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Abstract
In today’s society, where Artificial Intelligence (AI) has gained a
vital role, concerns regarding user’s trust have garnered significant
attention. The use of AI systems in high-risk domains have often
led users to either under-trust it, potentially causing inadequate
reliance or over-trust it, resulting in over-compliance. Therefore,
users must maintain an appropriate level of trust. Past research has
indicated that explanations provided by AI systems can enhance
user understanding of when to trust or not trust the system. How-
ever, the utility of presentation of different explanations forms still
remains to be explored especially in high-risk domains. Therefore,
this study explores the impact of different explanation types (text,
visual, and hybrid) and user expertise (retired police officers and
lay users) on establishing appropriate trust in AI-based predictive
policing. While we observed that the hybrid form of explanations
increased the subjective trust in AI for expert users, it did not led
to better decision-making. Furthermore, no form of explanations
helped build appropriate trust. The findings of our study empha-
size the importance of re-evaluating the use of explanations to
build [appropriate] trust in AI based systems especially when the
system’s use is questionable. Finally, we synthesize potential chal-
lenges and policy recommendations based on our results to design
for appropriate trust in high-risk based AI-based systems.

CCS Concepts
•Computingmethodologies→Artificial intelligence; •Human-
centered computing → Human computer interaction (HCI).
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1 Introduction
Artificial Intelligence (AI) is rapidly reshaping public organizations
globally, mainly through machine learning approaches that auto-
mate routine administrative tasks and support decision-making [11].
One of the key components to achieving effective decision-making
is a user’s appropriate trust in AI systems. Despite recent efforts
towards enhancing trust in algorithmic decision-making systems
(e.g., adding explanations [20, 90], human oversight [71, 81, 85], and
confidence scores [6, 91]), comparatively little attention has been
paid to building appropriate trust in them. Both under-trust and
over-trust are deemed inappropriate [45, 72, 76], instead we require
trust to be appropriate. Under-trust can lead to under-reliance, and
over-trust can lead to over-compliance, which can negatively im-
pact the task. Therefore, in this work we study whether we can
improve the appropriateness of trust in an AI decision support
system (goal). We propose to do this through explanations (means),
and position our work in the context of AI-based predictive policing
(context) as a high-risk domain.

We choose AI-based predictive policing as our use case primarily
because it represents a critical domain where appropriate trust is
pivotal due to the high-stakes nature of decision-making. Addi-
tionally, the use of AI in predictive policing has been the subject
of extensive debate for years, with numerous studies highlighting
biases inherent in data collection practices and their impact on
AI-driven decisions [3, 26, 47, 51, 62, 63]. Despite these concerns,
predictive policing systems continue to be used globally [67]. There-
fore, in this study we explore whether providing explanations can
help users critically evaluate AI decision-making in this use-case,
encouraging introspection and ultimately NOT promoting trust but
fostering appropriate trust.
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We draw inspiration from the ASPECT model by Jameson et
al. [35], as a useful means to identify the different facets of our
complex use case. The ASPECT acronym refers to the first letters
of six patterns: Attributes, Social influence, Policies, Experience,
Consequences, and Trial and error. Each pattern may be perceived
as an "aspect" of design choices, denoting a particular perspective
or approach to addressing a problem or research question. Aligned
with the ASPECT model, our approach with this use-case is based
on attributes (explanations), social (socially relevant topic), policy
(policy level implications), experience (user expertise), consequence
(effect of explanation), and trial & error (human-AI agreement)
based choice patterns of the ASPECT model.

While AI systems can provide explanations in multiple formats,
selecting the optimal design remains challenging. These formats
include visual explanations like saliency maps [1], textual expla-
nations using words and phrases, and analytical explanations that
enable users to explore both data and model [32, 40]. Although each
method has garnered significant attention independently, compara-
tive studies examining their relative effectiveness across different
contexts and user groups remain limited [68, 73, 75, 84]. Notably,
there is a particular gap in understanding how these different pre-
sentation methods impact appropriate trust in high-risk domains.
Our research addresses this gap by examining user interaction and
perception across textual, visual, and hybrid explanation formats
to determine their effectiveness in fostering appropriate trust.

According to Ribera & Lapedriza [74], the goal of XAI in any
context depends not only on the presentation of explanations but
also on the type of end-user that is on the receiving end of the expla-
nations. For example, previous research has shown that the hybrid
form of explanations significantly improves correct understanding
for lay users compared to visual explanations [84]. However, little
work has been done so far to compare the utility of different expla-
nation methods in building appropriate trust between expert users
and lay users [43]. In the predictive policing use-case, this compari-
son is relevant as some police officers might have less professional
experience to draw on than others, for example, police officers who
have recently joined the department. Therefore, in this study, we
compared the utility of different types of explanations with both
expert and lay users (moderation factor) linked with the experience
pattern of the ASPECT model.

To better understand the moderating factor of user expertise
in our study, we performed an application-grounded evaluation
followed by a human-grounded evaluation. Human-grounded eval-
uation is appealing when orchestrating experiments with the target
user groups is challenging [39, 42]. This is in line with Doshi-Velez
& Kim [21] who articulate and argue for the value of different
layers of evaluation within XAI focusing on functionality, ground-
ing, and presentation. Our sample of police officers corresponds to
application-grounded evaluation which includes experts and real
tasks. On the other hand, our sample of lay users corresponds to
human-grounded evaluation which includes real humans perform-
ing identical tasks. Our contribution in this work is centered around
a specific use-case that warrants assessment within the framework
of application and human-grounded evaluation.

We aim to address the following research questions:

RQ1:What effect do different types of explanations (no explanation,
textual, visual or hybrid) have on building appropriate trust in AI-
based predictive policing systems?
RQ2: How does human trust in the AI assistant change given these
different types of explanations?
RQ3: Do lay users or experts find these explanations useful in
making a decision?
RQ4: Is there a moderating effect of user expertise influence the
role of explanations in establishing appropriate or subjective trust?

We investigated the first question by prompting users with a
selection of hotspots for predictive policing that gauge their un-
derstanding of the explanation at hand and see whether they can
appropriately trust the system. For measuring appropriate trust,
we adopt several existing measures from the literature. The second
question is addressed by asking participants to rate their perceived
trust in the AI assistant, and the third by rating the usefulness of the
explanations over multiple rounds in our study. Finally, we address
the last question by comparing participants with different expertise
(police officers & lay users) and studying the role of explanations
in building appropriate and subjective trust.

Original Contributions. Through our work in this paper, we
make the following contributions:

(1) We present the first study exploring the effect of different
form of explanations on building appropriate trust using a
prototypical system in the context of AI-based predictive
policing.

(2) We illustrate the effect of user expertise on different form of
explanations for building appropriate trust.

(3) By conducting two user studies (N=192, 12 experts and 180
layusers), we show that even with different form of explana-
tions, participants often end up in the trap of confirmation
biases and no form of explanation helped in fostering appro-
priate trust.

(4) Based on our results, we highlight research challenges and
recommendations for the design of public sector AI systems.

What this work is not about?1

(1) Ethical implications of predictive policing and people af-
fected by such systems.

(2) Target users of the AI-based predictive policing system.

2 Background and Related Work
2.1 Appropriate Trust
Appropriate Trust in AI systems has rapidly become an impor-
tant area of focus for researchers and practitioners. As technology
evolved from automated machines to decision aids, virtual avatars,
robots, and AI teammates, appropriate trust has been studied in
depth and breadth across various domains.

2.1.1 Definitions. It is important to understand how we define
appropriate human trust in AI (Human-AI trust) when trying to
achieve it. On the one hand, the definitions of appropriate trust are
linked to system performance or reliability, such as by McBride and
1The decision to exclude discussions on the ethical implications of predictive policing
and the individuals affected by such systems is not one made lightly, but rather stems
from the specific focus of our research. While acknowledging the profound ethical
considerations surrounding predictive policing, our study is primarily concerned with
investigating the role of different forms of explanations in building appropriate trust.
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Morgan [54], McGuirl and Sarter [56], Ososky et al. [71], Yang et al.
[90]. On the other hand, the definitions of appropriate trust are re-
lated to trustworthiness and beliefs such as by Danks [16], Ferreira
Gomes Centeio Jorge et al. [27], Mehrotra et al. [61]. Inevitably, de-
spite the crucial role of appropriate trust in ensuring the successful
use of AI systems, there is currently a fragmented overview of its
understanding [48]. This conclusion resonates with [34] overview,
who calls for definitions to be precisely defined and differentiated.

2.1.2 Use of Explanations for Fostering Appropriate Trust. A com-
mon method to achieve appropriate trust is by adding transparency
to the system through explanations [44, 46, 61, 87]. Intuitively, this
makes sense as understanding an AI system’s inner workings and
decision-making should, in theory, also allow a user to understand
better when to trust or not trust a system to perform a task [19].
For example, it has been shown that an AI agent who displays its
integrity in the form of explanations by being explicit about poten-
tial biases in data or algorithms achieved appropriate trust more
often than being honest about capability or transparent about the
decision-making process [61]. Similarly, Yang et al. results indicated
that visual explanation led to users’ appropriate trust in machine
learning and improved appropriate use of the recommendations
from the classifier [90].

On the flip side of the coin, some empirical evidence suggests
that even technically sound AI explanations can result in harmful
over-trust and over-reliance [5, 22, 37, 58, 91]. For example, study-
ing about ‘cognitive forcing functions’ Buçinca et al. have shown
that explanations with these functions were effective in trust cal-
ibration, as here the AI system adjusts to the user’s attitude and
behaviour following the signs of over- and under-trust [10]. But the
study, in contrast, highlights that people do not cognitively engage
with explanations. Similarly, Bertrand et al. find that providing
feature-based explanations does not improve appropriate reliance
or understanding compared to not providing any explanation [8].
Therefore, given this clear lack of consensus more work into the
effect of XAI on appropriate trust is warranted [48].

Other research in XAI has explored how expertise influences the
perception of explanations in building trust. For instance, Simkute
et al. [82] highlight the importance of tailoring explanations to
account for differences in reasoning between experts and lay users.
Naturally, experts tend to critique explanations more rigorously,
which can sometimes lead to insufficient trust, whereas lay users
are more prone to over-reliance on the system [7, 77]. A common
denominator highlights that explanations must support either trust
building for experts, or critical thinking for lay users.

2.2 AI-based Predictive Policing & Trust
In light of the EU AI Act’s regulatory framework, the use of pre-
dictive policing systems, which heavily relies on advanced data
analysis methods, may come under scrutiny and be subject to com-
pliance with the Act’s provisions on high-risk AI applications in
law enforcement [15]. This introduces a dimension of accountabil-
ity and transparency in deploying predictive policing technologies
within the legal and ethical parameters [3, 31].

Currently, there are four main applications of predictive polic-
ing being used in European and American police departments:

CAS (Crime Anticipation System) in the Netherlands2, ProMap and
PredPol in UK3, and Soundthinking in the US4. Multiple studies
have been conducted to highlight the issues with these applica-
tions [29, 52, 70]. For example, Meijer et al.’s study highlights two
patterns of algorithmization of government bureaucracy - the ’al-
gorithmic cage’ (Berlin, more hierarchical control) and the ‘algo-
rithmic colleague’ (Amsterdam, room for professional judgment)
[62]. Specifically looking at trust, a study by Selten et al. shows
that police officers trust and follow AI recommendations congruent
with their intuitive professional judgment [80].

Studies examining predictive policing systems consistently re-
veal systemic limitations and biases, particularly regarding the over-
policing of marginalized communities [2, 24, 49]. Lum & Isaac’s
research demonstrates how these systems amplify historical biases,
intensifying surveillance in already over-policed areas while si-
multaneously reducing algorithmic accountability [49]. This issue
is compounded by the self-reinforcing feedback loops identified
by Ensign et al., where police resources are repeatedly directed to
the same neighborhoods independent of actual crime rates [24].
Overall, these findings underscore the critical importance of ap-
propriate trust in predictive policing systems, making this domain
an essential case study for examining how explanations can foster
appropriate trust.

3 Study Design
In our main user study, we sought to understand the effect of differ-
ent explanations on appropriate trust and the role of user expertise.
To understand the role of user expertise, we conducted two user
studies. In the first user study, we recruited 12 ex-police officers
from the Dutch police who retired in the last five years. We refer
to this group of participants as "Expert users". In the second user
study, we recruited 180 crowdsourced workers without experience
with predictive policing systems. We refer to this second group of
participants as "Lay users". As indicated in section 1, our choice of
recruiting two different sets of users is necessary to answer RQ3
& RQ4 and is situated in line with prior work of [21]. Finally, be-
fore data collection we preregistered our design and data analysis
plan5. With our study design, our aim was to closely replicate the
decision-making contexts of the real world police teams by closely
simulating the real world conditions.

3.1 Designing AI system’s Explanations
We conducted a preliminary study with three expert users to inform
us about the design of explanations (details available in footnote
5). Building on insights from this preliminary study, we sought
to design our explanations. Also, we added weather and escape
route information to the explanation based on an insight which
emerged during our preliminary study. Once we decided on the
content of the explanations, we looked at established guidelines
in the literature on crafting them. We selected the guidelines by
Szymanski et al. [84] because they conducted a state-of-the-art
literature survey and a formative study on XAI. The guidelines
2https://kombijde.politie.nl/vakgebieden/ict/predictiv
3https://www.lawsociety.org.uk/topics/research/algorithm-use-in-the-criminal-
justice-system-report
4https://www.soundthinking.com/law-enforcement/crime-analysis-crimetracer/
5https://osf.io/hka58/?view_only=c18a9092440f4509a9225add1af51f91
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include (a) quantifying each parameter’s contribution to predic-
tion, (b) what parameters lead to predictions, (c) instances with
similar predictions, (d) locating regions about uncertainity, and (e)
displaying an overall predictions. To explain the predictive policing
system’s decision in a textual form, we generated sentences per
input parameter using the template described by Hohman et al.
[33]: The system predicts a higher likelihood of incidents in hotspot A/
B/ C/ D based on (historical crime data OR proximity to dense forest/
highway/ sea OR last arrest of offenders) [A]. The X% confidence score
reflects (strong/ weak) support [B], and the remaining X% acknowl-
edges potential unknowns like X [C]. Major contributing factors to
this decision include C1 (X%), C2 (X%), and C3 (X%) [D]. Furthermore,
a similar case was found in X’s police records, where offenders were
caught near X [E]. A strong/ no correlation with severe weather (snow
or thunderstorms) was found while making this decision [D]. (Tip:
Weather prediction for the next three days is X; allocate resources
accordingly.

Here, [A] denotes overall prediction, [B] denotes the confidence
in the prediction, and [C] shows regions where the model predic-
tion was uncertain. [D] quantifies each parameter’s contributions,
and the name of the parameters, and [E] denotes instances that
have similar predictions. The contributing factors were among the
following: (C1) Historical crime data, (C2) Geographical informa-
tion, (C3) Time and day of the week, (C4) Weather information, (C4)
Demographic statistics, (C5) Resource availability, and (C6) Socioe-
conomic data. To enable a fair comparison, the visual explanations
contained the same information as the textual explanations. Figure
1 shows an example of a visual explanation used in the study. Fi-
nally, as prior research on designing hybrid explanations is limited
[66], we based our design only on previous work done by [84], who
combined visual explanations with text.
Traditional Investigation Notes: Based on our preliminary study,
police officers often follow traditional methods (diary notes, intel
from other units and department instructions) for investigation in
conjunctionwith predictive policing systems. On the one hand these
notes serves as the ecological validity (in real life police officers
often use their diary notes for investigation) for the task and on
the other hand they make sure that there is a ’joint’ knowledge for
our both groups of participants. An example of a note used in this
study is as follows:

You have (less than a year OR more than three years of experience)
in this area shown on the map [A]. According to your diary notes,
under the cover of darkness, the past offenders often slip through the
labyrinth of narrow alleyways matching with the hotspot A/ B/ C/ D
[B]. According to the intelligence department of the Police, the last
fugitive vanished into the dense forest after following the alleyways
[C]. Here, [A] denotes the overall experience of the police officer
in the selected area, [B] denotes diary notes and probable hotspot
selection, and [C] shows the intel from the intelligence department.

4 First User Study - "Expert Users"
4.1 Participants
For our expert study, we recruited 12 retired police officers (aged
between 65 and 70, 10M:2F) who retired in the last five years from
the Dutch police. Our goal was to recruit experts who had prior
experience with predictive policing systems or were in-charge of

making decisions related to crime prevention. The retired police
officers fulfilled these criteria as they were mostly in higher posi-
tions in their hierarchy before they retied. Furthermore, given the
discussions around the new EU AI Act, police officers in the current
force were hesitant to join our user study. Therefore, we decided
to recruit retired police officers as they fit our goal of expert users.
This study was approved by the Human Research Ethics Review
Board of our university and was conducted in the Dutch language.

4.2 Methodology
4.2.1 Independent variable. Explanations (categorical, between-
subjects). We assigned each participant to one of four configurations:
(1) No explanation: participants saw hotspot selection by the
AI assistant but not how this decision was made. (2) Text-based
Explanations: participants saw the hotspot selection by the AI
assistant and how this decision was made in textual form. (3)Visual
Explanations: participants saw the hotspot selection by the AI
assistant and how this decision was made in visual form. (4)Hybrid
(Text+Visual) Explanations: participants saw a combination of
text-based and visual explanation.

4.2.2 Dependent variables. (a) Appropriate Trust (continuous).
Adapted from [41, 61, 90, 91]. These measures are described in
section 4.2.4. (b) Subjective Trust (continuous). We used a self-
reported global trust meter that captures changes in trust for each
round ranged from completely distrust (-100) to completely trust
(+100), adapted from [38, 61, 90]. (c) Usefulness of Explanations
(continuous). The usefulness of explanations was measured on a
7-point Likert scale from Not at all helpful (1) to Very helpful (7),
adapted from [90].

4.2.3 Descriptive and exploratory measurements. We use these vari-
ables to describe our sample and for exploratory analyses, but we
do not conduct any conclusive hypothesis tests on them.

(a) Age group (categorical). Participants will select their age
group from multiple choices. (b) Level of education (categorical).
Participants will select the highest level of education they have com-
pleted. (c) AI literacy (continuous). Average score of the four items
defined by [79]. (d) Propensity to Trust (continuous). Propensity
to Trust scale by Merritt et al. [64] adapted to understand apriori
trust in the predictive policing systems. (e) Personal experiences
as a police officer and use of AI (1)) Have you ever worked
with predictive policing systems in the past? and (2)) Do you have
prior experience with the use of AI in predictive policing systems?
(f) Task stakes perception (continuous). In this study we have
considered scenario such as pick-pocketing as non-violent crime
and sexual-offense as a violent crime based on the Dutch WODC
Magazine Recidivism6. Since the stakes involved in a decision are
subjective [36], we will capture task stakes perceptions using [50].
(g) AI Confidence Score (categorical, within-subjects) AI accuracy
was communicated to participants as a part of the explanations.
(1) High (Confidence Score > 75%) and (2) Low (Confidence Score <
75%). (h) Geographical Experience (categorical, within-subjects):
Prior experience with policing about the shown geographic area
on the map was communicated in the dairy notes. (1) Amount of

6https://magazines.wodc.nl/wodcmagazine/2019/03/high-impact-crime-hic
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Figure 1: Visual explanations for a selected instance from the user study.

professional experience : Limited (> 3 years experience) and Amount
of professional experience : High (< 3 years experience).

4.2.4 Measurement of appropriate trust. In this study, we used two
measurements of appropriate trust and calibrated trust each from
prior research, see [41, 61, 90, 91]. We used distinctive measures for
appropriate and calibrated trust based on the definitions provided
in the literature [18, 69, 89]. For example, Mehrotra et al. show that
different definitions and measures of appropriate and calibrated
trust exist in the literature [59]. We argue that it is necessary to
study multiple measures to understand when trust can be classified
as appropriate or calibrated, as different measures may result in
slightly different outcomes. Also, it is important to differentiate be-
tween trust, trustworthiness and reliance as illustrated by Tolmeijer
et al [85]. In this paper, we therefore define trust as the belief that
“an agent will help achieve an individual’s goal in a situation char-
acterized by uncertainty and vulnerability” [45], trustworthiness
as an antecedent of trust [53] and reliance as “a discrete process of
engaging or disengaging” [45] with the AI system. Our measures
are:
Measure 1 (App1):Appropriate trust is to [not] follow an [in]correct
recommendation [90]7.
Measure 2 (App2): Appropriate trust occurs when (a) the human
estimates that the AI agent is better at the task than the human, (b)
also the actual Trustworthiness8 (TW) of the AI agent is equal to
or higher than the human’s TW and (c) the human selects the AI
agent for the task and vice-versa [60].
Measure 3 (Calib1): Switch percentage, the percentage of trials in
which the participant switched from their initial prediction to use
the AI’s prediction as their final prediction [91].

7As opposed to Yang et al [90], we will treat this measure to appropriate reliance as
this measure only focuses on engaging or disengaging with the AI system.
8Here, actual trustworthiness is an inherent characteristic of a system that subsumes
true capabilities of the system in question [78].

Measure 4 (Calib2): Agreement percentage, the percentage of
trials in which the participant’s final prediction agreed with the
AI’s prediction [41].

Table 1: Categorization of measures of appropriate trust
based on the work by Mehrotra et al. [61]

Round Human TW AI TW AI Human
1 High High Correct Correct
2 Low High Correct Incorrect
3 Low Low Correct Incorrect
4 High High Incorrect Correct
5 High Low Correct Correct
6 Low High Incorrect Incorrect
7 Low Low Incorrect Correct
8 High Low Incorrect Correct

In App2, (a) is cognitive trust from the human or the perceived
trustworthiness of the AI system, (b) is classification of trustwor-
thiness based on Table 1 and (c) is human selection that could be
based on observable behaviour, rationality or simply delegation of
the responsibility. For the classification of actual trustworthiness,
we have divided the human expertise based on the traditional in-
vestigation notes (refer Section 3.2) as High or Low and AI expertise
based on the available location data as High or Low. Furthermore,
we have categorized the cases where AI’s suggestion and human’s
diary notes correspond to the correct selection of the hotspot for
predictive policing. The hotspot’s correctness can never be proven
in real life as it would require complete information about all the
areas. Hence, to simplify, in our work the correctness of a hotspot
was simply based on the permutations of trustworthiness and com-
binations of AI & Human correctness, refer to Table 1. As to Calib1
and Calib2, the main difference between these two measures of
calibrated trust was the agreement percentage. Calib2would count
the trials in which the participants and the AI’s predictions agreed
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and counted as the final decision. In contrast, the switch percentage
Calib1 would only consider cases where they disagreed and had
to switch intentionally.

Our experiment aimed for human-in-the-loop collaboration,
where participantsmade decisions assisted by anAI assistant. Partic-
ipants, after providing informed consent and answering descriptive
and exploratory questions from section 4.2.3, were introduced to
the AI assistant. The AI assistant was hypothetically trained on
the last ten years’ crime data in the Netherlands. Finally, they were
assigned to one of the four explanation types as per section 4.2.1.
Step 1: Trial Study - Participants were tasked with choosing a
hotspot for resource allocation, specifically for police patrol. They
read investigation notes for guidance and made their selection. The
AI assistant then chose a hotspot based on hypothetical training
data from https://data.politie.nl/, offering reasoning using one of
four explanation configurations. Participants were then prompted
to make a final selection, either affirming their or the AI assistant’s
choice or selecting a different hotspot and providing a reason.
Step 2: Main Study - After completing the trial round, the par-
ticipants received details about the main study, which consists of
eight rounds. The participants had a limited 3-minute window for
hotspot selection informed by our preliminary study with expert
users. In addition, at this step, participants were asked to tick a
checkbox if they believed that the AI assistant was better at the task
than they themselves. They were instructed that the (hypothetical)
intelligence unit chief would review their hotspot selections at the
end of the experiment. Correct selections earned +10 points, while
incorrect ones incurred a -10 point deduction. Due to time con-
straints, immediate result verification was not possible, prompting
participants to proceed to the next round swiftly. Additionally, a
bonus was promised for those achieving a top 3 score. Figure 2
describes all the steps performed by the participants.
Step 3: End of the Study - Participants completed the post-experiment
questionnaire after the main study. They were asked to rate task
stakes perception and how familiar they were with the geographical
areas shown in the study. Furthermore, we also asked them two
open-ended questions: (a) Do you think the AI assistant offered an
appropriate explanation of the decision-making process? Why? If
not, what explanation do you think it should have offered? and (b)
How was your overall experience with this user study? Once they
answered these questions, they were shown their final score. A pilot
study with five HCI researchers revealed no significant usability
flaws, see footnote 5 for details.

4.3 Results
4.3.1 Descriptive Statistics. Of the 12 participants in our user study,
10 had at least a Bachelor’s degree. All of them claimed to have
know about predictive policing systems, whereas only two of them
had heard of or had experience using AI in predictive policing. Our
participants’ average score of AI literacy was 6.8 (SD = ±1.1) on a
scale of 0 to 10, and their propensity to trust predictive policing
systemwas 7.2 (SD =±1.25) on a scale of 0 to 10. This apriori trust in
the system highlights that interface design issues are important to
consider as participants in general considered the system legitimate
and trustworthy.

Our analysis revealed no major differences in the frequency count
of our measures of appropriate trust between the explanation types.
However, subjective trust scores were comparatively higher for
hybrid explanations (Mean = 60.98, SD = 5.62) when compared to
all other explanation types (Mean = 41.23, SD = 10.83).

4.3.2 Qualitative Analysis. We first translated the transcripts in
English with the help of two native bilingual speakers and per-
formed qualitative analysis using a reflexive thematic analysis [9].
We inductively generated individual codes from our participants’
responses to the open-ended questions and then clustered them
into code groups. We identified twomain areas: one related to expla-
nation presentation & clarity, and the other related to perceptions
of the AI system.
Explanations Presentation and Clarity: Overall, participants
from the hybrid and textual explanations group found the expla-
nations to be clear and structured. P7 (textual explanation) wrote,
“the use of public language rather than technical jargon helped decide
to go with the AI assistant". On the other hand, there were mixed
reviews from participants for the visual explanations and no ex-
planations categories. P11 (no explanations) expressed the desire
for more underpinning or context with the explanation. P5 (visual
explanation) found visual explanations to be overwhelming. Also,
50% of participants wrote they followed their reasoning first and
then looked at AI assistant’s recommendation.
Perceptions of the underlying AI system: There were mixed
reviews regarding the help provided by the AI assistant. From
the far opposing end, there were concerns about the use of AI
in predictive policing where P8 (baseline) wrote, “the use of AI in
predictive policing is fundamentally wrong because you cannot train
a system to do policing". Interestingly, we also found some quotes
related to AI capabilities that supported P8’s thinking such as “even
explanations will not help in trusting fundamentally biased system".
Also, P8’s apriori trust in system was rated at 2 on a scale of 0 to
10, which also supports P8’s views. Of the two other participants,
who had a rating of 5 or less wrote, “AI does not possess human
intuition and experience. Hence it cannot help in the way that my
notes from my teams can" - P12 (textual) and “AI rarely captures the
considerations of the perpetrator, which is important in understanding
any crime as found discussed among officers" - P4 (Hybrid). Some
participants appreciated the AI assistant’s decision, when it aligned
with their understanding (P1, P7, P10, P15) or provided additional
information that was new to them. For example, P1 wrote, “The
information about the existing military unit was useful because it
requires a cooperative operation then."

5 Second User Study - "Lay Users"
We conducted another user study to understand user expertise’s
role and assess explanations’ role in fostering appropriate trust at
a scale. We computed the required sample size using G*Power [25]
for an ANOVA with main effects and interactions, specifying the
default effect size of 0.25, a significance threshold of 𝛼 = 0.05, a
desired power of 0.8, four groups, and the respective degrees of
freedom. The result indicated that we require approximately 179
participants.

We recruited 209 participants from Prolifc with an approval
rate greater than 95%. Each participant was at least 18 years old,
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Connection: Secured
Timeline: 01/23 – 12/23
Location: Zuid Holland
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Figure 2: An illustration of the four steps performed by participants of the user-study. In step 1, participants rate their confidence
in accurately identifying the hotspot. In step 2, the AI assistant selects a hotspot with its reasoning in form of explanations. In
step 3, the participants makes their final decision (Q3). Finally, in step 4, participants rate their subjective trust.

highly proficient in English, and could participate in our study
only once. Participants were rewarded based on a $10 hourly rate,
and the median completion time was 28 minutes and 11 seconds.
Participants were excluded from data analysis if they did not pass
at least one of the attention checks. This led to 180 participants (age
between 18 and 65+, 94M:86F), i.e., 45 participants per explanation
type. The study was conducted on Qualtrics in English and was
approved by our university’s review Board.

5.1 Methodology
Each participant had to follow the same methodology as the first
user study except that they also answered the following question -
Have you worked for the police in the past, or are you currently
working? Concretely, this meanswewanted to filter the participants
who have worked for the police in the past or the present as they
might have expert knowledge about predictive policing and would
not classify as lay users.

5.2 Results
5.2.1 Descriptive Statistics. Of the 180 participants in our user
study, 29.44% were between 18 and 24 years old, 44.44% between 25
and 34 years old, 17.77% between 35 and 44 years old, and 8.33%were
between 45-65+. 77% of the participants had at least a Bachelor’s
degree. None of them claimed neither to have ever worked for the
police nor were they aware of the predictive policing system. The

average score of AI literacy among participants was 4.67 (SD =
±1.25), and their propensity to trust AI systems was 4.31 (SD =
±0.91). The average duration of the study was 23 minutes (SD =
±4.25), and each participant spent an average of 2 minutes 5 seconds
(SD = ±1.03) per round to make the final selection.

5.2.2 Inferential Statistics. Before conducting any statistical anal-
yses, we mapped all (seven-point) Likert scale answers onto an
ordinal scale ranging from - 3 (i.e., strongly disagree) to 3 (i.e.,
strongly agree). The result of Shapiro-Wilk shows that our data fol-
lowed the normal distribution. Therefore, we conducted an ANOVA
with explanations as between-subjects factors and different mea-
sures of appropriate trust as the dependent variables. Next to the F
statistic and p-value, we also report the partial eta squared 𝜂2𝑝 effect
size. We found no main effect of different explanation types on any
measure of appropriate trust (p > 0.05, 𝜂2𝑝 < 0.01, cohen’s d = 0.65).

We conducted another ANOVA with the same between-subjects
factors but with subjective trust ratings and usefulness of explana-
tions as the dependent variable. We found a significant difference
between different explanation types on the perceived usefulness
of the explanations (F (3,1436) = 4.35, p < 0.005, 𝜂2𝑝 = 0.2, d = 0.71).
The post hoc analysis revealed that hybrid (p < 0.013) and visual
explanations (p < 0.001) were significantly better than no explana-
tions for the usefulness of explanations ratings. However, we did
not find any evidence indicating the effect of different explanation
types on subjective trust responses (p = 0.479, 𝜂2𝑝 < 0.01).
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In addition to the analyses described above, we conducted multi-
ple linear regression to analyze the association of independent and
dependent variables and exploratory analyses to explore any trends
in the data. Our results show thatApp2 (𝛽 = 4.31, p < 0.001),Calib2
(𝛽 = 8.59, p < 0.001) and AI assistant’s correctness (𝛽 = 11.01, p <

0.001) predicted the measure App1 (𝑅2 = 0.40, AIC = 1502, BIC =
1560), with AI assistant’s correctness being the strongest predictor.
Similarly, we found perceived usefulness of explanations (𝛽 = 2.16,
p < 0.001) and AI assistant trustworthiness (𝛽 = 12.58, p < 0.001)
predictors of App2 (𝑅2 = 0.393, AIC = 1311, BIC = 1314) other than
App1. We also found Calib2 (𝛽 = 9.34, p < 0.001) and perceived
usefulness of explanations (𝛽 = 19.45, p < 0.001) predicted the sub-
jective trust scores (𝑅2 = 0.267). Finally, we did not find evidence of
any exploratory variable affecting measures of appropriate trust.

5.2.3 Qualitative Analysis. We followed a similar approach as in
section 4.3.2 to perform our qualitative analysis. We identified two
main topics of interest:
Evaluation of AI’s reasoning: Participants, in general, had a
positive attitude towards the AI assistant across all explanation
types due to (a) lack of expertise for the task, P24 (no explanation): “I
think this system knowwhat it is going, I just need to use it accordingly
as this task is very new to me", (b) in-depth reasoning of the decision,
P96 (textual explanation): “I believe various factors considered by the
AI, such as historical crime data, weather, demographics, and spatial
relationships are useful to decide.", and (c) breaking the tunnel vision,
P77 (visual explanation): “I find visual information appealing and
photos, maps, past crime patterns are right to the point, especially
the link with weather is something I could never think off." Some
participants expressed reassurance from AI’s logical reasoning (P9,
P23, P55, P149, P180) and expressed higher trust when their hotspot
selection was similar to AI (P112, P106, P155, P47, P33).
Doubts about AI’s effectiveness: Several participants (23%) ex-
pressed scepticism about the AI assistant’s effectiveness irrespective
of explanation types. They put forward the desire for considera-
tion of (a) real-time factors (P25, P40, P164), (b) more transparency
(P54, P109, P1172), (c) resolution of discrepancies between AI and
personal judgement (P37, P111, P140), and (d) providing validation
approaches for AI decision-making (P50, P74, P101). Furthermore,
12 participants reported that if the explanation was hard to un-
derstand and follow, they just followed the AI assistant’s answer
because it is too much work to determine whether the AI is right
or wrong. E.g., P78: "region around Assen is under control of military
so how as a police officer can make any judgement, go with AI!"

6 Discussion
6.1 Effect of explanations on appropriate and

subjective trust (RQ1 and RQ2)
Our findings show that explanation types, including ‘no explana-
tions’ had no impact on any measures of appropriate trust in either
user study (RQ1). This lack of effect can be understood through the
lens of the illusion of explanatory depth [14], a cognitive bias where
individuals overestimate their understanding of complex systems. In
the context of AI explanations, users could have believed that they
comprehend the AI’s decision-making process more thoroughly

than they actually do, leading to a false sense of understanding
regardless of the explanation provided.

To further interpret our results, let’s revisit the definitions of our
measures, App1 and App2. For App1 to occur, participants must
[not] follow [in]correct recommendations i.e., their appropriate re-
liance on the system, and for App2, understanding both the trustor
and trustee’s trustworthiness is crucial. Our analyses indicate that,
on average, participants correctly selected the hotspot four times in
study 1 and three times out of eight rounds in study 2, suggesting
a 50% error rate. This high error rate could be attributed to explain-
ability pitfalls, where explanations fail to effectively convey the AI
system’s reasoning or limitations [17].

Moreover, in user study 1, participants utilized the AI assistant
to confirm their intuitive professional judgment rather than com-
paring trustworthiness, leading to a lack of substantial variations
in explanatory formats. Therefore, regardless of expertise, partici-
pants failed to perceive meaningful distinctions in trustworthiness,
leading us to conclude that there was no effect on appropriate trust,
regardless of the type of explanation provided.

For RQ2, our findings indicated that hybrid explanations were
rated better on subjective trust than all other explanation types
in study 1. However, this trend was not apparent in study 2. This
result suggests potential variations in how different user groups
perceive and respond to explanation types echoing the work by
Szymanski et al. [84]. These differences can be understood through
the lens of the ironies of automation, which posit that as systems
become more automated, the role of human operators becomes
more critical yet potentially more challenging [23].

6.1.1 Increase in trust doesn’t mean trust is appropriate. The re-
lationship between increased trust and its appropriateness in AI
systems presents a complex challenge that warrants careful exami-
nation. Our findings reveal that while hybrid explanations signifi-
cantly enhanced subjective trust in study 1, this increase did not cor-
relate with improved appropriateness. This disconnect challenges
the prevalent assumption that higher trust inherently leads to bet-
ter outcomes [5], particularly in sensitive domains like predictive
policing where the effectiveness of decision-making is paramount.

Appropriate trust represents a multifaceted construct influenced
by context, agent characteristics, and underlying cognitive pro-
cesses [13]. Our research suggests that while explanations may
boost user trust in AI systems, this enhanced trust does not nec-
essarily translate to improved decision-making capabilities. This
finding presents two potential paths forward: exploring alternative
trust-building approaches or addressing potential deficiencies in
explanation quality [5].

Current research presents divergent perspectives on addressing
this challenge. Some researchers advocate for diversifying trust-
building methods through transparency, user engagement, and
iterative feedback [27, 86], while others emphasize the need to en-
hance explanation quality and clarity [57]. Based on our findings,
we recommend a balanced approach that evaluates trust through
multiple lenses: appropriateness (goal alignment), system purpose
(usability), and user requirements (usefulness). Additionally, we
suggest exploringMiller’s Evaluative AI framework as a potential al-
ternative to traditional XAI approaches, offering hypothesis-driven
decision support [65].
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6.2 Usefulness of explanations, role of user
expertise and exploratory measures

Our analysis reveals several key findings regarding the relationship
between explanations, trust, and user expertise in AI systems. Per-
ceived usefulness of explanations significantly influenced subjective
trust scores (RQ3), though this did not translate to appropriate trust
formation. The correlation between explanation usefulness and
subjective trust suggests that users’ trust assessments incorporate
both prediction accuracy and the perceived value of explanations.

While user expertise did not moderate the role of explanations in
building appropriate trust (RQ4), expert users showed significantly
higher subjective trust with hybrid explanations. This aligns with
existing research emphasizing the importance of user expertise in
AI system trust [66, 74, 84] and supports previous arguments for
expertise-tailored explanations [4, 12, 30, 83]. In addition, visual
and hybrid conditions were linked to perceived usefulness in study
2, but the results were opposite in study 1, again possibly hinting at
the role of user expertise. A marked distinction emerged in decision-
making patterns between user groups. Lay users predominantly
followed AI recommendations directly (42%), while expert users
demonstrated a more analytical approach (75%) through their open-
text responses. This difference aligns with Wang et al.’s findings
[88] regarding inexperienced users’ susceptibility to reinforcement
effects, particularly evident when lay users encountered unfamiliar
information.

Our exploratory variables analysis revealed positive correlations
between AI trust propensity, AI literacy, subjective trust scores,
and crime classification in study 1. However, these correlations
did not persist in study 2, suggesting the influence of contextual
factors. This variance might be attributed to differences in partic-
ipant characteristics (study 1 showed higher average AI literacy
scores of 6.80 compared to 4.67 in study 2) and system-specific
factors in predictive policing. The identified predictors of appropri-
ate trust, particularly AI assistant correctness and trustworthiness,
demonstrated consistency across both expert and lay user contexts.

6.2.1 Policy measures for public sector AI systems. Public sector AI
systems, particularly in predictive policing, face critical temporal
and spatial challenges that require careful consideration before
development or deployment. Our research identifies three key chal-
lenges: confirmation bias in AI interpretation across both expert and
non-expert users, alignment with pre-existing biased judgments
which risks amplifying systemic biases [80], and the concerning
disconnect between increased subjective trust and actual decision
quality when explanations are provided.

These findings carry significant policy implications for responsi-
ble AI implementation. Most notably, the observation that increased
subjective trust through explanations does not correlate with im-
proved decision-making necessitates a strategic shift in AI develop-
ment approaches. We propose three essential policy measures that
extend to broader XAI systems: implementing performance metrics
focused on decision quality rather than subjective trust; incorpo-
rating user expertise levels into system design, given the observed
variations between user groups; and preserving human discretion
in decision-making, as evidenced by expert users’ successful inte-
gration of AI advice with professional knowledge. This last point is

particularly relevant when compared to systems like Germany’s,
where deviation from AI recommendations is constrained [62].

6.3 Limitations and Future Work
Our study faced several notable limitations that should inform the
interpretation of results and future research directions. The primary
constraint was Study 1’s small sample size, which, while consistent
with sampling methods used in comparable predictive policing re-
search [28], potentially limits the generalizability of our findings
to broader populations. The study’s experimental design, utiliz-
ing hypothetical scenarios focused on individual hotspot selection
with AI assistance, represents a simplified version of actual police
decision-making processes, which typically involve team-based ap-
proaches. This aligns with Ferguson’s observations [26] regarding
"big data policing," where concerns often center more on underlying
data quality than system trust. The use of experimental conditions
and fictitious vignettes, while methodologically necessary, couldn’t
fully capture the complexity of authentic police decision-making
environments. To address these limitations, future research should
employ larger sample sizes and explore alternative XAI approaches
to better understand appropriate trust development. More robust
methodological approaches could include virtual reality simulations
of police decision-making [55], deliberative polling techniques, or
real-world interventions. These enhanced approaches would pro-
vide more comprehensive insights into the complexities of trust
formation in predictive policing systems.

7 Conclusion
In this paper, we looked at the effect of different types of explana-
tions (text, visual, and hybrid) and user expertise (retired police
officers and lay users) on fostering appropriate trust in an AI-based
predictive policing system. Our results show that a hybrid form of
explanations raised the subjective trust of expert users compared
to lay users in the AI system. However, none of the explanation
types helped participants in forming appropriate trust in the sys-
tem. We argue that this result of an increase in trust is worrisome,
as it does not lead to better decisions. Based on these results, we
highlight challenges in building appropriate trust in human-AI in-
teraction and propose important policy recommendations centered
around fostering appropriate trust in AI-based predictive policing
systems. We hope this paper will serve as a “call to action” for the
UMAP community to shift focus from the use of explanations for
just promoting trust in AI systems to fostering appropriate trust
instead.
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