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Opaque AI and accountability

• Arguments for the use of 
algorithms as more efficient and 
objective are not new (e.g., 
Brayne and Christin 2021)

• But the deep learning models 
behind them are comparatively 
new
• Opacity: Don’t know what the AI part 

is doing; no one does
• Explainability techniques for insight

• Opaque AI systems pose unique 
problems for accountability
• Beyond generative AI
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Transparency and explainability techniques

• Accountability through 
transparency and system 
design

• Explainability techniques: Can a 
variety of stakeholders get into 
the “black box” of the AI 
system/ Do they want to?

• Increasing interest in 
explanations for end users



Explanations

• Explanations for AI systems: Broadly construed, including transparency, 
disclosure, and inspired by disclosure norms from clinical informed consent

• For non-technical end users: AI model is in use, and how it made a decision 
for an individual case

• What other considerations should there be? Purpose? Audience?

• Explainability (post hoc) techniques: Obtain insight into how an AI makes a 
prediction and decision, from input to output (e.g., Anchor, SHAP, Lime, etc.)

• Rest of the presentation: Findings from two studies (one failed!) 
and lessons learned





Multiple explanations for different reasons

https://dl.acm.org/doi/fullHtml/10.1145/3630106.3659028



Study 1
Our failure to create a predictive AI 

screening tool for substance use in teens



Explanations for “low risk” AI 
systems
SmokeOut, a predictive educational game for teens



“SmokeOut”

• A game designed by public 
health researchers

• Longitudinal outcome data 
collected about vaping, 
smoking, and opioid use

• User play data: cognitive 
deficits, reaction time, 
impulsivity

• Plan: AI would generate a 
substance abuse risk score 
based on user play



Scenario

Prediction accuracy is found to be on 
par with existing survey screening tools 
(e.g., CRAFFT 2.1)

If students received a high risk score, 
they were referred to school guidance 
counselor for a session

AI prediction trained based on past 
game play data combined with 
adolescent behavioral health outcomes



“Designing Accountable Software System”

• Interviewed 27 stakeholders (parents, schoolteachers, public 
health researchers, and psychiatrists) for what they wanted in such 
a system, and specifically about what they wanted for the AI 
component in 2023

• Computer scientist simultaneously worked with a psychiatrist to sift 
through the game play data for predictive insights

• Game play data (e.g., reaction time) had significant problems; not 
enough data points; not generalizable; ultimately not predictive. 
Designed for one purpose and could not be retooled for a 
prediction.



Game designed to facilitate multiple 
scenarios



Study design

• 27 interviews conducted jointly 
by a computer scientist and 
sociologist

• Open-ended, beginning with 
people familiar with the game 
and expanding to others

• Developed risk score screen 
mock-ups

Stakeholder type Number of respondents

Developer/designers 

(public health experts, 

coders, software 

engineering students)

14

End users 

(teachers/school 

administrators, 

education students)

11

Regulators 2

27







What information do 
stakeholders want to know 
about an AI software system?



Question and answers

• What information do stakeholders want to know about a “low risk” 
AI software system, and why?

• Explanations of AI systems function as arguments and justifications for a 
particular course of action, playing a small role in legitimacy of AI systems.

• Stakeholders generally want to know that AI is involved. Beyond that, there 
is little consensus on the information they want to know, including level of 
(technical) detail, plausibility, conceptual vs. process driven, and who the 
audience is.



Findings overview

All stakeholders perceive value in conceptual 
explanations for why a decision was generated. 

Most are willing to trade off insight into the model for 
greater predictive accuracy, with exceptions; they are 
willing to delegate information parsing to other experts.

Most stakeholders do not want to open the black box of 
how the AI works.



Stakeholders see value 
in conceptual 
explanations.

Substantive expert designer, SS5:

Click to learn more feature; 
breakdown available for those who 
are interested



Stakeholders see value in 
conceptual explanations.

Teacher, SS12:

-“What about her play led to this score so 
that I could think about some interventions”

Making connections to risk factors for 
substance misuse

Suggestions about what to do next



Stakeholders are generally willing to sacrifice 
explainability for greater accuracy and scale.

Developer, SS10

• Trade off between accuracy and internal insight into the model and scale 
of reach and intervention possibilities

• Stakeholders are generally willing to sacrifice explainability for greater 
accuracy and scale.

• See the need for multiple explanations.



Raise the 
stakes and 
teachers 
think twice 
about black-
boxed 
models

• Teacher SS17: “ “You can’t measure 
impulsivity and give [students] a grade for it in 
the grade book. That’s just not fair. Or 
emotional control. Those are the red flag 
indicator things that you would go talk to a 
counselor about.” 



Concluding 
thoughts

• Consensus: Stakeholders have little 
expectation for what goes into an 
explanation for opaque AI

• Keep the black box closed?

• Delegate responsibility for harms to 
existing institutional arrangements.

• AI explanations have limited effect 
on legitimacy of AI for teachers, but 
are justifications for their use and 
interpretations. 



Lessons learned from study 1

• Hard to repurpose previously collected data, even when clinical trial grade

• Incomplete (compliance?), noisy, biased, non-integrated care, data is not longitudinal, selection bias 
in mental health clients

• Should we always use predictive AI that we can understand?

• Inherently interpretable predictive AI models that shed insight into the “why” of the prediction 
offered more leverage over higher accuracy, opaque AI predictive models, even if few wanted to look 
inside the black box.

• AI is not incorporating our conceptual viewpoint

• Teachers and guidance counselors want conceptual explanations largely not to believe/trust the 
prediction but to know what further action they might take; see value in credentialing to gain 
acceptance from administrators.

• Layers of information will be necessary for implementation: Expert designers want to provide a 
handbook alongside explanation.



Study 2
Designing an AI predictive screening tool 

for diabetic retinopathy



Many predictive AI tools are 
just beginning to go through 
FDA clearance.



First autonomously approved AI prediction by 
FDA: Diabetic retinopathy screening

30

diabetic retinopathy: eye disease caused by poorly managed diabetes; primary reason for visual impairment worldwide.



AI Diabetic Retinopathy Screening

• Ethnographic observation of medical device vendors and physicians at 
medical conferences; interviews with experts (n=10)

• Ongoing experiments with 409 participants, master’s students in a 
machine learning class, generating predictive AI for diabetic retinopathy 
(and explanations along with them)

• Asked to develop a screening tool for a smartphone usable by a 
community health worker in low-resource settings
• Specifically: Provide global and individual explanations for the AI system to an 

audience of their choice

• Varied conditions: 
• By purpose (none; preserving the dignity of end users; and improving human-AI 

collaboration)

• By comprehensiveness (low; high)



Research Questions

• How do differences in policy requirements influence how 
developers design and implement end-user explanations? 

• What explanations do developers design for end users? 

• How do they discuss policy compliance? 

• What aspects of designing explanations for end users do they find 
challenging?



Findings overview

• Based on prior research, we expected that providing a purpose and more 
comprehensive policy guidance would lead to higher quality explanations 
to contextualize the AI prediction.

• For global, expert explanations if not for local, individual explanations for 
predictions

• We found that participants across the board struggled to produce quality 
explanations, comply with the provided policy requirements for 
explainability, and provide evidence of compliance. 

• We posit that participant noncompliance is in part due to a failure to 
imagine and anticipate the needs of their audience, particularly non-
technical stakeholders.



Toward better end user explanations

1) Lack of technical understanding of explainability tools

2) Explanations for developers’ needs and expertise

3) Explanations that failed to differentiate between end users

4) Explanations for end users without embedding in system context 
and purpose



Good 
explanations: 
Embedded in 
system 
context



Beyond diabetic retinopathy

• Respondent 3, sales manager, medical tech company

• “The AI models that are currently out there that’re like accessible to 
most clinicians that I'm aware of, are only looking for diabetic 
retinopathy. There's about 311 other disease states that we can 
find with a retina screening, and the AI models do not comment on 
any of those... Our primary market are looking for the other 311 of 
things too.”

• Explanations and predictive ability still don’t quite meet healthcare 
expectations.

• Frontline software engineers lack the toolkit for thinking about 
transparency and systems and need more support.
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Key Takeaways for Study 2

• Since 2024, use of diabetic retinopathy screening tools have 
skyrocketed, aided by an autonomous AI insurance reimbursement 
code.

• Adoption has been more successful in larger health systems, despite 
significant pushback

• Adoption facilitated by the inclusion of diabetic retinopathy screening as a 
quality metric for clinics (e.g., MIPS or HEDIS) 

• Viability and parallels in the space of behavioral health?

• AI formalizes clinic practices around historical precedents rather 
than leading to new, streamlined workflows.



Takeaways for Predictive AI and Behavioral 
Health
• There are significant growing pains in predictive AI for health.

• Basic transparency disclosing when an AI system is in use is not the 
norm (but our previous study shows, matters to stakeholders).

• There are many considerations for predictive AI tools with respect to 
ethics or responsible AI in addition to the important headline concerns 
about fairness and equity: Transparency and explainability as important.

• The general public does not know what to expect of AI, and the baseline 
for developers about what information to share about an AI system is 
limited.
• Particularly important in health contexts

• People as a part of the equation
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Next steps

• We have run this experiment several times since fall 2024, varying 
additional conditions and providing more guidance:

• Testing the effect of scoping the policy conditions (giving even more 
guidance)

• Testing the effect of requiring chatbot interaction to simulate sociological 
imagination



Explanation Problem 1: Nonsense



Explanation 
Problem 2: For 
developer needs

• Prediction explanation patient 03

• Age: 79

• Sex: F

• Diagnosis: No DR

• This image highlights important 
features for analysis.



Explanation 
Problem 3: Too 
medical jargon


