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INTRODUCTION

Public and private institutions increasingly rely on data
science and visual analytics to transform vast amounts of raw
data into decision support systems (DSSs) with practical
insights for action. These DSSs usually take the form of Al-
based data dashboards and digital assistants. Institutions
wanting to adopt a more data-driven approach in their
operations and services have evolved from building
dashboards with descriptive and inferential statistics to
incorporating predictive analytics models. Increasing our
understanding of how users interact and interpret
information from predictive analytics is essential for
"complementary computing” [12], which is the notion that
combining human and machine intelligence is more effective
than relying on humans or Al alone.

DSSs with predictive analytics were commonly used by
users with advanced quantitative and statistical skills.
Nowadays, users with various levels of such skills are
required to utilize Al-based DSSs to make decisions.
Decisions initially made by human judgment alone now have
an "algorithm-in-the-loop" [6].

ETHICAL CONSIDERATIONS OF USING AI-BASED DSSs
Combining human and artificial intelligence (Al) is more
effective than relying on humans or Al alone. This has
moved public and private institutions to incorporate Al-
based DSSs to support workers in decision-making.
Examples of this are the implementation of risk models in
health care, social services [2], and the judicial system [23].
Predictive classification models can be inflexible systems
that perpetuate racial biases and discrimination [3, 11].
Emphasizing the accuracy, reliability, fairness, and
efficiency of such models is crucial. However, successful
implementation of an Al-based DSS requires careful
consideration of human factors that intervene when users
interact with such systems [6, 17].

HUMAN FACTORS IN AI-BASED DSSs

Al-based DSSs demand different cognitive processes from
users. Common visual analytics heuristics and DSS design
patterns may not apply when the system includes predictive
analytics. Nourani et al. found that generic representations of
uncertainty can be counterproductive and possibly trigger
misconceptions and cognitive biases in users as a coping
mechanism [14]. Therefore, the design and implementation
of Al-based DSSs require a renewed approach to the GUI
design, risk communication strategies, and user training
approaches [6, 7, 9, 19]. The search for risk communication

heuristics and design patterns needs to consider findings such
as Green et al., who found that Al explainability did not
improve human performance [6] and that providing user
feedback for human decision calibration decreased their
accuracy [6].

Cognitive biases and interpretation errors

Cognitive biases are distorted perceptions and interpretations
of objective information that can result in distortions or
inaccuracies of judgment [7]. Cognitive biases that have
been identified in research studies related to visual and
predictive analytics are anchoring bias [22], automation bias
[1, 18], confirmation bias [16], and interpretation error [6],
among others.

Anchoring bias

Anchoring bias is the “anchoring effect” that happens when
exposure to previous scores influences new estimates [2, 8,
22].

Automation bias

Automation bias is “the tendency of people to defer to
automated technology when presented with conflicting
information” [1]. Kawakami et. al. found that AFST users
felt “discomfort around underlying assumptions of statistical
predictions, such as case comparison and statistical notions
of uncertainty.” [5] Their lack of understanding of the
predictive model has led some of them to consistently defer
to AFST’s risk scores [4, 15]. Reports of automation bias in
COMPAS users have been made in the past and have resulted
in the addition of a written disclaimer about the model's
limitations and recommendation to exercise discretion when
assessing a risk score concerning a defendant [6, 15, 22].

Confirmation bias
Dare et al. defined confirmation bias as the tendency to seek
evidence that supports preferred views [24].

Interpretation errors

Contextual inquiries and experiments have shown that
decision-makers often find it challenging to read risk
predictions [4, 6]. This is usually because users do not have
an accurate mental model of the underlying risk model of the
Al-based DSS [4]. The mismatch between the user’s mental
model and the Al-based DSS model can cause interpretation
errors. Green et al. found that many participants in their study
treated probability percentages on a scale of zero to hundred
percent as binary; they shifted toward 0% or 100% [6].
Another example is the users' misunderstanding of
Allegheny County’s AFST targets. AFST provides a risk
score for the likelihood of an unfavorable outcome



happening in the next two years, but many users believed it
predicts risk in the short term [4].

USERS’ PERCEPTIONS OF THE AI-BASED DSS

In the same way that cognitive biases and interpretation
errors can affect the quality of decisions, negative
perceptions of the Al-based DSS in users can affect the
quality of decisions as well. This issue has been described as
users’ confidence in the fairness of the risk predictions. The
transparency of a system has been associated with its fairness
[5, 25]. Explanatory approaches, communicating
uncertainty, and model limitations are forms of transparency
that may encourage users to trust the tool [5, 21, 26].

Awareness of Al-based DSS limitations and error rates can
empower users to correct flawed predictions. De-Arteaga et
al. analyzed users’ responses to “erroneous algorithmic
scores” provided by an early version of the AFST [15]. They
found that users “are less likely to adhere to the machine’s
recommendation when the score displayed is an incorrect
estimate of risk, even when overriding the recommendation
requires supervisory approval.” [15]. The assumption that
users can identify errors and overriding recommendations
[15] leads to the question: Can GUI design and the risk
communication strategy make it easier for users to recognize
prediction errors?

Al-BASED DECISION SUPPORT SYSTEMS DESIGN

Taking aside the fact that the underlying predictive models
in Al-based DSSs can have many issues on their own [3, 11],
it is important to recognize that while ensuring the accuracy,
reliability, and fairness of such models is crucial, it is as
important to consider practical aspects of the Al-based DSS
design and implementation [6, 17]. The design and
implementation of the graphical user interface (GUI) of Al-
based DSSs differ from traditional DSSs because they
communicate uncertainty as “statistical predictions” [5].

The use of predictive risk models that output a risk score has
become prevalent in public and private institutions that have
adopted Al-based DSS. Risk scores can be communicated
numerically or verbally. As a probability percentage, ratio,
single- or double-digit number, or as a text label. Whether
the risk is communicated as a number or a text label, it could
be supplemented by a graphical representation such as
charts, linear and round gauge scales, and icon arrays, among
others. Multiple combinations for the risk communication
strategy are possible, however, ensuring the risk
communication strategy use is appropriate for the user base
of the Al-based DSS requires further experimentation [5].

BETWEEN-SUBJECTS STUDY

Hypotheses and variables

In this study, | aim to explore if the risk communication
strategy makes any difference in the decisions users make
and if there are there any risk communication strategies that

contribute to mitigating cognitive biases and interpretation
errors in users with low quantitative and statistical skills.

The GUI design of Al-based DSSs with underlying
predictive classification models that output a risk score are
the focus of this study. I will test if the risk communication
strategy in an Al-based DSS has any effect on users’
decisions. The null and alternative hypotheses are:

HO: The risk communication strategy in the GUI of
the Al-based DSS does not affect the user’s
decision.

H1: The risk communication strategy in the GUI
of the Al-based DSS affects the user’s decision.

The dependent variable is the decision users make. The
independent variable is the risk communication strategy used
in the GUI design of the Al-based DSS. The risk
communication strategies in this study include a risk score
and its graphical representation.

“Real-world” Al-based DSS: The Allegheny Family
Screening Tool (AFST)

The real-world Al-based DSS on which this study is based is
the Allegheny Family Screening Tool (AFST) with an
underlying predictive risk model (PMR) that outputs a risk
score presented as a one- or two-digit number situated over
a linear gauge scale with labels: “Lower Risk”, “Medium
Risk”, and “Higher Risk” (Figure 1). | built four high-fidelity
wireframes of an Al-based DSS modeled after the AFST [2].
Each of the four wireframes show a particular risk
communication strategy (Table 1).

Figure 1. AFST V2 [2].

Allegheny Family Screening Tool

Participants

Call screeners of child protection hotlines usually have
completed a bachelor’s degree in social work or related
fields and have some experience working with children and
families. Because of their educational and professional
background, it is uncommon for them to have substantial
training in statistics. Given that the purpose of the study is
to explore effective ways of communicating risk predictions
to users with low and medium statistical skills, pair with the
difficulty of working with call screeners directly, individuals
older than 18 years old, that speak English, and have



completed some years of college or above are accepted as
surrogate participants. A background in social work or a
related field is preferred.

Online survey design and questionnaires

For this study, | administered an anonymous online survey
with three main parts: (1) demographic, educational, and
professional background questions, (2) a simulation of a call
referral and case classification modeled after Allegheny
County’s child protection program, and (3) a set of system
usability Likert-scale questions.

The first part of the survey asked participants for their age
range, education level, and professional background. The
second part of the survey, the simulation, included a
wireframe of an Al-based DSS modeled after the Allegheny
Family Screening Tool (AFST) (Figure 1), which I called
the Family Screening Tool (FST) (Figure 2). Each
participant was assigned a risk communication strategy
randomly, using Qualtrics’ built-in randomization function.
There were four possible risk communication strategies
created for this study: gauge scale with text label, gauge
scale with percentage, icon array with text label, and icon
array with percentage (Table 1).

Additional information such as participants’ location (e.g.,
longitude and latitude, and IP address.), primarily language
set up in their computer were collected automatically. This
information was used in data cleaning to verify responses
met the minimum acceptance criteria.

Simulation of a call referral and case classification with
FST

After participants complete the first part of the survey, they
are prompted with a short text describing a child protection
program that requires call screeners to utilize an Al-based
DSS when deciding how to classify a referral. The prediction
target and error rate of the FST are communicated to
participants. Participants are instructed to situate themselves
in the role of a call screener.

“The Department of Human Services manages a
child protection hotline where people can report
alleged cases of child abuse and neglect, also called
referrals. The hotline is operated by call screeners
who are required to collect information over the
phone and utilize a risk assessment tool called the
Family Screening Tool (FST). The FST is an Al-
based tool that predicts the risk of an unfavorable
outcome occurring to the child in the next two
years. Call screeners are required to use FST and
consider the risk level provided by the tool when
deciding if there is a need for an intervention. The
error rate measures the percentage of times the FST
makes an incorrect risk prediction. The error rate of
the Family Screening Tool is 5.5%. This survey will
ask you to assume the role of a call screener in the
following case scenario.”

Then, they were prompted with the following scenario:

“As a call screener, you receive a call referral. Dr.
Patel, the pediatrician, informs you that Riley, the
mother, brought her 13-year-old daughter, Remi, to
the state hospital because she was refusing to eat
more than a thousand calories daily. Dr. Patel
examines Remi and finds that she is underweight.
Additionally, Dr. Patel provides you with the
parents’ names, dates of birth, and state
identification numbers. As the call screener, you
enter this information into the Family Screening
Tool and initiate the analysis. After completing the
risk assessment, FST generates the following risk
prediction. (Please refer to the screenshot below.)”

After participants had read the scenario, they were randomly
assigned a wireframe of FST’s with one of the risk
communication strategies (Table 1). All risk communication
strategies used a 57.5 risk score on a scale of 0 to 100. The
case scenario does not present a clear-cut situation and the
risk score is slightly above the midpoint. The error rate given
was 5.5.%. These conditions aimed at encouraging
participants to consider both the case and the risk score in
their decision-making process. Then, they are asked to
classify the case as low, medium, or high risk. This portion
of the survey was presented as a Likert question. After
participants selected a classification for the case, the survey
asked them to type down the reason for the classification
they chose.

Risk communication strategies: verbal versus numeric
risk descriptions and graphical representations.
Gresh et al. noted the limitation of relying upon a verbal
description exclusively because of the difficulty of mapping
it on a numeric scale [10]. Providing a graphical
representation of the risk output in addition to a verbal or
numeric risk description is considered a good practice [10].
However, graphical representations can be
counterproductive if they are not selected according to the
users’ familiarity with them [17].

Table 1. Risk communication strategies.
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Gauge scale and icon array are the two graphical
representations selected for this study. Gauge scales are
pervasive in visual analytics, when they are used to
communicate risk, they usually follow the speedometer
metaphor that starts in low (green) and ends in high (red).
The icon array is also used to represent risk graphically. Icon
arrays are considered the best option for risk communication
because they allow for a precise “discrete representation of
risk” [13].

The risk communication strategies used for this study
consist of a risk output communicated numerically or
verbally and a graphical representation of it; a gauge scale
or icon array (Table 1). | paired a verbal (i.e., text label) and
numeric (i.e., percentage) description of the risk output with
its graphical representation (i.e., gauge scale and icon array.)
(Table 1).

Pilot study

Two users (T1 and T2) with research backgrounds and
advanced numeracy skills tested the survey. They provided
feedback on the settings and copy editing and FST image
after completing the survey. They also shared screenshots of
the FST image randomly assigned to them, which | used to
test the survey randomization. T1 and T2 noted the risk
communication strategy image was not sufficient to
associate it with an Al-based DSS. | modified the images to
simulate an FST window over a Windows virtual desktop
(Figure 2).

Figure 2. FST wireframe.

The Results

The risk is 57.5%

Survey distribution and data cleaning.

A Qualtrics anonymous link was distributed through the
subreddit r/SampleSize. An online Reddit community
dedicated to research studies for school purposes where
members can post links to surveys and polls. Participants
were offered a $5 Amazon e-gift card as compensation for
finishing the survey. The minimum acceptance criteria for
receiving compensation were spending at least seven
minutes completing the survey, providing a sensical answer

to an open-ended question in the questionnaire, and passing
Qualtrics’ fraud detection filters [20]. Despite providing a
clear statement of the minimum requirements for receiving
compensation, many individuals encouraged by the
compensation flooded the survey with fraudulent responses.
Ofthe 493 responses received, 299 passed Qualtrics’ quality
response filters and language requirements [20]. However,
242 participants finished the survey while 57 did not. The
minimum acceptance criteria for this study include a
language requirement, a background in social work or a
related field and having completed the survey. After data
cleaning in RStudio, it was determined that a total of 225
responses met the minimum acceptance criteria.

DATA ANALYSIS AND SAMPLING

Participant demographics

The age range mode is 25-34 years old followed by 35-44
years old (Table 1). More than 60% of participants
selected Graduated 4-years College as their highest
level of education followed by Postgraduate with
20% and Graduated 2-years College with 15%
(Table 2). All participants in this sample self-reported that
they have formal training or experience in social work or a
related field. These self-reported characteristics are
within the acceptance criteria specified for this study.

Table 2. Participant demographics (n=225)

Age: What is your age range?

18-24 years old 12
25-34 years old 119
35-44 years old 90
45-54 years old 4
Education: Highest grade or level of school completed.
Some College 12
Graduated 2-year College 34
Graduated 4-year College 137
Postgraduate 42

Data sampling

Social work programs typically include statistical training in
their curriculum. The extent of statistical training can vary
depending on the program. College-level programs may
include introductory courses on statistics and research
methods, while post graduate programs typically have a
stronger emphasis on statistics, including courses on
descriptive and inferential statistics. Given that training in
predictive statistics is not typically part of the curriculum
even at the post-graduate level programs, participants in all
education groups will be included in this study (Table 3).

Table 3. Highest level of school completed.

Groups Less than 4- Postgraduate
year of college
Gauge scale with text label 48 6




Gauge scale with 44 9
percentage

Icon array with text label 50 14
Icon array with percentage 41 13

Risk communication strategies and groups.

Participants were randomly assigned to one of the four risk
communication strategies: gauge scale with label, gauge
scale with percentage, icon array with label, and icon array
with percentage. The risk prediction in the FST was the same
for all four groups, 57.5 on a scale from 0 to 100. The only
difference between groups was the risk communication
strategy used in the FST.

Summary of Risk Classifications

The distribution of the risk classification in all groups was
the same or similar for all groups. The mean for gauge with
label, gauge with percentage and icon array with percentage
groups is 2.4 with a standard deviation of 0.5 (Table 4). The
icon array with text label group had a slightly different mean
of 2.3 and a standard deviation of 0.6 presumably because of
a bigger sample size (Table 4).

Table 4. Group Designation and Risk Classification

Risk LR | MR | HR | M | Mdn | Sd
Communication (n) { () | (n)
Strategy

Gauge scale with 2 31 21 | 24 2 0.5
text label (n=54)
Gauge scale with 1 27 25 | 24 2 0.5
percentage
(n=53)

Icon array with 4 37 23 | 23 2 0.6
text label (n=64)
Icon array with 2 30 22 | 24 2 0.5
percentage
(n=54)

One-way ANOVA of Risk Classification

| applied one-way ANOVA to test the null hypothesis that
the mean risk classification of all four groups is the same.
The test indicates that there is no statistical evidence to reject
the null hypothesis (p-value=0.5). The risk communication
strategy does not seem to influence the decision the user
makes. The mean risk classification across groups is
statistically the same (Figure 3). However, this may be due
to a small sample size (n=225) and to data quality issues.
Participants of the online anonymous survey may have had
the incentive to self-report characteristics that are not
accurate because of the offer to receive a reward.

Participants’ perception of FST

The survey prompted participants with Likert-scale
questions about their agreement with statements about the
FST after they had classified the case and typed their
responses. The one-way ANOVA tests for each statement
did not find any statistically significant difference between

groups except for the final statement: “Overall, | consider the
FST to be useful for the evaluation of child referrals” (Figure
4) (Annex 1).

Participants in the gauge with text label and icon array with
text label rated the FST lower in the Likert-scale with means
of 3.8 and 3.9 while the gauge with percentage and icon
array with percentage rated the FST higher both with a mean
of 4.2. The p-value of the one-way ANOVA test is 0.04
which shows that there is statistical evidence to infer that the
risk communication strategy may influence users’ trust in the
usefulness of the tool. A possible explanation for the
differences between groups is that users who were
administered the risk communication strategies with a
percentage perceived the tool, as more specialized and
precise.

Figure 3. One-way ANOVA (Low risk = 1, Medium risk =
2, High risk = 3)
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p-value = 0.5172

Figure 4. One-way ANOVA: “Overall, I consider the FST
to be useful for the evaluation of child referrals.” (Strongly
agree = 5, Agree = 4, Neutral = 3, Disagree = 2, Strongly
disagree 1)
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p-value = 0.0423

A similar grouping appears in the one-way ANOVA test for
the statement “All the information provided by the FST is
useful and relevant.” where groups gauge scale with
percentage and icon array with percentage perceived the
information in the FST as more useful and relevant compared
to the other two groups (Figure 5). With a p-value of 0.1,



there is no statistical evidence to consider that the means are
different. However, these results show similitudes between
groups based on how the risk score is communicated. The
graphical representation does not seem to have as much
weight as the format of the risk score communication,
whether is verbal or numeric.

Figure 5. One-way ANOVA: “All the information provided
by the FST is useful and relevant.” (Strongly agree = 5,
Agree = 4, Neutral = 3, Disagree = 2, Strongly disagree 1)

Gauge Label Gauge Percentage lcon Label lcon Percentage

p-value = 0.1364

Despite the lack of statistical significance, the gauge scale
with percentage group had the highest mean rate compared
to the other groups consistently in most Likert-scale
statements such as: “The FST provided sufficient
information”, “The information in the FST s
straightforward”, and “I would not need the support of a
supervisor or colleague to understand FST results”. The
“Overall, I consider the FST to be useful for the evaluation
of child referrals” shared the mean of 4.2 with the icon array
with percentage group. These statements have to do with
users’ trust in the statistical prediction given by the system
and users’ confidence in their capability of using FST to
make decisions.

Participant’s written responses
Participants in the icon array percentage share similarities
with the gauge percentage group in terms of risk
classification and explanations. P22 from the icon array
percentage group, and P69 from the gauge percentage group
classified the case as high risk, and wrote:
P22: “The risk rate is above average”
P69: “It’s more than half”

CONCLUSIONS AND FUTURE WORK

Despite the result of the one-way ANOVA test does not show
statistically significant results to reject the null hypothesis
that the mean risk classification of all four groups is the
same. | cannot necessarily conclude that risk communication
strategy does not seem to influence the decision the user
makes given the small sample size and to data quality issues.
For future studies, pre-screening and eligibility surveys
should not be neglected to ensure participants are
representative of the user population of the study.

The ANOVA test results of the Likert-scale questions of the
usability statements: “Overall, | consider the FST to be
useful for the evaluation of child referrals” and “All the
information provided by the FST is useful and relevant.”
Show similarity between groups based on how the risk score
is communicated. A possible explanation is that users who
were administered the risk communication strategies with a
percentage perceived the tool, as more specialized and
precise. Moreover, the significance of the one-way ANOVA
tests for the “Overall, | consider the FST to be useful for the
evaluation of child referrals” statement indicates that the risk
communication strategy can influence users’ perceptions of
the usefulness of the Al-based DSS.

The risk communication strategies do not influence
participants’ decisions or case classification, but they do
influence participants’ perceptions of the usefulness of the
system. Interestingly, participants who in the gauge scale
with percentage and icon array with percentage rated FST
agreed more with the usability statements. This indicates that
participants may see numeric communication of a risk score
as more reliable and transparent than the text label.

Conducting online or in-person interviews and simulations
with think aloud protocols would help understand better how
users interact and interpret statistical predictions. Interviews
would also give the opportunity for an in depth
understanding of users’ quantitative and statistical skills, and
their perceptions of such systems. Online anonymous
surveys without pre-screening have limitations around
sampling and data quality.
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