
Societal Computing

CS 347
Michael Bernstein



Last time

2

Collaboration is hard: distance matters.

Tools can try to mitigate the effects of distance, but we are limited by the 
socio-technical gap.

Aiming to go beyond being there, crowdsourcing gives up on tight 
teamwork in favor of structured contributions through open call and at 
massive scale



“I’m just an engineer.”



Langdon Winner 
[1980], “Do 
Artifacts Have 
Politics?”

[Bloomberg]

https://www.bloomberg.com/news/articles/2017-07-09/robert-moses-and-his-racist-parkway-explained


Today
The breakdowns of user-centered design at societal scale

Design as impact

Algorithms in society
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The shortcomings of user-

centered design
HCI says, “care about people!” 

Today we begin opening up the question of, “which people?”

This was initially a problem because traditional user-centered design 
does not have any explicit theory of power.

What could go wrong?
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How it started: How it’s going:
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How it started: How it’s going:
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How it started:

[Umbach et al. 2024]

How it’s going:
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How it started: How it’s going:
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How it started: How it’s going:

[Zhang et al. 2025]
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How it started: How it’s going:

[Bastani et al. 2025]



The Tightrope of Design 

and Societal Impact

A case study in the gig economy



On the plus side…
The gig economy could offer upward economic mobility for 
marginalized communities [Dillahunt and Malone 2015]

Could it activate trust and social capital within communities, 
empowering means to connect each other to work?

Could design help mitigate low trust in the technology?
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On the minus side…
Workers can be under the thumb of algorithmic management, 
which can make illogical or inhumane decisions if not carefully 
designed and monitored [Lee et al. 2015]

Drivers’ (and professors’?) livelihood depends on five-star ratings

Opaque pay: “algorithmic wage discrimination” [Dubal 2023]

There is little clear career ladder [Kittur et al. 2013]

Marketplaces are often designed for consumers, rendering workers 
and their concerns invisible [Irani and Silberman 2013; Gray and Suri 
2019]
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HCI’s role
HCI has historically:

Acted as canary in the 
coal mine: raised 
empirical and conceptual 
critiques before the 
technology is widespread

Offered guidance on how 
to guide the technology 
toward pro-social 
outcomes

16



Design as Impact

“Build the future that you want to live in.”  
–Stu Card



What ought we do?
How might we reconsider our design processes, technological 
interventions, and goals to better navigate these issues?

When is, and isn’t, design an appropriate tool for impact in reducing 
these harms and disparities?
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Design as lever
We need not just sit and point out the problems: design provides 

a tool for imagining alternative futures.

Can we…

Pair with communities and allow them to lead the problems that we 
solve? [Hayes 2011]

Use design to directly challenge structural inequalities? [Costanza-Chock 
2020; Dombrowski, Harmon, and Fox 2016]
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Example: worker-led audits
Workers have built tools to pool their own pay data

When Shipt switched to a black-box pay model, almost half of workers 

got an unannounced pay cut [Calacci and Pentland 2022]

A research project, FairFare, pooled data on 76k rides to estimate how 
much the platform kept; very high take rates helped make the case for 

Colorado’s 2024 rideshare transparency law [Calacci et al. 2025]

Workers have also designed alternatives: transparency, incentives set 
jointly with platforms, pooled driver data [Zhang et al. 2022]
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Feminist HCI [Bardzell 2010]

HCI often draws on theories from other fields to inform its 
progress. In this case, feminist theory.

Theories often provide a conceptual function that we can apply 

to a situation to provide some insight: f(x) → y

So, we should ask, what function f(x) does feminist theory give 

us? What insights does that function help us see?
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Feminist HCI [Bardzell 2010]

On one level, feminist theory prompts us to examine how we may 
be making assumptions about gender or gender roles

We ought to view supposedly-genderless constructs (e.g., “the 

user”) as implicitly gendered 

f(ubiquitous computing) → what are we assuming about what sensors 
people would be willing to wear, or about what kind of sensing and 
tracking is desirable, that may not apply to non-males?
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Feminist HCI [Bardzell 2010]

On another level, feminist theory refocuses our attention from 

the default “user” to the marginalized

f(social media) → whose communities are we trying to amplify? can we 
shift attention away from overall usage metrics, to focus on metrics 
amongst marginalized groups?

Bardzell’s argument: feminist theory isn’t just about pointing out 
problems after the fact — it’s about binding attention to these 

issues as we design
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Modern frontiers grappling 

with these issues
Whose writing is the default? [Agarwal et al. 2025]

AI suggestions pulled Indian writers toward Western styles

Whose voice is the default? [Harrington et al. 2022]

Black older adults code-switched to be understood by Google Home

Whose participants are the default? [Linxen et al. 2021]

73% of CHI findings come from Western samples, <12% of humanity
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Integrating policy and  

design [Yang et al. 2024; Jackson, Gillespie, and Payette 2014]

We don’t have to be stuck designing systems — policy is also 
something that gets designed

Going forward, as technologists, we need to think about the 
codesign of technology and policy together.

e.g., the EU’s 2024 Platform Work Directive requires humans to 
oversee automated decisions about workers

(But how do we even do that rigorously?) 25



Algorithms, people, and 

society



What does HCI have to say 

about algorithms?
From the perspective of this class—and of HCI writ large—there 
are many similarities between an interface and an algorithm 

in terms of the analytical tools we bring to bear on it

How do people understand it? How do people manipulate it? 
How does it influence peoples’ attitudes and behavior?

An algorithm, just like a user interface, conveys signals that people 
need to make sense of in an attempt to control the system
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Example: social media 

algorithms

28vs.

[Nature 2023]



Mental model to folk theory

Popular folk theories of Facebook’s feed algorithm:

Transparent platform (4.4 out of 7 on a Likert scale) 
Unwanted observer (4.4 out of 7) 
Corporate black box (3.6 out of 7) 
Rational assistant (2.9 out of 7) 29

Mental model

Functional, causal 
understanding of the 
behavior of a system

Folk theory

Informal, intuitive (non-
functional) theory of the 
behavior of a system

vs.

When we cannot form mental models, we instead form folk theories.



AI can shift what we believe
Dialogues with LLMs cut conspiracy beliefs by about 20% [Costello 
et al. 2024] and move voters more than typical video ads [Lin et al. 
2025; Hackenburg et al. 2025]

Not just attitudes: AI chats raised signing a real petition by 19.7 
points [Hackenburg et al. 2026]

No one has to intend it: biased autocomplete shifted writers’ 
attitudes, mostly unnoticed, and warnings didn’t help [Jakesch et al. 
2023; Williams-Ceci et al. 2026]
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AI can shift how we relate
Heavier use of AI companions is associated with lower well-being, 
most for heavy, self-disclosing use [Zhang et al. 2026a] — and year 
later, sustained use predicted lower well-being, mainly through less 
in-person contact [Zhang et al. 2026b]

After three weeks with a flattering AI, people turned to it for 
personal advice nearly as often as to friends and family, and were 
less satisfied with their real-world social interactions [Ibrahim et al. 
2026]
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Algorithm audits help make 

harms visible
Algorithm audit: systematically querying an algorithm and 
observing its outputs to draw inferences about its opaque inner 
workings [Sandvig et al. 2014; Metaxa et al. 2021]
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Audit examples
Google ads for Black names are 25% more likely 
to suggest arrest records [Sweeney 2013]

33

Algorithmic risk scores for a bail-setting algorithm were higher for 
Black defendants than (otherwise equivalent) White defendants 
[Angwin et al. 2016]

Algorithmic health risk scores will assign the same level of risk to a 
sicker Black patient than a White patient [Obermeyer et al. 2019]

Why? Often because the algorithm conflates signals. E.g., health cost as 
a proxy for health needs—but less money is spent on Black patients!

(Harvard professor 
Googling her own name)



Auditing language models
Language models hold covert stereotypes about speakers of African 
American English, more negative than any human stereotypes about 
African Americans ever recorded in experiments 
[Hofmann et al. 2024]

They more often suggest that these speakers get less-prestigious 
jobs, be convicted, and be sentenced to death

Their overt stereotypes are more positive: alignment to human 
preferences hides the bias on the surface without removing it
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Industry teams struggle to 

address these challenges
Ideally, we engage with stakeholders early [Zhu et al. 2018]

But, in practice in industry… [Holstein et al. 2019]

Data collection is unprincipled (“almost like the wild west”) — so if an 
audit turns up a problem, go collect more training data

Checklists are difficult, because biases differ by product. Instead, fatalism: 
“You’ll know if there’s fairness issues if someone raises hell online.”

Audits require individual-level demographics, but few teams have access 
to such data 35



Requiring audits by law
Since July 2023, New York City requires annual independent bias 
audits of algorithms used in hiring

Of 391 employers checked, 18 posted audit reports and 13 posted 
transparency notices [Wright et al. 2024]

Interviews: the law “failed to create an effective auditing regime”; 
lobbying narrowed what counts as a hiring algorithm, so most 
companies considered themselves exempt [Groves et al. 2024]
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Designing systems around 

societal impact



HCI’s role
Identify cognitive, social, and technical issues that are influencing the 
impact of algorithms on society

Envision alternative processes, technical approaches, policies, and 
designs that mitigate these issues
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Can we design alternative 

metaphors? [Gordon et al. 2022]
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Algorithmic decision as a jury decision. Specify a jury of, say, 12 
members, and articulate what proportion of the jury should 
represent each group and intersectional identity

“For this jury of 50% men and 50% women, which is split evenly 
between White, Hispanic, AAPI, Black, and Native American jurors, 
56% agree the comment is toxic.”



Jury learning

41

“1. People still eat at Pizza 
Hut? Gross. 2. It is shameful 
how this country […]”

Input
AI predicts each juror’s response

not 
toxic

not 
toxic

not 
toxic

not 
toxic

not 
toxic

toxic toxic toxic toxic toxictoxic toxic

7 to 5: toxic



Compose a jury by selecting from characteristics in the dataset

GIF
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GIF
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JURY

Compose a jury by selecting from characteristics in the dataset
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What if we change the 

objective? [Jia, Lam, et al. 2024]

HCI can articulate alternative 

goals and objectives for these 
algorithms — what else might we 
consider?

Let’s start with what the social 

sciences have articulated ➡ 
[Voelkel et al. 2024]

48



What if we change the 

objective? [Jia, Lam, et al. 2024]

Result: decreased partisan animosity in the lab. Would it hold up 
in the field? 49



In the field [Piccardi et al. 2025]

A browser extension reranks participants’ real X 
feeds in real time without platform cooperation

1,256 participants during the 2024 US 
presidential campaign

Reranking changed exposure to posts expressing 
antidemocratic attitudes and partisan animosity

Result: out-party animosity shifted by more than 2 

points on a 100-point scale, in both directions, with 
no detectable difference by party
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What objectives should we 

be aiming for?
What do you think we ought to be 
designing into our algorithms?

What kinds of controls ought end 
users to have over these algorithms?

What should (and shouldn’t) regulation 
have to say about this kind of 
alignment?

51

[Kolluri et al. 2026]



Summary
Artifacts have politics: the systems we create influence groups and 
societies, often with undesirable outcomes

Example: gig economy — potential of upward mobility and 
community social capital, but not currently implemented in a way that 
unlocks those possibilities

Design approaches focused on marginalized groups, such as feminist 

HCI, center these communities’ needs in the design process

Algorithmic systems, not just designed systems, similarly have impact. 
People struggle to reason about them, and industry struggles to avoid 
mistakes. But, modeling human-centered objectives can help.
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