kind of objects are shown in a
range of noisy images. We utilized the image dataset presented by Steyvers et al. [48] as
the basis for our image classi cation task. The dataset is composed of 1200 unique im-
ages over 16 categories (e.g., boat, dog, airplane, etc.) that are a subset of the ImageNet
Large Scale Visual Recognition (ILSRVR) dataset [49]. To create varying dif culties,
Steyvers et al. applied four different levels of phase noise to each image. In addition to
the ground truth labels, Steyvers et al. conducted an experiment to measure user accuracy
in classifying the images. They collected con dence levels (low, medium, high), task
accuracy, and task completion time, from 145 Amazon Mechanical Turk workers [48].
Comparable image classi cation accuracy was achieved by both humans and Al [48].
This image recognition task has been used in prior studies investigating human-Al de-
cision making [50,51]. We chose this task as it is a generic task that does not require
participant expertise in a certain domain, hence increasing the generalizability of our ex-
perimental results. The task was also suitable for our purpose, as visual stimuli affect
cognitive workload in a way that could be measured by EEG [45].

To generate Al predictions that would be later presented to participants in our ex-
periment, we used a DenseNet-161 model [52] which was pre-trained on ImageNet and
ne-tuned on our dataset for 100 epochs, following the approach by Hemmer et al. [50].
We used a training-validation-test split of 60%, 20%, and 20% respectively, and achieved
a test set accuracy of 0.913. The model was implemented using PyTorch 2.0.1 [53] and
trained on a virtual machine in the free version of Google Colgith 12 GB RAM and a
Tesla T4 GPU with 16 GB memory. For explanations, we displayed saliency areas in the
form of heatmaps superimposed on the images, which is one of the most common ways
to explain image classi cation models. We generated the heatmaps using the popular
GradCAM algorithm [54], implemented with the PyTorch GradCAM library [55].

3.2. Task Instances Selection

As our goal was to study how reliance on Al depends on the mental workload induced
by varying decision dif culties, we needed to ensure that the task instances presented
to our participants covered a wide range of decision dif culties. Hence we combined
different criteria available in Steyvers et al's dataset to assign dif culty levels to each
image. Based on these pre-assigned levels, we would choose a representative sample of
varying decision dif culties that would induce different mental workload. We used the
following features from Steyvers et al's dataset [48]:

» Image phase noise level (80, 100, 110, 125)

» Crowd workers' con dence (low, medium, high)

» Crowd workers' decision time

« Crowd workers' accuracy

« Crowd workers' agreement, which we derived by applying Fleiss' Kappa [56] to
crowd workers' individual answers present in the dataset.
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