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ABSTRACT

A growing body of research has explored how to support humans
in making better use of Al-based decision support, including via
training and onboarding. Existing research has focused on decision-
making tasks where it is possible to evaluate “appropriate reliance”
by comparing each decision against a ground truth label that cleanly
maps to both the Al’s predictive target and the human decision-
maker’s goals. However, this assumption does not hold in many
real-world settings where Al tools are deployed today (e.g., social
work, criminal justice, and healthcare). In this paper, we introduce
a process-oriented notion of appropriate reliance called critical use
that centers the human’s ability to situate Al predictions against
knowledge that is uniquely available to them but unavailable to
the AI model. To explore how training can support critical use,
we conduct a randomized online experiment in a complex social
decision-making setting: child maltreatment screening. We find
that, by providing participants with accelerated, low-stakes op-
portunities to practice Al-assisted decision-making in this setting,
novices came to exhibit patterns of disagreement with Al that re-
semble those of experienced workers. A qualitative examination of
participants’ explanations for their Al-assisted decisions revealed
that they drew upon qualitative case narratives, to which the Al
model did not have access, to learn when (not) to rely on Al predic-
tions. Our findings open new questions for the study and design of
training for real-world Al-assisted decision-making.
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1 INTRODUCTION

Al-based decision support (ADS) tools are increasingly deployed
to assist frontline professionals in critical, real-world contexts like
social services, healthcare, and criminal justice, with the hope of
improving decision quality. However, realizing these tools’ poten-
tial in practice is far from guaranteed [4, 15, 20, 24, 38]. To support
human decision-makers in effectively using such tools, it is critical
that they receive sufficient training before using them in practice.
Yet, today, ADS tools are often introduced into these contexts with-
out adequately preparing the frontline professionals who are asked
to use them day-to-day [6, 30, 51].

To address this real-world need, a growing body of studies
have explored onboarding and training approaches to support hu-
man decision-makers in learning to use ADS tools, demonstrating
promising initial results [e.g., 1, 43]. Many of these research studies
state a motivation to improve human-AI decision quality in critical
applications (e.g., healthcare, criminal justice, and social services).
However, a careful review of these studies surfaces key differences
between their task designs versus the actual Al-assisted decision-
making tasks frontline professionals perform in their day-to-day
work [21]:
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o Target-construct mismatch: Whereas most experimental
studies of Al-assisted decision-making assume that human
experts and Al models are predicting the same construct,
in practice models are often trained to predict an imperfect
proxy for the true outcome of interest to human decision-
makers [13, 21, 28, 32, 57]. In these settings, effective use
of Al predictions depends critically on humans’ ability to
account for such misalignment.

e Information asymmetry: While experimental studies typ-
ically assume that humans and AI models have access to
the same information for decision-making, in practice hu-
mans frequently have access to complementary informa-
tion [23, 25, 26, 30]. In these settings, effective use of AI
predictions depends critically on humans’ ability to make
use of decision-relevant information to which they have
unique access.

Although target-construct mismatch and information asymmetry
are often discussed in studies of real-world Al-assisted decision-
making, their implications for human-AI interaction design remain
underexplored. It is an open question how people can best be sup-
ported in learning to make Al-assisted decisions in complex, real-
world contexts.

In this paper, we explore these questions in a complex, real-world
domain involving both properties described above: Al-assisted child
maltreatment screening. The use of Al-based decision support tools
in child welfare is rapidly spreading [50, 52]. Given significant
target-construct mismatch and information asymmetry, it is not
advisable in this context to train humans to make decisions that
perfectly align with the imperfect proxy used by the Al model [8,
14, 30]. For the same reason, it is unclear how to apply existing
measures of “appropriate reliance” on Al predictions in this context,
given that these typically assume that alignment with model’s target
is the goal. To address this gap, we define the notion of critical use—
that is, humans’ ability to situate Al predictions against potentially
complementary knowledge uniquely available to them (but not the
Al model).

Adopting critical use as a lens, we conducted a within-subjects,
randomized controlled experiment to investigate what and how
people learn through practice and feedback on decision-making,
in the context of Al-assisted child maltreatment screening. We
designed training activities that simulate the actual tasks workers
face in a real-world deployment context—Allegheny County’s use
of the Allegheny Family Screening Tool (AFST) [12, 18, 30]—but pro-
vide participants with accelerated opportunities to practice making
Al-assisted decisions, low-stakes setting.

To inform our study design and analysis, we drew upon an exten-
sive body of findings from prior field studies in the AFST context,
examining how experienced workers make Al-assisted decisions
in this setting [8, 10, 11, 14, 30]. Prior literature indicates that ex-
perienced workers in this context use the AFST’s predictions in
sophisticated ways, which improve decision-making. For example,
quantitative analyses of workers’ decision-making over a multi-
year period found that, when workers exercised their discretion
to disagree with model predictions on a case-by-case basis, this
has the aggregate effect of reducing errors and racial disparities in
decision-making, compared with what would have happened had
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they uncritically agreed with the model’s predictions [8, 14]. In line
with our definition of critical use, field observations revealed that
workers drew upon their knowledge of information unavailable
to the AFST (e.g., relevant context from qualitative case narra-
tives) to calibrate their reliance upon the model’s predictions in
each case [30]. To support analysis of study participants’ learning,
we leveraged our knowledge of experienced workers’ Al-assisted
decision-making practices to define indicators of critical use in this
domain.

Overall, our analyses suggest that our training activities pro-
moted more critical use of Al predictions. In earlier practice op-
portunities, participants in both conditions started off relying on
AI model predictions more heavily. They did so even on cases for
which the model erred with respect to the proxy it was trained
on. However, with increased practice, participants learned to dis-
agree with the Al predictions more often. In particular, participants
learned to make decisions that were more accurate with respect
to the decision-making of actual experienced workers. The train-
ing also improved participants’ ability to predict the AT model’s
behavior. Interestingly, participants who received practice alone
saw greater improvements in their ability to predict model behav-
ior, compared to participants who also received explicit feedback
alongside practice. Moreover, providing explicit feedback did not
impact their learning with respect to decision-making, compared
with the effects of repeated practice alone. Our analyses indicate
that participants used the qualitative case narratives as a powerful
form of implicit feedback on the reliability of individual Al predic-
tions, through which participants learned to calibrate their reliance
on the Al system. This suggest that, beyond exploring mechanisms
for explicit feedback on human- and Al-based decisions, future
work on training for Al-assisted decision-making should explore
the design of rich, implicit feedback mechanisms that empower
learners to cross-check Al predictions against concrete, qualita-
tive representations [cf. 55]. More broadly, our findings open up a
space of new opportunities and open questions for the design of
effective training materials and evaluation metrics for Al-assisted
decision-making.

This paper makes the following contributions:

e We introduce the concept of critical use, which can be
applied to Al-assisted decision-making settings where tradi-
tional measures of “appropriate reliance,” based on available
ground truth labels, are likely to be unreliable. As a learn-
ing goal, critical use is applicable to a range of real-world
contexts that involve target-construct mismatch and infor-
mation asymmetry (e.g., healthcare, criminal justice, content
moderation, and education). We explore how critical use
can be measured via a case study in the child maltreatment
screening context.

o We present the first experimental investigation in the lit-
erature of what and how humans learn through practice and
feedback in settings where human knowledge complements
that of an Al model (through target-construct mismatch and
information asymmetry). Through our analyses, we investi-
gate how critical use can be supported through training,.

e Based on our findings, we highlight new opportunities
and open questions for the design of effective training
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materials and learning measures in real-world Al-assisted
decision-making settings.

2 BACKGROUND AND RESEARCH
QUESTIONS

In this section, we first briefly overview prior literature on training
for Al-assisted decision-making, and then discuss key opportuni-
ties to foster human-AI complementarity that are under-explored
within this literature. Finally, we motivate and present our research
questions.

2.1 Training for Al-Assisted Decision-Making

Recent years have seen the rapid adoption of Al-based decision
support (ADS) tools to assist human decision-making in settings
like social services, education, healthcare, and criminal justice [3, 12,
39, 60]. Despite rapid growth in adoption, frontline professionals
are often asked to use these tools day-to-day without adequate
training. Even in high-stakes contexts, where Al-assisted decisions
have the potential to change the trajectory of individuals’ lives,
the implementation of training approaches has severely lagged
behind investments in model development [6, 7, 30, 51]. This lag
has also been recognized in recent regulatory and policy efforts,
for example, through government directives requiring employee
training on Al-based decision-making tools [54].

To address this gap, an emerging line of research in HCI and
CSCW has begun to explore the design of onboarding and training
interventions to support humans in learning to work effectively
with ADS tools. For example, Cai et. al. conducted a qualitative study
with pathologists to identify their needs and desires for onboarding
to human-Al collaborative decision-making. Other research has be-
gun to investigate the effectiveness of different training approaches
via online experiments. For example, Monzannar et. al. introduced
an exemplar-based interactive training approach to hone human
decision-makers’ mental models of a question answering model’s
strengths and weaknesses, and explored strategies for selecting
training examples that could help humans learn an AI model’s er-
ror boundaries most efficiently [43]. Lai et. al. explored model-based
tutorials as an intervention to improve humans’ abilities to under-
stand patterns of model behavior, using a case study in deceptive
hotel review detections [37]. Overall, this line of work has shown
promising early results, suggesting that the proposed training ap-
proaches can support human decision-makers in learning to make
more accurate Al-assisted decisions.

However, prior studies on training for Al-assisted decision-
making have focused on relatively well-defined decision tasks. In
the next section, we discuss properties of real-world Al-assisted
decision-making that have potential to support human-AI comple-
mentarity, but which are not typically represented in experimental
study designs.

2.2 Potential Sources of Human-Al
Complementarity in Decision-Making

While there is an expectation that both human and Al-based judge-

ments are imperfect, there is hope that careful integrations of the

two can improve decision-making by drawing upon the comple-
mentary strengths of each [2, 16, 27, 30, 59, 61]. Prior literature
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on measurement in Al-assisted decision-making [21, 32, 49] has
articulated several properties of real-world decision-making tasks
that can support to human-Al complementarity in practice. In this
paper we focus closely on two of these::

e Target-construct mismatch: In many real-world deploy-
ment settings, Al models are trained to predict imper-
fect proxies for the true construct of interest to decision-
makers [13, 21, 28, 32, 57]. For example, in healthcare, a
widely-deployed ADS tool was trained to predict medical
costs as a proxy for clinicians’ actual decision-making goal of
assessing patients’ medical need [45]. However, an analysis
found that medical cost is a systematically worse proxy for
medical need among certain demographic groups—for in-
stance, hospitals may have historically turned patients away
from care due to a lack of insurance or other discriminatory
factors [46].

Information asymmetry: In real-world settings, humans
and AI models frequently have access to complementary
sources of information [25, 30, 32]. For example, clinicians
make decisions about medical resource allocation across
high-risk patients by drawing upon a patient’s physical pre-
sentation, subjective assessments of their well-being, and
real-time test results—information that may be unobservable
to an Al model [44]. .

Beyond the healthcare examples provided above, these two prop-
erties are observed across a wide range of other real-world Al-
assisted decision-making settings, including child welfare, criminal
justice, online content moderation, education, lending, and hiring,
to name a few. Recent field research has shown that, in some set-
tings, frontline professionals are aware of information asymmetries
and misalignments between their own goals as human decision-
makers versus the proxy outcomes that an Al model is trained
to predict. Furthermore, this awareness can shape how they cali-
brate their reliance on Al predictions on a case-by-case basis [e.g.,
8, 24, 30]. Yet to date, most existing experimental research on
Al-assisted decision-making has constructed study environments
where these properties are absent. In fact, in a recent review of
the literature, Guerdan et. al. [21] found that 92% of experimental
studies make the assumption that no target-construct mismatch
orinformation asymmetries are present.

Prior studies exploring ways to support humans in learning to
make Al-assisted decisions involve tasks such as identifying defec-
tive objects [1], passage-based question answering [43], comparing
nutritional content [19], or identifying deceptive hotel reviews [37].
In each of these decision tasks, there is no information asymmetry:
the human decision-maker is only provided access to the same or a
subset of the type of information the AI model is trained on. There
is also no pronounced target-construct mismatch: the AI model
used in the task is trained on a predictive target (e.g., accuracy of
Al-assisted decisions about the nutritional content of a given meal
[19], or whether an object is defective [1]) that directly corresponds
to both the Al and the human’s predictive target. Like other studies
evaluating Al-assisted decision-making [36], accuracy and learning
(i.e., changes in accuracy over time) is assessed via correspondence
to this ground truth signal.
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Figure 1: A high-level overview of the study design. The study included five phases: Onboarding, Pre-Assessment, Training,
Post-Assessment, and Post Questions. In the Training phase, participants were randomly assigned between-subjects to the

Practice or the Practice + Explicit Feedback case.

While prior work indicates that the presence of target-construct
mismatch and information asymmetries presents potential for
human-Al complementarity in real-world settings, we know lit-
tle about how to help humans learn to leverage this potential. In
this paper, we begin to explore this opportunity space.

2.3 Research Questions

Domains involving human decision-making have long recognized
that realistic practice and tailored feedback are key processes
for learning. Literature from the learning sciences has demonstrated
how practice improves performance across domains, from academic
subjects like math and psychology to complex medical procedures
and even to professionals’ abilities to navigate challenging social
interactions [22, 29, 34]. In prior literature, these simple practice
effects have been substantially enhanced when supplemented with
explicit feedback [17, 33, 34]. In real-world decision-making set-
tings such as social work, healthcare, and education, where there is
typically a long lag (on the order of months or even years) between
decisions and corresponding outcomes, such simulation-based train-
ing approaches have the potential to greatly accelerate learning.

In our study, we investigate what and how people learn through
repeated practice making Al-assisted decisions in the context of
child maltreatment screening. In addition, we explore the effects
on participants’ learning of showing explicit feedback on their
decisions. We ask the following research questions:

(1) Can repeated practice making Al-assisted screening deci-
sions help promote more critical use of Al predictions?

(2) Does providing explicit feedback on decisions help pro-
mote critical use of Al predictions, compared to practice
alone?

3 METHODS

To investigate our research questions, we designed and conducted
a randomized online experiment with crowd workers, social work
graduate students, and social workers.

3.1 Context

We ground our investigations in the context of child maltreatment
screening: a complex, social decision-making context where the use
of Al-based decision support tools is rapidly spreading [12, 50, 52].
The task design and data are drawn from a real-world ADS deploy-
ment: the Allegheny Family Screening Tool (AFST). As one of the
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longest deployed and most well-known ADS tools in social ser-
vices, the AFST has influenced the design and deployment of many
other Al-assisted decision-making tools across the U.S. [50]. The
Allegheny County Department of Human Services (DHS) deployed
the AFST in 2016 to assist hotline call screeners and supervisors in
prioritizing alleged child maltreatment cases for investigation [12].
As is common for ADS tools deployed in complex, real-world set-
tings, the AFST predicts readily measurable yet indirect proxies
for the construct of interest to decision-makers. Whereas frontline
decision-makers focus on ensuring children’s immediate safety,
the AFST predicts a proxy outcome on a much longer time hori-
zon: a child’s risk of being placed into foster care within the next
two years [8, 30]. The Al-assisted child maltreatment context also
involves information asymmetries: prior field studies find that front-
line workers’ decisions are informed by rich, qualitative information
about a given case (e.g., reported allegations), which is unavailable
to the ADS model [30, 53].

In their day-to-day work, call screeners and supervisors at Al-
legheny County are asked to use the AFST, which outputs a risk
score on a scale from 1 (low risk of placement) to 20 (high risk of
placement). Our study activities are designed to simulate the ac-
tual decision process that call screeners complete. The Al-assisted
decision-making task at Allegheny County begins once the call
screener receives a call (e.g., from a teacher or neighbor) report-
ing alleged child maltreatment. The call screener takes notes on
the call, and then uses an online data system to collect relevant
administrative records on the family being reported. Finally, these
administrative records are usedto generate the AFST score. Using
information from the allegations, administrative records, and the
AFST score, the call screener then makes a recommendation about
whether or not to screen in the family for investigation. Then, the
supervisor makes the final screening decision, informed by the
recommendation from the call screener, administrative records, and
the AFST score. We describe how our study simulates this task in
the next subsections.

3.2 Study Design and Materials

To investigate our research questions, we conducted an online ex-
periment with a total of 354 participants, using a pretest-postest
experimental design. An overview of our study design is shown in
Figure 1. Following a brief onboarding to the study, participants
first completed a brief pre-assessment, which provided a baseline
assessment of their knowledge and decision-making prior to our
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experimental intervention. Participants then proceeded to a train-
ing phase, during which they were randomly assigned to practice
making Al-assisted decisions either with or without explicit feed-
back. Finally, participants completed a post-assessment, which
was structurally identical to the pre-assessment, but presented par-
ticipants with new, unique cases. At the end of the post-assessment,
participants were asked a small set of post-study questions aimed
at understanding their backgrounds. The IQR for study completion
time is [48 minutes, 1 hour 25 minutes] with a median of 1 hour 4
minutes.

In the training phase, participants practiced making Al-assisted
decisions on a series of 16 practice cases, presented in random or-
der. Participants were randomly assigned between-subjects to one
of two conditions: Practice or Practice + Explicit Feedback. As de-
scribed in the subsections below, for each of the 16 cases shown
in the Training phase, participants in the Practice condition were
asked to review the allegations, administrative records, and the
Al model’s risk score, and then make a screening decision. Partici-
pants in this condition were shown the next case immediately after
inputting their decision. By contrast, after making a screening deci-
sion, participants in the Practice + Explicit Feedback condition were
presented with immediate feedback on their decision. After seeing
the feedback, participants were then asked to indicate whether they
would have made the same decision, “knowing what you know now”,
or whether they would change their decision based on the feedback
they saw.

The pre- and post-assessments were designed to assess both (a)
how participants make child maltreatment screening decisions with
Al assistance; and (b) participants’ ability to predict what risk score
the AI model will assign to a given case. Assessing participants’
ability to predict Al outputs, both before and after the training
phase enabled us to investigate whether repeated practice and feed-
back on Al-assisted decision-making would additionally improve
their ability to mentally simulate the AI model’s behavior [4, 40, 48].
Each assessment included a series of four Al Score Prediction ac-
tivities and four AI-Assisted Decision-Making activities (which
were identical to the decision-making activities presented during
the training phase). During the assessment phases of the study,
participants were not shown any explicit feedback on either their
decisions or their Al score predictions, regardless of which experi-
mental condition they were assigned to for the training phase. In
each assessment, we counterbalanced the order in which the two
types of assessment activities were shown. For each case shown
during the assessment phases, participants were asked to elaborate
(via open text) on how they made their Al-assisted decision or Al
score prediction immediately after inputting their response.

Below, we describe the designs of the two types of activities
included across the training and assessment phases.

AlI-Assisted Decision-Making Activity. To inform their decisions
in the Al-assisted decision-making activity, participants were pre-
sented with both a referral vignette and an Al prediction. For each
case, the Al prediction and content in the referral vignette was
drawn and adapted from case notes on actual cases for which past
workers subsequently made Al-assisted decisions, in the Allegheny
County context. The referral vignette first shows a Case Overview
which includes qualitative allegations. The child maltreatment
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Case Overview

Children: 1, Parents: 2, Alleged Perpetrators: 1
School Staff-Other

People:
Referral
Source:
Allegation:

Case overview shows the # people
involved in the potential child
maltreatment report, who referred
the child and provided the
allegation to child services, and
the category of allegation.

Conduct By Parent, Caregiver, or Household
Member That Places Child At Risk Or Fails To
Protect The Child From Others, Inadequate
Physical Care

Case Description

I class, child reported that his mother’s boyfriend has a knife in his
mom's room. The child also told his teacher that his mother's
boyfriend yells at him. Other than statements made by the child, no
other abuse details are available to report. The child is
developmentally appropriate in terms of physical development. His
mood is positive, he does not display abnormal aggression, and his
health appears good overall. However, the child appears to be

Case description shows the child
maltreatment allegation provided
by the Referral Source.

struggling academically and socially. Child can be unresponsive in
academic settings, especially while interacting with adults. Child's
interaction with peers appears normal for his age.

Please click “Proceed to Case
Details” after reading the
Case Description.

Figure 2: A screenshot of the Case Overview information
panel that provides an overview of the alleged child maltreat-
ment case and a text box with the allegations as a qualitative
description. The case content, including the allegations, are
taken from real historical data recording past experienced
workers’ Al-assisted decision-making tasks.

Case Details

_ PIEREE parents  Alleged Perpetrators

“Past referrals” indicates whether and when the child was Demographics
last referred to the child welfare agency for a potential child Age:
maltreatment investigation.

Child walfare history.

Past referrals: Yes, within 1 year
- Alegations. No

substantiated:
- Services No

offered:

Pastoutof home  No

placements:

“Allegations substantiated” indicates whether the
allegations were found to be true upon investigation
by a social worker.

“Services offered” indicates whether the family was
offered services by the social work agency.

Public services and heath history
Everin County Jail: N
EverinJuvenie  No
Probation Office:

Ever in public No

welfare program:

Existing behavioral  Yes
records:

“Past out of home placements” indicates whether and when
the child was placed out of their home and into child services.
"Yes" here may indicate that the child experienced
maltreatment in their home, leading to out of home
placement.

Risk Score

Figure 3: A screenshot of the Case Details information panel
that provides public records and past referral information on
the individuals in the alleged child maltreatment case. The
content is taken from the same historical case information
used to populate the Case Overview and AI Risk Score.

Please click “Reveal Risk Score”
after reading the Case Details.

allegations were typed by experienced workers based on calls they
received (e.g., from a neighbor or a teacher). For each allegation
drawn from the historical dataset, we removed any potentially
identifying information (e.g., details pertaining to specific regions
or households), while still preserving high-level properties of the
allegations, as this information could be relevant to the interpreta-
tion of other case-related information, including the Al prediction.
Figure 2 shows a screenshot of a Case Overview section for a
sample referral vignette. Next, we showed Case Details (Figure 3)
including demographic information, child welfare history, and pub-
lic services and health history of the alleged child victim, parent(s),
and alleged perpetrator(s). For the purposes of our experiment, we
opted to show a smaller subset of demographic information than
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Risk Score

The risk score for this case is: 16
. [
0 10 15 16 20

Figure 4: A screenshot of the AI Risk Score interface shown
to participants in the Al-assisted decision-making task. This
mirrors the actual AFST interface used by social workers.

Al-Assisted Decision-Making Al Prediction Guessing

Your Decision Your Guess

What do you think the risk score might be?

=

Would you screen in or screen out this case?

Screenin | Screen out

Figure 5: A screenshot of the question that participants are
asked in the Al-assisted decision-making activity (left) and
Al score prediction activity (right). To inform this decision,
participants also see information from the Case Overview,
Case Details, and (for the decision-making task only) the AI
prediction.

actual workers are able to access in practice, both to exclude po-
tentially identifying information and to ensure that participants
would have sufficient time to look through the information (cf. [9]).
Finally, we showed the Risk Score (Figure 4): the actual AFST score
for the given historical case.

The presentation order of the Case Overview, Case Details, and
Risk Score was designed to reflect the actual order in which social
workers encounter each information source in the AFST deploy-
ment context, when reviewing a case. We designed the training
interface to gradually reveal this information, requiring participants
to click ahead in order to reveal the next information source.

Al Score Prediction Activity. In the Al Score Prediction activity,
participants were similarly shown referral vignettes (including
the Case Overview and Case Details) that replicated the decision-
making tasks of actual social workers using an ADS. However,
rather than showing the AI Risk Score, participants were asked to
make their own prediction on the AI output on a scale of 1 to 20.
Figure 5 (right) includes a screenshot of the question participants
were asked after seeing the referral vignette.

3.3 Feedback Design

Participants in the Practice + Explicit Feedback condition received
immediate feedback on their decisions during the study’s train-
ing phase. Given that we do not typically have access to a single,
reliable “ground truth” label in the context of child maltreatment
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screening, as discussed above, we explore the learning effects of pro-
viding participants with multiple feedback signals in two primary
forms: observed outcomes and historical human decisions (Figure 6).
By showing multiple, imperfect “ground truths,” we provide the
human decision-maker with opportunities to reflect on disagree-
ments amongst the ground truths and their own initial decisions,
to learn how to more appropriately calibrate reliance on the ADS
model over time.

Feedback in the form of observed outcomes that were available
in the historical administrative dataset, included the following. For
each, we briefly summarize its limitations as a feedback signal:

(1) Whether the child was placed within two years: In the
AFST context and in our study, this is the Al model’s pre-
dictive target. If the child was eventually placed out of their
home within two years, this may signal that the child was
maltreated and should have been screened in and subse-
quently investigated. However, there are other unobservable
factors unrelated to the screening decision that may have
led to this outcome [13]. For example, the child’s parents
may suddenly pass away, requiring the child to be placed
into foster care in the absence of any reliable grandparents
or relatives. Thus, placement in two years is an imperfect
proxy for the accuracy of the screening decision.

(2) Whether the child was re-referred to the agency within
two years: Similar to (a), a range of other unobservable fac-
tors unrelated to the decision may have led to this outcome.
For example, certain stakeholders (e.g., divorced parents do-
ing “retaliation calls”) may feel incentivized to call the hotline
and alleged maltreatment, when in fact, the child is safe [30].

(3) Whether the allegations were substantiated upon screen
in: Only cases that were historically screened in can observe
this outcome. Allegations of potential child maltreatment
being substantiated based upon investigation may indicate
that the child was indeed maltreated, and thus screening in
was the “right” decision. But, allegations, even if substanti-
ated, may result from cultural misunderstandings or implicit
biases from the caller [8].

(4) Whether services were offered to the family upon screen
in: Only cases that were historically screened in can observe
this outcome. A family that is offered services may indicate
that the child was maltreated, and thus was offered services
that can support recovery. In this case, a decision to screen
in would be “right” On the other hand, even if a child was
not maltreated, a family may receive services as a preventive
measure to minimize risk of future maltreatment.

Feedback in the form of historical human decisions included:

(1) Whether the call screener’s recommendation was a
screen in or screen out: This is the call screening recom-
mendation a past experienced social worker made, based on
the case information and Al risk score they saw.

(2) Whether the call screening supervisor’s final decision
was to screen in or screen out: This is the final decision that
a past experienced social worker made, based upon a review
of case information, the Al risk score, and the call screener’s
recommendation.
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Past social workers' decisions on this case were

Worker decisions, including the
recommendation of the call
screener and the final decision
made by the supervisor.

[5 recommendaton

The outcome of this case was
No
No

Figure 6: A screenshot of the six imperfect proxies (screener
recommendation, supervisor decision, allegation substantia-
tion, services offered, re-referral, and placement) shown as
feedback to participants in the Al-assisted decision-making
task in the Practice + Explicit Feedback condition. Partici-
pants in the Practice condition were shown the next case
immediately after submitting their decision.

Case outcomes observed over two
years following the date of the
referral.

Taken together, this set of feedback signals captures both the
accuracy of the Al model’s predictions (with respect to the proxy
outcome it is trained to predict), as well as what past experienced
human workers believed was the right decision after reviewing
both the case information and the Al prediction.

3.4 Case Selection

The cases shown in the training and assessment activities are in-
formed by the historical administrative records of referrals at Al-
legheny County between June and December of 2019. In this sec-
tion, we describe how cases sampled and distributed across phases
of the study.

3.4.1 Case Categorization. We developed four high-level case cate-
gories (and eight sub-categories) to support the systematic sampling
of historical cases for use in our study. Our taxonomy for selecting
cases consists of the following alignment-measures:

o Worker-AFST alignment: Cases where the worker agreed
with the AFST decision! (i.e., both state screen in or screen
out).

o Worker-outcome alignment: Cases where the worker’s
assessment aligns with the observed outcome (i.e., screen in
& placed or screen out & not placed).

o AFST-outcome alignment: Cases where the AFST’s assess-
ment aligns with the observed outcome.

To guide the sampling of cases, we then constructed a 2x2 con-
fusion matrix breaking down the three alignment measures into
four categories as shown in Figure 7.

3.4.2 Case Sampling and Randomization. We randomly sampled
cases from historical referral data according to our case categoriza-
tion. We drew 6 cases from each of the 8 sub-categories, yielding a
total of 48 cases. Cases were sampled with equal weighting across
categories to enable us to study learning effects relative to historical
worker and algorithm behavior. Cases within each category were
then randomly assigned across the pre-assessment, training, and
post-assessment phases of the study. Across participants, cases were
assigned to the same study phase (i.e., pre-assessment, training, or

'We designate cases with an AFST score > 15 as “screen in” and cases with an AFST
score < 15 as “screen out”. This screen-in threshold aligns with the high risk cutoff
shown to call screeners on the AFST tool interface [56]. Use of this threshold also
follows prior analyses of automated AFST decisions [8]
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Worker-outcome alignment Worker-outcome alignment

AFST-outcome alignment AFST-outcome misalignment
Worker-outcome misalignment

Worker-outcome misalignment

AFST-outcome alignment AFST-outcome misalignment

Worker-AFST
alignment

Worker-AFST
misalignment

Figure 7: A 2x2 confusion matrix breaking down the three
alignment measures into four high-level categories.

post-assessment) to enable item-level analyses, but were presented
in randomized order within each phase.

3.5 Participants and Recruitment

We recruited a total of 354 participants through the crowdsourcing
platform Prolific, social media, and direct email. To explore potential
impacts of domain expertise, we sought to include participants with
domain knowledge in social work in our participant pool. First,
we reached out via email to social work professors at US-based
universities and directors of US-based social work non-profits, and
asked them to share our study invitation with social work graduate
students and/or practicing social workers in their networks. Second,
we advertised the study on relevant social work and child welfare
groups such as “Social Work Network” and “Child Welfare, Child
Protection and SACWIS/CCWIS Technology Professionals.” Finally,
we used Prolific to recruit both participants with and without social
work backgrounds. To recruit Prolific participants with background
in social work, we restricted participation for the study to workers
who had completed an undergraduate or graduate (MA/MSc/MPhil)
degree in social work. On Prolific, we further restricted participation
to workers with a minimum approval rate of 90%. Participants were
compensated $13 for completing the study. Participants who also
had social work domain expertise were compensated an additional
$7 for a total of $20.

All participants were based in the U.S. and were above 18 years of
age. Of our 354 participants, 103 participants had domain expertise
in social work (i.e., the participant indicated they are currently
or were previously a social work graduate student or a practicing
social worker). Importantly, only 5 of these 103 participants with
social work domain expertise indicated that they have expertise in
child welfare specifically, and only 12 participants with social work
domain expertise indicated they had prior experience using an Al
tool to assist their decisions. However, overall, the 103 participants
that have domain expertise in social work may still have more
relevant domain knowledge for the training tasks than the general
population of workers we recruited from Prolific. We further discuss
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implications of our recruitment criteria on the interpretation of our
findings in the Discussion (Section 5.3).

The study included two comprehension checks and two attention
checks that were used to exclude participants from the final dataset.
The design of the comprehension and attention checks followed
Prolific’s policies 2. Participants who failed to answer at least one
of the comprehension checks were navigated to the end of the study.
Participants who failed at least one of the attention checks were
excluded from the final dataset.

3.6 Measurement and Analysis

Drawing upon findings from prior field studies [e.g., 8, 30], we
defined a set of indicators of critical use in the context of Al-assisted
child maltreatment screening, overviewed below.

Decision alignment measures. To quantitatively study changes in
participants’ decision-making, we defined two decision alignment
measures, covering both the “human” and the “AI” portion of the
past recorded Al-assisted decisions used in our study. Because
our experiment uses real, historical data (as described in Section
3.4), this enables us to explore how participants’ decisions compare
to past decisions made by workers experienced in AFST-assisted
decision-making. The first of our measures captures agreement with
the AI model, while the other captures agreement with experienced
workers:

e Model Agreement: We say there are increases in Model
Agreement if participants come to agree with the Al predic-
tion more often.

o Worker-based Accuracy: We say there are increases in
Worker-based Accuracy if participants’ decisions come to
agree with past experienced workers’ decisions more often.

Our main analysis examines participants’ learning between the
pre- and post-assessments with respect to each of these two mea-
sures. In particular, we examined interactions between the assess-
ment phase (Z,pqse, @ binary indicator with pretest = 0 and posttest
= 1) and both participants’ prior domain knowledge (Zprior) and
the presence of explicit feedback during training (Zreeapack)- We
also included the participant ID e;q as a random effect, to account
for the nesting of responses within participants:

Ym ~ 1+ thase * (Zprior + Zfeedback) + €pid (1)

We supplemented our pre-post analyses with analyses of partici-
pants’ learning across the entire study. In particular, we fit mixed
effects models to examine interactions between the practice op-
portunity number Z,,, (ranging from 1 - 24) and the presence of
explicit feedback Zfeegpack (a binary indicator). To analyze differ-
ences across case categories, we additionally examined interactions
between the case type and the practice opportunity number. As
described in Section 3.4.1, each case category applied to 50% of the
24 total cases, making it possible to run these analyses on balanced
amounts of data.

Zhttps://researcher-help.prolific.co/hc/en- gb/articles/360009223553- Prolific-s-
Attention-and-Comprehension-Check-Policy
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Process-oriented measures. To study process-oriented aspects of
critical use, in addition to analyzing our decision alighment mea-
sures we used Equation 1 to examine pre-post changes in partici-
pants’ ability to mentally simulate and predict what the Al score
would be in particular cases. Participants’ mean squared error on
the Al Score Prediction activity is shown as “Guessing Error” in
Table 1). We also qualitatively analyzed (1) participants’ open text
explanations for how they made their decisions in the pre- and
post-assessments, and (2) their self-reported decision-making goals,
collected at the end of the study.

3.6.1 Standard accuracy measure: Proxy-based accuracy. The stan-
dard measure that is used in existing research literature to measure
appropriate reliance is accuracy with respect to the model’s predic-
tive target [21], which we call Proxy-based Accuracy. We say there
are increases in Proxy-based Accuracy if participants’ decisions
become more accurate with respect to the model’s predictive target.
For a given case, a decision is accurate with respect to the model’s
predictive target if the participant either screened in a case that
resulted in out-of-home placement in two years or screened out a
case that did not result in out-of-home placement in two years.

3.7 Positionality

Collectively, the authors hold research expertise across human-
computer interaction, learning sciences, statistics, machine learn-
ing, computer-supported cooperative work, and critical computing
studies. The lead author and co-senior authors have research ex-
perience observing and designing interventions with child welfare
workers who use Al-assisted decision-making tools in their daily
work. The study design in this paper reflects both knowledge from
published research literature and the authors’ knowledge gained
through field studies. None of the authors are affiliated with a child
welfare agency; all research was conducted independent of any
particular child welfare agency.

Importantly, we explore training towards critical use in this pa-
per because we believe doing so is crucial in many settings where
Al systems are deployed. As we have argued above, Al performance
in complex, real-world settings is bound to be imperfect, and some
limitations are to be expected—including some degree of target-
construct mismatch and limitations in the information a model
is able to access or interpret. Training towards critical use may
mitigate downstream negative impacts of Al model limitations.
However, we advise such training only in settings where the de-
ployment of an Al-based decision support tool is actually justifiable
in the first place. Training alone cannot overcome fundamental de-
sign flaws in the Al model or surrounding social systems. While we
examine Al-assisted child maltreatment screening as an example of
a highly complex social decision-making setting in this study, we
note that existing Al deployments in this domain have seen many
fundamental design critiques, including prior research by members
of our team [8, 13, 18, 30, 31, 53, 57].

4 RESULTS

Overall, we found that participants in both conditions started off
relying on Al model predictions more heavily in earlier practice
opportunities. Early on, participants aligned their decisions with
the AI model prediction even on cases for which the model failed


https://researcher-help.prolific.co/hc/en-gb/articles/360009223553-Prolific-s-Attention-and-Comprehension-Check-Policy
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Indicators of Critical Use Standard Metric
Model 1 Model 2 Model 3 Model 4
Model Agreement Worker-Based Guessing Error Proxy-Based
Accuracy Accuracy

Fixed Effects
(Intercept) 0.65""* (0.02) 0.50*** (0.02) 6.13** (0.17) 0.73** (0.02)
Phase (post vs pre) -0.41"** (0.03) 0.08"* (0.03) -3.03"** (0.22) -0.16™* (0.03)
Prior knowledge 0.00 (0.03) -0.03 (0.03) 0.08 (0.25) -0.02 (0.03)
Feedback 0.04 (0.02) -0.03 (0.03) -0.26 (0.22) -0.03 (0.03)
Prior knowledge x Phase 0.02 (0.04) 0.02 (0.04) 0.42 (0.31) 0.01 (0.04)
Feedback x Phase 0.03 (0.03) 0.07 (0.04) 0.61* (0.28) 0.05 (0.04)
Observations 2832 2832 2832 2832
Marginal R? 0.153 0.019 0.017 0.105

¥p < 0.001; "*p < 0.01; *p < 0.05

Table 1: Coefficient estimates for models examining pre-post learning effects. Each cell shows the coefficient estimate followed
by the standard error for a given term (rows) and model (columns). A positive Phase coefficient indicates an increase in the
measure in the post-assessment as compared to the pre-assessment baseline. A visual summary of these findings is reported in

Table 2.

to accurately predict the proxy on which it was trained. However,
with more practice, participants in both conditions were more likely
to make decisions that disagreed with the Al prediction.

Strikingly, we found that participants learned to disagree with
Al predictions more often, in ways that aligned more with past
frontline workers’ decisions, even in the Practice condition, where
participants did not receive any explicit feedback about past front-
line workers’ decisions. An examination of participants’ open-text
feedback suggests that this occurred because participants learned
through practice to integrate case-specific, qualitative details from
the allegations when making their decisions, with a focus on as-
sessing nearer-term risks to the child’s safety (in contrast to the
Al model’s focus on predicting a proxy outcome, placement, on a
longer time window). Past research suggests that this mirrors the
way experienced workers make decisions in the field [8, 30]. In turn,
participants’ decisions began to diverge from model predictions
and resembled those of past experienced workers, with increased
practice (Section 4.4).

Through repeated practice making Al-assisted decisions during
the training phase, participants in both conditions learned to more
accurately predict how the AT model would behave on particular
cases. Compared to participants who received both practice and
explicit feedback on their decisions, participants who received prac-
tice alone saw more improvement in their ability to predict the Al
model’s behavior.

Moreover, receiving explicit feedback on decisions did not impact
participants’ learning with respect to decision-making, compared
to the effects of repeated practice alone. Our analyses suggest that
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the qualitative case narratives present in both conditions are a rich
information source through which participants can learn to cali-
brate their reliance on Al predictions. Thus, even in the absence of
explicit feedback on decisions: a training interface that provides ac-
celerated practice, with opportunities to cross-check Al predictions
against qualitative narratives, appears to be a stronger baseline
than expected.

In the following subsections, we first present findings from quan-
titative analyses of participants’ learning and decision-making (Sec-
tions 4.1, 4.2, 4.3, 4.5). In Section 4.4, we present complementary
findings from a qualitative examination of participants’ decision-
making processes across practice opportunities. Table 1 includes
aggregate outcome-based findings, and Table 2 provides a sum-
mary of the directionality of outcome-based findings across the
two conditions.

4.1 Model Agreement: Participants learn to

disagree with AI predictions more often

o (Finding-1) Participants disagree with the Al prediction
more after repeated practice.

¢ (Finding-2) No effect of explicit feedback on partici-
pants’ agreement with AI predictions.

Participants started the study by relying on the AI prediction
more often, including in cases where the past experienced worker
disagreed with the Al prediction. But over time, participants were
less likely to get nudged by the Al prediction. Instead, over time,
participants began to disagree with the Al prediction more often
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Participants’ Model Agreement

(i.e., alignment with the Al Prediction)
through repeated practice, for all case types.

Model Agreement

Training Case Number (1- 24)
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Participants’ Model Agreement
through repeated practice, for cases

where the Al was inaccurate (red) and
accurate (green) with regards to the model’s
predictive target.

Training Case Number (1- 24)

Figure 8: Mixed effects regression visualizing participants’ agreement with the AI prediction, across the 24 training cases.
Shaded regions indicate standard error. The purple dotted line indicates average accuracy of the AI model with respect to its

(proxy) predictive target.

for all case types. As shown in Figure 8, in the first case, over 70% of
the participants agreed with the Al prediction. However, in the 24th
case, only 42% of the participants agreed with the Al prediction.
This finding was corroborated by the learning effects regression
(Table 1), which showed a significant decrease in Model Agreement
between pre- and post-assessments as indicated by the study phase
coefficient (Coef.=-0.407; p<.001; 95% CI: [-.46, -.35]).

4.2 Worker-based Accuracy: Participants
become more aligned with experienced
workers

¢ (Finding-3) Participants’ decisions become more accu-
rate with respect to experienced workers’ decisions
after repeated practice.

o (Finding-4) No effect of explicit feedback on the accu-
racy of participants’ decisions with respect to experi-
enced workers’ decisions.

With practice, participants’ decisions began to align more with
the final decisions of past experienced workers. Overall, Figure 9
(middle) shows that, at the start of the training, 52% of the par-
ticipants made decisions that were accurate with respect to the
past experienced worker. By the end of the training, 61% of the
participants made decisions that were accurate with respect to
the past experienced worker. This finding is consistent with learn-
ing effects regression results, which show a significant increase in
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Worker-based Accuracy scores between pre- and post-assessments
(Coef.=0.083; p<.01; 95% CI: [0.027, 0.140]).

With increased practice, participants’ decisions were especially
likely to be accurate with respect to the past experienced worker
when disagreeing with the Al prediction. As shown in Figure 9,
for the category of cases in which the past experienced worker
disagreed with the Al prediction (right), for the first case, only 30%
of participants made decisions that were accurate with respect to the
past experienced worker and in disagreement with the Al prediction.
By the 24th case, nearly 70% of participants made decisions that
were accurate with respect to the past experienced worker and in
disagreement with the Al prediction. On the other hand, for the
category of cases in which the past experienced worker agreed
with the Al prediction, at the start of the training, nearly 75% of
participants made decisions that were accurate with respect to the
past experienced worker. By the 24th case, this proportion went
down to just over 50% of participants.

Additionally, participants’ decisions became more accurate with
respect to the past experienced worker regardless of whether those
past experienced workers made decisions that were inaccurate or
accurate with respect to the model’s predictive target, an accuracy-
based measure that is widely used in prior studies evaluating the
accuracy of Al-assisted decision-making with this AI model, the
AFST (e.g., in [8, 14]). As shown in Figure 9, for cases in which
the past experienced worker was inaccurate with respect to the
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Cases where the past worker's
decision was accurate (pink) or
°~ inaccurate (blue) with respect to the
model’s predictive target.

Wokerbased Accuracy

Training Case Number (1- 24)

All case types

e

Training Case Number (1 - 24)
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Cases where the past worker
agreed (orange) or
disagreed (green) with the

Al Prediction.

Training Case Number (1 - 24)

Figure 9: Mixed effects regression visualizing participants’ learning across repeated practice, with respect to the worker-based
accuracy measures (i.e., accuracy with respect to past experienced workers).

model’s predictive target (left), around 60% of participants at both
the start and end of the training made decisions that were accurate
with respect to the past experienced worker. However, for cases in
which the past experienced worker was accurate with respect to
the model’s predictive target, only around 40% of participants made
decisions that were accurate with respect to the past experienced
worker in the first case. Yet, by the 24th case, this number increased
to around 60% of cases, erasing any differences in decision behavior
for cases in which past experienced workers were accurate versus
inaccurate with respect to the model’s predictive target. As shown
in Table 1, explicit feedback did not have a significant effect on
Worker-based Accuracy.

4.3 Guessing Error: Participants learn to make

improved predictions of the Al model’s
behavior

o (Finding-5) Participants improved in their ability to pre-
dict the AI model’s behavior after repeated practice
making Al-assisted decisions.

o (Finding-6) Explicit feedback led to lesser improvement
in participants’ ability to predict the AI model’s behav-
ior, compared to practice alone.

While disagreeing with the Al prediction more often with time,
participants were simultaneously getting better at guessing what the
Al prediction would be on a given case. Participants who received
practice alone, compared to those who additionally received feed-
back on their decisions, saw somewhat more improvement in their
guessing performance. As shown in Table 1, there was a significant
decrease in guess mean squared error in the post-assessment as
compared to the pre-assessment (Coef.=-3.03; p<.001; 95% CI: [-3.45,
-2.60]). Additionally, participants assigned to the Practice condition
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saw a greater improvement in their guessing performance as com-
pared to participants in the Practice + Explicit Feedback condition
(Coef.=0.608; p<.05; 95% CI: [0.05, 1.15]). Overall, this result indi-
cates that, despite disagreeing with predictions, participants in both
conditions were actively engaging with the learning activity and
improving their skills at mentally simulating the behavior of the
model. However, participants who did not receive explicit feedback
on their Al-assisted decisions improved these skills more. As we
discuss in Section 5.2, it is possible that, compared to the explicit
feedback, the information reported in the case (including the quali-
tative case narratives) served as a more powerful signal through
which to learn how the AI model behaves on different cases, com-
pared to the explicit feedback signals provided. It is possible that
the Practice condition saw greater improvement because explicit
feedback on Al decisions distracted participants from learning to
predict model behavior based on qualitative narratives.

4.4 Process Analyses: Participants learn to make
decisions more like experienced workers

To understand participants’ decision-making process, we quali-
tatively examined their open text responses. These included (1)
participants responses in each of the pre- and post-assessments,
where they explained how they made their Al-assisted decisions
and (2) participants’ explanations at the end of the study, describing
what goals guided their decisions.

¢ (Finding-7) Participants’ explanations for their deci-
sions reference their use of model unobservables to
help them make Al-assisted decisions.

o (Finding-8) Participants’ explanations of their decision-
making goals indicate they target ensuring immediate
safety to the child when making Al-assisted decisions.
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Indicators of Critical Use Standard Metric
Model 1 Model 2 Model 3 Model 4
Model Worker-Based Guessing Proxy-Based
Agreement Accuracy Error Accuracy
Practice Condition ! ) _ !
Practice + Explicit Feedback Condition | T ! !

Table 2: Visual summary of model findings reported in Table 1. Upwards arrow (rose-colored cell) indicates increases in the
measure value after the training. Downwards arrow (blue cell) indicates decreases in the measure value after the training, and
two downwards arrows (darker blue cell) indicates greater decreases in the measure value in the repeated practice condition
compared to when explicit feedback was shown alongside repeated practice.

4.4.1 Informing decisions using qualitative case narratives. An ex-
amination of participants’ explanations of how they made their
Al-assisted decisions in the pre-assessment and post-assessment
phases of the study provide evidence of how they relied on the
qualitative case narratives to inform their decisions. Much like how
actual experienced social workers used Al-based decision support
tools in their day-to-day jobs, participants drew on context-specific
details from the allegations to inform their decisions. For exam-
ple, participants sometimes drew on their interpretations of the
qualitative case narratives, to inform decisions to disagree with the
Al prediction. When explaining their decision to screen out a case
with an Al prediction of 16, one participant described: “Despite the
high risk score[,] I do not see evidence of maltreatment based on
the details. The parent was angry at a third party and may have
roughly grabbed the child but that does not rise to maltreatment
unless it can be proven that there is a pattern of rough handling”

Similarly, another participant considered missing information in
the allegation (e.g., about intentions and causes) to appropriately
weigh the severity of the reported allegation, in comparison to the
Al prediction: “Although the risk score is 12, the child appears to be
physically healthy and has a positive mood. There are many reasons
a knife could be in a bedroom, and it is possible the kid’s struggles
socially and academically could be caused by a learning disability.”
In another case, a participant explained a decision to screen in
a case, despite a low Al prediction, given allegations reporting
violent behavior: “Risk score appears too low for this case. Multiple
examples of violence brought on by behavioral problems of the
mother in the home, as well as child acting out at school, all meet
definition of legal maltreatment.”

In other cases, participants referenced the allegations to gain
more insight into the child’s current living situation, and whether
there are signals indicating there may be an upwards or downwards
trend for improvement. For example, in explaining their decision to
screen out a case, the participant described how a family appears to
be on a path towards recovering from past challenges: “The mother
has a support system in place. She has the grandmother, and is
receiving public benefits/services. Her treatment team reports that
she should be able to fully recover and care for her child. And
the child is currently clean and well cared for. ” In another case, a
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participant noted the lack of support and resources that the child
currently has, alongside the history of substantiated referrals, to
inform their decision to screen in a case: “The fact that the child is
not taking her prescribed medication, not receiving counseling for
her mental condition, and at risk of homelessness demonstrates that
the child is in severe risk of physical and emotional harm. Moreover,
the substantiation of past referrals lends further credibility and
urgency to the current one”

Overall, participants did not mention the Al prediction as often
when explaining their decisions. In particular, participants men-
tioned using a “score” (i.e., the "Al Risk Score” shown in the case
referral) in 8.72% of the explanations (for 247 out of 2832 total
cases). Explanations considering information from a “score” de-
creased after the Training Activity Phase, corroborating findings
that participants relied on the Al prediction less with increased
practice. In the pre-assessment Phase (cases 1 - 4), participants con-
sidered the “score” for 194 cases (79% of the 247 mentions). In the
post-assessment Phase (cases 21 - 24), the frequency dropped to
only 57 cases (21% of 247 mentions). In many of these cases, partic-
ipants referenced the score as one of multiple information sources
they drew on to explain their decision (e.g., “The Risk score is a 20,
there is commotion and drug use within the family”). However, in
17 of the 57 cases that mentioned a “score” in the post-assessment
Phase, participants were describing why they were disagreeing
with it (e.g., “even if the risk score is fairly low, the situation doesn’t
seem to be very under control and could break any moment”). The
247 mentions of a “score” across the pre- and post-assessments
were from 112 total participants, split roughly evenly across the
Practice and Practice + Explicit Feedback conditions.

4.4.2 Making decisions with the goal of ensuring immediate safety.
Beyond leveraging their unique ability to access and integrate
context-specific information when making decisions, the goals
that participants had when making decisions may also explain
the learning effects. In particular, it is possible that participants
learned to disagree with the Al prediction, while learning to make
decisions like past experienced workers, partly because their own
decision-making goals aligned more strongly with those of the past
experienced workers. At the end of the experiment, participants
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Proxy-based Accuracy

Training Case Number (1 - 24)

Figure 10: Participants’ Proxy-based Accuracy measures
against the baseline accuracy of the model (in purple).

were asked to describe their own goals when making child mal-
treatment screening decisions. Many participants described the
importance of considering near-term safety risks or harms to the
child, which is misaligned with the longer-term outcomes that the
Al model is trained to predict. Both participants with and with-
out domain knowledge in social work described goals related to
“immediate safety and harm,” aligning with the goals documented
of the actual past experienced social workers in this domain. For
example, one social worker described: “I am looking for immediate
safety concerns first. Then making sure physical needs are being
met. If either of these are a concern, it is an immediate screen in.”
Another social work graduate student described the importance
of “current” evidence: “I assess first for evidence of maltreatment
or harm currently going on in the home and then consider if ad-
ditional investigation is necessary to rule out possible abuse or
neglect, I then consider if there is enough "probable cause” to truly
investigate this further” A participant without social work domain
expertise similarly described: “My goals were whether or not there
would be any immediate danger posed to the child either through
their environment or by their parents.

4.5 Proxy-based Accuracy: Participants become
less aligned on the model’s targeted proxy

o (Finding-9) Participants’ decisions become less accurate
with respect to the proxy outcome targeted by the AI
model after repeated practice.

o (Finding-10) No effect of explicit feedback on the ac-
curacy of participants’ decisions with respect to the
proxy targeted by the Al model.
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Participants gradually began to disagree with the Al prediction
regardless of whether the Al was inaccurate or accurate with re-
spect to the model’s predictive target. As shown in Figure 8, for the
first case in which the Al was accurate with respect to the model’s
predictive target, 80% of participants agreed with the AI predic-
tion. For the first case in which the Al was inaccurate with respect
to the model’s predictive target, 60% of participants agreed with
the Al prediction. However, in the 24th case, only 40% of partici-
pants agreed with the Al prediction, regardless of whether the AI
prediction was accurate or inaccurate with respect to the model’s
predictive target.

Importantly, this gradual disagreement with the Al prediction
occurred regardless of whether the participant received feedback on
their decisions. As shown in Table 1, there is no feedback effect on
participants’ decisions to agree or disagree with the Al prediction
over time (Coef. 0.02, p < .50, 95% CI: [-0.03, 0.09]).

5 DISCUSSION

In this paper, we define a notion of appropriate reliance called
critical use, which emphasizes human decision-makers’ ability to
situate Al predictions against knowledge that is uniquely available
to them but unavailable to the AI model. Through an experimental
investigation of how training can support critical use of Al predic-
tions in making Al-assisted child maltreatment screening decisions,
we explore the effects of repeated feedback and explicit feedback
on what and how participants learn. In the following, we discuss
interpretations of our results and avenues for future work.

5.1 Evidence of critical use from training

Our findings suggest that training improved critical use of the Al
tool—humans’ ability to situate Al predictions against potentially
complementary knowledge available to them (but not the AT model).
A body of prior research on Al-assisted child maltreatment screen-
ing has documented how social workers draw on their knowledge
of qualitative, contextual information to calibrate their reliance
upon Al-based decision support (e.g., [30, 51, 53]). In doing so, ex-
perienced workers can overcome some of the challenges posed by
target-construct mismatch and limitations in the information avail-
able to Al models, mitigating erroneous Al outcomes and reducing
disparities in decisions [8, 14]. In our study, we found that partici-
pants learned to calibrate their reliance upon Al predictions
in ways that resembled experienced workers. In particular,
with increased practice, participants learned to disagree more of-
ten with Al predictions (Section 4.1) and, in turn, came to make
decisions that aligned more with those of past workers with exten-
sive experience making Al-assisted decisions (Section 4.2). More-
over, through practice making Al-assisted decisions participants
improved their ability to mentally simulate the Al model and predict
how it would behave on specific cases (Section 4.3). Our qualitative
examination of participants’ explanations suggest that participants
drew upon knowledge regarding the actual decision-making goals
(i-e., screening for shorter-term safety) and interpreted qualitative
narratives unavailable to the Al model in order to inform their AI-
assisted decisions (Section 4.4) and learn how the Al model behaves
on different kinds of cases. However, we note that future work
is needed to understand the extent to which specific downstream
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impacts of target-construct mismatch and information asymmetries
(e.g., systematic errors and unfairness in decision-making) can be
mitigated through training.

Analyses using a standard measure of accuracy for human-AI
decision-making would indicate that increased practice led partici-
pants to make less accurate decisions, when accuracy is measured
with respect to the model’s target proxy (Section 4.5). Interpreting
proxy-based accuracy in isolation from the rest of our analyses
may lead to the conclusion that participants are simply falling into
patterns of algorithm aversion [5, 15]. However, in analyzing indi-
cators of critical use, including both process- and outcome-oriented
signals, our findings suggest that participants disagreed with Al
outputs in sophisticated ways. Indeed, in complex, real-world
decision-making settings, common outcome-focused metrics for
evaluating Al-assisted decisions—for example, comparing human
decisions with the AT model’s ground truth label—can provide an
incomplete understanding of the quality of each decision [21, 30].
Our findings point to a compelling opportunity to improve evalu-
ations of Al-assisted decision-making in other complex domains,
by designing and employing context-specific measures of critical
use, in addition to examining proxy-based accuracy. Moreover, to
expand the set of indicators that could be used to measure decision-
making, future work should innovate on ways to better capture
process-based signals for decision quality (e.g., [35, 42]). We further
discuss how our study findings and approach may generalize across
domains in Subsection 5.4.

Limitations. For the purposes of our study, we selected cases
where the Al tool had an average proxy-based accuracy of (50%).
This is lower than the the AFST model’s actual accuracy with re-
spect to its proxy. Our decision to include cases that aggregated
to 50% proxy-based accuracy of the Al tool was informed by our
goal of having a well-balanced set of examples to conduct case
type-specific analyses and of prior literature discussing the risks
of over-reliance in the absence of sufficient examples of the AI
model erring [47]. While we cannot rule out that this contributed
to increased disagreement with the Al tool, our findings indicate
that it is not sufficient to explain participants’ learning. For example,
participants aligned less with the model proxy following training
even in the Practice condition, when participants did not receive
explicit feedback on the accuracy of the AFST with respect to its
targeted proxy (see [41]).

5.2 Why did explicit feedback on Al-assisted
decisions not enhance learning?

We did not observe significant impacts of showing explicit feed-
back on participants’ decision-making, compared with practice
alone. Furthermore, although the training improved participants’
ability to predict how the Al model would behave on a given case,
participants who received practice opportunities without explicit
feedback saw greater improvements than those who received feed-
back. Taken together, our findings suggest that when it comes to
learning to make Al-assisted decisions, the qualitative case narra-
tives participants see and interpret (which are inaccessible to the
Al model) may have had a bigger impact than we had originally an-
ticipated. These narratives, which were present in both conditions,
served as a rich information source regarding the plausibility of
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individual Al predictions, through which participants were able to
learn to calibrate their reliance on Al predictions. Thus, even in the
absence of explicit feedback on decisions, a training interface that
provides accelerated practice, with opportunities to cross-check
Al predictions against qualitative narratives—a form of implicit
feedback on the reliability of individual Al predictions—appears
to be a stronger baseline condition than expected. Our findings
further suggest that participants who were shown explicit feedback
may not have perceived the feedback provided as useful signals
of decision quality, relative to the signals provided through the
qualitative case narratives.

Prior work from the learning sciences suggests that for cer-
tain learning tasks, providing learners with “grounded” feedback—
concrete representations that offer rich, meaningful signals about
whether or not an individuals’ targeted outcome is achieved—is
more effective than simply telling learners whether a response is
correct or incorrect. For example, when teaching students to per-
form algebraic transformations, showing students a graphical rep-
resentation of equations they enter can help students immediately
recognize for themselves whether an equation is likely to be correct
or incorrect[58]. Future work on training for Al-assisted decision-
making should further explore the design space of rich, grounded
feedback mechanisms that can help humans (learn to) calibrate their
reliance. In particular, whereas our study provided explicit feedback
in the form of categorical outcomes and workers’ final decisions,
future work should explore what forms of grounded feedback could
support more effective process-oriented learning in a given context.
In complex decision-making settings such as child maltreatment
screening, observable outcomes and even final decisions) are noisy
signals for decision making quality [8, 31]. Therefore, rather than
providing human decision-makers with outcome-based feedback
that attempt to directly “tell” a learner whether a given decision
was accurate, providing rich, grounded feedback may make it easier
to engage learners’ sensemaking and help them assess for them-
selves whether and why a decision may be right or wrong. Training
that focuses on better scaffolding the decision-making process—
for example, by pairing a novice decision-maker with an expert
decision-maker to collaboratively reason about each decision—may
improve critical thinking and sensemaking processes that also allow
humans to better calibrate reliance on ADS outputs.

5.3 On the absence of domain expertise effects

We found that regardless of participants’ level of self-reported do-
main expertise in social work, they learned to disagree with Al
predictions in a manner that resembled the disagreement patterns
of experienced workers. Participants with greater self-reported do-
main expertise did not disagree more with the Al prediction or
make more accurate decisions with regards to the past experienced
worker, compared with other participants.

We do not view the absence of domain expertise effects in our
study as evidence that domain expertise has zero impact on how
people learn to make Al-assisted decisions. In our study, “domain
expertise” was broadly defined to include individuals with domain
knowledge in any area of social work, not limited to knowledge
of child welfare or experience with child maltreatment screening.
Participants’ roles included current or former social workers and
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social work graduate students. We had originally hypothesized that
broad knowledge in social work would influence how and what
participants learn through a training for Al-assisted child maltreat-
ment screening. However, given the specialized nature of this task,
it is very plausible that a tighter recruitment criterion—for exam-
ple, requiring “domain expert” participants to have prior domain
knowledge in child welfare or even prior experience with child
maltreatment screening—would reveal more substantial differences
between participants with more or less domain expertise. In ad-
dition, it is possible that the specific metrics used in our analyses
were unable to capture differences in learning and decision-making
between the “domain experts” in our study and other participants.
Finally, a third possibility is that general human abilities shared
by non-domain-experts (i.e., having access to and being able to
interpret qualitative information, and having knowledge of broader
decision goals) are sufficient on their own to support learners in
approximating experienced workers patterns of disagreement with
Al predictions.

We emphasize that our results do not indicate that participants
learned to make decisions as well as experienced workers during
the course of our training activity. Rather, our findings indicate that
participants learned to predict how the AI model would behave
on different cases and learned to disagree with the Al in a manner
resembling experienced workers. Future work is needed to tease
apart the three potential explanations above.

5.4 Generalizability of design decisions and
findings

As a concept, critical use is applicable to any domain where hu-
mans and Al models have access to complementary knowledge.
Critical use emphasizes that humans can be better supported in
calibrating reliance on Al-based decision-making tools, by learn-
ing to leverage complementary knowledge they have as human
decision-makers (e.g., knowledge of additional decision-relevant
features, or knowledge of the true objectives of a decision-making
task). We expect that several of the findings and implications dis-
cussed above—for example, the importance of providing learners
with concrete, domain-grounded forms of feedback against which
they can cross-check AI outputs—will generalize to other domains,
beyond the context studied in the current research. However, we
note that the indicators of critical use that we adopted in our study
are highly specific to the child maltreatment screening context. As
discussed above, our choices of indicators were informed by prior
empirical research studying how experienced workers in this do-
main calibrate their reliance upon Al predictions; this specific set of
indicators and the interpretations adopted in this study may not gen-
eralize well to other domains. Accordingly, our goal in this research
is not to make any universal recommendations on which specific,
measurable decision-making outcomes and learning indicators are
“good” or “bad” across domains. Rather, we emphasize that the ap-
proach of drawing upon prior knowledge to design domain-specific
training interfaces and indicators of critical use can be generalized
to inform the design of improved training materials and learning
measures in other complex, real-world domains. Future work is
need to explore how our approach can be adapted to other domains,
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and to investigate what training designs and measures of critical
use are most appropriate in different decision-making settings.
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