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ABSTRACT

Al needs to be fair and robust, especially to meet demands of new
regulation. Regular assessments are key but it is unclear how we can
involve stakeholders without a background in Al in these efforts.
This position paper provides an overview of the problems in this
area, discusses the current work and looks ahead to future research
needed to make headway in user-centric assessment of AL

CCS CONCEPTS

« Human-centered computing — Collaborative and social com-
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1 THE PROBLEM AND OUR POSITION

Al can benefit people’s work and everyday lives through decision
support or recommender systems, curation of media content and
Al-generated text or images. Yet, a significant barrier to reaping the
benefits of Al is their unassessed potential for quality issues: lack of
truthfulness, bias and robustness which may cause unfair outcomes,
treatment and wider damage [12, 15, 16]. Hence, Al assessment has
become necessary, in line with existing and impending regulatory
frameworks (e.g., US President Biden’s Executive Order, the UK AI
Regulatory Bill, and the EU AI Act).
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To date, a number of tools have been developed to help AI ex-
perts assess and mitigate bias and unfairness while maintaining
accuracy [1, 2, 5, 16]. While great strides have been made in this
direction, there are still a number of major issues to overcome:

e Bias, as an Al technical concept, does not necessarily lead to
unfairness as perceived by users or in law. Fairness is often
only evaluated for protected by (the UK) law characteristics
(e.g. gender, age, marital status, race, disability etc.), but users
are also sensitive to non-protected characteristics (e.g. in-
come, financial stability etc.) [11] and other issues of equity
and justice. Assessing bias and fairness often relies on techni-
cal measures related to ground truth “correctness”. However,
for many domains and applications, ground truth might not
be fully aligned with users’ perspectives of fairness [10].

o There is often a trade-off between accuracy and fairness, and
even within fairness measures [23]. Users’ notions of what
is “fair” or “biased” differ markedly between domains and
application contexts [9]. Even within user groups there is
sometimes little consensus of how to define and achieve less
biased, fairer outcomes [8].

o If we leave assessments to Al experts, they might not do this
at all or choose measures that are technically easier to define
and operationalize instead of fully capturing users’ perspec-
tives [3, 7]. This could lead to accusations of “fairwashing”
when user involvement is lacking.

e However, giving users without AI expertise the power to
assess Al is complex. Responsible Al-related concepts need to
be made transparent and be communicated in an accessible
way. Support needs to be given to users for assessment, and
users need to be provided with ways to feedback on issues
that need to be acted upon after they have assessed an Al
system.

Thus, we argue and agree with others [4] that current ways of
assessing Al are “broken”, and we join in calls that aim to re-centre
Al development — and assessment — around its users [19, 21]. We
believe, alongside others [9, 14], that input from users is required to
tackle these issues, however, approaches of seeking and integrating
users’ input are in their infancy and in urgent need of research.

2 CURRENT WORK

User input is required to develop responsible Al systems but there
are many ways that this could be achieved. It has been suggested
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Table 1: Requirements arising from design workshops covered by conventional tools and ours, FairHIL [17]. In the Stakeholder
row, L stands for the requirements from loan officers, D from data scientists, and B from both stakeholders. WiT, FV, FS, SV,
FET, and HFIL stand for What-if Tool [25], FairVis [5], FairSight [1], Silva [26], Fairness Elicitation Tool [6], and FairHIL,
respectively.

Area Use Requirement Stake- yr pv Bs sv pET AL
holder (ours)
1. Att%lbute 1.1 attnl}utes, numbe'r of reclords B v v v v N
overviews and attribute value distributions
1.2 amount of missing data B
‘ }.3 fa}mess metrics for n?odel and B v v v v N
Informational individual protected attributes
1.4 target distribution B v Vv v’
1.5 protected attributes D v’ v’
1.6 explanation how attribute D
values are calculated or derived
1.7 Identify if the data is D

subjective/ objective

1.8 Identify where the data has

come from (applicant, bank, third D
party) / attribute provenance

2. Investigate
Relationships
between attributes

2.1 distribution of protected
attributes with other attributes
Informational 2.2 distribution of user-selected
attribute values (e.g. credit B v’
risk ratings) and target values
2.3 distribution of two user-
selected attributes’ values
2.4 Credit risk rating traffic light system
2.5 Support data transformations
(e.g. categorical into numerical, binning)
2.6 support filling in missing values
2.7 Support creation of new
Functional attributes (i.e. calculated from other
attributes e.g. affordability)
2.8 Ability to create/include own fairness
metric (if not already in system)
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2. Investigate 2.9 Allow creation of subgroups based
Relationships Functional on a combination of attributes and B v v v v
between attributes see their distribution on target

2.10 Input custom thresholds to affect Al model

2.11 Change weights on attributes to

adjust Al model

2.12 Remove attributes

2.13 Change weightings of attribute

Adjust model  variables (the variables that make D v’

up the attribute) on attributes

2.14 Identify similar attributes which

do not contain protected attributes D

and substitute attribute from these choices

2.15 Optimise model against fairness

metrics and accuracy automatically

2.16 Feedback to data scientists on

‘questionable’ attributes that should

not be used for decision-making
3. Causal Graph 3.1 Node weight and impact on target

Informational 3.2 Relationships between nodes, their

‘strength’ and direction
3.3 Explanation of how the graph was derived
3.4 The ability to remove nodes and
relationships to adjust AI model
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=

<
<

Adjust model

4. individual cases 4.1 specific application and attribute values
4.2 fairness metric for individual case

4.3 Level of similarity between cases

4.4 Select specific cases to compare

and show which attributes are similar

Informational

O X

4.5 Show decision boundaries
4.6 See "'What If” results on target
based on changes to attribute values
5. Model 5.1 how model works
Informational 5.2 how it was created, rationale for
decisions in modelling
5.3 who created it

ANAN

Functional
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Figure 1: FairHIL UI components (from [17])

that users could be directly involved in deciding whether an Al
model is fair: asking users to give feedback on preferred outcomes
of decision scenarios instances and then “retrofitting” the appropri-
ate fairness metric against the feedback [20]; showing a series of
decision outcomes from two Al models against the ground truth
and ask users to pick the preferred model to determine the fairness
metric that fits the responses best [22, 27]; or allowing users to
compare decision instances and their predicted outcomes, as well
as providing information on model fairness employing different
metrics [6].

Our own previous work has uncovered many ways in which
to involve users without an AI background during the AI design
and development lifecycle [24]. We argued that it is necessary to
allow users’ input from inception stages, allowing them to assess
the business case and reasons for creating Al systems, through
to collection and validation of training datasets, to assessment of
models and their deployment.

To aid assessors without Al expertise, such as domain experts, we
have investigated the design space of required information for them
to make informed decisions about Al fairness [17]. This work sug-
gested and evaluated User Interface (UI) components (Table 1) that
should be available to these kinds of users during Al assessments.
Fig. 1 shows UI components arising from this work to uncover
biases and potential unfairness: causal graphs that explain how
input and output features are related to each other, visualisations
of outcomes for features and feature intersections, ways to show
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the weight of features in the Al model, as well as ways to compare
instances to explore similarities and differences in predictions.

We have also explored whether it is feasible to support lay users
in identifying “fair” and “unfair” decision instances and their out-
comes [18], and using this feedback to improve fairness, inspired
by our work in Explanatory Debugging to steer Al models [13]. We
created a Ul to support users in finding fairness issues and provid-
ing label and weight changes for features. Our research suggested
that this kind of feedback can be used to increase the fairness of
a retrained model for loan applications (by aggregating label and
weight changes), measured through the Disparate Impact metric
on the “Nationality” attribute. We also investigated cultural dimen-
sions of fairness assessments in this work, and how this affected
users’ interactions and fairness assessments.

Currently, we are engaged in a series of studies on leveraging
user feedback to make Al models fairer (currently in draft for pub-
lication). Our work seeks to investigate whether it is possible to
identify what fairness metrics users choose and which attributes
are involved, alongside how to integrate user feedback on fairness
into personal and "merged"” models. We have conducted two studies
to collect user feedback and conducted a set of analyses to rigor-
ously investigate the impact of user feedback using a large set of
fairness metrics, allowing us to establish baselines, compare results,
and delve deeply into the potential application and challenges of
this approach. We have investigated, for example, using “fair” and
“unfair” labels, as well as using feature weight changes obtained by
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users in retraining a model. We then observed the effect of this user
input on group and individual fairness metrics. Our results show
that we indeed see some fairness improvements on some metrics for
some features but also that some individuals deteriorated fairness.
We also found that other features seemed to matter but we have no
firm grasp how users evaluate fairness on these features.

An additional strand of our work addresses how to support
groups of users with negotiating and applying fairness to Al models
(currently in draft for publication). To investigate this area, we
designed an interactive system to explain various fairness metrics to
individuals on protected attributes and for them to explore fairness.
We then extracted their personal fairness metric preferences and
used this as a basis for team negotiations. We found that perceptions
of what is considered fair differs between stakeholders at the outset
but that it is possible for them to achieve consensus on how fairness
should be applied in the end.

3 FUTURE CHALLENGES AND DIRECTIONS

We are at the beginning of an exciting and unchartered time for Al,
when more assessments are called for but the responsibilities will
shift to users without specialist knowledge in Al In participating in
this workshop, we would like to share lessons learned from our re-
search, engage in conversations around current and future research
strands in user-centric Al, and network with other researchers and
practitioners in this area. We anticipate discussing the following
major research questions that warrant further reflection and work:

e How do end-users currently assess correctness and fairness,
and the trade-offs, especially for generative Al solutions?
What factors influence their fairness metric preferences?

e How can we reliably identify, prevent or counteract “gaming”
fairness, i.e. a malicious actor abusing feedback making the
Al less fair or feedback that violates regulation?

e How do we design and develop Uls, tools and associated
methodologies to support end-users in assessing and miti-
gating Al explaining responsible AI concepts?

e How can Al assessment be conducted in practice, especially
to support collective fairness processes taking place in the
wider user population?

e How can we translate results from “toy” research problems
into the real world?

e How do we account for cultural diversity and shifts over
time yet strive towards universal justice and equity for often
marginalized groups?
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