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Abstract

Selecting people for opportunities like jobs, universities, loans, or scholarships
pervades and shapes society. And while processes exist for people to make these
decisions at scale, these processes are unequipped to handle the elevated demands
of modernity. The work in this thesis explores the use of data-driven Decision
Support Tools (DSTs) to improve selection processes, focusing on two global
scholarship programmes.

We frame our investigation in terms of the Decision Matrix framework, cate-
gorising decisions by stage (in process or ex post) and stakes (high or low). We
then explore using existing AI tools as DSTs, focusing on post-hoc explainable AI
and generative AI detectors. We find them ineffective for in-process decisions but
useful ex post. We engage in participatory design to create six design prototypes
to assist with in-process decision-making, with a focus on diversity. Participants
demonstrated enthusiasm for using these tools across the Decision Matrix. To
validate this enthusiasm, we implemented one design as a technology probe and
evaluated its impact. The selected cohort’s diversity and performance improved,
demonstrating the tool’s ability to support high-stakes in-process decisions.

Our findings highlight the need for data-driven and AI-based DSTs across the
Decision Matrix. We propose Selection-Oriented AI, a design paradigm focused on
the social goals of selection, and provide design recommendations. We conclude
with a call for AI-driven DSTs that balance practitioners’ needs while optimising
selection outcomes for social benefit.
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Glossary

HCI . . . . . . Human-Computer Interaction is a subfield of Computer Science
that deals primarily with how people interact with computers and
to what extent computers are or are not developed for successful
interaction with human beings. This thesis is a work of HCI.

PD . . . . . . . Participatory Design is a paradigm within HCI that engages
participants as co-designers in an iterative design process, recog-
nising the user as ideally positioned to understand user needs and
preferences. Research outputs are usually designs and design
recommendations driven by careful analysis of user feedback.
Much of the work in this thesis is inspired by the PD paradigm.

AR . . . . . . . Action Research is a family of methods within HCI that engages
a group of practitioners as co-researchers and co-participants in
the research process; in this case, preparation is only one part
of the research process, while action and reflection are equally
valuable. Research outputs are ordinarily learnings that arise
from the action. Much of the work in this thesis is inspired by
the AR paradigm.

VSD . . . . . . Value-Sensitive Design is a family of methods within HCI en-
gaging participants, where particular values of participants are
elicited and used as a guide for design. Research outputs are
usually designs and design recommendations driven by care-
ful analysis of user values. This thesis engages with VSD in
supporting diversity.

HCC . . . . . . Human-Centred Computing is a subfield of Computer Science
that designs and develops computer systems around the needs
and desires of a group of humans, thus ‘centring’ that group of
humans. This thesis’s central contribution (Selection-Oriented
AI) is offered in contrast to HCC.

AI . . . . . . . Artificial Intelligence is variously defined as the study of intel-
ligent behaviour in computers [177], as computational require-
ments for tasks like perception or reasoning [95], or as large

vii



viii viii

models such as ChatGPT or DALL-E [63]. AI is often construed
as definitionally aspirational, i.e., it is taken as a given that
current computer systems are not AI [177]. In this thesis, any
computer system that can be said to exhibit behaviour similar
to human intelligence is included, and all work herein seeks to
build or evaluate AI tools.

XAI . . . . . . Explainable Artificial Intelligence is a subfield of AI that develops
and assesses explanations that make AI systems more legible
to a group of humans. Chapter 4, in particular, engages in a
debate over the usefulness of XAI.

GenAI . . . . . Generative Artificial Intelligence is a subfield of AI that develops
and assesses AI systems, usually large machine learning models,
that generate new data, such as text, images, or audio. Chapter
5 concerns itself with GenAI and the detection of GenAI.

Diversity . . . In its broadest sense, diversity refers to variety, difference, or
heterogeneity within a given collection of entities. The seminal
definition by Page describes it as: “The heterogeneity of elements
in a set about a class that takes different values, such as species in
an eco-environment, or ethnicity in a population” [133]. While
this definition is broad enough for contexts such as ecology,
a more nuanced understanding is required in the context of
applicant selection (see Chapter 2.3.1).

HCAI . . . . . Human-Centred Artificial Intelligence is a subfield of HCC that
concerns itself with AI systems, rather than all computer systems.
This thesis’s central contribution (Selection-Oriented AI) is
offered in contrast to HCAI.

Selection . . . Occurs in a variety of forms throughout society, from recruitment
to matchmaking. In this thesis, selection refers exclusively to the
processes of scholarships and other academic or talent investment
opportunities, with a primary interest in selection processes for
social benefit rather than organisational benefit.

Selector . . . . Practitioners responsible for making selection decisions, both
direct and supporting, within selection teams and organisations.
These practitioners are referred to as selectors, and tools are
built to support their decision-making processes.

SOAI . . . . . Selection-Oriented AI, defined in this thesis, is a family of
methodologies designed to achieve the social values of properly
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selecting scholars. In contrast to HCAI, which would centre the
point of view of various stakeholders, SOAI orients itself around
the social benefits of selection, deviating from the point of view
of the selectors, applicants, and other stakeholders when their
values differ.
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1.1 Motivation

Consider a prestigious global scholarship program receiving thousands of applications

from aspiring scholars worldwide. The selection committee faces a complex decision:

from this diverse pool of talented individuals, they must choose a cohort that

will best advance the program’s mission to develop future leaders who will tackle

global challenges. Unlike a simple ranking of academic merit, this selection process

involves balancing multiple, sometimes competing values. Should they prioritise

applicants with the highest test scores, those who demonstrate the greatest potential

for social impact, candidates from underrepresented regions, or individuals who

have overcome significant adversity? The committee’s approach will depend on

1
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how they interpret the program’s goals and what they believe constitutes the “best”

cohort, and this decision carries profound implications for both the selected scholars

and the communities they will eventually serve.

This “selection problem”, choosing whom to include, echoes throughout society.

Employers select whom to hire. Creditors select whom they lend to. Universities

select whom to admit. Scholarship programmes, like our hypothetical one, select

whom to award. An organisation’s goals and values determine its selections. An

employer may seek the best candidate for a specific task, while a creditor seeks

debtors likely to repay loans. Universities and scholarship programmes, however,

often differ. Their selection is not for organisational benefit but for a social one

[179]. Thus, instead of selecting only applicants who yield the best returns to

the organisation, they seek to select those who are most deserving, will learn the

most, have the greatest need, whose presence will benefit others, or who will use

their education to most improve society.1

Although a wealth of research explores when and how algorithms can make

hiring or lending decisions (and whether they should) [69, 96, 145, 157, 159], little

research explores how algorithms can support selection decisions in the scholarship

context. The research that exists in the university context often likens this problem

more to hiring than to scholarship [121, 159, 163]. Furthermore, just as research

on hiring and lending finds flaws in many applications of algorithms [69, 139,

145], the scant research on human-led scholarship and university selection finds

similar problems [159].

In a world flattened by the global proliferation of technology [54], new global

scholarship initiatives aim to select scholars from every part of the world. These

programmes offer applicants worldwide access to educational resources that may

have previously been inaccessible, but they also exacerbate the problems found in

related work. If these programmes can select the “best” cohorts, they can deliver

on their stated missions to improve the world by broadening access to elite higher
1Hirers and lenders are often bound by law to select the most deserving, and they occasionally

select those who will benefit others. However, these institutions are generally motivated to
maximise profits within legal bounds [157].
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education and training scholars to solve the world’s most significant problems.

This thesis aims to enable that mission by supporting these selection processes

with algorithmic decision-support tools.

1.2 Scope of the Thesis

Global scholarship programs, such as the Programme A and Programme B pro-

grammes, with whom we conducted this research, face daunting challenges in their

mission to select and cultivate future leaders. These challenges include navigating

different interpretations of the “best” cohort, ensuring fair comparisons of applicants

from diverse global contexts, and mitigating risks such as applicants using generative

AI to misrepresent their aptitude. Existing low-tech decision-making systems are

often unequipped to handle these newfound complexities [94]. While selection

practitioners (selectors) design innovative solutions, they often lack easy access to

the information needed to robustly support their decisions.

With now all selection problems being equal, to properly define this thesis’s

scope, we must distinguish between different types of candidate selection, and narrow

our scope to the kind of problem at hand. We identify two primary categories of

selection that differ fundamentally in their approach and objectives:

Strict Quota Selection involves assembling groups with specific, predefined

compositions to fulfil particular functional requirements. Examples include selecting

a sports team where specific positions must be filled (e.g., two defenders, two

midfielders, and one goalkeeper) or hiring a team of specific roles (e.g., one software

engineer and one salesperson). In these contexts, selectors know in advance how

many individuals with particular characteristics they need. The selection process is

constrained by these structural requirements, and success requires that the final

composition match the predetermined template, but is otherwise evaluated by

evaluating each individual independently.
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Aspirational Selection aims to meet broader diversity and excellence goals

across an entire intake rather than strictly constraining each individual selection

decision. This approach characterises most scholarship, university admissions,

and similar social programmes. Selectors work toward aspirational targets (e.g.,

achieving geographic diversity or representing underrepresented groups) but do

not have strict quotas. Here, these compositional elements are a goal, rather than

a constraint. Success is evaluated by examining whether the cohort reflects the

programme’s values and mission, which requires considering the group holistically.

This thesis focuses primarily on Aspirational Selection, as global scholarship

programmes like Programme A and Programme B primarily use Aspirational

Selection to achieve diversity and excellence. We designed the methods and

tools herein to support selection processes where values-based decision-making

predominates over structural composition requirements and where the “best” cohort

is determined by balancing multiple competing objectives rather than fulfilling

predetermined quotas.2

Values In scholarship selection, a programme’s values are the fundamental

principles that guide decisions about which applicants to select. Common values

include: academic excellence (prioritising applicants with high test scores or

grades); potential for social impact (favouring candidates with compelling visions

for addressing global challenges); diversity (seeking applicants from a variety of

backgrounds); need (supporting those with limited access to education); integrity

(valuing truth-seeking and truth-telling); or resilience (recognising applicants who

have overcome adversity). These values often conflict; an applicant with top

academic credentials may not show the greatest potential for social impact, and

those with the greatest need may not come from the most underrepresented regions.

In practice, these conflicts lead to vastly different understandings of the “best”
2Historically, some programmes have used Strict Quota Selection as a means of operationalising

the aspirational goals of the programme in structures that allow stakeholders to evaluate the
programme, but this process has fallen out of favour and is not used by either the Programme A
or Programme B programmes.



5 5

cohort [189]. Selectors must balance these competing values to select cohorts that

best embody their programme’s mission.

We term the primary decision to overcome this conflict Selection: choosing the

most apt cohort of applicants according to a specific organisation set of values.

This central decision is supported by many subordinate decisions, such as: “What

criteria make one applicant (or cohort) more apt than another?” and “How can

we apply these criteria to select the most apt cohort?” Each subordinate decision

is itself supported by further decisions regarding programme purpose, metrics,

and their application.

The scope of this thesis is the development and evaluation of Decision Support

Tools (DSTs) to enhance Selection processes within global scholarship programmes.

Specifically, it focuses on building and assessing DSTs that address three critical

challenges selectors face:

1. How to ensure that AI recommendations are interpretable and trustworthy

(Chapter 4).

2. How to maintain integrity when applicants may use generative AI (Chapter

5).

3. How to understand, operationalise, and foster diversity within selected cohorts

(Chapters 6 and 7).

We conducted this research in collaboration with Programme A and Programme

B. While this thesis engages with the ethical dimensions of AI-supported selection,

it does not aim to provide definitive solutions to all underlying societal inequities.

Instead, it seeks to improve the tools and processes available to selectors. We

acknowledge work outside this direct scope, such as critical theory perspectives

on selection, in Chapter 8.
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1.3 Research Questions

This thesis is guided by the following central research questions:

RQ1: How can Decision Support Tools (DSTs) be effectively designed, implemented,

and evaluated to aid selectors in global talent investment programs in making

values-driven selection decisions that balance multifaceted objectives like

excellence, diversity, and fairness, across both aspirational quota and cohort-

based selection paradigms?

RQ2: In what ways do emerging AI technologies, particularly explainable AI (XAI)

and generative AI (GenAI), impact the decision-making processes, integrity,

and perceived legitimacy of scholarship selection, and what frameworks

or interventions can mitigate potential harms while leveraging benefits for

selectors?

RQ3: How can complex and evolving conceptualizations of diversity be translated

into practical support mechanisms within DSTs to assist scholarship programs

in achieving their diversity-related goals, and what is the real-world efficacy

of such mechanisms when deployed in live selection processes?

1.4 Contributions

The contributions of this thesis are twofold. There are meta-level conceptual

distinctions introduced, and also some substantive contributions associated with

body chapters.

The meta-level contributions of this thesis are:

• A list of decision points facing scholarship programmes uncovered through

longitudinal HCI research with Programme A and Programme B.

• The SOAI paradigm for designing AI systems that support one of the social

benefits of good selection processes.
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• A set of design recommendations for designers seeking to apply SOAI to build

a DST to support selectors.

However, this thesis is composed of several papers that make more specific, core

contributions to support tools seeking to solve issues of Explainability, Plagiarism,

and Diversity. These are detailed in the relevant chapters but are also described here.

Explainability

• Quantitative findings indicating that the problem of explanation-induced

unwarranted trust extends to generic post-hoc justifications, but that such

criticism only applies in process (Chapter 4).

• Qualitative findings that post-hoc explanations, properly presented, can make

useful ex-post DSTs (Chapter 4).

Plagiarism

• An evaluation of GenAI detectors GPTZero and Originality.ai on Programme

A’s Cycles X and Y application data (Chapter 5).

• The Decision Matrix framework for evaluating the suitability of AI systems

as support tools for differing decision points.

• A case study using GPTZero to support two decision points facing Programme

A (Chapter 5).

Diversity

• The Diversity Triangle, categorising diversity-related themes according to our

three definitions of diversity uncovered through inductive thematic analysis

(Chapter 6).

• Six design prototypes developed through PD for supporting the diversity

needs of a given organisation (Chapter 6).
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• Design recommendations grounded in PD for system implementers supporting

the diversity needs of a given organisation (Chapter 6).

• A field deployment of Prototype 6.3c to the Programme A selection process se-

lecting several hundred finalists from a pool of several thousand demonstrating

the efficacy of this prototype in practice (Chapter 7).

• A demonstration of a hypothetical application of Prototype 6.3c as an ex-post

DST (Chapter 7).

1.5 Thesis Structure

Chapter 2 serves as an extended introduction and background chapter, including

situating this thesis in related work. Following this, Chapter 3 explores the

paradigms that guide research design throughout this thesis, lists methods used

throughout the thesis, and ties these methods to specific chapters.

Chapter 4 responds to common criticisms of post-hoc XAI and explores this

approach as a scholarship selection DST via PD workshops with selectors from

Programme A. Chapter 5 engages selectors from Programme A in an AR process and

explores the role of generative AI in selection decisions. Chapter 6 engages selectors

from both Programme A and Programme B in participatory design to explore

selector notions of diversity and potential ways to support these considerations; this

chapter ultimately develops 6 design prototypes. Chapter 7 implements one of these

prototypes in a field deployment with Programme A, evaluates that deployment,

and explores other applications of the technology.

Chapter 8 discusses the scope of the thesis, including references to critical theory

work falling outside the scope; the SOAI paradigm; design recommendations that

developers can use to follow SOAI; methodological and technical limitations of the

work herein; and this thesis’s broader significance in a quickly changing landscape.
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2.1 The Challenge of Global Scholarship Selection

This thesis addresses fundamental challenges in designing and implementing algo-

rithmic decision support tools (DSTs) for global scholarship selection. As these

programmes have grown, traditional processes have become increasingly difficult

to manage, sparking interest in algorithmic solutions to enhance efficiency and

fairness [94]. Scholarship programmes aim to provide long-term societal benefits by

selecting the “best” applicants, but what “best” means depends on the organisation’s

theory of change—whether it prioritises the future contributions of scholars, the

10
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inherent social good of providing opportunity, or the productivity gains from

diverse perspectives [39, 75, 128].

However, applying algorithmic DSTs to this context is uniquely challenging.

Unlike in hiring or university admissions, global scholarship selection must contend

with extraordinary diversity in applicants’ backgrounds, educational systems, and

cultural contexts [179]. While algorithms have much potential to support unique

challenges in this new context, attempting to introduce algorithms into the selection

process creates significant technical and ethical hurdles. Critics raise valid concerns

about algorithmic bias and the dehumanisation of the selection process [18, 46],

though human-led processes are equally vulnerable to critique [2].

This complex landscape raises several key research questions:

1. How can we design DSTs to support fair and effective selection across diverse

global populations?

2. How can we provide meaningful explanations that enhance, rather than

undermine, human decision-making?

3. How should we adapt to emerging technologies like generative AI?

4. How do we balance competing values of merit, diversity, and social impact?

These questions are fundamentally socio-technical, requiring an interdisciplinary ap-

proach that draws on computer science, social science, and critical technology studies.

2.2 Historical and Societal Foundations

Contemporary challenges in algorithmic selection must be situated within a broader

historical context of discrimination, civil rights, and the evolving role of technology

in society. We undertake this situation here.
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2.2.1 The Pursuit of Equity in Selection

The modern emphasis on diversity and fairness is rooted in decades of social

and political struggle. The U.S. Civil Rights Movement of the 1950s and 1960s

challenged systemic exclusion, leading to affirmative action policies designed to

redress historical inequities [5, 119]. This movement, initially focused on the under-

representation of women and racial minorities in the U.S., has evolved into a global

concept of diversity that encompasses a wide variety of identities [126].

Global scholarship programmes inherit this legacy. Contemporary programmes

like Programme A and Programme B, with whom this thesis engages, grapple

with similar tensions as they seek to operationalise diversity without perpetuating

tokenism. This history provides critical context for understanding why modern

selectors prioritise both individual merit and diversity within and across cohorts.

2.2.2 Technology, Power, and Social Justice

The pursuit of equity is further complicated by the role of technology. As scholars

like Benjamin [15] and Noble [127] have shown, technological systems can encode

and perpetuate societal biases, reinforcing existing power structures. Algorithms,

while promising objectivity, often reflect the historical inequities present in their

training data and can enact “categorical violence” by forcing fluid identities into

rigid demographic bins [21, 156].

Thus, technology can democratise access to resources, but it can also entrench

new forms of exclusion [48, 149]. Building technology that serves the former requires

attention to what Jasanoff [74] calls the ‘co-production’ of science, technology, and

social order: the ways in which technological systems both shape and are shaped

by social values and political structures. The development of DSTs is therefore not

a purely technical exercise but also a political process demanding careful attention

to power, representation, and accountability.
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2.3 Some Conceptual Pillars of Selection-Oriented
AI

In designing DSTs for selection via a process we term Selection-Oriented AI, we

tackle several conceptual pillars. We do not claim our list of pillars to be complete,

but contend here that it is sound; that is, when designing DSTs for selection processes

of the kind explored in this thesis, designers should pay attention to the following.

2.3.1 Diversity: From Theory to Practice

Diversity is a central, yet ambiguous, concept in selection. It draws from multiple

intellectual traditions: social psychology distinguishes between demographic and

cognitive diversity [133]; organisational behaviour links diversity to team perfor-

mance [134]; and political philosophy values diversity for a flourishing democracy

[109, 185]. Economically, diversity is often quantified via entropy metrics and

linked to productivity [128].

These varied motivations lead to a nebulous definition. This thesis starts

with Page [133]’s general definition: “The heterogeneity of elements in a set”,

but acknowledges its limitations when applied to people. In practice, diversity

considerations often involve nuanced concepts like group diversity (equitable

representation), intersectional diversity (recognising overlapping identities), and

cognitive diversity (differences in thinking) [38, 68, 116]. As we explore in

Chapter 6, selectors often simultaneously navigate these different meanings.

2.3.2 Fairness: Competing Ideals in Algorithmic Systems

The algorithmic fairness literature provides a critical lens for evaluating selection

processes. A key tension exists between individual fairness (treating similar

applicants similarly) and group fairness (achieving parity across demographic

groups) [46, 79]. This manifests in debates over distributive versus procedural

justice. While distinct from diversity, fairness is often intertwined in practice;

strategies to enhance one can impact the other, creating complex trade-offs that

selection systems must navigate [187].
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2.3.3 Explainable AI (XAI): Promise and Peril

As machine learning models have grown more complex, XAI has emerged to make

their decisions more transparent and trustworthy. This quest for interpretability

is not new; it dates back to early rule-based expert systems [162]. Modern XAI

distinguishes between intrinsically interpretable models (like decision trees)

and post-hoc explanations (most often applied to “black-box” models that lack

native interfaces for interpretability) [117, 154].

However, post-hoc explanations come with the risk of automation bias, where

users over-rely on automated advice, and the “trust paradox”, where plausible but

misleading explanations can increase unwarranted trust [90, 120]. As we investigate

in Chapter 4, this raises critical questions about when and how explanations should

be used in high-stakes selection decisions.

2.3.4 Generative AI: A New Frontier of Challenge

The recent rise of powerful generative AI, particularly Large Language Models

(LLMs) like GPT-4, has introduced a new layer of complexity to selection [130, 173].

Students are increasingly using these tools to write application essays, challenging

traditional notions of authorship and assessment [41]. While institutions have

been quick to issue policies, these often lack clarity and are difficult to enforce,

as current detection tools have significant limitations [115, 140]. This new reality

forces a re-evaluation of the role of written assessments in selection, a central

theme we explore in Chapter 5.

2.4 Situating the Thesis

This thesis is positioned at the intersection of HCI, AI, and social science, engaging

with a sparse body of literature on AI in global scholarship selection. While much

has been written on AI in hiring or university admissions, the unique challenges

of global scholarships—particularly the need to compare applicants across vastly

different contexts—remain under-explored. Our work builds on and extends research
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in algorithmic fairness, explainable AI, and the economics of talent selection [82,

98], applying these lenses to a novel empirical setting.

To ground this research, we engaged in longitudinal partnerships with two

global scholarship programmes: Programme A and Programme B. Both are

innovative programmes seeking to leverage AI in their selection processes. Through

Action Research, Value-Sensitive Design, and Participatory Design, we worked with

selectors from these organisations to identify key challenges and co-design solutions.

These collaborations surfaced several families of subordinate decisions that form

the empirical core of this thesis: challenges related to explainability (Chapter 4),

applicant use of generative AI (Chapter 5), and cohort diversity (Chapters 6 and

7). A full list of the decision points addressed can be found in Table 2.1.
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Table 2.1: This table enumerates relevant challenges facing selectors from the Programme
A and Programme B selection teams. Challenges are drawn from discussions with selectors,
where descriptions are framed in terms of decisions these programs make.

Challenges Chapter(s) Description Supporting Information
Refinement 4 and 7 A programme may refine its

scoring algorithm each year
to better score applicants.

Explanations of perplexing
AI-generated scores; infor-
mation about implications
of scoring methods for co-
hort diversity

Diligence 5 A programme may make
holistic decisions about
when and how to consider
applicants.

Information about which
essays (and which parts
of essays) were written by
GenAI; information about
whether the GenAI-written
passages are hallucinations.

Partners 5 A programme may deter-
mine whether to continue
referral relationships, which
encourage and support ap-
plicants.

Whether any referral organi-
sations’ affiliated applicants
use GenAI disproportion-
ately.

Pipeline 5 A programme may decide
whether to modify their ap-
plication material or pro-
cess.

Information about the us-
age of GenAI throughout
the application pipeline.

Gameability 5 A programme may decide
how to modify their appli-
cation material or process.

Information about how AI-
generated essays are scored
under the current applica-
tion process.

Disqualification 5 A programme may decide
to disqualify an applicant
that violates their applica-
tion guidelines.

Information about whether
essays violate application
guidelines around GenAI us-
age.

Diversity 6 and 7 A programme may make
cohort-level decisions re-
garding the diversity of
their cohort.

Information about the di-
versity of possible cohorts.

Contribution 6 and 7 A programme may make
decisions about which ap-
plicants to move forward
based on their contribution
to diversity.

Information about the im-
pact of including different
applicants on cohort diver-
sity.
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3.1 Methodological Framework of the Thesis

This thesis employs a mixed-methods approach that combines computational

evaluation with qualitative investigation of social and organisational contexts.

This section outlines the key methodological frameworks that inform the research,

grounding it in established practices while tailoring them to the unique demands

of studying AI in global scholarship selection.
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3.1.1 Core Research Traditions

The methodological framework of this thesis is grounded in several key traditions

from Human-Computer Interaction (HCI) and related fields. Our approach is

rooted in Participatory Design (PD), which centres the experiences and needs of

users (in our case, we primarily consider scholarship selectors and their organisations)

[20, 83]. This tradition recognises that effective Decision Support Tools (DSTs)

cannot be designed in isolation but must emerge through collaborative engagement

with stakeholders [23]. To facilitate this, we also incorporate Action Research

(AR), which emphasises conducting “research with, rather than on, people” [22, 65].

This approach is particularly vital in scholarship selection, where organisational

dynamics and constraints heavily shape technological interventions [102].

However, engaging only the stakeholders in these decisions risks satisfying

individuals while failing to achieve the broader social aims of selection. Thus,

guiding these participatory approaches is Value Sensitive Design (VSD), which

ensures that we design algorithmic systems with explicit attention to human values

and their implications [172]. This is crucial in selection contexts where decisions

have profound impacts on individuals’ lives.

Finally, though not central to our approach, we adopt a critical perspective on

algorithmic systems, following scholars like Noble [127] and Roy [153] in exploring

the risks of implementing algorithmic systems. This perspective requires examining

not only technical performance but also the social and political implications of

DSTs, helping to reveal how they may reproduce or challenge existing inequalities.

Integrating Methodological Traditions While each of these traditions offers

a unique lens, the strength of this thesis’s methodology lies in their integration. We

use Value-Sensitive Design (VSD) as our foundational framework to conceptually

identify and prioritise the human values at stake in scholarship selection, such as

fairness, diversity, and transparency. This values-centred groundwork then informs

our practical engagement. We employ Participatory Design (PD) and Action

Research (AR) as engines for translating these values into tangible interventions.
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Through PD, we collaborate directly with selectors to co-create tools and frameworks

grounded in their lived experiences and organisational realities. AR provides the

iterative structure for deploying, testing, and refining these interventions in a

real-world setting, ensuring our research is not only theoretically sound but also

practically relevant and responsive to the evolving needs of our partner organisations.

This synergistic approach allows us to move from abstract principles (VSD) to

collaborative creation (PD) and finally to real-world impact (AR).

3.1.2 Evaluation Methods

To assess both technical performance and socio-technical implications, this thesis

employs a multi-faceted evaluation strategy.

For computational evaluation, we use standard machine learning metrics,

including accuracy, precision, recall, and F1-scores, to assess algorithmic perfor-

mance. Recognising the limitations of these metrics in capturing fairness concerns,

we also employ fairness-aware evaluation methods, including stratification along

demographic lines and calibration analysis [107].

For the human-centred evaluation of XAI, we follow the framework of

Doshi-Velez and Kim [44]. This involves both functional evaluation (measuring how

explanations affect task performance) and human-grounded evaluation (measuring

how explanations align with human processes). This dual approach recognises that

technical performance alone is insufficient for understanding the social implications

of algorithmic systems.

3.1.3 Critical and Reflexive Stance

Drawing on critical algorithmic studies, the thesis adopts a reflexive approach

that examines not only the technical properties of algorithmic systems but their

social, political, and ethical implications [160]. This includes attention to questions

of power, representation, and accountability that are often overlooked in purely

technical approaches to algorithm design. These approaches emphasize collaboration
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and shared ownership of the research process, recognizing that effective technological

solutions must emerge from genuine engagement with user communities.

3.2 Specific Methods Used

3.2.1 Online Surveys

The practice of running online surveys to gather quantitative data is well-established

and often used both within and without HCI [9, 18, 47, 87, 104, 137, 142, 187].

Chapter 4 makes use of one such survey. We use Prolific Academic to gather

participants and Formr to administer our survey [7, 18]. We follow Caldwell et al.

[30] in designing our survey based on a power analysis of the statistical tests we

intend to run on the output data.

3.2.2 Design Workshops

Chapters 4 and 6 both make use of group design workshops to refine and evaluate

design prototypes. Both follow an experience-prototype methodology [27], and

incorporate a few specific methodologies.

Both chapters follow Zimmerman and Forlizzi [190]’s scenario speed dating

approach, which sees participants rapidly applying different design prototypes to

(real or hypothetical) scenarios.

Gatian [56] has researchers asking participants to choose a favourite among a

series of options as a means of comparison, while Griffiths et al. [61] brings this

method to HCI. Chapter 6 makes use of this method.

3.2.3 Individual Interviews

Chapter 6 makes use of one-on-one interviews with participants to first eluci-

date participant understanding of diversity. In these interviews, we incorporate

several methods.

Knapp et al. [83]’s ‘crazy 8s’ exercise sees participants give eight feature requests

in eight minutes. Ordinarily, this exercise is done with a writing surface, but

we have participants do this verbally.
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Blythe [20] introduces the concept of design fiction, where participants more

detail their ideal app. We adapt this to create a “magic app”, capable of doing

anything the participant desires and asking the participant to describe this app.

3.2.4 Quantitative Analysis

Chapters 4, 5, and 7 rely on several standard statistical tests. Primarily, we use

Student’s t-test [114], the Analysis of Variance (ANOVA) [114], Pearson’s test of

correlation [158], Tukey’s Honestly Significant Difference test [80], and the Receiver

Operating Characteristic curve [62]. Additionally, we develop a permutation test

in Chapter 7 based on Good [58].

3.2.5 Qualitative Analysis

Chapters 4 and 6 engage in inductive thematic analyses of their qualitative results.

In doing so, we follow the methodology introduced by Braun and Clarke [23]

and developed in Braun and Clarke [24, 25] and Thematic Analysis | SAGE

Publications Ltd [169].

3.3 Research Design

Chapters 4, 5, 6, and 7 all detail studies conducted according to different research

paradigms and employing different methodologies. Each chapter contains a self-

encapsulated section on research design. However, Table 3.1 provides a high-level

overview of the methods and paradigms employed in each chapter.
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Chapter 4 Chapter 5 Chapter 6 Chapter 7
Participatory Design Yes Yes
Action Research Yes Yes
Value-Sensitive Design Yes
Online Surveys Yes
Design Workshops Yes Yes
Individual Interviews Yes
Quantitative Analysis Yes Yes Yes
Qualitative Analysis Yes Yes Yes

Table 3.1: This table indicates which methods and paradigms are employed in each core
research chapter.
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4.1 Motivation

When exploring decision support tools for global scholarship selection, Explainable

AI (XAI) is a natural starting point. Scholarship selection often involves complex

algorithmic scoring across multiple dimensions, from cognitive assessments to

interview performance. Proponents offer XAI tools as a way to support a decision-

subject’s right to an explanation, aiming to empower individuals and improve

decision-making in sensitive fields [59]. While a wealth of research explores XAI

in these contexts [11, 117, 176], others caution against the blind application of

these tools [14, 88]. This chapter explores the potential of post-hoc interpretability

to support selection-related decisions and considers how these tools might be

applied in different contexts.

4.2 Introduction

For a comprehensive background on XAI, automation bias, and the history of

interpretable AI systems, see Chapter 2.3.3. This section focuses on the specific

critiques relevant to our research questions.

Despite its promise, post-hoc XAI has faced increasing criticism as a decision

support tool. Many studies centre on how these systems affect user trust and decision-

making, revealing several distinct concerns. We will examine these critiques in detail.

Lipton [100] offers a foundational critique, arguing that well-intentioned ex-

planation design may yield “misleading but plausible” explanations. Their work

suggests that providing an explanation can create a false sense of understanding,

leading users to trust the system’s outputs even when that trust is unwarranted.

This critique is particularly relevant in selection contexts, where the stakes of

misplaced trust are high.

Building on this, Miller [111] identifies a more fundamental issue: post-hoc

explanations often serve to justify the underlying AI models and their outputs

rather than enabling users to make their own informed decisions. They argue
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that these explanations can create a form of “algorithmic authority,” where the

explanation itself becomes a tool for legitimising the model’s decisions, potentially

undermining human agency.

The evidence for these concerns is mixed but troubling. Lai and Tan [90] found

that explanations can increase user trust in AI systems, but this trust may not

be well-calibrated to the system’s actual performance. Similarly, Jacobs et al. [73]

demonstrated that explanations can lead to over-reliance on AI, particularly in

high-stakes contexts. These findings suggest that the problem of misplaced trust

operates through multiple mechanisms, from creating a false sense of understanding

to establishing algorithmic authority.

In response to these critiques, the field has seen a significant shift away from

post-hoc approaches. Kumar et al. [88] argues that post-hoc explanations often

fail to provide meaningful insights into model behaviour, while Bastounis et al.

[14] demonstrates that these explanations can be manipulated to justify incorrect

decisions. This has led to the development of new paradigms, such as Miller [111]’s

evaluative AI, which focuses on helping users evaluate model outputs rather than

explaining them, and Karimi et al. [78]’s causal models, which aim to provide

more actionable insights.

But have we been too hasty in rejecting post-hoc methods? Underlying this

shift is the assumption that such approaches will be deployed to increase trust

in particular outputs, even when that trust is unwarranted. But is this always

the context of their use? Could trust-inducing explanations be deployed for other

purposes, such as for evaluating models and decision-making processes after the fact?

To analyse the benefits and risks of post-hoc interpretability tools, we develop

a decision-stage distinction (also explored in Chapter 5). That is, rather than

partitioning examples by type of explanation, we partition by the timing of its use.

While the former is a property of the algorithms themselves, the latter is a property

specific to a given use case [124]. A ‘post-hoc’ explanation is one generated after

a model has been trained, in contrast to an ante-hoc explanation or inherently

interpretable model. This is distinct from when the explanation is presented to a
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user. We distinguish between two timings: in process, where AI outputs and post-

hoc explanations support a human decision-maker concurrently with the primary

decision, and ex post, where the primary decision has already been made and XAI

informs second-order decisions about the process itself. For example, selectors might

use ex post explanations between application cycles to refine their procedures for the

next cycle [98]. This distinction helps us frame Chapter 4’s two research questions:

(RQ1) Do post-hoc explanations, when used as in-process DSTs, induce unwarranted

trust in users?

(RQ2) If post-hoc explanations induce unwarranted trust in process, could they still

be useful ex post?

To answer RQ1, we run an online study to discern whether the problem

of unwarranted trust is specific to certain types of post-hoc explanations. We

investigate two popular methods, SHapley-based Additive exPlanations (SHAP)

[103] and Scoped Rules (Anchor) [152], to see if they induce unwarranted trust.

We also investigate a ‘Confidence’ explanation consisting of the model’s confidence

statistic to determine if the problem applies more generally to any information that

could increase positive perceptions of the AI’s performance. We ask participants

to estimate a person’s salary [84] or predict whether someone will be severely

delinquent in making a credit payment [37] with the help of an AI. We find that

SHAP explanations increase unwarranted trust in AI outputs, but so do Confidence

explanations. We find no such effect for Anchor. This suggests the problem of

unwarranted trust is not unique to a specific kind of XAI and is rather a symptom

of generic post-hoc justifications.

Having identified a core problem with some kinds of in-process XAI, we use

participatory design workshops to consider whether they might have redeeming

features if deployed at the ex-post stage. We focus on SHAP, as the critiques from

Lipton [100] and Miller [111] are most germane to it. We contend that, in an ex-post

context, inducing unwarranted trust is less problematic, as primary decisions have

already been made. We ask participants to refine a scholarship selection algorithm
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with the help of SHAP-based explanations. Through these workshops, we find

that while SHAP may induce unwarranted trust in specific model outputs, it can

still be useful to drive process change in organisations.

Our primary contributions are:

1. Quantitative findings indicating that the problem of explanation-induced

unwarranted trust extends to generic post-hoc justifications, but that such

criticism only applies when explanations are used in process.

2. Qualitative findings that post-hoc explanations, when properly presented, can

be useful ex-post DSTs.

4.3 Experimental Study (In Process)

4.3.1 Research Questions

Our online study seeks to answer RQ1:

(RQ1) Does post-hoc XAI used as an in-process DST induce unwarranted trust in

users?

To do this, we compare three alternate conditions: Lundberg and Lee [103]’s

SHAP explanations, Ribeiro et al. [152]’s Anchor-based explanations, and a Con-

fidence condition consisting of the model’s intrinsic confidence measurement. We

measure trust in the AI system in two ways: attitudinal trust, measured by self-

report, and behavioural trust, measured by the participant’s decision to follow the

AI system’s recommendation. We also measure the change in trust before and

after the explanation and compare this change across the three conditions. These

measurements are done across two tasks. Each participant sees six cases, with

the explanatory and task conditions held constant.
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4.3.2 Methodology
4.3.2.1 Participants

Participants were recruited via Prolific Academic’s standard sampling method

restricted to the United States.4 They were paid at a rate of $15 per hour.

Participants were first shown an information sheet detailing the study’s methodology

and what was being asked of them. They were then asked to give informed

consent. After consenting to participate in the study, participants were routed to

Formr, our chosen survey design and hosting platform, to complete the online

study.5 All data collected was anonymous and was stored on secure servers.

Ethics review was performed by the University of Oxford’s Central University

Research Ethics Committee.

4.3.2.2 Tasks

We chose tasks that are familiar to laypeople and have a well-defined but difficult-

to-ascertain ground truth from a gamut of well-known algorithmic decision-making

tasks as two particularly related to Selection [94, 138, 144]: estimating a hypothetical

person’s salary based on census information, and predicting whether someone will

be severely delinquent in making a credit payment. These tasks mirror key aspects

of scholarship selection:

1. The salary estimation task parallels the evaluation of an applicant’s socioe-

conomic status and need, a common consideration in scholarship selection

[179]. Just as selectors must assess financial need, this task requires evaluating

complex socioeconomic factors to make a determination.

2. The credit delinquency task reflects the challenge of predicting an applicant’s

likelihood of ‘success’ (according to program-defined criteria) [159]. Selectors

4www.prolific.co
5www.formr.org

www.prolific.co
www.formr.org
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must often assess future potential or the likelihood that a candidate will give

back to the community.6

We use two datasets: the Adult dataset from the 1994 US Census for the former

task and the Give Me Some Credit dataset for the latter [37, 84]. These datasets

contain a mix of germane and demographic attributes, including sensitive ones. In

both tasks, the participant aims to accurately make a determination with the help

of the AI system and one of several possible explanations of its output.

These tasks engage participants in making decisions based on potentially biasing

information, as there are no direct causal links establishing these attributes as

definitive predictors, but some exhibit germane correlations with outcomes, while

others do not. This complexity mirrors real selection processes, where selectors must

distinguish germane information from noise (often including sensitive or demographic

attributes). These tasks therefore serve as a realistic sandbox to gauge the baseline

decision-making of human raters and the impact of XAI on that process.

Our aim is not to endorse the fairness of these predictive tasks or the models

themselves, but to investigate how XAI methods influence user trust and decision-

making in such ethically complex environments. The handling of these ethical issues

was a key consideration in the study design. The study protocol, including the

use of these tasks and datasets, was reviewed and approved by the University of

Oxford’s Central University Research Ethics Committee.

In our analyses, we index these tasks as Salary and Credit. Each participant

only receives one task to complete across all six cases.

4.3.2.3 Models

In both tasks, we construct a predictor model using random forests and augment this

predictor with three different explanatory conditions. Our random forest classifier

achieves 86% test accuracy on the Adult dataset and 93% test accuracy on the

Give Me Some Credit dataset. We use a SHAP explainer to produce one of our
6Educational institutions often receive funding from former students and thus have a financial

interest in ensuring that recipients are likely to give back [164]. While this is ordinarily not an
explicit factor in scholarship selection, it may nevertheless play a role.
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(a) SHAP explanations for Salary (b) SHAP explanations for Credit

(c) Anchor explanations for Salary (d) Anchor explanations for credit

(e) Confidence explanations for Salary (f) Confidence explanations for Credit

Figure 4.1: This figure shows sample explanations for all cases. Larger images and more
detailed descriptions of explanations can be seen in Appendix D.1.

explanatory conditions, and an Anchor explainer to produce another; our final

explanatory condition is an intrinsic explanation produced by the random forest

model. Figure 4.1 shows sample explanations produced by these methods. These

ultimately form three explanatory conditions: SHAP, Anchor, and Confidence. Note

that each participant only receives one model of explanation throughout all 6 cases.

4.3.2.4 Design

Both tasks rely on the same 3-between-by-2-within design using repeated measures

to capture the same data before and after the presentation of each explanation. The

between-subjects factor determines which model is used to generate the explanation

a given participant will receive. The within-subjects factor is the repeated-measures
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‘explanation presence’ factor. This is either ‘before explanation’ or ‘after explanation’,

indexed before or after. A flowchart of the study design can be found in Figure 4.2.

Figure 4.2: Participants in the online study are sorted into six buckets, where each
bucket is segregated by explanatory condition and task and shown a brief description of
the task (i.e., each participant sees only one of the explanations in Figure 4.1). Then, each
participant is shown 6 cases. In each case, participants are shown an applicant profile
and an AI output. Participants are asked to agree or disagree with the AI output. Then,
participants are given explanations based on their explanatory condition scores. They are
then asked again to agree or disagree with the AI output.

4.3.2.5 Questions and Variables

Each participant was shown a brief explanation of the task in question and was then

asked to complete six cases, with participants given a random mix of correct and

incorrect AI outputs. In each case, participants are first shown a table identifying

the subject of the case and the AI’s binary determination. They are then asked

to make their own determination for the case and rate their confidence in that

choice. They also rate their trust in the AI’s output. These ratings are on sliding

scales (discretised to 20 points).

We code the participant’s determination as a binary variable, yhuman:
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yhuman :=

This person makes more than $100,000 per year (Salary)
This person will experience severe credit delinquency (Credit)

(4.1)

The two sliding scale responses are coded as selfconfidence and trustattitudinal and

have values between 1 and 20. These are defined as:

confidence :=

How confident are you in your estimation? (Salary)
How confident are you in your prediction? (Credit)

(4.2)

trustattitudinal :=

How much do you trust the AI’s estimation? (Salary)
How much do you trust the AI’s prediction? (Credit)

(4.3)

As we ask all questions in both the before and after conditions, we collect

six responses from each participant in each case: ybefore
human, selfconfidencebefore,

trustbefore
attitudinal, yafter

human, selfconfidencebefore, and trustafter
attitudinal. We additionally

have the binary variables yT rue and yAI that are the true value and the AI output

of the dependent variable.

In addition to these, we define agreementx as:

agreementx :=

1 if yx
human = yAI

0 otherwise
(4.4)

and correctx as:

correctx := yx = yT rue (4.5)

We define trustbefore
behavioural and trustafter

behavioural to be the extent to which the

participant’s confidence agrees with the AI output:

trustx
behavioural :=

confidencex if agreementx

1 − confidencex otherwise
(4.6)

Finally, to reason about the change in a variable due to the explanation, we

define ‘∆’ constructs for all variables with a before and an after as:
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∆variable := variableafter − variablebefore (4.7)

so, e.g.:

∆trustattitudinal := trustafter
attitudinal − trustbefore

attitudinal (4.8)

4.3.2.6 Data Analysis

We preregistered many of our analyses. Though we also include some post-hoc

analysis below, we wish to delineate between the two types of analyses. The

former are listed in full here.

We first wish to test for the presence of unwarranted trust. To do this, we

measure the difference between ratings in each condition in the cases where the

AI output is incorrect, i.e. where ¬correctAI . To do this, we run three one-

sided t-tests [30] to determine:

∆trust ≥ 0|¬correctAI (4.9)

for both ∆trustbehavioural and ∆trustattitudinal. Note that this is identical to repeated-

measures t-tests on the trustbehavioural and trustattitudinal variables where ¬correctAI .

Following this, as this is also a between-subjects experiment, we wish to compare

the varying effects of different explanation methods in this case. Thus, we run

two between-subjects ANOVAs [30] on ∆trustbehavioural and ∆trustattitudinal across

the explanatory conditions again filtered on ¬correctAI . When these ANOVAs

have significant results (p < 0.05), we run Tukey’s Honestly Significant Difference

(HSD) test [30].

Finally, in our Salary Estimation survey, we observed a strong positive corre-

lation between our two trust variables, though we did not preregister it for that

study. Indeed, correlation analysis is a well-documented method for confirming

that two measurements indeed measure the same concept [118, 181]. Thus, we

additionally included the calculation of Pearson’s correlation between trustbehavioural
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and trustattitudinal and between ∆trustattitudinal and ∆trustbehavioural in our prereg-

istration for the Credit Delinquency Prediction survey.

Power Analysis We run power analyses using Caldwell et al. [30]’s Superpower.

Specifically, we desire sufficiently powerful results in our primary analysis. We select

a moderate effect size of interest (Cohen’s f) of 0.15 (yielding group means −0.15

and 0.15 with unit variance), and target a power of at least 0.90. We note that

using a one-way t-test at p = 0.05 and assuming a sample size of 200, we get power

far above 0.90. We also test for the ANOVA assuming unit variance and group

means of −0.15, 0.15, and 0.15, respectively. Under these conditions, we achieve a

power of 0.90 with 200 samples per condition. We ask each participant a total of

6 questions, and the AI output is incorrect in slightly less than half of them. To

achieve 200 samples per condition, therefore, we aim to recruit a total of roughly

66 participants per condition, or roughly 200 participants in total.

Preregistration We have preregistered analyses for both of our tasks in the

OSF registries [122].

4.3.3 Results

In both tasks, though we originally set 200 as our target participants, some

participants did not complete our task following Prolific Academic’s guidelines. Data

from these participants were marked incomplete and removed from consideration.

After this removal, we had a total of 192 participants complete the Salary

Estimation study. These were split randomly into our three explanatory groups. By

gender, 115 were Male, 76 were Female, and 1 did not provide gender information.

By ethnicity, 137 were white, 10 did not provide ethnicity, and the remaining

45 were split among non-white ethnicities. Our participants were an average of

36.7 years old, with the youngest being 18 and the oldest 74. Each applicant

completed an introductory page and six cases. The average completion time for

these tasks was 7 minutes 43 seconds, the minimum was 2 minutes 25, and the

maximum was 36 minutes 46.
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We had a total of 197 participants complete the Credit Delinquency Prediction

study. These were similarly split into groups. By gender, 106 were Male, 90 were

Female, and 1 did not provide gender information. By ethnicity, 143 were white,

11 did not provide ethnicity, and the remaining 43 were split among non-white

ethnicities. Our participants were an average of 38.4 years old, with the youngest

being 20 and the oldest 77. Each applicant completed an introductory page and six

cases. The average completion time for these tasks was 7 minutes 53 seconds, the

minimum was 2 minutes 17, and the maximum was 30 minutes 13.

SHAP and Confidence Increase Unwarranted Trust We first run the one-

sided t-tests on the two trust variables (attitudinal and behavioural). I.e., we test:

∆trustx > 0|¬correctAI for x ∈ {behavioural, attitudinal} (4.10)

for both Salary and Credit across SHAP, Anchor, and Confidence. A positive F

statistic here indicates trustafter > trustbefore and a negative F statistic indicates

trustafter < trustbefore, but, as these are one-sided tests, p-values will only be

meaningful when F > 0. This test was preregistered in both of our tasks [122].

Table 4.1 contains the results of these analyses.

Table 4.1: These one-sided t-tests test for ∆trust > 0|¬correctAI for all explanatory
conditions and both tasks. We find that SHAP and Confidence increase unwarranted
trust in the AI system.

Task Explanation Variable Test Statistic p Value
Salary Anchor ∆trustbehavioural 0.509 0.306

∆trustattitudinal 0.165 0.434
SHAP ∆trustbehavioural 3.811 < 0.001

∆trustattitudinal −0.886 0.812
Confidence ∆trustbehavioural 2.196 0.015

∆trustattitudinal 0.945 0.173
Credit Anchor ∆trustbehavioural 1.396 0.082

∆trustattitudinal −2.364 0.990
SHAP ∆trustbehavioural 1.516 0.066

∆trustattitudinal 2.475 0.007
Confidence ∆trustbehavioural 1.835 0.034

∆trustattitudinal 0.940 0.174
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This indicates that SHAP and Confidence appear to lead users to trust the AI

system more when that system is wrong. We find this result more strongly for

behavioural trust than attitudinal trust in all but one test.

Notably, Anchor does not follow this pattern and instead shows no significant in-

crease in either attitudinal or behavioural trust on these one-sided t-tests. (However,

as we explore in Section 4.3.3, they may show a significant decrease.)

Different Explanation Styles Have Different Effects on Unwarranted

Trust We have shown already that SHAP and Confidence induce unwarranted

trust relative to no explanation; we now show that there is a significant difference in

the effect of some explanatory conditions relative to others. To do this, we examine

the ∆trustbehavioural and ∆trustattitudinal variables across explanatory conditions

with an ANOVA test. For this test, we filter on ¬correctAI :

∆ any(trustx1,x2 ̸= trustx1,x3)|¬correctAI

for x1 ∈ {behavioural, attitudinal}

and x2, x3 ∈ {SHAP, Anchor, Confidence}

(4.11)

This test was preregistered in both of our tasks [122]. Table 4.2 contains the

results of these analyses.

Table 4.2: These ANOVAs compare ∆trust between SHAP, Confidence, and Anchor to
indicate where significant differences exist. We find two statistically significant differences,
indicating that we should focus post-hoc analyses on these two.

Task Variable Test Statistic p Value
Salary ∆trustbehavioural 3.671 0.026

∆trustattitudinal 0.925 0.397
Credit ∆trustbehavioural 0.066 0.936

∆trustattitudinal 6.213 0.002

Note from Table 4.2 that in the Salary Estimation task, we find no significant re-

sults for our ANOVA trustattitudinal, but do find significant results for trustbehavioural.

However, in the Credit Delinquency Prediction task, we find significant results
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for our ANOVA trustattitudinal, but none for trustbehavioural. We examine these

two findings separately.

SHAP Increases Behavioural Trust More than Anchor in the Salary

Estimation Task We now show that:

∆trustbehavioural,SHAP,salary > ∆trustbehavioural,Anchor,salary|¬correctAI (4.12)

Note that, while the result of the ANOVA test in ctab:delta-trust-anova supports

that there are indeed statistically significant differences in the three group means of

the ∆trustbehavioural variable, it does not specify which means are greater and which

are less. For an indication of which means are greater, following our preregistered

protocol for significant ANOVA results, we turn to Tukey’s Honestly Significant

Difference (HSD) test as a post-hoc test in Table 4.3. As we found significant

results in the ANOVA test of ∆trustbehavioural filtered on ¬correctAI , we restrict

our post-hoc analysis to this variable.

Table 4.3: Tukey’s HSD test compares ∆trustbehavioural,x in Salary with ¬correctAI .
We find that SHAP increases behavioural trust in incorrect AI outputs more than Anchor.

Explanation A Explanation B Variable Test Statistic p Value
SHAP Anchor ∆trustbehavioural 2.310 0.022
Confidence Anchor ∆trustbehavioural 0.855 0.599
SHAP Confidence ∆trustbehavioural 1.455 0.198

As can be seen in Table 4.3, we observe a significant difference in the mean of

∆trustbehavioural between the SHAP and Anchor conditions with ¬correctAI , but we

do not observe a significant difference between the other conditions. This indicates

that, beyond increasing behavioural trust in incorrect AI outputs, SHAP increases

behavioural trust in incorrect AI outputs more than Anchor.
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Anchor Decreases Unwarranted Attitudinal Trust Relative to SHAP

and Confidence in the Credit Delinquency Prediction Task Note that

we found a large negative F for ∆trustattitudinal in the Anchor case in the Credit

Delinquency Prediction portion of Table 4.1 – an effect that is not significant due

to the one-sidedness of our tests. However, as we found only positive F values for

∆trustattitudinal in the SHAP and Confidence cases, we might expect that Anchor

has a negative effect on ∆trustattitudinal relative to SHAP and Confidence. Indeed,

the result of the ANOVA test in Table 4.2 supports that there are indeed statistically

significant differences in the three group means of the ∆trustattitudinal variable in

this task, though it again does not specify which groups are different, or how.

For an indication of which means are greater, following our preregistered protocol

for significant ANOVA results, we turn again to Tukey’s HSD test as a post-hoc test

in Table 4.4. As we found significant results in the ANOVA test of ∆trustattitudinal

filtered on ¬correctAI , we restrict our post-hoc analysis to this variable. We test:

∆trustbehavioural,x1,credit > ∆trustbehavioural,x2,credit|¬correctAI

for x1, x2 ∈ {SHAP, Anchor, Confidence}
(4.13)

∆ any(trustx1,x2 ̸= trustx1,x3)|¬correctAI

for x1 ∈ {behavioural, attitudinal}

and x2, x3 ∈ {SHAP, Anchor, Confidence}

(4.14)

Table 4.4: Tukey’s HSD test compares ∆trustattitudinal across explanations in Credit
with ¬correctAI . We find that Anchor decreases unwarranted trust relative to SHAP and
Confidence.

Explanation A Explanation B Variable Test Statistic p Value
SHAP Anchor ∆trustattitudinal 1.213 < 0.001
Confidence Anchor ∆trustattitudinal 1.030 < 0.001
SHAP Confidence ∆trustattitudinal 0.183 0.708

As can be seen in Table 4.4, we observe a significant difference in the mean

of ∆trustbehavioural between the Anchor condition and both other conditions, but
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we do not observe a significant difference between SHAP and Confidence. This

indicates that, relative to both other conditions, Anchor actually reduces attitudinal

trust in the AI output.

Note that this does not prove that Anchor reduces attitudinal trust relative

to no explanation. For this analysis, we will need another t-test. As we did not

preregister this test, an analysis of this phenomenon is included in the exploratory

proportion of our results below.

Behavioural and Attitudinal Trust are Highly Correlated It should be

noted that some patterns observed for trustbehavioural do not hold for trustattitudinal

and vice-versa. However, while they are mathematically distinct constructs, they are

both intended to measure the same underlying phenomenon. We apply Pearson’s

correlation analysis across all explanatory conditions in both the before- and after-

cases. We also perform this analysis on ∆trustattitudinal and ∆trustbehavioural.

For this analysis, we do not filter out positive cases. Rather, we consider all

cases together. Results can be seen in Table 4.5.7

Table 4.5: Pearson’s test shows a high correlation between trustattitudinal and
trustbehavioural in both tasks. This correlation extends to the relationship between
∆trustattitudinal and ∆trustbehavioural.

Task Variable A Variable B Test Statistic p Value
Salary trustattitudinal trustbehavioural 0.630 < 0.001

∆trustattitudinal ∆trustbehavioural 0.265 < 0.001

Credit trustattitudinal trustbehavioural 0.612 < 0.001
∆trustattitudinal ∆trustbehavioural 0.179 < 0.001

Note that, though the attitudinal and behavioural trust variables display different

behaviours in other analyses, Table 4.5 indicates that they are indeed highly

correlated across both of our tasks. Furthermore, though the correlation between

the ∆trust is more modest, it is still statistically significant. These together leave

little doubt that trustattitudinal and trustbehavioural measure related, and perhaps
7This analysis was only partially preregistered; we did not register this analysis in the Salary

Estimation task, but we did in the Credit Delinquency Prediction task [122].
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even identical, concepts. In other words, when a participant says they trust the

AI output, they generally act accordingly.

Anchor Decreases Attitudinal Trust in AI Outputs Having found no

significant result indicating the presence of the hypothesised effect of Anchor

explanations on unwarranted trust, we explore what effect Anchor explanations have

on end users’ trust in incorrect AI outputs. For this analysis, we filter on ¬correctAI .8

We noted already that SHAP and Confidence appear to increase trust in cases

where the AI output is incorrect. However, we noticed no such result for Anchor.

However, we did observe an apparent negative effect on ∆trustattitudinal in the t-tests

for the Credit Delinquency Prediction task, though, as the tests were one-sided, we

could not confirm the significance. Thus, we repeat this test as a two-sided test, as

shown in Table 4.6. We also repeat other t-tests on Anchor as two-sided, though,

as they all have positive F-values, note that none can yield significant results.

Table 4.6: Two-sided t-tests compare ∆trustx,Anchor ̸= 0forx ∈
{attitudinal, behavioural} in both tasks. We find that Anchor explanations decrease
attitudinal trust in incorrect AI outputs in Credit, but all other results are inconclusive.

Task Explanation Variable Test Statistic p Value
Salary Anchor trustbehavioural 0.509 0.611

trustattitudinal 0.165 0.869
Credit Anchor trustbehavioural 1.396 0.164

trustattitudinal −2.364 0.019

Note here that, on the two-sided t-test, we do find that the provision of Anchor

explanations decreases participant attitudinal trust in incorrect AI output, at least

in the Credit Delinquency Prediction task. However, we do not see a similar

effect on behavioural trust.

Anchor and SHAP Increase Participant Self-Confidence in their Deter-

minations Noting that behavioural trust is an index variable constructed from

selfconfidence, we ask: does providing an Anchor explanation increase participant
8This analysis was not preregistered.
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confidence in their own decisions when the AI output is incorrect? Similarly, we

ask this question for both the SHAP and Confidence conditions, following exactly

the format of the preregistered one-sided t-tests in Table 4.1, but applied to the

variable ∆selfconfidence. Again, we filter on ¬correctAI .:

∆selfconfidence > 0|¬correctAI (4.15)

Analysis can be seen in Table 4.7.9 Note for clarity that selfconfidence is the

variable indicating participant confidence in their own decisions, and Confidence

is the condition in which the explanation consists of the AI’s own confidence

in its suggestion.

Table 4.7: One-sided t-tests determine whether ∆selfconfidence > 0 where ¬correctAI

for all explanatory conditions and both tasks. We find that Anchor and SHAP increase
participant self-confidence in their determinations, while Confidence yields inconclusive
results.

Task Explanation Variable Test Statistic p
Salary Anchor selfconfidence 2.171 0.016

SHAP selfconfidence 1.694 0.046
Confidence selfconfidence 1.047 0.296

Credit Anchor selfconfidence 1.742 0.042
SHAP selfconfidence 3.473 < 0.001
Confidence selfconfidence 0.752 0.226

We note that, while Confidence shows no significant effects on either task,

participants shown an Anchor or SHAP explanation grow significantly more confident

in their prediction, indicating that providing an Anchor or SHAP explanation serves

to increase a participant’s confidence in their own estimate.

Explanations Impact Trust Differently When the AI Output is Correct

Note that ideally calibrated trust would involve both distrusting the AI output

when it is wrong and trusting it when it is right. To assess the latter, we now

turn to an evaluation of what happens in the cases where the AI is correct, i.e.
9This analysis was not preregistered.
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correctAI . Namely, we conduct two-sided t-tests on both trust variables in all three

cases. Table 4.8 contains the results of these analyses.10

Table 4.8: These two-sided t-tests compare ∆trust when correctAI . We find that
Confidence and SHAP increase trust in the AI system when it is correct, while Anchor
decreases attitudinal trust in the AI system, but increases behavioural trust.

Task Explanation Variable Test Statistic p Value
Salary Anchor trustbehavioural 0.502 0.616

trustattitudinal −2.337 0.020
SHAP trustbehavioural 0.295 0.768

trustattitudinal −1.385 0.168
Confidence trustbehavioural 2.410 0.017

trustattitudinal 3.254 0.001

Credit Anchor trustbehavioural 3.013 0.003
trustattitudinal −2.487 0.014

SHAP trustbehavioural 0.207 0.836
trustattitudinal 3.538 0.001

Confidence trustbehavioural 2.863 0.005
trustattitudinal 2.461 0.015

Confidence Explanations Increase Warranted Trust When the AI Output

is Correct Note that, for both trust variables and both tasks, the Confidence

condition boasts a significant positive ∆trust. In other words, when the AI output

is correct, providing confidence in its own prediction increases both behavioural

and attitudinal trust towards the AI.

Anchor Explanations Decrease Warranted Attitudinal Trust but Increase

Warranted Behavioural Trust When the AI Output is Correct In the

Anchor case, it is clear that providing Anchor explanations yields a large decrease

in trustattitudinal. This, along with the finding that Anchor explanations decrease

trustattitudinal when ¬correctAI , would indicate that Anchor explanations have

an overall negative impact on trustattitudinal, regardless of case. Despite this,

providing Anchor explanations yields an increase in trustbehavioural (though this is

only significant in the Credit case). This suggests that, though participants report
10These analyses were not preregistered.
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lower trust in AI outputs when shown an Anchor explanation, they behave as

though their trust in the outputs is appropriately calibrated.11

SHAP Explanations Increase Warranted Attitudinal Trust in the Credit

Delinquency Prediction Task When the AI Output is Correct In the

SHAP case, we find a large significant positive F for trustattitudinal when correctAI

in the credit delinquency prediction task. However, not only is the effect not

mirrored in either test of trustbehavioural, but the same test on the salary estimation

task has a negative F statistic.

4.3.4 Study Findings

Our results indicate that both SHAP and Confidence induce unwarranted trust in the

explainee. I.e., on the Salary and Credit tasks, neither SHAP nor Confidence serves

to correctly calibrate trust in AI outputs. Rather, they blindly increase trust in these

outputs, encouraging users to incorrectly agree with the AI outputs. While this

confirms the cautionary critique of Lipton [100] as applied to SHAP in our domain,

our results relating to Confidence suggest this critique is too narrow. Namely, issues

of unwarranted trust do not seem confined to what is commonly considered post-hoc

XAI but are rather a function of providing any post-hoc justification of the model’s

output. This suggests that even un-optimised notions of interpretability induce

unwarranted trust when provided as justifications of model outputs.

We note that our study into these two explanations yields little insight into why

participants trust the AI outputs. Indeed, it is unclear from our findings whether

this trust arises because the explanations lend an air of authority or complexity,

whether they might induce confirmation bias by highlighting features that seem to

support the AI’s conclusion (a particular concern for feature-attribution methods

like SHAP), or whether participants simply lack a strong impetus to question

the AI when an explanation is provided. Our study into the Anchor condition

may help to shed light on this question, as we find no similar effect for Anchor.
11Though trustattitudinal and trustbehavioural are closely correlated overall, this represents one

instance in which they appear to reveal differences in participant behaviour.
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Instead, we find a significant decrease in participants’ stated confidence in AI and a

simultaneous increase in participant self-confidence in their own decisions. Miller

[110] identifies several features that social sciences would suggest make a good

explanation. Among them, Anchor explanations are contrastive, counterfactual,

and selective, while the SHAP and Confidence conditions lack these properties. It

may be that Anchor explanations serve to highlight strange model behaviour that

correctly undermines explainee confidence in model outputs.

In short, the problem seems not to be the use of explanations as justification

tools, but rather the use of “bad” explanations as justification tools. This raises

another question: if SHAP and Confidence are “bad” explanations as in-process

justification tools, are they “good” explanations for something else?

4.4 Participatory Design (Ex Post)

4.4.1 Motivation

In Section 4.3’s investigation of post-hoc explainable AI, we found that SHAP-based

explanations can lead to unwarranted trust when used to justify decisions. It is clear,

at least, that we should not use SHAP-based explanations as a DST in this context.

However, we do not suggest that SHAP should be discarded entirely. In fact, though

Salary and Credit both prove unsuitable tasks for applications of SHAP-based

explanations as DSTs, we suggest that we might still make use of the explanations.

In particular, in use cases where explainee trust in the underlying model is not at

issue, SHAP’s induction of unwarranted trust need not undermine its utility.

It is clear that when making a ‘primary’ decision (i.e., the same decision the model

output seeks to make), human reviewers working from AI outputs are preeminently

concerned with whether to agree with or overrule the model’s output. However, after

making this decision, they are no longer necessarily concerned with whether to agree

or disagree with the model’s output. Consider the task of refining a scholarship

selection algorithm, the Refinement task from Chapter 2. Scholarship and talent

investment programmes ordinarily select cohorts in a series of application cycles [98].

Between application cycles, they seek to examine their previous selection decisions,
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and possibly modify their processes to improve these decisions in the future [98]; if

AI algorithms are used to support these decisions, the review will naturally include

refinements to the AI algorithms. In this case, though, we are no longer concerned

with whether the AI was correct; rather, we are concerned with whether the way

the AI informs decision-making is conducive to ideal selection pipelines.

We conducted a human-centric study using SHAP explanations as an ex-post

explanation tool to help selectors from Programme A (see Appendix A) with

the Refinement task. Through this participatory design study, we assess SHAP’s

usefulness based on the insights these explanations provide.

This study aims to answer RQ2:

(RQ2) If post-hoc XAI methods induce unwarranted trust in process, could they still

be useful ex post?12

In doing so, we restrict our attention specifically to SHAP, as we have already

demonstrated its induction of unwarranted trust.

4.4.2 Methodology
4.4.2.1 Programme A’s Selection Process

We use the Programme A selection process as a case study for our participatory

design study. Programme A is a scholarship and talent investment programme

that selects cohorts of approximately N winners and 5N finalists from their pool

of applicants. We focus primarily on this final selection of winners from finalists.

At this stage, the programme has already undergone a stage of selection in which

applicants submit video essays describing a project they completed and complete

a cognitive assessment. These video essays are then assessed twice: once by a

randomly selected group of the applicant’s peers (other applicant), and another

time by a group of external experts. These assessments are used once more in

the final selection of winners.
12Recall the distinction between ex post and post hoc. We use the term ‘post hoc’ to refer

to explanation algorithms that are applied after a model; ‘ex post’, in contrast, refers to the
explanation tools applied in decision support scenarios where the primary decisions have already
been made.
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Additionally, all finalists are asked to participate in a day-long series of remote

workshops where they are asked to complete a variety of tasks in front of a panel of

external experts (this panel contains a subset of the external experts who assessed the

applicants’ video essays). The scores from these workshops are used alongside older

metrics to produce algorithmically-generated scores and demographic information

is used to test the bias of these scores. All scores, as well as a variety of qualitative

factors, are then used to select the final cohort of winners.13

4.4.2.2 Our Study

We test SHAP’s usefulness in a human-centred context. To do so, we ran a

study with scholarship and talent investment selectors (N=8) from Programme A.

Though Programme A already used algorithmic scoring to support their decision-

making, no selectors possessed experience with post-hoc XAI before the study.

The study consisted of two participatory design workshops with said selectors –

we term these ‘G1’ and ‘G2’.14

Before this study, we obtained informed consent from all participants. As

we ran group workshops (and as we do not attribute comments to individual

participants), participants were informed that they would not be able to recuse

themselves after the study. Participants also gave consent to be recorded, and to

have these recordings stored on a secure server. All recording, transcribing, and

data analysis was conducted on secure servers. Ethics review was performed by the

University of Oxford’s Central University Research Ethics Committee.

Both workshops followed an identical protocol. The flow of these workshops

is shown in Figure 4.3, and more detail on the protocol followed can be found

in Appendix B.1.

In each workshop, participants discussed several cases, each examining a (possibly

successful) applicant from a past application cycle who was flagged by programme
13The programme has requested we not disclose the details of their selection process, but many

particulars of the program are excluded by design.
14As Programme A only employs a small number of easily identifiable selection selectors, to

preserve the anonymity of the participants, we do not number or identify participants. Rather, we
attribute quotes based on the workshop group.



47 47

Figure 4.3: Each workshop consisted of a series of cases relating to a past application
decision that was flagged by programme reviewers. In each case, participants were shown
slides like in Figure 4.4 and were asked to analyse the algorithm itself and whether the
case warrants changes to the algorithm in future years.

reviewers for having perplexing algorithm scores relative to other known information.

In each case, participants are asked to use visual, SHAP-based explanations to

first understand why programme reviewers found these cases worth noting, then to

explore why programme reviewers gave the feedback they did and what caused the

algorithm’s perplexing outputs, and finally to opine on whether the case suggests

that changes should be made to the algorithm (or to the selection process as

a whole) for future years. The cases themselves have been redacted, as they

contain sensitive information about programme applicants, but a sample case

can be seen in Figure 4.4.

In analysing our data, we follow Braun and Clarke [23]’s methodology for

reflexive thematic analysis.

4.4.3 Results

Our case study yielded two key themes. Firstly, SHAP Explanations yield useful

ex-post insights about feature importance. Second, even though SHAP yields useful

information, the accessibility of such information depends on careful presentation.

We now cover these in depth.

Ex-Post Insights on Important Features In both groups, several useful

insights emerged due to the SHAP visualisations. For example, the relationships

between scores and contextual factors (e.g., markers of applicants’ socioeconomic

status) revealed that context plays little to no role in scoring; despite this, an
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Figure 4.4: Each case explores one applicant from past years chosen by past programme
reviewers after being flagged as having perplexing algorithm scores. Each case contains
the applicant’s profile (overall algorithm scores alongside demographic information; the
profile is redacted to preserve applicant anonymity), the programme reviewers’ comments,
and the SHAP-based explanation (the score names are replaced with generic labels to
preserve programme anonymity).

applicant’s context has a strong impact on how selectors read scores.15 E.g., an

applicant with high test scores from a poor region of Kenya is more impressive

than one with high test scores from a rich part of the United Kingdom. When

discussing one applicant who was selected, but had particularly low algorithmic

scores, one participant said: “This is one of the candidates that... [was from a]

different country and [had] very low income” (G1).

It was also remarked upon that scores calculated based on the assessment of

external experts often disagreed with scores calculated based on the assessment

of programme applicants. It was discovered here that, contrary to programme

expectations, the programme’s expert reviews appeared less prone to biases than

the peer ones. For one applicant: “There was a question about why his peer and

expert review were so different...I think confirms that it’s not actually that they

were seeing dramatically different things...his peers were dinging him for not seeming

like he needed the award” (G1). For another: “I think this applicant has been

15Meanwhile, we find in Chapter 6 that selectors consider contextualising applications a key
motivation behind considerations of diversity.
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significantly brought down by peer reviews; [their] scores are substantially lower

than those that were, perhaps, given to [another applicant]” (G1).

Similarly, it was observed that, unlike project reviews, group activities, and

test results, the best candidates do not appear to have particularly good interview

scores: “I’m seeing also quite a few top-ranked candidates whose interview score

was really low” (G1). In some cases, this appeared to create a discrepancy between

algorithmically generated overall scores and the participants’ perceptions of the

best candidates: “[The applicant’s] staff reviews imply that [they] should be top

30, and even if you factor in low interview scores...[they] are still pretty low on

the algorithm score” (G2).

Presentation is Key Besides insights about the selection process, the workshops

yielded direct feedback on how the presentation of SHAP explanations should be

improved. One major point was that contextual factors describing an applicant were

missing. One participant said, of the explanation: “It doesn’t give me the context”

(G1). Another from the same group said: “But I think without the context, it’s

really hard to decipher what’s going on here” (G1). This could be interpreted as

participants asking for supporting information. However, when the researchers read

out the information in the explanation’s caption, this cleared up the participant’s

confusion: “Yeah, that makes sense” (G1). This suggests that, rather than needing

more information, participants needed the information presented differently.

Several times, participants were unclear on the meaning of different aspects of

explanations: “Should I be alarmed and I see it going blue in the context of this?

It’s really hard for me to if you threw this at me...to compare” (G1). Participants

asked for the more complicated information as a “Pre-reading” (G2), and asked for

simpler information, i.e., “Maybe just colour coding things that are positive in one

colour and then things that are negative in the other colours” (G2).

One request that several participants echoed was that axes be kept constant,

even between different types of scores: “It’s also different scaling. So, that massive

bar...does not mean the same thing as the massive bar meant last time” (G2).
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Another solution suggested to a similar problem was the provision of benchmark

information: “Like, give me the benchmark for that” (G1).

4.4.4 Participatory Design Study Findings

Such cases underscore the enduring challenge of embedding fairness into selection

processes. While the question of whether to factor in markers of disadvantage or

to concentrate solely on ‘task-relevant’ factors is a well-established debate in both

selection committees and fairness literature [46], the primary difficulty often resides

not in the question itself, but in the cautious and consistent application of any chosen

approach. This is especially true when attempting to translate nuanced human

considerations of fairness into algorithmic systems. Consequently, if algorithms

do not adequately reflect these preferences for handling disadvantage, decision-

makers will likely continue to observe discrepancies between algorithmically-driven

selections and their own human-made judgments.

Exposure to SHAP explanations appears to have yielded useful insights when

used as part of an ex-post decision-making process. In particular, participants

appeared to find SHAP explanations useful for indicating when information may

have been over- or under-used in selectors’ holistic review and in the algorithm

itself. In this context, where decisions about individuals have already been made,

and the organisation is looking into how to go about selecting its next cohort, the

possibility of unwarranted trust in a particular output is not a concern. Rather,

these explanations can be regarded as probes or provocations, helping decision-

makers hone in on particular cases that highlight potential areas for improvement in

decision-making, whether through changes in the model itself, or changes in human

evaluation processes (e.g., placing greater or lesser weight on certain features). Thus,

we can conclude that SHAP explanations may be useful ex post when trust in the

primary output is not at issue. Interestingly, the wolf-husky example from Ribeiro

et al. [150]’s original LIME proposal could be interpreted as being used similarly;

using an explanation of an existing classification to guide changes in the model in

future (e.g. by adding an edge detection step before classification, to ignore snow in
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the background). In both cases, the explanation may reveal unwarranted reliance

on (or lack of reliance on) a particular part of the feature space.

However, we also find that the SHAP-based waterfall explanations we provide,

alone, lack the detail and presentation required. Practitioners desired additional

context in the form of benchmarks, demographics, and selector-written comments;

additional modes of interaction (e.g., the ability to change the importance of

interview scores in the final algorithm score) with our explanatory materials; and

points of comparison to clarify their investigation. This allays Miller [111]’s concern

that post-hoc XAI methods might discourage explainees from engaging deeply with

the facts of the task. Rather, in this case, the explanations served as a platform for

explainees to seek additional information to inform their decisions.

4.5 Discussion

4.5.1 Implications

By delineating DSTs by the stage of the decision they inform, we can answer

the question: Should we use post-hoc XAI methods?” separately for in-process

and ex-post decisions. While we find them misleading, and thus dangerous, for

in-process decisions, Section 4.3.4 indicates that these misleading tendencies are

not limited to post-hoc XAI, and are rather a symptom of the practice of post-hoc

justification more broadly. Furthermore, Section 4.4.4 indicates that certain ex-

post use cases do not necessarily require that explanations appropriately modulate

trust. Thus, post-hoc XAI methods might still inform ex-post decision-making

(e.g., selection process refinement, evaluations of selector bias). This yields two

direct implications for the XAI field:

1. While we reiterate caution around post-hoc justification of model outputs [9,

51, 73, 100, 111], we extend this caution from XAI methods to any form of

post-hoc justification.

2. We qualify this caution in its application to ex-post decision-making. We

encourage a field that has, in large part, moved on from post-hoc notions
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of interpretability [13, 78, 88, 100] to engage with and identify ex-post

applications for these tools.

4.5.2 The Anchor Problem

Suppose a farmer sees what they believe to be a sheep on a hill, and states “there is a

sheep on that hill”. Now, suppose this farmer sees a cleverly disguised goat, but that

there is also a sheep on the hill, only invisible to the farmer. In this case, the farmer

has a true belief (“there is a sheep on that hill”) and has justification for it (the

goat), but the justification is unrelated to the truth of the belief. In a seminal paper

on Epistemology, Gettier [57] discusses this class of problem (now called ‘Gettier

Problems’) and maintains that, despite the truth of the farmer’s belief, that farmer

does not know. In keeping with this tradition, Cabitza et al. [29] argue that, if an

explainee is presented with a trust-inducing misleading explanation, even if that

explanation induces trust in correct output, then the induced trust is misplaced.

In Section 4.3.4, we present what we believe is the most likely explanation for why

Anchor explanations do not induce unwarranted trust: unlike SHAP and Confidence,

these explanations might reveal concerns in the underlying model’s local behaviour.

However, other explanations exist. For instance, Miller [110] describes desiderata

that make explanations well-suited to most explainees: explanations should be

contrastive, counterfactual, selective, and social. While Anchor explanations are

not social, they are contrastive, counterfactual, and selective. It may be that

these explanations’ beneficial effects on trust stem not from an ability to reveal

concerns in the underlying model, but rather from these subjective desiderata.

Another possibility is that the rule-based nature of Anchor explanations, often

presented with precision and coverage metrics, might be perceived by users as

more complex, less intuitively appealing, or inherently less certain than the feature

attributions of SHAP or a simple confidence score. This perceived complexity or

brittleness could lead to increased skepticism and a reluctance to fully trust the

AI’s output, especially when incorrect, thereby reducing unwarranted trust due

to the explanation’s format rather than its insight into model flaws. In either of
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these cases, where the reduction in unwarranted trust is not due to the explanation

faithfully revealing model issues, Anchor might still mislead [100].

4.5.3 Limitations and Future Work

One core limitation of our work relates to the choice of tasks. While Salary, Credit,

and Refinement are closely related tasks, the distinction between in-process and

ex-post decisions may be complicated by other distinctions between the three tasks.

Future work should investigate this distinction in other contexts.

Another major limitation of our work stems from Section 4.5.2’s Anchor problem.

We recognise here that, though Chapter 2.3.3 and Section 4.3.4 give a compelling

theory for the surprising results surrounding Anchor explanations, alternative

explanations (such as the possibility that Anchors are not meaningful enough) exist,

and we are unable to rule these out in our work. This calls for additional research

or verification to provide better support for our novel findings with regard to

Anchor explanations.

Finally, differences between the personalities of our online study and participatory

design participants may limit the external validity of our results. Similarly, though

we choose popular post-hoc XAI methods [13, 88, 151, 180], our choice of SHAP

and Anchor limits applicability to other methods.

4.5.4 Conclusion

Miller [111] likens explanations provided by SHAP and related explanation systems

to “Bluster”, a hypothetical person that always gives a recommendation, even

when unsure, and does their best to justify this. They note that, in the context

of decision support, such a person is less valuable than “Prudence”, who asks

the decision-maker’s opinion first and then provides feedback, as Bluster risks

discouraging explainee engagement with the decision. Here, we distinguish between

‘in process’ and ‘ex post’ decision stages. We conclude that, while Miller [111]’s

conclusion applies straightforwardly to the in-process stage, post-hoc XAI might

still drive engagement and inform ex-post decisions, and urge that more be done to
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identify and apply post-hoc XAI where it is useful. This chapter both hints at the

significance of the distinction between in-process and ex-post decisions and hints

towards the question: might other DSTs be more useful in process?
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5.1 Motivation

Chapter 4 elucidates an important distinction between in-process and ex-post

decisions and finds post-hoc notions of interpretability suitable for supporting

ex-post decisions, but not in-process ones. This chapter extends this work by

conducting Action Research (AR) with the Programme A programme to codify

this stage distinction alongside another axis of stakes. We apply this distinction

to the problem of generative AI (GenAI) detection and again evaluate existing

technology as a DST in the scholarship selection context.

5.2 Introduction

For comprehensive background on generative AI and academic integrity policies, see

Chapter 2.3.4. Here we focus on the specific research gap this chapter addresses.

Since the rise of powerful generative AI models, students are increasingly using

them to write essays, raising concerns about plagiarism [41]. While many GenAI

users are caught by detectors, these detectors often fall short of their goal [41, 77, 99,

115, 168]. Essay-writers’ ability to use GenAI has changed the role of essay-based

teaching and evaluation, especially in competitive contexts like scholarship selection.

Many bodies of research seek to understand this new role. However, both

theoretical and practical research has focused primarily on plagiarism detection and

enforcement, inadvertently viewing the problem through a plagiarism lens [99, 115].

This focus on plagiarism neglects other problems GenAI has created for selectors.

We address this here with AR. We partner and “research with” [22] Programme A

to understand the needs of their team of scholarship selectors (N=8; excludes authors)

with regards to categorising and interpreting application essays and undertake this
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research while supporting their Cycles X and Y. We identify “decision points”

when the programme requires or desires to make a decision we might support with

contextual information about GenAI usage (see Table 5.1). Through conversations

with internal stakeholders [65], we identify two axes: stage and stakes, on which

these decisions exist [23]; we use these axes to construct the Decision Matrix in

Figure 5.2. We then evaluate three GenAI detectors on these decisions.

AR revealed several decisions that selectors desire to make surrounding GenAI.

Though the literature focuses on the decision of whether or not to disqualify

applicants using GenAI, Programme A dismissed this decision as irrelevant, as their

application guidelines do not forbid the usage of GenAI. Instead, the programme

expressed interest in decisions such as diligence, where the programme provides

information about GenAI usage alongside other facts about the applicant to make

a holistic decision about when and how to consider an applicant. We conceptualise

these decisions in a Decision Matrix. The Decision Matrix framework identifies

challenges that selectors and selection teams are faced with, reframing them in

terms of “decision points”. We then categorise them on two axes: stage and stakes.

The stage axis captures the important distinctions between decisions made in the

process of selection (in process) and decisions made after the primary Selection

decision of “What cohort of people do we select?” has been made (ex post).

The stakes axis, in contrast, captures the sensitivity (or severity) of the decisions.

E.g., choosing to disqualify or select an applicant is a high-stakes decision, while

choosing to assign extra staff to evaluate the truthfulness of an applicant’s claims

is a comparatively low-stakes decision. We then identify the properties desired

from detectors so that they might support different decisions on different parts

of our Matrix. In our evaluation of detectors for these decisions, we find that

organisational needs are not met by current detectors, particularly concerning

in-process decision-making. Our results suggest that detectors can be useful in

aggregate analyses to support ex-post decisions. As a case study, we use one of our

detectors, GPTZero, to support two decisions: Partners and Pipeline (described
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in Table 5.1). We demonstrate two applications of detectors to support ex-post

decisions. The flow of this study can be seen in Figure 5.1.

At a high level, this chapter has four major contributions:

1. We identify decision points facing scholarship and talent investment pro-

grammes regarding GenAI through AR.

2. We introduce the Decision Matrix framework for categorising decisions and

evaluating the decision support capabilities of GenAI detectors.

3. We apply this framework to two detectors, GPTZero and Originality.ai,

on Programme A’s Cycles X and Y application data and determine their

suitability for supporting specific decisions.

4. As a case study, We use GPTZero to support two decision points, Partners

and Pipeline, in Programme A’s context.

5.3 Methodology and Action Research

5.3.1 What is Action Research?

Action Research (AR) is a research philosophy that emphasises “research with,

rather than on, people” [22]. Rather than one specific method, AR is best seen

as a collection of related methods all embodying this ethos, usually to produce

research contributions useful to the target group of people [102]. Among these

are semiotic inspection [4, 40] and participatory design (PD) [20, 23, 61, 83].

AR is most often used in the context of social work, but can be applied across

a variety of fields [43, 102].

In education, AR is often used in a classroom setting [108]. Venn-Wycherley

et al. [174] argue that it is crucial in this setting to perform AR on both educators

(teachers) and educatees (students), as failing to do so is liable to yield contributions

useful to one group but not the other. While this holds for classroom settings,

engagement across the stakeholder map is less feasible or desirable in scholarship

selection. Unlike teacher and student, who share the common goal that the student
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learn, selector and applicant are at cross purposes: selectors seek to choose the ‘best’

cohort of applicants (although they often disagree on what constitutes ‘best’), while

applicants seek to be included in the chosen cohort [16]. Thus, when elucidating

the interests and desires of one group, the other will merely act as noise. (E.g.,

applicants who use GenAI to assist in writing their application will, of course,

oppose using systems that monitor GenAI usage to disqualify applicants.)

AR is comparatively new to HCI [65, 102], but its methods and philosophies

closely mirror longstanding pillars of HCI [65]. Much like PD and other HCI

methods, AR seeks to democratise the research and design processes; unlike PD,

AR extends beyond building solutions democratically, and sees learning through

action as the ultimate research contribution [65]. For example, AR sees all parties

become: “Co-investigators of, co-participants in, and co-subjects of...the project”

[65]. Thus, research questions are formulated by and with participants, actions

and interventions are designed by and with participants, and results are found

by and with participants [65].

5.3.2 Our Action Research

In many scholarship selection contexts, organisations typically select groups of

talented young people based on applications consisting variously of essays, videos,

test scores, interviews, project results, group or individual activities, etc.. The

organisation will begin by narrowing down the pool of candidates, often based

primarily on test results, project results, or other easy-to-gather information. The

organisation likely then compiles information from the application into short-form

summaries of each applicant, complete with internally generated scores, and often

even a recommendation. This recommendation is then often reviewed by a selection

committee, who craft a cohort from the recommended applicants.

We engage Programme A in AR to investigate this selection context. In engaging

this organisation in AR, several of the authors also functioned in supporting roles for

the organisation’s Cycles X and Y selection cycles. In addition to working alongside

the selectors themselves, the authors were, at the time, a part of Programme A.
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As with all AR, we first worked with participants (N=8; excludes authors)

to identify research questions. We did this via a mixture of synchronous and

asynchronous interactions. After this, we evaluated two GenAI detectors, GPTZero

and Originality.ai, according to our research questions. Finally, we implemented one

GenAI detector as an intervention. The flow of this study can be seen in Figure 5.1.

Figure 5.1: This figure describes the flow of our research.

Before our study, we obtained consent from all 8 participants to be included.

Applicant essay data was collected by Programme A, who obtained consent to

use these essays (anonymously) for research purposes. Participants also gave

consent to be recorded, and to have these recordings stored on a secure server.

All recording, transcribing, and data analysis was conducted on secure servers.

Ethics review was performed by the University of Oxford’s Central University

Research Ethics Committee.

5.3.3 Positionality

Following Venn-Wycherley et al. [174], we state researcher positionality here. The

research team is comprised of five researchers split between the United States

and the United Kingdom; all researchers are men; four out of five researchers are

ethnically White, while the fifth is South Asian; three researchers are affiliated with

the University of Oxford and two are affiliated with an industry research foundation.
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Table 5.1: Programme A discussed a desire to make several decisions concerning GenAI.
These decisions and the information desired to support them are detailed in Chapter 2,
but replicated here. Though the programme discussed disqualification, the programme
has no application guidelines surrounding the use of GenAI and expressed no interest in
disqualification. We include it here due to its ubiquity elsewhere in the literature [77, 99,
115, 168].

Decision Point Decision Description Supporting Information
Diligence The programme makes

holistic decisions about
when and how to consider
applicants.

Information about which essays (and
which parts of essays) were written
by GenAI; information about whether
the GenAI-written passages are hallu-
cinations.

Partners The programme must de-
termine whether to con-
tinue referral relation-
ships, which encourage
and support applicants.

Whether any referral organisations’
affiliated applicants use GenAI dis-
proportionately.

Pipeline The programme decides
whether to modify their
application material or
process.

Information about the usage of GenAI
throughout the application pipeline.

Gameability The programme decides
how to modify their ap-
plication material or pro-
cess.

Information about how AI-generated
essays are scored under the current
application process.

Disqualification A programme may decide
to disqualify an applicant
that violates their appli-
cation guidelines.

Information about whether essays vi-
olate application guidelines around
GenAI usage.

5.4 Constructing the Decision Matrix

We began from a starting point of “What do we do about GenAI?”. Literature about

GenAI elsewhere prompted early discussions to focus on: “Can we determine whether

an applicant used GenAI to plagiarise?” but Programme A quickly discarded this;

Programme A had no application guidelines forbidding GenAI usage, and hoped

to accommodate “innovative uses of this powerful technology” in their selection

process. From there, we quickly moved to “What decisions do talent investment

organisations want to make around generative AI usage?”. We then sought out
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other decisions the programme wished to make in response to GenAI. Ultimately,

we identified the decision points in Table 5.1; our final research question, then, is

“Do existing generative AI detectors support these decisions?”.

Notably, the decision to disqualify applicants for using GenAI (Disqualification)

appears several times in the literature surrounding potential use cases for detectors

[60, 77]. Thus, despite Programme A’s dismissal, we list it alongside the different

decisions discussed in Table 5.1.

Figure 5.2: This figure places the decisions from Table 5.1 on the Decision Matrix, with
axes of stage and stakes.

In conversation with Programme A selectors, we isolated two ‘axes’ on which

the decision points exist: stage and stakes. Decision stages vary from entirely

in process (‘primary’ decisions during the selection process) to entirely ex post

(‘secondary’ decisions about future selection processes). Meanwhile, decision stakes

vary from very low (e.g., a due-diligence decision to investigate further) to very

high (e.g., a decision to disqualify an applicant). Figure 5.2 uses these axes to

categorise the decisions in Table 5.1.

We also work with selectors to determine what type of properties a detection

score should have to support each decision. For example, a disqualification decision

may have stricter requirements than a diligence one. We lay out these desiderata

on the same axes as Figure 5.2 in Figure 5.3.
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Figure 5.3: This figure places uses our Decision Matrix to understand the properties of
GenAI detectors required (or, in the case of low-stakes decisions, desired) to support each
decision.

5.5 Applying the Decision Matrix

5.5.1 Evaluating for Decisions

We seek to evaluate GenAI detection software for its suitability in supporting

decisions across the Decision Matrix in Figure 5.2. To do this, we first evaluate

detectors on the properties outlined in Figure 5.3; if a detector has the properties

outlined in both low-stakes and ex-post decisions, it is likely to be useful in

supporting decisions from this quadrant. However, although Programme A selectors

indicated that these properties are necessary, we still seek to test their sufficiency.

Thus, where the desiderata are satisfied, we apply the detectors to specific decisions

from Figure 5.2. In particular, we select one decision from each quadrant (unless

all detectors are deemed to lack the properties required for decision support in

that quadrant). Finally, in case multiple detectors have sufficient properties, we

compare detectors directly to make a recommendation about which method selectors

should use for these use cases.
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5.5.2 Data
5.5.2.1 Applicant Data

We use data from two of Programme A’s application cycles, Cycle X and Cycle Y.

Applications for Cycle X were due before ChatGPT’s public release, so we assume

that these submissions were written without the use of GenAI [130]. Applications

for Cycle Y were due after ChatGPT’s public release, so GenAI tools were widely

available and AI detection tools were already emerging [60, 81, 101]; we thus make

no such assumption for these applications.17

Note: in this version of the thesis, specific cohort sizes, gender breakdowns,

and regional grouping labels have been redacted to preserve programme anonymity.

Approximate corpus totals are tens of thousands of essays per cycle. Applicants

supplied gender identity and primary nationality, both grouped into programme-

defined categories for analysis.

5.5.2.2 Synthetic Data

To obtain a set of known AI-generated essays, we generate a synthetic corpus using

OpenAI’s ChatGPT API responding to Programme A’s Cycle X prompts. These

sit alongside the human-written, applicant-submitted Cycle X essays to form a

labelled corpus of known provenance. The Cycle Y corpus consists entirely of

applicant-submitted essays, with unknown AI-content provenance. Specific corpus

sizes have been redacted to preserve programme anonymity.

All of our synthetic essays were generated via OpenAI’s ChatGPT API using

GPT-3.5 [26]. More details on our prompts can be found in Appendix C.1.

5.5.2.3 Detectors

Despite the myriad of available GenAI detection tools, standardised comparisons of

detectors are few and far between, but the benchmarks that do exist list similar

models as leaders in accuracy across standard FPR thresholds. Dugan et al. [45]
17Several avoidance detection strategies (e.g., paraphrasers) have been proven to severely hamper

state-of-the-art detection [77]. However, at the time of the relevant submission deadline, the
efficacy of these detection avoidance strategies was not well-known. Thus, we assume these
strategies were not widely employed.
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introduce RAID, a standardised GenAI detection benchmark, and apply it to twelve

popular models. Their results are mixed, but demonstrate a clear advantage for

three detectors: the open-source Binocular model, and the commercial GPTZero

and Originality.ai models [45]. Verma et al. [175] compare GPTZero, DetectGPT,

two baselines, and their own model, Ghostbuster. Their results are similarly mixed

but, in a variety of scenarios, GPTZero or Ghostbuster variously perform best

[175]. Programme A reached out to both GPTZero and Originlity.ai, and both

offered access to their models for research purposes.

To calculate scores, we use the API under default settings for both GPTZero

and Originality.ai. Note that we calculated our GPTZero-based detection scores at

the time of the corresponding application cycle, while the Originality.ai scores were

calculated more recently for this thesis. Thus, a more recent version of GPTZero’s

model may have since been made available; our results apply only to the version of

GPTZero we used at the time. This yielded various statistics from each detector for

each essay, but we are primarily interested in the overall likelihood statistic from each.

Figure 5.4: This Receiver Operating Characteristic (ROC) curve shows the performance
of each detector on our data of known providence (Cycle X submissions and ChatGPT
responses to Cycle X prompts). While GPTZero’s ROC curve has a moderate area under
the curve (AUC), Originality.ai’s ROC curve has a very high AUC.

5.5.3 Results
5.5.3.1 Both Detectors Possess the Properties Desired for Low-Stakes

Decision Support

We identified no properties required to support low-stakes decisions, but list several

desiderata that we consider more a matter of utility than of necessity. In particular,
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detectors should have:

1. Low cost

2. High utility

We measure cost as the price per essay evaluated at the highest tier of subscription

service available from each detector in Table 5.2. We measure utility according

to ROC AUC.

Table 5.2 shows that both detectors have a low cost, with GPTZero having

a slightly lower cost.18

Figure 5.4 demonstrates high utility from both detectors, though Originality.ai

has a higher ROC AUC than GPTZero. Overall, both detectors satisfy the desiderata

specific to low-stakes decisions.

Table 5.2: This table displays the estimated per-essay costs of each detector; both
detectors are deemed sufficiently cost-effective.

Detector Cost per Essay
GPTZero $0.023
Originality.ai $0.06

5.5.3.2 GPTZero Possesses the Properties Required for High-Stakes
Decision Support

We identified two properties required to support high-stakes decisions. Detec-

tors should have:

1. High (predictive) discrimination

2. Low bias

We measure discrimination according to whether the detector discriminates

positive and negative cases (see Table 5.2). We measure bias as the difference

in FPR between demographic groups.
18As we used both detectors for research purposes, we reached out to the companies involved

and were given research access. These cost estimates are based not on our access, but on public
information assuming the highest tier of subscription service available from each detector.
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Figure 5.5: These histograms demonstrate the high bimodality and predictive discrimi-
nation of both detectors’ outputs.

As can be seen in Figure 5.5, both detectors’ outputs are close to either 0

or 1, though Originality.ai has far higher discrimination than GPTZero. This is

reflected in the confusion matrices in Figure 5.6. As can be seen, both output

statistics discriminate well between positive and negative cases. However, while

GPTZero discriminates between positive and negatives, Figure 5.6 shows that

Originality.ai has less error of both types.

Figure 5.6: These confusion matrices again demonstrate the high predictive discrimina-
tive capabilities of both detectors’ outputs.

We measured per-demographic FPRs for both detectors in the human-written

Cycle X submissions. Specific per-region FPR values and ANOVA statistics have

been redacted to preserve programme anonymity. The high-level finding: GPTZero

exhibited higher overall false-positive rates but more uniform performance across

demographic groups, while Originality.ai showed lower overall FPRs but substantial

regional variance. We considered GPTZero suitable for ex-post decisions across our

applicant pool; Originality.ai’s regional bias rendered it unsuitable for that use.
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5.5.3.3 Both Detectors Possess the Properties Required for Ex-Post
Decision Support

We identified two properties required to support ex-post decisions. Detectors should

have:

1. Moderate Discrimination

2. Calibrated Probability19

We measure discrimination as in Section 5.5.3.2. We measure statistic calibration

using calibration curves in Figure 5.7.

We have already determined in Figure 5.4 that Originality.ai has particularly high

predictive discrimination, while GPTZero has moderate predictive discrimination

suitable for ex-post analyses.

Figure 5.7: These calibration curves demonstrate the bimodality of both detectors’
outputs. As can be seen, both output statistics fall far below the calibration curve; these
output statistics are not calibrated on our data.

In aggregate analyses, we desire to reason about the probability that a particular

essay was generated by AI (P (AI)), or even the expected number of AI-generated

essays in a given group (E(P (AI))). This yields convenient general properties,

e.g., E(P (AI)) is just the mean P (AI) within a given group. Figure 5.7 provides

a calibration curve for both detectors and demonstrates a comparative lack of

calibration in both cases. In both cases, output statistics fall far below the calibration

curve, indicating a bias towards extrema. In effect, this entails that we should
19Calibrated statistics are ones whose distributions are probability-like in expectation.
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not treat these output statistics like probabilities. However, so long as we have a

large provenance of labelled data (which we do in the form of tens of thousands

of applicant-submitted and several thousand ChatGPT-generated Cycle X essays),

we can calibrate an uncalibrated statistic to achieve a more probability-like output.

In our case, we calibrate our statistics on our data by applying a monotonic

transformation to ensure that, within any subset of our body of essays, the mean

predicted probability aligns with the fraction of positive cases.

Thus, we conclude that both calibrated statistics possess the properties of

probabilities that we would require for use in ex-post analyses. We caution

other organisations against using these detectors for these purposes without first

calibrating their output statistics on data of known provenance.

5.5.3.4 Neither Detector Possesses the Properties Required for In-
Process Decision Support

We identified four properties required to support in-process decisions. Detec-

tors should have:

1. Minimal Bias

2. Interpretable Outputs

3. Acceptable Performance at Low FPR

4. Bimodal Statistic

We measure bias as in Section 5.5.3.2. We reason about model interpretability.

We measure acceptable performance at low FPR based on TPR rates at an FPR of

%1. We measure bimodality using the histogram in Figure 5.5 and the calibration

curve in Figure 5.7.

Recall that, we observe bias in both outputs and conclude that, while GPTZero

is sufficiently balanced across demographic groups, Originality.ai’s outputs display

too much regional bias for our purposes.
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We also note that GPTZero provides interpretability in the form of local-

level scores that might direct a human overseer’s attention to particularly prob-

lematic phrases or sentences. Originality.ai, in contrast, only provides a single

overall statistic.

Figure 5.5 demonstrates the bi-modality of both detectors. Though it is clear

that Originality.ai’s output is more bimodal, we consider both detectors sufficiently

bimodal for our purposes.

Table 5.3: This table displays TPRs at %1 FPR.

Detector TPR
GPTZero %36.0
Originality.ai %98.9

Finally, to analyse performance at low FPR, our organisation set the acceptable

FPR at %1. We see a TPR of %36.0 for GPTZero and %98.9 for Originality.ai

in Table 5.3. While GPTZero’s output statistics are interpretable and display

limited bias, it fails at low FPR rates.

Figure 5.8: This figure demonstrates the results of our application of the Decision
Matrix, marking the use cases we consider suited for each detector.
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5.6 Analysis of Pipeline and Partners
5.6.1 Low-Stakes Ex-Post: Analysing Overall GenAI Usage

in a Recent Application Cycle (Pipeline)

We focus our subsequent analysis primarily on the potential use of GenAI by

applicants in Cycle Y. Seeking to avoid the disproportionate effects induced by

GPTZero’s heterogeneous biases, we focus primarily on within-group changes. We

note here that the mean probability of an essay being AI-generated within a corpus

is exactly the expected proportion of AI-generated content within that corpus. Thus,

we test for changes in mean P (AI). As we have previously confirmed that GPTZero

is suitable for these analyses, we use our calibrated GPTZero score going forward.

We find a small overall increase in mean P (AI) between cycles, but the magnitude

is limited and within-region changes do not align with a simple increased-GenAI-use

interpretation: some regions show statistically significant decreases that pre-date

GenAI’s wide availability, suggesting cohort-level variance or applicants’ use of

AI-detection tools to evade flagging. Specific per-region findings have been redacted

to preserve programme anonymity. In any case, this analysis surfaces interesting

discrepancies demanding further interrogation in future cycles but does not demand

the programme alter its application material or process.

5.6.2 High-Stakes Ex-Post: Analysing GenAI Usage Across
the Programme’s Referral Organisations (Partners)

As a final analysis, we evaluate whether GPTZero detects any suspicious patterns

in the essays associated with the programme’s referral organisations, who refer and

support applicants to the programme. The organisation partners with ‘referral

organisation’ organisations that encourage applications and these are attributed to

referral organisations based on the custom links that applicants use to reach the

programme’s website, as well as questions in the application about how applicants

learned of the programme. Evidence that any of these referral organisations used

GenAI to create large volumes of applications would warrant further investigation

before continuing affected partnerships.
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In analyzing GenAI usage associated with referral organisations, we consider

the proportion of essays classified as ‘AI-Generated’ rather than simply averaging

the raw detector scores across all submissions for a partner.20 For this analysis,

we use a cutoff of 0.5 on our calibrated predictor, meaning that essays flagged as

‘AI-Generated’ are more likely than not to be so. This threshold has a TPR of

76% and an FPR of 4%. We limited the analysis to the partners with the most

essays and have hidden individual partners’ identities.

We found that only one of the referral organisations studied was associated

with essays identified as AI-generated at a rate meaningfully different from the

overall pool, and that partner was associated with fewer flagged essays than

average. We attribute this to multiple-hypothesis-testing chance and to underlying

demographic correlations identified in earlier-cycle analyses. Specific per-partner

statistics, regional attributions, and partner identifiers have been redacted to

preserve programme anonymity. We find no evidence of widespread GenAI use

among the programme’s referral organisations, supporting the organisation’s referral

approach and choice of partners.

5.7 Discussion

5.7.1 Implications for the Programme

The programme we work with has several use cases for GenAI detection, and we

have found that GPTZero is suitable for the ex-post use cases, both high- and low-

stakes. However, the programme’s use of GenAI detection for in-process decisions

is not yet feasible, as, although Originality.ai has very high accuracy, it suffers from

a lack of interpretability and its FPRs exhibit large heterogeneous biases across

demographics, especially regions. We recommend that the programme continue to

use GPTZero for ex-post decisions, but that it seek out a new detector or design

its own if it wishes to make data-driven, in-process decisions surrounding GenAI

usage. A summary of our recommendations can be found in Figure 5.8.
20Averaging can obscure the impact of a few essays with very high AI-likelihood scores if the

majority score very low, making it harder to detect potential issues. By using a classification
threshold, we can more directly identify the incidence of essays deemed likely to be AI-generated.
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5.7.2 Implications for Other Programmes

By identifying decision points, placing them on the Decision Matrix, aligning

these desired and required properties, and then testing GenAI detection tools for

the relevant properties, programmes can determine the suitability of detectors in

supporting and informing decision points. If a programme’s decision points and

desired properties align closely with Programme A’s, they may find that they

consider the same use cases for GPTZero and Originality.ai, and have no need for

our framework. But if the GenAI detection landscape changes in response to new

developments [72, 77, 99, 101, 115, 130, 173], or if programmes’ priorities do not

align with those of Programme A, programmes should use the Decision Matrix

framework to replicate the analysis done here.

5.7.3 Implications for the Field

Our results suggest that, while GenAI detection tools address some issues faced by

scholarship selectors, deeper involvement with these institutions is key in designing

technology to meet the specific needs of these selectors. Currently, a narrow focus

on academic integrity, plagiarism, and decisions to censure essay writers limits

broader discussions about how GenAI should be integrated into academic workflows.

While selectors shift towards embracing GenAI as a tool rather than a threat,

the field of HCI is lagging behind.

Our AR process raises the question: should it matter whether GenAI was

used at all? Rather than aiming to detect AI-generated plagiarism, selectors are

perennially concerned with determining whether an applicant’s submission indicates

their aptitude for the programme; the need for detector-based decision support, in

all cases, is to support decisions impacting that ultimate determination. GenAI tools

pose problems to selectors’ abilities to make that determination with contemporary

essay-based assessment, but outright bans and disqualification [170] unenforceable

with current technology offer no solutions. A shift in assessment methodology,

then, is a practical and desirable alternative.
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HCI and GenAI detection can enable this shift through respectful design [172]

by working with selectors to understand their needs and support them (e.g.,

by improving assessment design or by building digital feedback mechanisms).

Institutions, meanwhile, may wish to design essay prompts that encourage or

even require applicants to use GenAI in a meaningful way. In such cases, the role

of detectors would shift from merely identifying AI-generated content to evaluating

how well applicants have leveraged these technologies.

5.7.4 Ethical Implications

The Decision Matrix framework developed throughout this chapter reveals a variety

of desiderata for the usage of GenAI detectors in application essay settings. As can be

seen in Figure 5.3, the decision to disqualify a candidate demands much of detectors.

Indeed, even when detectors possess all of the desired properties, taking automated

adverse action against applicants is ethically fraught [93]. However, when opting to

make no decisions about applicants using this technology, these demands fall away.

In practice, our research sits between these extremes. The process of holistic

review sees organisations incorporate a mass of disparate information into an opaque

decision-making process. Hirschman et al. [67] note this lack of transparency as

a benefit of holistic review insofar as it shields institutions from regulators. But

while this may offer some legal insulation to the holistic review process, no such

moral insulation exists. In-process algorithmic decision support, even for low-stakes

decisions such as Diligence, still bears a high moral burden [93].

5.8 Limitations and Future Work

One participant highlighted: “There are two problems here: Did this applicant

use [generative AI]? And if so, is this essay based in fact?”. This points to a key

limitation of our evaluation of detectors: while we could determine whether text was

AI-generated, we had no basis for evaluating the truthfulness of AI-generated text.

As GenAI is known for its hallucination [3], frequently yielding convincing falsehoods,

this represents a significant limitation. While this distinction is ultimately irrelevant
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to those who consider a GenAI usage plagiarism [170], decisions such as Diligence

would be well-informed by an understanding of how GenAI was used. Future work

should investigate detecting the nature of GenAI usage (writing, editing, etc.) and

then determining the truthfulness of GenAI-written text.

As we select only two detectors, our results as applied to these detectors may

not apply to others. Furthermore, as the field of GenAI detection moves so rapidly,

our results from Cycles X and Y may not even apply to future cycles. For this

reason, we develop the Decision Matrix framework to support ongoing evaluations

of detectors in response to new developments such as paraphrasing tools and hybrid

human-GenAI writing processes [77]. Future work should use this framework in

re-evaluating detectors in response to these new developments.

We deliberately do not engage applicants in our process. Venn-Wycherley et al.

[174] argue that, when conducting human-centred research in a classroom setting,

it is important to gather perspectives of both educators and students. Here, we

conduct AR centred on scholarship selectors, but we omit the perspectives of their

young decision subjects. Unlike in the classroom context, the evaluation context

sees an adversarial relationship between the educational institution and its target

population – while the scholarship seeks to select only the most well-fit candidates,

each candidate seeks to be selected, and therefore to make themselves seem most

fit. Thus, in making the selector “Co-investigators of, co-participants in, and

co-subjects of” our research [65], we necessarily exclude the perspectives of their

decision subjects. Future work should seek to engage these young decision subjects

in this context and may explore concepts like the essayist’s sense of authorship, the

line between writing and editing, essayist thoughts on plagiarism, and applicant

perceptions of programme decisions driven by AI.

5.9 Conclusion

In summary, this research examines the various decisions that may arise when

scholarship selection organisations consider the problems posed by GenAI in

practice, emphasising the need for tools designed to support decisions besides
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simply disqualifying applicants. Our findings reveal that, although state-of-the-art

detectors may be unsuitable as automated disqualification tools, they can be used

as-is to support “integrating technology, education, policy reform, and assessment

restructuring” [140] and support ex-post decisions organisations may wish to make.

By engaging in action research, we catalogued real decisions scholarship selection

organisations seek to make in response to the problems posed by GenAI usage.

We then worked with them to develop the Decision Matrix, which serves as a tool

for selectors to evaluate GenAI detectors on their data. As we move forward, we

call for a broader view of the purpose of GenAI detection, and for a restructuring

of what it is to learn and assess in an era so heavily influenced by easy access to

GenAI tools. We also call for more research into the Decision Matrix, specifically

examining the support of the ever-elusive in-process decision points; Chapter 6

seeks to support one such in-process decision point.



6
“Diversity is Having the Diversity”:

Unpacking and Designing for Diversity in
Applicant Selection21

Contents
6.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . 78
6.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . 78
6.3 Experimental Design . . . . . . . . . . . . . . . . . . . . 81

6.3.1 Our Studies . . . . . . . . . . . . . . . . . . . . . . . . . 81
6.3.2 Positionality . . . . . . . . . . . . . . . . . . . . . . . . 81
6.3.3 Participants . . . . . . . . . . . . . . . . . . . . . . . . . 82

6.4 Study 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
6.4.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . 82
6.4.2 Themes . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

6.5 Study 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
6.5.1 Prototypes . . . . . . . . . . . . . . . . . . . . . . . . . 92
6.5.2 Workshop Methodology . . . . . . . . . . . . . . . . . . 94
6.5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6.6 Design Recommendations . . . . . . . . . . . . . . . . . 98
6.6.1 Design for a Specific Diversity . . . . . . . . . . . . . . . 99
6.6.2 Design for Idiosyncrasy . . . . . . . . . . . . . . . . . . 99
6.6.3 Design in Stages . . . . . . . . . . . . . . . . . . . . . . 99
6.6.4 Design to Balance Qualitative and Quantitative . . . . . 100

6.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

21This chapter is based on a paper written in concert with Sruthi Viswanathan, Reuben Binns,
and Nigel Shadbolt. The paper is currently under review as: Neil Natarajan, Sruthi Viswanathan,
Reuben Binns, and Nigel Shadbolt. 2024. “‘Diversity is Having the Diversity’: Unpacking and
Designing for Diversity in Applicant Selection.” Under review at CHI 2025.

77



78 78

6.7.1 The Diversity Triangle . . . . . . . . . . . . . . . . . . . 100
6.7.2 The Relationship Between the Diversity Triangle and

Theories of Change . . . . . . . . . . . . . . . . . . . . . 101
6.7.3 A Cautionary Note On Designing for Diversity . . . . . 103

6.8 Limitations and Future Work . . . . . . . . . . . . . . . 104
6.9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 105

6.1 Motivation

Chapters 4 and 5 both reveal flaws of existing algorithmic support tools in their

applications to decision points facing scholarship selection organisations: these

tools lack the properties required to support in-process decision-making. In this

chapter, we select a family of in-process decision points of particular interest to the

literature: ensuring diversity in selection. This chapter, thus, seeks to understand

what diversity is and how to support its consideration.

6.2 Introduction

For comprehensive background on diversity as a societal value, historical injustices

in technological systems, and approaches to measuring diversity, see Chapters 2.2

and 2.3.1. Here we focus on the specific research gap Chapters 6 and 7 address.

Processes for selecting people for jobs, universities, prizes, and other oppor-

tunities have often failed to reflect the diversity of their actual and potential

candidate pool. Recognising this, various sectors have in recent years shifted

towards recognising and promoting diversity through the establishment of a variety

of related norms: DEI (Diversity, Equity, and Inclusion), EDI (Equality, Diversity

and Inclusion), JEDI (Justice, Equality, Diversity, and Inclusion), DEIB (Diversity,

Equity, Inclusion, and Belonging), etc. [70, 113, 143]. These norms are frequently

operationalised through changes to application, evaluation, and decision-making

procedures designed to result in greater representation of different demographic

groups in final selection decisions [143]. Such efforts are in part a response to

widespread societal concerns about racial, gender, and other injustices, but have
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Figure 6.1: This figure shows participant codes defining what “diversity is”. In this
chapter, we seek to answer: what do they mean and how do we design for that?

also frequently been justified in economic terms by evidence suggesting that diverse

teams perform better than homogeneous ones on a variety of tasks [42, 128, 134].

Meanwhile, the concept of diversity itself has become swept up in ‘culture war’

discourse, criticised by right-wing commentators as part of a sinister ‘woke’ agenda,

and by progressives as mere window dressing that fails to meaningfully address

deeper societal injustices.

For practitioners on the ground, however, the question of how to meaningfully

measure and promote diversity is a practical challenge. The proliferation of software

for hiring and selection presents both complications and opportunities [93]. AI-

driven tools may discriminate [31, 91, 98], but they could also help mitigate human

biases and increase diversity [8, 166, 182, 184]. This context challenges Human-

Computer Interaction (HCI) research to improve diversity in selection without

amplifying existing inequities.

But to improve diversity, we must first understand it. We undertake two

studies to do so. In Study 1, we conducted 15 one-to-one interviews with selection

practitioners (selectors) from global scholarship programmes to understand how

they define and operationalise diversity. Our inductive thematic analysis revealed

the ad-hoc nature of current practices and surfaced three distinct definitions of

diversity: as ‘different perspectives’ in the same room; as ‘representativeness’ of a

target population; and as ‘contextualising applications’ with information about an

applicant’s relative privilege. We conclude that technological interventions should
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first identify which definition(s) of diversity they aim to promote, and we construct

the Diversity Triangle (Figure 6.5) as a conceptual guide.

In Study 2, we developed six design prototypes based on the Diversity Triangle

and presented them to participants in participatory design workshops. The

prototypes included tools for visualising cohort representativeness, measuring

entropy (the average number of in-group differences), and assessing individual

applicant (dis)advantage. They were presented to participants via participatory

design workshops [190]. The workshops revealed that while quantitative tools are

essential, selectors rely on their own idiosyncratic lenses and qualitative assessments

to navigate diversity considerations.

This research contributes to understanding how data-driven tools can support

diversity in selection. Our contributions are:

1. Three practitioner-led definitions of diversity uncovered through inductive

thematic analysis.

2. The Diversity Triangle, a framework for categorising diversity-related themes.

3. Design recommendations grounded in participatory design for building diversity-

supporting tools.

More broadly, this work demonstrates that by providing structured, data-supported

approaches to diversity, organisations can better navigate the complexities of

DEI (EDI, JEDI, DEIB, etc.). While differing in some respects, we believe

these implications will generalise from scholarship selection to various other talent

identification contexts, including recruitment for jobs and admission to universities.

By helping these organisations achieve their desired outcomes in selection processes,

we aim to ultimately contribute to and help build a more diverse society.
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6.3 Experimental Design

6.3.1 Our Studies

Our research is broken into two components: 15 one-to-one interviews with schol-

arship and talent investment selectors and two participatory design workshops

with a subset of the 15 selectors. The relationship between these components

is shown in Figure 6.2 and details on Studies 1 and 2 can be found in Sections

6.4.1 and 6.5.2, respectively.

Figure 6.2: This research begins with 15 interviews seeking to understand what selectors
mean when they talk about diversity and how to support that, followed by two scenario-
speed-dating activities where these selectors test several prototypes built based on the
interviews.

In the first session, we seek to ascertain how these selectors understand diversity,

how they operationalise it in processes for selecting talented applicants, and how they

envision using technology to assist them in that process. In the second session, we

show these selectors six prototypes built in response to the interviews, then we aim to

collaboratively design tools that can help them better consider diversity in selection.

6.3.2 Positionality

Following Venn-Wycherley et al. [174], we state researcher positionality here. All

authors endorse diversity as a societal and organisational value (while sympathetic

to the critiques of Ahmed [1] and Warikoo [179]); we thus contend that improving

organisational capability to consider diversity is generally a positive development.
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The research team is comprised of three men and one woman; ethnically, two re-

searchers are South Asian, while two are White; researchers represent three different

primary nationalities; all researchers are affiliated with the University of Oxford.

6.3.3 Participants

We engaged selectors (N=15) from two scholarship and talent investment pro-

grammes. These participants are numbered P1-P15.

Before either study, we obtained informed consent from all participants to be

included in both studies. All participants were given the option to recuse themselves

from Study 1 at any point until publication, but, as Study 2 is a group workshop

(and as we do not do participant-level attribution), participants were asked to

recuse themselves before this second study. Two participants recused themselves

before Study 2 but gave leave to be included in Study 1. Participants also gave

consent to be recorded, and to have these recordings stored on a secure server.

All recording, transcribing, and data analysis was conducted on secure servers.

Ethics review was performed by the University of Oxford’s Central University

Research Ethics Committee.

6.4 Study 1: Interviews and Thematic Analysis

6.4.1 Methodology

Our interviews aim to answer three questions in each organisational context:

1. What is diversity?

2. Which elements of diversity matter in a selection context? Why?

3. How could technology assist in operationalising diversity?

In answering our first set of research questions, we follow Braun and Clarke

[23]’s methodology for reflexive thematic analysis. We first conduct 45-minute

semi-structured interviews with 15 selectors. In each interview, we first ask general

questions about their selection methodology; we next ask specifically about diversity
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and its role in selection; we move on to Knapp et al. [83]’s ‘crazy 8s’ exercise,

where participants give eight feature requests in eight minutes; we conclude with

a ‘magic app’ exercise inspired by Blythe [20]’s design fiction, where participants

more thoroughly detail their ideal app. A question-by-question protocol for these

interviews is supplied in Appendix B.2.

The lead author interviewed participants and then transcribed and anonymised

the interviews. The lead author and another author (who wasn’t present during the

interviews) then independently ‘open-coded’ each anonymised transcript to mitigate

bias, looking for anything relevant to our research questions. The researchers met

six times to discuss their open codes, then shared these codes with the remainder

of their research team across four meetings; the researchers grouped codes into 6

themes and 18 subthemes after consensus was reached. These themes are detailed

in Table 6.1 and described in Section 6.4.2.

6.4.2 Themes
6.4.2.1 Why Diversity?

A central theme of our investigation revolved around the question of why diversity

matters. To this end, we asked questions such as: “What is diversity?” and “Why

does diversity matter?”. Answers to: “What is diversity?” are visualised in Figure

6.1; as hypothesised, these answers are vague and uninformative. Interestingly,

though, answers to: “Why does diversity matter?” informed more specific definitions.

We were able to cluster these more specific definitions into three central subthemes:

‘different perspectives’, ‘representativeness’, and ‘contextualising applications’. These

are listed as subthemes of ‘Why Diversity’ in Table 6.1.

Different Perspectives 8 out of 15 participants mentioned that diversity was

important because it brought different perspectives into the same room. This

was seen as important for a few related reasons, e.g., the ability to see problems

from different angles and the ability to make better decisions. Several participants

referred to the: “Benefits of diverse perspectives” (P1). One said, when discussing
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Table 6.1: Our three central subthemes all speak to the question “Why diversity?”.
Other themes and subthemes reflect types of diversity, concepts intertwined with diversity,
and other considerations scholarship programmes must weigh against diversity desires.

Themes and Subthemes
Why Diversity? Types of Diversity
Different perspectives Socioeconomic
...in the same room parental income
Representativeness parental education
...of a general population generational wealth
...of the eligible population Sex, gender, and sexuality
...of the applicant population sex
...of a target population gender identity
Contextualising applications sexual orientation

Geography
nationality
the ‘Global South’
region
Race
international categorisations of race
Types of thinking
subject area interest
personality type
core beliefs
problem solving approaches
political views

Operational Risks and Consider-
ations

Fairness and Bias

Outreach Fairness
Support ...to the applicants
...during the application process ...to the world
...after selection Bias
Selectors measurement bias
Applicant fraud decision-makers’ bias (prejudicial)

decision-makers’ unique perspective
(probative)

Scholarship Goals Merit
Impact Performance relative to disadvantage
...on all applicants Measurement
...on the selected scholars’ perfor-
mance

Performance

...on the selected scholars’ opportuni-
ties
...by the selected scholars on the world
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their personal experience working with winners in a talent investment programme,

that there is: “Magic happening with lots of...diverse perspectives in the room”

(P14). People’s experiences were particularly relevant here. As one participant

writes: “You want to have diverse perspectives from people who look different

with different experiences” (P2).

Representativeness 9 out of 15 participants spoke of ‘representativeness’. This,

we observed, was often spoken of in relationship to a larger population. Most

frequently, participants spoke of the importance of having a cohort that was

representative of the ‘eligible population’. I.e., one participant said: “[You want] a

community which is representative of where you are selecting young people from”

(P6). Others spoke of this in broader, more general terms: “[You want] as broad

a range of people as possible” (P15). Participants identified the importance of

building a cohort that variously: “Reflects the population of the countries” (P15)

and is “More representative of the national population than the STEM field already

is” (P10). Others talk about the representation of a particular target population,

i.e.: “Representation...because that gives you insight for the people that you’re

trying to serve....you have to be....reflective of your market” (P9). Finally, selectors

discussed the importance of representing an applicant population: “[We want] a

cohort that is representative of the pool” (P10).

Contextualising Applications ‘Contextualising applications’ was often spoken

of by 6 out of 15 participants, most often in individual terms, speaking of identifying

particular applicants in need of support, and then offering them a ‘boost’ in the

form of said support. I.e.: “Identify those talents and specifically boost up people

who are in need of support” (P5). One participant identified ‘boosting’ as a key

metric for the programme: “We need to know that...we have some level of...impact

here, and...if all we’re doing is supporting someone who is already on an amazing

trajectory and then maybe that means we’re not altering their trajectory at all.

That’s a question of efficiency of our dollars” (P8).
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In some cases, the need for support or boosting was identified with under-

represented or disadvantaged demographic groups. One participant said: “The

focus on gender has been to give the sex that has had the least opportunity the

opportunity in this programme” (P9).

6.4.2.2 Types of Diversity

Another central focus of our investigation was on different types of diversity. We

asked participants to break down their understanding of diversity into different

elements and to discuss why these elements were important. We found that

participants identified a wide range of different types of diversity, which we

clustered into subthemes. These subthemes are listed as subthemes of ‘Types

of Diversity’ in Table 6.1.

Notably, in addition to the standard demographic categories commonly consid-

ered ‘demographic diversity’, participants identified a wide range of other types

of diversity commonly termed ‘cognitive diversity’ [133]. These included ‘subject

areas of interest’, ‘personality type’, ‘core beliefs’, ‘problem-solving approaches’,

and ‘political views’.

Socioeconomic All 15 participants identified socioeconomic diversity as particu-

larly important in the context of a talent investment programme. One participant

said: “Socioeconomic [diversity] is probably the most important” (P1). Another

said: “Socioeconomic background is number one from my perspective” (P5). This

was identified as particularly important for several reasons. Participants stated:

“Because right now the SAT, for example, is more highly correlated to socioeconomic

status than it is to anything else” (P5), and: “It’s a scholarship scheme, so I think

it should be for kids who cannot afford normally the fees at the university” (P7).

Outside of the standard categorisations by income and wealth, participants

also identified: “Familial education level” (P5) or “Socioeconomic backgrounds”

(P10) as a particularly important metric for understanding socioeconomic diversity

in a scholarship context. This suggests that historical socioeconomic status is

considered alongside present socioeconomic status. One participant noted that
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socioeconomic status varied in both meaning and measurement from country to

country: “For example, in Columbia, there’s a whole society to organise on a 1

to 7 scale for socioeconomic status” (P5).22

Sex, gender, and sexuality While all 15 participants noted some manner of sex,

gender, and sexuality diversity as important, participants disagreed on the relative

emphasis that should be placed on each. One participant noted: “[Sex] is important.

I think it will get diluted if we focus on identity gender because....the purpose

of diversity on the gender aspect was to make sure that [men and women] were

getting equal opportunities” (P9). Another noted that, while sexual identification

diversity was important in other contexts, they “Wouldn’t select for that” (P1) in

this context. Others listed ‘sexual orientation’ and ‘gender’ as important metrics for

understanding diversity in a scholarship context. However, save for the participant

who noted the distinction between sex and identity gender, participants expressed

reluctance to discuss the relationships between these difficult concepts.

Geography 14 of the 15 participants mentioned the importance of geography,

citing a need for: “[A] wide array of different geographical...representations” (P8).

Others spoke of a “Regional distribution” (P1), which we have included here.

In particular, emphasis was placed on geographic markers of socioeconomic status

such as the ‘Global South’, ‘indigenous communities’, and ‘low-income countries’.

One participant noted: “Immigration status is tied so closely to socioeconomic status”

(P2), while another noted that “[Geography] is connected to socioeconomics because

we know there are some poorer countries and rich countries” (P7). Others still asked

questions like: “Do they have a passport?.... Are they in a refugee camp?” (P5).

Furthermore, participants saw it as important that their programmes had:

“Global reach” (P7). They expressed a desire for: “[A] diversity of people coming

from a variety of places” (P7).
22Columbia’s policy of socioeconomic stratification divides households into 6 strata; unlike

traditional measurements such as income or quality of life, these strata only consider household
location and accommodation and thus capture a different facet of socioeconomic status [32].
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Race While 11 out of 15 participants identified race as an important dimension

of diversity, none suggested they would explicitly select racial diversity. Several

participants instead noted the difficulty of measuring race in a global context: “Racial

categories obviously vary by country” (P10). One participant noted: “[In places] like

Brazil or England, there are different categories of race than there are in the US...[In

Brazil] there’s a board of people who decide what people’s race are” (P5). In a global

context, however, many participants pointed to relationships between geography

and race and hence suggested diversifying across geography in place of race: “If it’s

an international programme then you can use geography as a proxy” (P5).

Types of Thinking 4 out of 15 participants discussed a diversity in the types

of thinking exhibited by applicants. One participant noted that: “You want as

much representation from different types of thinking as you can, because I want

perspectives to be listened to equally” (P2). This manifested in many ways.

Participants tended to express the belief that personality type diversity could

improve group cohesion: “With that understanding [of] personality types...be able

to tell which...people would get on well with each other” (P14). One participant

suggested a “Personality test” (P12), and another specifically mentioned a desire

to diversify across “Openness” (P2).

However, while personality type was seen as important, core beliefs were

seen as even more so. One participant noted an interest in the diversity of

“Interests politically” (P12), and expressed a desire for diversity of “People’s core

beliefs...separate from religion” (P12). Another also noted: “I would try to have

a good representation of...religious groups” (P3).

6.4.2.3 Operational Risks and Considerations

While our study did not focus on the operational aspects of selection, several selectors’

understanding of diversity was closely tied to the operational realities of selecting for

and running a scholarship. In answering our questions, several participants identified

operational risks or considerations that impacted their understanding of diversity.

These are listed as subthemes of ‘Operational Risks and Considerations’ in Table 6.1.
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Outreach While our study was focused primarily on selecting a diverse cohort

from a fixed applicant pool, 6 out of 15 participants answered questions from

the perspective of outreach to grow a more diverse pool of applicants to select

from. In particular, participants suggested that “Using technology for....targeted

outreach” (P4) could help improve overall cohort diversity before selection even

begins. One said: “Giving you very clear signposting on where you may want

to focus, you know further recruitment or outreach or whatever it might be to

make sure that your programme is diverse at the end of the day” (P6). Another

added: “You can target your outreach dollars to communities where you know

that underrepresented talent exists” (P10).

Support Similarly, 8 out of 15 participants suggested that technology could

enable the support of applicants from underrepresented groups, which would also

improve diversity. One participant suggested that technology could be used to

provide: “[Support] to keep people that you’re attracting from underrepresented

backgrounds and help them get across the finish line” (P10). Participants focused on

the: “Support needed to actually get [applicants] through your programme” (P10),

i.e., supporting applicants after acceptance. Another suggested that technology

could be used to provide support to applicants “After selection” (P15).

Selectors 4 out of 15 participants noted that diversity did not apply merely

to applicants. Instead, for programmes where a group of selectors assists in the

selection process, “Tracking the diversity of the selectors” (P15) and “[Monitoring]

how they’re scoring and reviewing applicants [for] prejudice or biases” (P15).

Applicant fraud Finally, only 2 out of 15 participants expressed concern with

selecting based on particular diversity characteristics, especially self-reported metrics

of diversity characteristics, was the potential for applicant fraud, e.g. falsely

reporting demographic or other attributes to increase their chances of acceptance.

One participant requested: “A fraud detector” (P5), while another expressed a

desire to ensure that the process “Isn’t super gameable” (P10).
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6.4.2.4 Fairness and Bias

Though not a type of diversity as we have understood it here, many participants

referenced similarities between diversity metrics and metrics of fairness or bias

(as in Zhao et al. [187]). Furthermore, several suggested that improving fairness

while reducing bias would likely yield a more diverse cohort. These themes are

reflected under ‘Fairness and Bias’ in Table 6.1.

Fairness 6 out of 15 participants discussed that it was important that applicants:

“Get fair chance on their on their academic merit” (P7). This translated to an

emphasis on “Fairness in the assessment” (P7).

However, participants also noted that “The way the world works is unfair” (P14),

and found it important that the programme is: “Making sure that the world is fairer

by bringing more diversity to this world” (P7). In this way, participants found:

“[The] representative thing....goes back to fairness” (P15). One participant noted

that: “Affirmative action....can come across as unfair to some people, but....it’s

trying to balance things out when things have been so unequal for so long” (P3).

This supports Zhao et al. [187]’s positioning of fairness as related to, rather than

in opposition to, diversity.

Bias 11 out of 15 participants discussed bias, often as both a human- and machine-

decision-making problem. Many participants appealed to technology’s ability to

be comparatively impartial as an important mitigator of bias, i.e., one participant

repeatedly requested a: “Non-biased programme” (P3); another stated a preference

for: “Data analysis to make decisions on who we should be supporting as opposed

to having humans try to make those decisions with all their biases” (P5). However,

those same participants noted that common machine decision-making paradigms

amplify bias and that it was important to be aware of this: “AI has a lot of

bias in it” (P3).
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Others noted the possibility for technology to elucidate biases in both humans

and machines. One participant requested: “Some kind of tool that can detect

bias in a selection” (P7).

6.4.2.5 Programme Goals

Selectors from both programmes identified goals for their programmes. These goals

were discussed by both groups as an intended form of ‘impact’ and both groups

closely related achieving their goals to their expressions of why diversity mattered.

While impact goals varied based on the type of impact and the affected party,

we discuss these as ‘impact’ in Table 6.1.

Impact 5 out of 15 participants found key goals of their programme to include:

“Orient[ing] [scholars] towards social impact or using their talent for good” (P8).

They tended to encourage: “[Scholars’] working towards something impactful

throughout their career” (P8).

6.4.2.6 Merit

Several participants reflected on the relationship between merit and diversity. While

some participants saw these as competing goals, others saw them as complementary.

In particular, complementary views often viewed merit as a form of performance

relative to specific advantages or noted that many of our measurement tools are

biased across our chosen diversity dimensions. These themes are reflected as

subthemes of ‘Merit’ in Table 6.1.

Performance relative to disadvantage 2 out of 15 participants identified

merit as something difficult to disentangle from performance. One participant

noted that applicants may appear less qualified because they: “Didn’t have the

chance; didn’t have the opportunities” (P2), while others with the opportunities

will appear more qualified. Another participant began by asking: “How good are

their three A stars based on where they’ve come from?” (P12), then proceeded



92 92

to reflect that “Your performance relative to your opportunity or maybe expected

performance” (P12) is a key indicator of merit.

Measurement Closely related, 3 out of 15 participants questioned our ability to

measure merit independent of opportunity: “[Whether they perform well] because

they have the opportunity or because they are brilliant – I think that these two are

really difficult to untangle” (P7). Another noted that: “Contextual factors mess up

our otherwise seemingly objective measures of merit.... national context and family

income is messing up your ability to measure the thing you actually care about”

(P10). They continued to note that they: “Need to pay attention to [diversity]

because it’s messing up your measures of what you actually care about” (P10).

Performance Finally, 2 out of 15 participants noted occasions where performance

and diversity were ostensibly competing goals. However, even here, participants

recognised that observed performance and actual merit may differ. One participant

noted that: “[The] overriding aim is for [the programme] to be as diverse as is

possible but still meet a standard....relative score of like how good their application is

based on all these kind of contextual factors” (P12). Another requested a technology

that helps discover how: “Close you are to your idealised diversity targets and

how close you are to maximising whatever it is you think you’re maximising in

your performance scores” (P10).

6.5 Study 2: Participatory Design

6.5.1 Prototypes

As a next step, we applied the results of our thematic analysis to design six prototypes

following methodology from Buchenau and Suri [27]. These technologies aimed

to help selectors better understand and operationalise diversity in their selection

processes. We then present these prototypes to participants in participatory design

workshops. These prototypes are shown in Figure 6.3.



93 93

Three of these prototypes (Figures 6.3a, 6.3b, and 6.3c) present information

about the range of possible cohorts participants must choose between. In addition

to the themes uncovered in Section 6.4, these prototypes draw from the economic

theory presented in Chapter 7. Meanwhile, the other three (Figures 6.3d, 6.3e,

and 6.3f) present information about an individual applicant relative to a given

cohort and a given pool. Furthermore, five of the six prototypes were designed

to satisfy definitions of diversity uncovered in Section 6.4.

(a) Prototype 6.3a: Cohort
Representativeness

(b) Prototype 6.3b: Cohort
Entropy

(c) Prototype 6.3c: Cohort
Diversity

(d) Prototype 6.3d: Appli-
cant Demographic Informa-
tion

(e) Prototype 6.3e: Applicant
Demographic Impact on Co-
hort

(f) Prototype 6.3f: Applicant
Advantage Scores

Figure 6.3: These figures depict the prototypes designed based on themes from Section
6.4 and used in our participatory design workshops. They are reproduced at a larger scale
in Appendix D.2

Figures 6.3d and 6.3e are based on the ‘representativeness’ theme, while Figure

6.3f is based on the ‘contextualising applications’ theme. Similarly, Figures 6.3a

and 6.3b draw a distinction in their measurements of diversity, based on the
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‘representativeness’ and the ‘different perspectives’ themes, respectively. Figure

6.3b, in particular, defines and employs ‘entropy’ as a metric. This reflects that

when aiming to get different perspectives in the same room, the goal is not to

represent any target population; rather, we desire that everyone in our group be

as different from the remainder of the group as possible.

6.5.2 Workshop Methodology

As the participants come from two separate talent investment programmes, we

run one workshop for each group [27]. Before presenting to the broad audience

of each group, we submit our figures to one primary contact (also a participant

in the study) at each organisation, then run informal, 15-minute ‘pilot’ one-on-

one workshops with this primary contact. Here, we primarily sought approval to

use these figures in a workshop with the broader team of selectors, but we also

collected minor feedback and tweaked the prototypes based on this feedback. In one

organisation’s pilot workshop, the primary contact requested Figures 6.3a and 6.3b

be combined into one prototype with ‘Diversity’ as the Y-axis, as the organisation

already has an internal working definition of diversity (that incorporates what we

mean by both representativeness and contextualising applications). This can be

seen in Figure 6.3c. Participant grouping for the workshops is redacted to preserve

participant anonymity; the results for this analysis are attributed by group, rather

than individual, to reflect the cooperative nature of the task.

Our central research questions for this workshop are:

1. What prototypes best promote diversity?

2. What elements of these prototypes facilitate their success?

Or, for each prototype: “How and why does this prototype promote diversity?”. In

each workshop, we ask participants to consider each prototype in turn and to discuss

how they might use it in their selection process. We then ask participants to consider

how these prototypes might fit into their current selection process, and how they

might change their process to better incorporate these prototypes. Finally, we ask
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participants to consider how their current selection process might make the best use

of these prototypes, and whether they think these prototypes would be beneficial.

Following the methodology of Gatian [56] and Griffiths et al. [61], at the end of

each workshop, we ask participants to highlight their favourite prototype.

A question-by-question protocol for these workshops can be found in Appendix

B.3.

6.5.3 Results
6.5.3.1 Participants Preferred Prototype 6.3e

As part of the workshop, participants were asked to mark their favourite prototypes

[56, 61]. These favourites have been collated in Table 6.2, and it can be seen here

that Prototype 6.3e was by far the favourite in both groups.

Table 6.2: This table tallies the number of participants who indicated that a given
prototype was their favourite. The overwhelming favourite was prototype 6.3e, which
shows an individual applicant’s impact on the cohort.

Prototype Favourites

Prototype 6.3a 1
Prototype 6.3b 1
Prototype 6.3c 0
Prototype 6.3d 1
Prototype 6.3e 10
Prototype 6.3f 0

6.5.3.2 Both Groups Rely on Idiosyncratic Notions in Selection

When participants were placed in a practical selection scenario and shown technology

prototype information about (hypothetical) applicants, they compared applicants

to the idiosyncratic profiles that they desired.

When evaluating Prototype 6.3f, G1 used advantage scores to seek out: “Dia-

monds in the rough” (G1), i.e., talented applicants from disadvantaged backgrounds

who lacked the polish of their more privileged counterparts.

Prototype 6.3b was initially confusing to G2, as the ‘entropy’ definition used

was unfamiliar to the participants: “Entropy is chaos in chemistry. How does this
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relate to our usage here?” (G2). Thus, when interacting with Prototype 6.3b,

G2 understood ‘entropy’ to be a variety in cognitive skill and personality type.

In particular, the group sought to ensure that the chosen cohort contained ‘glue’

people, who improve overall cohort cohesion: “For people working together, it’s

useful to have someone who is that ‘glue”’ (G2).

6.5.3.3 Organisations and Participants Are Interested in Different Di-
versities

When presented with Prototypes 6.3a and 6.3b, G2 was given the demonstrative

definitions of ‘representativeness’ and ‘entropy’ (visible on the prototypes). G2

quickly understood the differences between the figures to be that Prototype 6.3a

sought to support considerations of demographic representativeness, while Prototype

6.3b sought to support placing different perspectives (be they cognitive skill-sets

or personality types) in the same room. Participants were then interested to know

the relationship between these prototypes in practice: “If we maximise based on

[Prototype 6.3a] scores, what would the Entropy scores be?” (G2).

However, though individual participants took great interest in Prototype 6.3a,

G2 ultimately acknowledged that the programme was most interested in building

a cohort from people with different perspectives to facilitate collaboration: “For

[our] cohorts, [we] want a balance [of personality types] and [we] want them to be

collaborative” (G2). At the same time: “Let’s track but not use [programme-specific

measure of representativeness]” (G2).

6.5.3.4 Different Tools are Useful at Different Application Stages

Participants in both groups variously expressed anxiety about measuring the relevant

dimensions. “What are our metrics and are they reliable?” (G2) was echoed

by several G2 participants. “If it’s all self-report, then we can’t do anything

with it” (G1).

However, both organisations noted that their selection processes involve a variety

of stages. Different tools are useful in different stages. When speaking of Prototype

6.3b, one participant said: “This is better post-interview than it is pre-interview”
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(G2), as interviews will collect observational data on many of these characteristics.

I.e., while certain tools may rely on measurements that cannot be collected until

later stages, others will be more useful earlier in the selection process.

Similarly, different output modes were useful at different stages. Note that

Prototypes 6.3d and 6.3e contain similar information, but that Prototype 6.3e

displays this information in greater detail. When reviewing both prototypes, G1

found Prototype 6.3d preferable in the earlier stages of decision-making, while

Prototype 6.3e had the greatest utility later. “[We] can’t send [Prototype 6.3e] as a

pre-read, but [Prototype 6.3d] makes more sense in isolation, so better for a pre-read”

(G1). On Prototype 6.3d in particular, one participant noted: “Helpful for the

process, not so much for the [final cohort selection]” (G1). Another said of Prototype

6.3e: “This has the most potential at the later stages of decision-making” (G1).

At the other extreme, while the cohort-level tools did not spark discussions about

particular individuals, they did spark earlier-stage, higher-level discussions. Most

obviously, both programmes discussed specific tradeoffs between measured individual

applicant aptitude and cohort diversity: “Real decision-making always sees tradeoffs

like these.... This chart helps you figure out the level of compromise you’re willing

to make on both axes” (G2); “[It] makes sense that top scoring candidates don’t

necessarily help you build the most diverse cohort.... 5-10% [of the cohort] really

get to a struggle between quality and diversity.... If this chart were real (rather than

hypothetical), and you could see who you were losing, this would be useful” (G1).

(In the hypothetical, participants from G1 settled closer to the centre of the frontier:

“[Our] target here is to look somewhere [from] red to yellow” (G1). However, they

also noted that “Some candidates get a big diversity boost and score terribly” (G1).)

In one case, participants also discussed broader, programme-level concerns.

Participants spent time debating “Is the programme needs-based or merit-based?”

(G1). They noted that “This chart helps [facilitate that discussion]” (G1) but did

not ultimately conclude one way or the other.
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6.5.3.5 The Right Balance of Quantitative and Qualitative Information
is Key

Participants simultaneously expressed gratitude that the prototypes were as sim-

plified as they were, and a desire for more detail. One participant from G1 noted

that the prototypes are: “Very constrained in terms of what is being shown....

This doesn’t include all of the factors, but for the decision, that’s good, because

it prevents info overload” (G1). However, participants G2 frequently requested

additional quantitative information. In the case of the Prototype 6.3e (participants’

favourite prototype, as can be seen in Table 6.2), participants requested many other

metrics: “Advantage score” (G2), “Impact on entropy” (G2), “[A summary of] these

scores together” (G2), and “A composite impact on cohort diversity” (G2).

Meanwhile, participants from G1 requested qualitative information: “We need to

know more about the applicants’ backgrounds” (G1). Other requested information

included: “Comments from selectors” (G1) and “A narrative summary...written

by the selector team” (G1).

This suggests a discrepancy between the two groups’ preference for the balance

between qualitative and quantitative information. While G2 expressed a desire

for unifying quantitative metrics: “A single score for disadvantage [or] need, while

recognising its flaws, could provide one read of an individual’s circumstances”

(G2), G1 expressed a desire for individual, qualitative information: “We’re using

quantitative to sift through qualitative.... [We] need to include comments from

selectors” (G1).

6.6 Design Recommendations

Figure 6.4: This figure illustrates our four key design recommendations to others building
tools to support the selection of diverse talent.



99 99

6.6.1 Design for a Specific Diversity

In the initial interviews, participants were often vague when asked to define diversity.

However, when asked to expand on why diversity is important, or on what dimensions

of diversity they prioritised, it became clear that ‘diversity’ included three separate

(and sometimes competing) definitions. We have termed these: ‘representativeness’,

‘different perspectives’, and ‘contextualising applications’. When designing tools

to assist a target organisation in considering diversity, we suggest designers first

clarify through human-centric methods which definitions of diversity the target

organisation seeks to consider, then designs to support those specific definitions.

That is, designers should follow Van Kleek et al. [172]’s paradigm of ‘respectful’

design and build technology to best serve the needs of the selectors who will use it.

6.6.2 Design for Idiosyncrasy

One key note revealed through this process is that different decision-making processes

have philosophical underpinnings, desiderata, and anecdotal definitions that impact

their selections. These idiosyncrasies should be discovered early in development

and designed for in any technical solution. We suggest participatory design as a

mechanism for achieving this. We observed a strong relationship between participant

feedback in interviews and their satisfaction with the prototypes.

For example, both talent investment programmes we worked with have created

specific personas they look for. For example, one group discussed ‘glue’ people who

helped groups function cohesively. The other group discussed ‘diamonds in the

rough’, talented youth systemically undervalued due to their backgrounds. Where

these aspects were included, participants showed strong interest in the prototypes.

Where they were excluded, participants often asked for these to be added.

6.6.3 Design in Stages

Much of what participants desired at one stage of decision-making was mutually

exclusive with what they desired at other stages. For example, G1 desired Prototype

6.3d as a: “Pre-read” (G1) due to its simplicity but preferred the detail of Prototype
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6.3e “In the room” (G1). Thus, it is crucial for designers to consider what stage

of decision-making their tools are designed to support and to design appropriate

levels of detail, abstraction, and engagement accordingly.

6.6.4 Design to Balance Qualitative and Quantitative

Participants often noted that the prototypes were missing key qualitative information

about applicants. This qualitative information is crucial in the holistic considerations

of each applicant. However, when allowed to consider only qualitative information,

participants obscure tradeoffs they are forced to make between different programme

goals. In particular, while individual-level goals are often clear, cohort-level goals

(such as diversity) are easier to delay or ignore. Thus, without quantitative tools to

frame the discussion, participants noted that they were often forced to make cohort-

level considerations ad-hoc and towards the end of their decision-making process.

Thus, while qualitative information is crucial, it is also important to present the

quantitative information necessary to make these tradeoffs salient. Ultimately, final

selection decisions are made by panels of trained selectors, but in the absence of

both quantitative and qualitative information to guide these decision-makers, they

would be forced to make decisions that are less well-informed than they could be.

6.7 Discussion

6.7.1 The Diversity Triangle

In Section 6.4, participants variously identified the word ‘diversity’ with three

themes, which we have taken to signify definitions of diversity: ‘representativeness’,

‘different perspectives’, and ‘contextualising applications’. As these three definitions

are central to our research questions, we privileged them over Section 6.4’s other

themes in Section 6.5, where we engaged in scenario speed dating and experience

prototyping designed to satisfy different definitions of diversity. In this section, we

map the themes to the three definitions in the Diversity Triangle (Figure 6.5).
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Figure 6.5: This figure depicts the Diversity Triangle, three differing definitions of
diversity selectors expressed when discussing a diverse cohort. We also relate the Diversity
Triangle to each other theme or subtheme participants mentioned.

6.7.2 The Relationship Between the Diversity Triangle and
Theories of Change

6.7.2.1 Representativeness

Each of the definitions from the Diversity Triangle (Figure 6.5) implies different

programme values and a different theory of change. The representativeness defi-

nition relies on social theories by which diversity is intrinsically valuable. Several

participants seemed to believe representativeness here was intrinsically valuable,

which aligns with the Morris [119] account under which contemporary diversity
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norms emerged from loci of oppression affecting underrepresented groups. However,

some participants also noted instrumental reasons to value representativeness that

align closely with Page [132] and Peters [141]’s argument that people from different

backgrounds often possess unique and germane knowledge. One participant noted

that a team can: “Better serve a community if they represent [that community]”

(P9). Another theory from Friedler et al. [52] discusses measurement bias. Notably,

if we assume that talent is equally distributed across some partition, then the most

talented cohort should also be representative. However, Friedler et al. [52] note that

we often observe in practice that performance is not equally distributed across these

partitions. This is likely due to both relevant differences between those groups and

structural bias that causes differences in construct observability between groups

(in fact, the relevance of said differences may also be due to structural biases) [52].

In this case, representativeness would be a proxy for the distributive notion of

fairness [129]. Thus, representativeness is pro-social: society is better served when

resources are distributed to a representative group of people.

6.7.2.2 Different Perspectives

The argument for placing different perspectives in the same room is often instru-

mental. While ‘diversity’ on the whole is often spoken of as an intrinsically valuable

broader benefit, the aim of placing different people in the same room is often only

to benefit the people in that room. Page [133] argues that ‘cognitively’ diverse

groups outperform homogeneous groups on some tasks; some participants similarly

contend that it improves cohort-level task performance. Other participants echo

Wylie [183]’s argument that it allows participants to better learn from each other.

In either case, the benefit is primarily organisational rather than social.

6.7.2.3 Contextualising Applications

The argument for contextualising applications is twofold. Most often, participants

make a systemic critique here. That is, the world is incredibly unjust, and we

want to distribute resources differently, but in a talent selection process, we still

have to operate in an unequal world. Thus, to correct that injustice, we must give
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more resources to those who have less. This could be seen as a form of distributive

justice or ‘affirmative action’ [129]. Participants argue (perhaps relatedly) that

appropriately contextualising applications results in more successful applications

from disadvantaged groups; this, in turn, allows these applicants to have a positive

impact on their groups. Relatedly, either due to measurement bias, or due to

differences in performance brought on by disparate access to resources, support,

and opportunities, we may find that applicants from disadvantaged backgrounds

appear worse on paper. In either case, correcting this through contextualisation

may also build a more fair selection process and a more just world, yielding great

benefit to society. On the organisational side, if contextualising applicants allows

for the admission of more applicants from marginalised groups, they may be better

suited to critiques of existing power structures, as they may have more informative

experiences of oppression [112].

6.7.3 A Cautionary Note On Designing for Diversity

Decisions such as scholarship selection have long-reaching impacts on the applicants.

A successful applicant to a scholarship programme might thus attend a university

they could not have otherwise attended; there, they will acquire skills and a network

that will continue to impact them later in life; these impacts may even affect

those close to them, as their better circumstances likely better the circumstances

of their communities [39]. Thus, it is simultaneously important to ensure that

these opportunities are dispersed fairly and to ensure that all demographics are

included among those selected.

This increases the importance of selecting a diverse group of people and mandates

that we do all we can to do so. Quantitative decision support tools may have a

role to play in this, but two problems remain: data collection and data processing.

Primarily, diversity data is often self-reported. Thus, we cannot use this naively

to generate diverse cohorts, as doing so would yield a competitive advantage to

candidates who lie on their declarations. Secondly, processing data automatically
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has its drawbacks. AI systems are prone to bias [52]. And as these systems improve,

it is unclear if they will help or harm our ability to select diverse cohorts.

However, it is important to note that both the problems of data collection and

processing are not unique to this workflow. Algorithmically-supported diversity

considerations may correct for data collection and processing issues elsewhere. Bias

is a major consideration in data collection [52]; heterogeneous biases in measurements

of talent may be corrected by ensuring diversity across these metrics: “Assessments

are usually biased measures of what we care about, and that opportunity often

correlates with positive error terms in assessments’ measure of underlying skills....

[Diversity considerations] correct for the inadvertent affirmative action against

underprivileged individuals implicit in using biased assessments” (P1). Similarly,

much like AI systems, human selectors are prone to their own heterogeneous biases;

in some sense, ‘design for idiosyncrasies’ reflects the notion that decision support

systems must at times help recognise and mitigate these biases.

6.8 Limitations and Future Work

In Studies 1 and 2 we build tools with which participants report satisfaction, but

increasing participant satisfaction does not necessarily improve decision-making. In

particular, technology that makes difficult decisions less painful may be well-received,

while technology that makes these decisions more salient may be less popular but

more impactful [100, 111]. Our themes speak to participant perceptions of diversity

and our design recommendations speak to participant desiderata from support tools.

We assume that, in solving for these considerations, we can help organisations

select better cohorts. However, we may find that these tools fail to improve

decision-making concerning diversity in practice. Future work should investigate

this possibility through the implementation of our prototypes in field settings.

Venn-Wycherley et al. [174] contend that HCI literature focused on educational

contexts should consider both educator and student. Two distinctions distance

our work from theirs: first, selection is distinct from pedagogy in that our decision

subjects are not necessarily beneficiaries (while students are beneficiaries of their
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institution, applicants do not become beneficiaries unless they are selected); second,

scholarships are distinct from educational institutions in that scholarship pro-

gramme benefits primarily focus on assisting beneficiaries in accessing educational

institutions, while educational institutions primarily educate beneficiaries. Both

distinctions create distance between selectors and applicants beyond that between

teachers and students and pose challenges in engaging decision subjects. Nonetheless,

future work should engage scholarship applicants to understand their definitions,

stances, and considerations concerning diversity.

While not a limitation, we have intentionally set aside themes such as ‘outreach’

and ‘selectors’ that relate more to other aspects of selection processes than to the

act of selection itself. We hope future work will consider these facets of selection

programmes, especially when designing tools to support thinking around diversity.

6.9 Conclusion

This research answers the crucial question: “What is diversity?”, from the per-

spective of scholarship and talent investment selectors. In doing so, we illuminate

the multifaceted nature of diversity in scholarship selection and emphasise the

critical need for tools that support considerations of diversity in decision-making.

Our findings reveal that achieving true diversity involves navigating the complex

interplay between three occasionally conflicting definitions: representativeness,

diverse perspectives, and the contextualisation of applicants’ backgrounds. By

engaging in participatory design, we build six prototypes with our selectors; this

process reveals four design recommendations: design for a specific diversity, design

for idiosyncrasy, design in stages, and design to balance quantitative and qualitative.

This work demonstrates that, when thoughtfully designed, technology can empower

selection processes to be more equitable, inclusive, and transparent. The broader

implication is that such advancements have the potential to reshape how diversity

is operationalised, ensuring that it is both a measurable outcome and a core value

in shaping the future of talent identification. As we move forward, the integration

of these tools into real-world practices will be pivotal in fostering truly diverse
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and representative groups in global scholarship programmes and beyond. However,

we caution that programmes seeking to implement these tools should ensure that

they improve not only subjective selector perceptions of decisions but also the

objective quality of those decisions themselves.
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7.1 Motivation

In Chapter 6, we co-designed six prototypes with selectors from Programme A

and Programme B, all of which garnered interest. However, as we caution in
23This chapter is based on two papers showcasing research done in concert with Kadeem Noray.

Both contributed equally to the research. This version draws from both publications; in doing so,
it borrows from the rich tradition of talent-related research in economics, as well as the HCI work
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Chapter 2 and demonstrate in Chapter 4, subjective feedback is not a substitute

for objective evaluation of a tool’s impact on decision-making. Therefore, this

chapter moves from design to deployment. We implement a functional version of

Prototype 6.3c from the previous chapter and evaluate its real-world impact in a

field deployment with the Programme A programme.24

7.2 Introduction

The rise of diversity, equity, and inclusion initiatives suggests that various organisa-

tions (e.g., schools, firms, social impact programmes, etc.) are genuinely interested

in selecting diverse talent. This is driven, at least in part, by recent declines in

discrimination [70], increases in the perceived return to diversity [42, 128, 134],

and increased social pressure for demographic representation [113]. In this chapter,

we deploy technology based on Prototype 6.3c in a field study with Programme

A. We seek to understand whether this technology can help organisations select

more diverse and talented cohorts.25

To ground and assess our technology, we first develop a model for cohort

selection. We assume an organisation receives N applications and must select a

cohort of n < N individuals. The organisation seeks to simultaneously maximise

the cohort’s talent (e.g., mean performance on an ability measure) and its diversity

(e.g., proximity to target demographic proportions). This optimisation problem

yields a trade-off, which we term the Selection Possibilities Frontier (SPF). The

SPF represents the set of non-dominated cohorts—those that are not outperformed

by any other cohort on both talent and diversity. The SPF framework provides the
24It should be noted here that Prototype 6.3c itself draws from theory presented in Section

7.3.1. Thus, the design of Prototype 6.3c implemented in this chapter draws as much from this
chapter as from Chapter 6.

25Throughout the chapter, we use ‘talent’, ‘aptitude’, and ‘performance’ interchangeably. In
doing this, we recognise that organisations generally seek to optimise for vague and often conflicting
notions of talent or aptitude, but do so via measurements of applicant performance on assessments
or assignments. In practice, this process carries risks; e.g., heterogenous biases in metrics or
assessment methods will lead some subgroups to appear less talented or apt than others, even
when no true difference in talent or aptitude exists. On the whole, this chapter is more interested
in measurements of diversity than of talent or aptitude; thus, while these risks are of crucial
importance to fair selection processes, they are tangential to the focus of this chapter.
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theoretical basis for Prototype 6.3c, which we implement using a greedy estimation

algorithm that leverages the submodularity of diversity functions [71, 86].

Next, we present the results of deploying this tool with Programme A during

their Cycle Y selection cycle. Our analysis of their Cycles W and X reveals that

their selected finalist cohorts were well within the SPF, meaning they could have

been substantially more diverse or higher-performing. For instance, the Cycle

X cohort could have been 14.6% more diverse with no loss in performance, or

24.1% higher-performing with no loss in diversity. This indicates that without

our DST, Programme A was making inefficient selections relative to their own

stated goals. In contrast, when Programme A used the SPF-based tool in Cycle

Y, they selected a cohort that was more diverse, higher-performing, and located

very near the estimated frontier. This suggests the DST significantly improved

the efficiency of their selection process.

To understand why organisations might select inefficient cohorts without such

support, we prove that the underlying optimisation problem is computationally

complex. When diversity preferences involve non-mutually exclusive identities (e.g.,

both ethnic minorities and women), the problem of finding the optimal cohort

becomes NP-hard. When these preferences are considered among an organisations

myriad other preferences, the problem remains NP-hard. This complexity makes

it prohibitively costly for selectors to find the optimal frontier by hand, leading

them to choose suboptimal cohorts. Our DST reduces this computational cost,

enabling them to make more efficient decisions.

To account for this complexity, we augment our model of cohort selection

by forcing organisations to incur a computational marginal cost for each unit of

increased cohort diversity. This represents the fact that, to find a more diverse

cohort, one must engage in the laborious process of composing potential cohorts and

comparing them. This is in sharp contrast to finding more talented cohorts, which

is comparatively simple and thus modelled as costless, because each individual’s

contribution to cohort talent is unrelated to the remainder of the cohort. This

updated model appears to better describe organisational behaviour. This has two
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implications: (1) organisations will tend to select sub-optimal (i.e. non-first-best)

cohorts and (2) organisations will improve on both performance and diversity if

they gain access to a technology that reduces this computational marginal cost.

As an aside, we apply our SPF estimation procedure as an ex-post DST to

evaluate the efficacy of alternative screening and selection methods. To do this,

we leverage two unique aspects of the programme. First, the programme collects

both traditional merit-based measures – including cognitive tests, written essays,

and referring organisations – as well as non-traditional measures – including peer-

reviewed video essays, gamified skill tests, and application platform behaviours.

Second, the programme engaged in effectively no screening before receiving concrete

projects from applicants, making it possible to estimate valid counterfactual diversity

and performance of cohorts had they been screened in different ways. Leveraging

these features, we find three key results. First, selecting only based on cognitive

ability or traditional metrics would have improved cohort performance relative to

random selection, but would significantly restrict the programme from reaching its

diversity goals. By contrast, selecting only on peer reviews performs similarly on

performance but improves diversity substantially. Second, all alternative selection

methods we explore result in selecting cohorts well within the SPF and, therefore,

leave substantial diversity and performance gains on the table. Third, the trade-off

implied by the SPF between talent and diversity is steeper if traditional measures

are used to measure talent than if applicant projects are used.

7.3 Theory and Methods

7.3.1 Evaluating Organisational Decision-Making

Central to this chapter is the desire to evaluate Prototype 6.3c on real results, rather

than subjective satisfaction. However, there is no ground truth of decision-making

in the scholarship programme. Thus, we define a model of talent selection and use

this model in assessing a field deployment of the prototype. This model relies on a

key object, the Selection Possibilities Frontier (SPF), to bound the range of possible

cohort selections on two axes: average applicant performance on individualised
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metrics of talent, and overall group diversity. With this model, we can evaluate

the programme’s decisions in terms of their proximity to the SPF; the closer a

programme is to the SPF, the more efficient its selection process. In this case, we

deploy Prototype 6.3c with Programme A, thus, we are interested in Programme

A’s SPF. Programme A does not share the precise aggregation method for their

talent and diversity metrics, but a summary of the measurements they collect can

be found in Appendix A. For this chapter, it suffices to know that Programme A

has working definitions of both performance and diversity.

We start by considering a simple version of the organisation’s optimisation

problem. Organisations receive N applications and must select n < N individuals

to form a cohort c from the set of all potential cohorts C. The organisation prefers

both that the selected cohort is higher-performing on some measure of talent and

more diverse. For now, a cohort’s diversity can be thought of as the inverse of

a multidimensional measure of distance between the set of proportions of the

cohort who belong to key demographic groups and a set of target proportions the

organisation has for each group (we discuss definitions of diversity in more detail

in Section 7.5.1). If we let the performance and diversity of a given cohort c be

given by the functions P (c) and D(c), respectively, then the above description is

equivalent to letting the organisation’s preference function F
(

D(c), P (c)
)

exhibit

FD > 0, FP > 0, and FDP ≥ 0, where subscripts indicate partial derivatives.

Conceptually, this would represent a scenario where an organisation can observe

D and P for every possible cohort and simply select the one that maximises F (D, P ).

If we assume the organisation behaves rationally, we know the organisation will

not choose dominated cohorts. Formally, c∗ can be the optimal cohort if and only

if there exists no c′ such that D(c′) > D(c∗) and P (c′) ≥ P (c∗) and there exists

no c′ such that D(c′) ≥ D(c∗) and P (c′) > P (c∗). We know that the optimal

cohort must be in the set of non-dominated cohorts which we define as the Selection

Possibilities Frontier (SPF). If we assume, for expositional purposes, that the SPF

is continuous, we can represent it as the following function:
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Figure 7.1: This figure depicts an example solution to an iteration of the selection
problem, which is described in Equation 7.2. The solid blue curve represents the Selection
Possibilities Frontier (SPF), the dotted blue curve represents the organisation’s indifference
curve corresponding to the highest achievable utility, and the blue dot represents the
diversity and performance of the optimal choice (i.e. the first-best solution).

G(p) := max
[
D(c)|P (c) ≥ p

]
(7.1)

In words, G(p) merely gives the highest possible diversity for every cohort per-

formance level. The diverse talent selection problem, then, can be represented

as choosing a cohort to maximise F subject to a constraint that the choice be

on the SPF. Formally:

max
d,p

F
(

d, p
)

s.t. d = G(p),

which is equivalent to:

max
p

F
(

G(p), p
)

. (7.2)

The solution to this simple version of the model is depicted in Figure 7.1.

Notably, this model suggests that organisations should always select cohorts on the
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frontier, as all cohorts within the frontier are dominated by cohorts that are either

at least as diverse and more talented or at least as talented and more diverse.

7.3.2 Defining the Classes of Diversity and Performance
Functions

Without knowledge of the types of functions D(c) and P (c), Equation 7.2 proves

difficult to instrument in practice. In this section, we define the classes of functions

D(c) and P (c) that are relevant to the diverse talent selection problem. In particular,

we will formalise proportional diversity and count diversity as kinds of diversity,

and assume performance to be a real-valued individual-level metric, aggregated

by summation.

In both cases, here, we work with Programme A to identify their preferences

w.r.t. different kinds of diversity and performance. We then implement their

preferences as functions D(c) and P (c).

Proportional diversity When organisations make statements like: “we desire at

least x proportion of group g”, they are speaking of proportional diversity. But,

since organisations aim to select cohorts of a specific size, we can reframe this goal

as “we desire at least x ∗ n individuals from group g”, where n is the total number

of applicants in the cohort.26 If we let χg(c) be the proportion of c in group g

and σg(c) be the total number of applicants in c who are in group g, this goal can

be formalised into the proportional diversity function:

δprop
g (c, x) := n ∗ min(χg(c), x)

:= n ∗ min(σg(c), x ∗ n)
n

:= min(σg(c), x ∗ n).

(7.3)

Note that the minimum function is used here to formalise “at least”, so that

the function only increases until the proportional threshold is met. If, for example,

an organisation selecting 100 applicants would like their organisation to be at
26This reframing will turn out to be helpful in Section 7.3.3 when we develop our SPF estimation

strategy
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least 40% female, the proportional diversity function associated with this goal

is δp
female(c, 40) := min(⃗f ∗ c⃗, 40) where f⃗ is a Boolean vector indicating which

applicants are female and c⃗ is a Boolean vector that indicates who is in cohort

c. This can be thought of as an inverse distance along the dimension of group

representation between cohort c and an ideal cohort c∗ where σg(c∗) = x ∗ n.

Count Diversity The second common type of diversity is what we call Count

diversity. This formalises organisational statements like: “We desire at least one

person from m groups”. To formalise this notion, let I(·) be an indicator function

that is equal to 1 if the condition within is true. We can now represent a count

diversity preference as:

δcount
G (c, m) := min

( ∑
g∈G

I(σg(c) ≥ 1), m
)
, (7.4)

where G is the set of relevant groups the organisation wants to be represented by at

least a single individual. This type of function is ideal for representing geographic

representation goals where educational institutions, like colleges or scholarships,

often have goals like “we want a student from every state” or “we want as many

countries as possible represented”.

Overall Diversity Ultimately, organisations care about all of their diversity goals,

not just one. Thus, the diversity functions that are relevant for an organisation

must be aggregated if we want to formalise an organisation’s overall preference

for diversity. We define this aggregation as an organisation’s diversity score D(c),

which generally has the following form:

A
(
δprop

g1 (c, x1), ..., δprop
gK

(c, xK), δcount
G1 (c, m1), ..., δcount

GJ
(c, mJ)

)
,

where A(·) is an aggregator function. It is essential that D(c) increases as a cohort

gets “closer” to one of the underlying diversity goals because this is sufficient

to identify cases when one cohort dominates another, even if the formalisation
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misses something subtle or difficult to articulate about the organisation’s diversity

preferences. A flexible but simple aggregator function is a weighted sum, where

organisations can place different emphases on each of the goals. So, for the remainder

of this chapter, we use diversity scores of the following form:

D(c, w⃗, x⃗, m⃗, g⃗, G⃗) :=
∑
k∈K

wkδprop
gk

(c, xk) +
∑
j∈J

wjδ
count
Gj

(c, mj), (7.5)

where w⃗, x⃗, m⃗, g⃗, G⃗ are vectors of the organisation’s weights, proportional targets,

count targets, groups of interest to proportional diversity functions, and sets of

groups of interest to count diversity functions, respectively.27 In general, we

suppress the vector notation opting to refer to the diversity score as D(c) where

this doesn’t lead to confusion.

Talent, Aptitude, or Performance Relative to diversity, our definition of

performance is simple. In general, organisations measure aptitude for their pro-

gramme using an individualised metric, usually performance on some assessment or

assignment. Common examples include test scores, essays, or grades for educational

organisations or technical interviews for hiring in technology. More sophisticated

(though uncommon) measures might be the predicted success of an individual based

on a set of performance metrics. In this chapter, we assume that organisations

already possess a real-valued talent metric ρi evaluated at an individual level. A

cohort’s talent, then is defined as the sum of the talent level of the individual

members, which is given by:

P (c) :=
∑
i∈Ic

ρi, (7.6)

where Ic is the set of all individuals i in cohort c. Unlike diversity, P (c) is

straightforward because each individual’s contribution is ρi regardless of whoever
27Another attractive option is a CES aggregator because it allows for specifying the degree

of substitutability between diversity goals, but this comes at a cost to interpretability, as many
organisations don’t regularly use CES aggregators. Nonetheless, the authors are currently working
on establishing whether the estimation procedure presented in Section 7.3.3 is viable for a CES
aggregator.
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else is in the cohort. Note that, as long as an organisation fixes their desired cohort

size beforehand, optimising for the sum of ρi is identical to optimising for mean ρi.

We represent an organisation’s preference function F as a weighted sum of

performance and diversity functions. That is:

F (D, P, c, ι) := ι ∗ D(c) + (1 − ι) ∗ P (c) (7.7)

7.3.3 Implementing Prototype 6.3c in the Field

As it happens, the SPF modelled in Figure 7.1 can be used to implement Prototype

6.3c in the field. I.e., a calculation of the SPF using an organisation’s preference

function yields all of the data required to plot Prototype 6.3c (which is, as it

happens, just a depiction of the SPF presented alongside contextual information

designed to help selectors best understand the visualisation). However, as we will

demonstrate in Theorem 1, calculating the SPF outright is unfeasible.28 Instead,

we rely on a greedy algorithm to approximate the SPF.

Greedy optimisation is the practice of approximating an optimal solution to an

iterative process by, at each iteration, making a choice that optimises the process

at that iteration (i.e. ignoring iterations before and after) [125]. It is well known

that greedy optimisation can be used to build near-optimal subsets of a given

set when the objective function is non-negative, monotone, and submodular [49,

125]. Though these conditions are not strictly necessary, results are not so clear

when one of these conditions is dropped [49].

While non-negativity is self-explanatory (the objective function cannot be less

than zero), monotonicity and submodularity deserve further clarification. In our

context, monotonicity will require that cohorts are always more diverse than their

smaller sub-cohorts while submodularity will require that an applicant’s marginal

effect on diversity for a cohort will be (weakly) less than their marginal effect on
28A keen reader may note that, under stricter conditions, others have already introduced

algorithms for calculating the SPF outright. For example, Kleinberg et al. [82]’s algorithm can
be easily extended to calculate the SPF when an organisation only possesses one proportional
diversity preference.
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diversity for a smaller sub-cohort. More formally, a function D defined on subsets

of some universe U is monotone if and only if

∀Y ⊆ U, X ⊆ Y : D(X) ≤ D(Y ), (7.8)

and is submodular if and only if

∀Y ⊆ U, X ⊆ Y, x ∈ U \ Y : D(X ∪ {x}) − D(X) ≤ D(Y ∪ {x}) − D(Y ). (7.9)

This may appear constraining, but, luckily, diversity functions δprop
g (c) and

δcount
G (c), D(c), the talent function P (c), and F (D, P ) all satisfy these conditions

as defined in Section 7.3.2. We show this in Theorems 3, 4 and 5 in Appendix C.2.

Now that we have established the necessary restrictions on functions F (D, P ),

we present a greedy algorithm that finds c to optimise F (D, P, c, ι); by repeating

this for various values of ι, we obtain the frontier between D(c) and P (c) (i.e., the

SPF). This algorithm relies on two observations. First, any point on the SPF can

be represented as the maximum of a weighted sum f(ι, c) = ι ∗ D(c) + (1 − ι) ∗ P (c)

where ι ∈ [0, 1]. Second, any f(ι, c) is monotonic and submodular. In this context,

the algorithm repeatedly maximises a weighted sum of diversity and talent, varying

the weight put on each element in each maximisation. Formally, the algorithm

maximises f(ι, c) m times, where each iteration optimises ι = mi

m
. Then, for each f ,

this algorithm builds each cohort c from c of size 0 until size n by adding an applicant

not in the current cohort c (u ∈ U \ c) that yields the highest f value (i.e., that

maximises f(c ∪ {u})). This algorithm is presented more formally in Algorithm 1.

Algorithm 1 Greedy Frontier Optimisation
For each desired point on the frontier defined by ι ∈ [0, 1]

Let fι := ι ∗ P + (1 − ι) ∗ D be weighted average of P and D
Begin with empty cohort c = 0⃗
While cohort c is less than the desired size (|c| < k)

Find applicant i such that adding i to c maximises fι(c + i)
c := c + i
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It is well-known that the greedy algorithm yields a
(
1 − 1

e

)
-approximation

of any submodular, monotonic set function [85]. That is, the algorithm selects

cohorts whose fι values are at least 1
1− 1

e

of the maximum fι any cohort of that

size selected from the same applicant pool. For the avoidance of doubt, a proof of

these approximation bounds is presented in Theorem 6 in Appendix C.3. Thus, the

Greedy Frontier Optimisation algorithm returns points on a curve that
(
1 − 1

e

)
-

approximates the true SPF29. We note that this is a worst-case approximation ratio

and that the actual approximation ratio may be much better.

7.4 A Field Study with Programme A

We apply our methodology to evaluate our technology in a field deployment with

Programme A’s Cycle Y. Through this deployment, we document evidence that

Programme A selected finalists within the SPF – consistent with the first prediction

of our model – and that Programme A selected much closer to the SPF after they

were given an SPF estimate to aid in the selection of their third cohort.

Evaluating Past Selection Decisions Before implementing our technology, we

use the methodology described in Section 7.3.1 to determine the efficiency of past

selection decisions. In particular, we analyse the finalist selection portion of the

Cycles W and X, where the programme must construct a cohort of approximately

N applicants from a pool of roughly 4N.

This analysis requires two steps: (1) applying Algorithm 1 to both cohorts

to estimate the SPF and (2) comparing the actual talent and diversity levels of

the finalist cohort to the estimated SPF. The model we developed in Section

7.3.1 would suggest that this comparison should find that the chosen cohorts

are on or near this frontier.

The results from these two steps are depicted in Figure 7.2. Surprisingly, neither

the Cycle W nor Cycle X finalist cohorts are chosen on the frontier. (We confirm
29In practice, the outputs of the greedy algorithm do not always themselves form a convex curve.

We remove produced points that do not sit on the convex curve.
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(a) The SPF for the Cycle W finalist
selection process. In Cycle W, cohort
diversity could have been improved by
15.2% without any reduction in cohort
performance, and cohort performance
could have been improved by 15.6%
without any cost to diversity.

(b) The SPF for the Cycle X finalist
selection process. In Cycle X, cohort
diversity could have been improved by
13% without any reduction in cohort
performance, and cohort performance
could have been improved by 19.6%
without any cost to diversity.

Figure 7.2: These figures depict the SPFs we estimate for the Cycles W and X finalist
selection processes. The y-axis represents the diversity score while the x-axis represents
average cohort performance (i.e. project scores). The green curve is our estimate of the
cycle SPF, which represents the upper bound of diversity that is achievable at every level
of cohort performance. The red dot depicts the actual level of diversity and performance of
the finalists that were selected. The vertical and horizontal dashed red lines represent the
maximum Pareto gain that was possible along the diversity and performance dimensions
respectively. These figures are reproduced at a larger scale in Appendix D.3.

that these apparent gaps between frontiers and chosen cohorts are statistically

significant using a permutation test in Figure 7.5.)

These results confound the simple model from Section 7.3.1, which suggests

that organisations should always select cohorts on the frontier, as all cohorts within

the frontier are dominated by cohorts that are either at least as diverse and more

talented or at least as talented and more diverse.

Evaluating Selection Decisions with Decision Support Now we turn to

analysing what happened to selection in the talent investment programme when

they were given access to our DST in Cycle Y. Again, we first estimate the SPF.

However, rather than immediately comparing chosen finalists to this estimate, we

instead construct a functional implementation of Prototype 6.3c using this estimate.

Selectors were provided with this DST to inform their decision-making process.

The tool, as depicted in Figure 7.3, presented the estimated SPF curve along with
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Figure 7.3: This figure displays the SPF-based DST provided to Programme A selectors
in Cycle Y. In addition to the SPF itself, selectors were given access to a myriad of
supporting information. While this information cannot all be presented here, much of it
describes the candidate optima (i.e., the cohorts represented by the coloured dots). In
particular, selectors were interested in the spread of performance scores in each cohort, as
well as the extent to which each cohort satisfied programme diversity targets.

several pre-calculated candidate cohorts (the “coloured dots”). For each of these

candidate cohorts, selectors could review supporting information, including the

distribution of performance scores and the extent to which various programme

diversity targets were met. This allowed them to evaluate these specific, pre-defined

options and understand the associated trade-offs. After selecting a desired cohort

along the SPF, this cohort is used to inform a shadow price ι. Participants were

then repeatedly shown all available information on the next best applicant to add

to the cohort according to chosen shadow price ι and asked to rule that candidate

in or out. This process was repeated until the desired size was reached. After the

selection process was completed with the aid of this tool, we then compare the

actual finalist cohort’s diversity and talent to the SPF estimate.
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The results from this analysis are depicted in Figure 7.4. Here we see notable

differences in the selection patterns relative to Cycles W and X. In particular,

the Cycle 3 finalist cohort is nearly on the SPF, making the possible Pareto

improvements in both directions no more than 2%. This suggests two things.

First, it provides further evidence that selection decisions in Cycle W and Cycle X

were, in fact, inefficient; had Programme A known about the possibility of making

Pareto improvements relative to their stated preferences, they likely would have

changed their behaviour. Second, it provides evidence that the DST presented

here actually influences the decisions of selectors.

Figure 7.4: This figure displays the SPF for the Cycle Y finalist cohort. Again, the y-axis
represents the diversity score while the x-axis represents average cohort performance, the
green curve is our estimate of the SPF, and the red dots depict the actual level of diversity
and performance of the finalists that were selected. In this case, we overlay the finalist
Cycles W and X cohorts to provide a point of comparison. The diagonal dashed red line
represents the distance in diversity-performance space between the Cycle X cohort and
the Cycle Y cohort. In Cycle Y, there are no significant Pareto improvements in either
diversity or performance.

To determine whether the improvements are statistically significant, we leverage
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a permutation test depicted in Figure 7.5. The key comparison is between Cycle

Y max Pareto improvements in talent and diversity (the solid blue vertical lines

in both panels) and the corresponding 95 percentile of the random difference

distributions (the dashed black vertical line). For both dimensions, the possible

improvements are statistically insignificant. In contrast, Cycle W and Cycle X both

display statistically significant max Pareto improvements. Ultimately, though this

confounds the predictions about selector behaviour implied by the model in Section

7.3.1, it does suggest that the DST is effective in improving selection decisions.

7.5 A Plausible Explanation for Selection Inef-
ficiencies

7.5.1 Why Are Organisations Selecting Pareto Inferior Co-
horts?

The results of our field study, specifically w.r.t. the Cycles W and X, suggest that

organisations are not selecting cohorts on the SPF. This is surprising, as the SPF

model suggests that organisations should always select cohorts on the frontier, as all

cohorts within the frontier are dominated by cohorts that are either at least as diverse

and more talented or at least as talented and more diverse. In conversation with

Programme A, we have come to two plausible explanations for why this might be.

First, it might be that the axes of performance and diversity fail to capture the

full dimensionality of organisational preferences. One mechanism for this, supported

by the revelation from Chapter 6 that programmes desire representations of specific

idiosyncrasies, is that our axes fail to capture an idiosyncratic preference possessed

by Programme A selectors. Another mechanism, also supported by Chapter 6, may

come into play if the organisation’s quantifications of talent do not capture the full

scope of their concerns; i.e., if part of the measured “talent” an organisation selects

for is only captured qualitatively, it cannot be factored into our model.

Second, however, it may be that there is an inherent cost associated with

approaching the frontier. This would make organisational selections in the Cycles
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Figure 7.5: This figure displays permutation tests comparing the potential Pareto
improvements along the diversity and talent dimensions to the distribution of differences
on both dimensions from 1000 randomly drawn pairs of cohorts. The dashed black vertical
line represents the 95 percentile of these differences. The solid vertical lines represent
the maximum Pareto gain on performance and diversity in each application year. We
interpret inefficiencies at or larger than the 95 percentile of the distribution as significant,
thereby sticking to the conventional α value. While Cycles W and X both appear to have
significant inefficiencies, Cycle Y does not.
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W and X second-best, in that they are optimal according to a model placing

certain costs on their selections.

The selection decisions in Cycle Y favour our second explanation; if the organ-

isation had uncaptured preferences, we would expect these to play a similar role

in Cycle Y, and to result in an apparently suboptimal cohort selection. However,

the cohort selected is, according to our model, Pareto optimal.30 Thus, we must

seek out the cause of this inherent cost.

7.5.1.1 Diversity Causes Complexity

The most plausible source of cost in approaching the frontier is the impracticality

of selection teams discovering the frontier by hand. This is particularly sensible,

as we prove here that calculating the frontier outright is NP-hard; that is, there

are no known efficient algorithms that can calculate the SPF outright [35].

To see why intuitively, consider a college that aims to accept some target fraction

of Black applicants from a pool of Black and White applicants. And, assume the

school wants to select as talented a class as possible, where talent is proxied for

by test scores, grades, or some combination of the two. In this special case, as

shown in Kleinberg et al. [82], there exists a computationally easy algorithm to

calculate the SPF shown below.31

Algorithm 2 A Procedure For Calculating the SPF Based on Kleinberg et al. [82]
Define a minority group (Black) and mutually exclusive majority group (White),
Rank applicants within their group by test score,
Define a target proportion of Black admits,
Select Black applicants from the highest ranking down until the target is reached,
Select the White applicants from the highest ranking down for the remaining
slots,
Repeat steps 1-5 for different thresholds of representation to trace out the SPF.

What allows this algorithm to work is the mutual exclusivity of the minority

and majority groups. This allows one to transform the diverse talent selection
30More specifically, our chosen cohort is not significantly within the frontier.
31Technically, the algorithm presented by Kleinberg et al. [82] only optimises for the most

diverse point on the SPF. Thus, we have added the Repeat step (cycling through the algorithm
with different representation thresholds) to enable their algorithm to trace out the SPF.
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problem into two separate talent maximisation problems where the organisation

simply selects the most talented members of each group. This can be extended to

any case where target proportions are defined at the level of mutually exclusive

group level, even when multiple different demographic dimensions are considered.

To be concrete, if the organisation cares about race and gender and, thus, has

target proportions for black male, black female, white male, and white female

applicants, then the problem can be broken into four separate talent maximisation

problems where the most talented members of each group are selected until the

target proportions are met for each group.

But what happens if an organisation has preferences for the representation of

non-mutually exclusive groups? (I.e., what if an organisation places nonzero weight

on two proportional diversity functions?) To continue the running example, this

would be analogous to a college that has target proportions for black applicants and

female applicants, but not for each race by gender combination. This seemingly

small change prevents an organisation from transforming the problem into simpler

group-specific talent maximisation sub-problems. To see this, consider applying

the Kleinberg et al. [82] algorithm to each group sequentially; this would mean

selecting the best black applicants until reaching the target proportion, then doing

the same for female applicants. If the most talented black applicants were male

or if there were few talented white females in the pool, having allocated the black

slots in this way forces the college to select less talented females than optimal (or,

it may inhibit reaching the target proportion for females at all).32 In short, when

diversity preferences are over non-mutually exclusive groups, we cannot cleanly

and efficiently break the problem into simple talent maximisation subproblems for

disjoint minority groups, so it is not clear how we might extend the Kleinberg et al.

[82] algorithm to a general version of the diverse talent selection problem.

The general diverse talent selection problem allows organisations to have

preferences for the representation of an arbitrary number of overlapping (or disjoint)

demographic groups. This aligns more closely with the diversity preferences of
32An alternative strategy might iterate over different intersectional targets that satisfy the

original two targets; this strategy still suffers from non-polynomial growth.
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real-world organisations like colleges, firms, and social impact programmes, many of

which aim to select personnel from various ethnicities, genders, classes, geographies,

ideologies, and specialities. Organisations generally state their preferences using

statements of the following form: “the organisation desires at least x% of group g” or

“the organisation desires at least one person from m groups”. These types of diversity

preferences are what is formalised in the function D(c), which forms an integral part

of the class of functions F ; we demonstrate here that calculating F is NP-hard.33

We now prove that, for the class of functions F of the form from Equation

7.7, the problem of finding the optimal subset of size k for any fi ∈ F is still

computationally complex. This time, we rely on the assumption that NP-hard

problems are computationally complex. That is, Theorem 1 holds.

Theorem 1. Let U be a ‘universe’ set of size at least N ≥ 2 ∗ n and F = {f :

P(U) → R} be the set of functions described in Equation 7.7. Then Optspec(fi, n) :=

argmaxc∈U∧|c|=n(fi(c)) is NP-hard in n.

To do this, and to justify the significance of this result, we bring in the

computational complexity of the Vertex Cover problem, which has been proven to

be NP-hard [35]. Vertex Cover can be seen in Theorem 2.

Theorem 2. Let G = (V, E) be a graph. Let V C(G, κ) := Cov|Cov ⊆ V ∧ |Cov| =

κ ∧ ∀e ∈ E.∃v ∈ Cov.v ∈ e be a function of G that returns a set Cov such that

every edge in G is incident on at least one vertex in Cov. Then V C in NP-hard in

the number of vertices.

We now prove Theorem 1 by reduction to Theorem 2, assuming that there exists

no polynomial time solution to Vertex Cover [35].

Proof. Suppose for a contradiction that Theorem 1 admits some polynomial-time

solution Algspec. I.e., Algspec(si, k) = argmaxc∈U∧|c|=n(si(c)).
33We do this via ‘reduction’ to the Vertex Cover. A reduction is simple: A ≤ B (i.e., A reduces

to B) if and only if there exists a polynomial time algorithm that makes some polynomially
bounded number of calls to B and thus returns an answer to A. In other words, we say that A is
NP-hard if and only if ∀B ∈ NPA ≤ B. It is clear to see, then, that if B is NP-hard and A ≤ B,
then A is also NP-hard. For more details on reductions, see Papadimitriou [136].
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Algorithm 3 An Algorithm for V C(G = (V, E), κ)
Consider U := E
Define g⃗ := {gi = vi ∈ e|e ∈ E ∧ i ∈ |V |} such that each gi has length E and
corresponds to whether an edge is incident on vertex vi.
Return Optspec(1 ∗ D(c, 1⃗, 0⃗, 0⃗, g⃗, 0⃗) + 0 ∗ P (c)) ≥ k

Then consider the algorithm AlgV C that is defined in Algorithm 3. But this

algorithm solves Vertex Cover in polynomial time relative to Optspec and thus is a

polynomial time solution to Vertex Cover. Assuming P ̸= NP, contradiction!

7.5.2 Embedding Complexity into the Model

Knowing the NP-hardness of calculating the SPF outright, we can more comfortably

assume that there exists a search cost in approaching the frontier; knowing that

this NP-hardness is driven by diversity targets, we can further suppose that this

search cost is driven by diversity preferences. This leads us to a new model that

incorporates complexity costs into the selection problem.

Consider a variation of the simple cohort selection problem (see Section 7.3.1)

where the organisation can search for increasingly diverse cohorts at a cost. Let

the amount of search effort be e ∈ [0, 1] and define the cost of search effort to

be αp(e) where the cost is convex (i.e. pe > 0 and pee > 0) and α is a constant

that is inversely related to the quality of search technology available. Furthermore,

we let the amount of search deterministically increase the maximum achievable

diversity at each talent level, which is now given by DSP F ∗ e. The optimisation

problem can then be rewritten as:

max
d,p,e

F
(

d, p
)

− αp(e) s.t. d = G(p) ∗ e,

=⇒ max
p,e

F
(

G(p) ∗ e︸ ︷︷ ︸
Info Cost

, p
)

− αp(e)︸ ︷︷ ︸
Direct Cost

. (7.10)

It is clear from the form of the organisation’s new objective function in Equation

7.10 that the complexity of maximising diversity imposes two kinds of costs: an

information cost that represents the fact that the organisation will generally not
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know which cohort is on the SPF and a direct search cost. Also, when search costs

are set to zero (i.e. α = 0), the problem collapses into the original problem because

searching is costless and, therefore, maximised at e = 1. But, when α > 0, the

optimal cohort will now be inside of the SPF. This is because, for all c′ such that

D(c′) = G(p(c′) = p′)∗e there exists cf on the SPF such that D(cf ) = G(p(cf ) = p′).

Thus, as long as the optimal effort is below 1, any solution to this problem will

result in selecting a cohort that is within the SPF and, therefore, non-first-best.

The solution to the selection problem with complexity is depicted in Figure 7.6.

Figure 7.6: This figure depicts an example solution to an iteration of the selection
problem with complexity-induced search costs, which is described in Equation 7.10. As in
Figure 7.1, the solid blue curve represents the SPF, the dotted blue curve represents the
organisation’s indifference curve corresponding to the highest achievable utility without
search costs, and the blue dot represents the diversity and performance of the first-best
solution. Additionally, the solid red curve represents the accessible frontier with optimal
search, the dotted red curve represents the highest achievable utility with search costs,
and the red dot represents the diversity and performance of the optimal cohort with
search costs (i.e. the second-best solution).

Additionally, the extent of the inefficiency will tend to reduce as complexity

costs reduce. We can see this by examining the comparative statics of the model.

To simplify our derivation of the relevant comparative static, we refer to the

organisation’s objective function as O(p, e) ≡ F
(

G(p) ∗ e, p
)

− αp(e). Furthermore,
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we use subscripts on functions to refer to partial derivatives and we drop the

arguments of functions where this does not confuse. The (necessary) first-order

conditions from this model are, therefore, the following:

Op ≡ Fd(G(p)e, p)Gp(p)e + Fp(G(p)e, p) = 0

Oe ≡ Fd(G(p)e, p)G(p) − αpe(e) = 0.

To ensure this is a maximum, we also need to assume that the (sufficient)

second-order conditions hold. They are the following:

Opp ≡ e2G2
pFdd + 2eGpFdp + eGppFd + Fpp < 0,

Oee ≡ G2Fdd − αpee < 0,

OeeOpp − O2
ep > 0,

where Oep ≡ Ope ≡ eGGpFdd + FdGp + GFpd. Under these conditions, solutions to

the first-order conditions both exist and guarantee a maximum. These solutions

can be defined as p∗(α) and e∗(α). If we plug this into the first-order conditions

and take a derivative with respect to α, which governs the complexity costs, we

get the following system of equations:

Opp
∂p∗

∂α
+ Ope

∂e∗

∂α
+ Opα ≡ 0,

Oep
∂p∗

∂α
+ Oee

∂e∗

∂α
+ Oeα ≡ 0

where Oeα = −pe and, essential for signing the comparative static, Opα = 0. We can

then solve for ∂e∗

∂α
algebraically (or using Cramer’s rule), which gives the following:

∂e∗

∂α
= −OeαOpp

OeeOpp − O2
ep

+
�
���

����*
0

OepOpα

OeeOpp − O2
ep

= peOpp

OeeOpp − O2
ep

< 0, (7.11)
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where the the final inequality holds because of the signs assumed in the first and

third second-order conditions. Thus, as complexity costs rise, optimal search

effort decreases.

This model, thus, implies two predictions about organisational behaviour: (1)

when complexity-induced search costs are sufficiently high, organisations will select

cohorts within the SPF and (2) as computational costs are reduced, organisations

will select cohorts that are closer to the SPF. We have already seen in Section

7.4 that both predictions hold in practice.

7.6 Alternative Applications of the SPF

The main body of this chapter implements and evaluates Prototype 6.3c as an

in-process DST by conducting Action Research with the Programme A programme.

However, in this section, we discuss potential ex-post applications of the SPF.

Comparing the Diversity Cost of Alternative Talent Measures In some

cases, organisations may have multiple alternative talent measures that seem equally

valid as measures of individual ability. In this case, the tradeoff between each

measure and diversity may help an organisation decide which talent measure they

prefer. Two cases where this might be relevant are in hiring and college admissions.

In hiring, firms may have multiple measures that predict applicant productivity,

but have many ways to weigh the various measures that are roughly equivalent for

productivity prediction [64]. This can happen if productivity is multidimensional

(e.g., work per hour, tenure, spillovers on others, etc.), and different measures are

correlated with some dimensions and not others. A similar problem can be found

in college admissions, where, again, the college has multiple measures of applicant

ability and may be close to indifferent about some set of ways of combining them

when judging an applicant’s talent [167].

In these cases, the SPF estimation procedure allows an organisation to consider

another dimension: which talent measures demand the sharpest tradeoffs against

cohort diversity? I.e.: which measures yield the smallest SPFs? This is particularly



131 131

relevant in cases where preferences may be lexicographic, meaning that an organisa-

tion wants to maximise talent first, then, conditional on doing so, choose the cohort

among top talent cohorts that is the most diverse possible. It also is relevant in

contexts where an organisation is not allowed, either legally or internally, to explicitly

prioritise diversity in its selection criterion, but still wishes to promote diversity [19].

We demonstrate how to use SPF estimation to compare the diversity tradeoffs

of two alternative talent measures. To do this, we estimate the SPF twice, once

using each of the talent measures, and then compare the level of diversity at each

percentile of both measures. In the case of indifference between the two talent

measures on the talent dimension, the measure with higher maximum achievable

diversity in the relevant percentile range should be chosen if the organisation cares

at all about diversity. We use two measures of talent collected by Programme A: a

project-based measure and a traditional score. The results of this comparison are

depicted in Figure 7.7. Given that the programme does care about diversity, this

would justify using project quality instead of the traditional score for selection.

This method can also be applied to compare the diversity-talent tradeoff across

application years. To do this, simply estimate SPFs for each application cycle

and compare the level of diversity at each percentile of talent. As long as the

diversity goals remain the same each year and cohort diversity is renormalized

such that the most diverse cohort across all years becomes 1, organisations can

compare across years to see whether differences in applicants across years better

afford to get closer to their goals. Figure 7.8 shows just this comparison. In general,

the Cycle Y SPF allows for selecting more diverse cohorts at every level of talent

than the other two cohorts. But, whether Cycles W or X allow for more diversity

depends on where in the talent distribution the programme is interested in. Near

the top of the talent distribution, Cycle X has more diverse cohorts, but this flips

as talent falls below the 94th percentile.

Evaluating Alternative Selection and Screening Approaches Relatedly,

organisations may consider using cheaper, but lower quality measures of talent



132 132

Figure 7.7: This figure displays the SPF we estimated for the Cycle W finalist cohort and
an SPF based on a more traditional method of measuring performance (i.e. the average of
cognitive ability and an essay assessment). The y-axis represents the diversity score while
the x-axis represents the average cohort performance on projects or the traditional score.
The vertical distance between the SPFs represents the difference in maximal diversity
conditional on a cohort performing at a particular percentile of both scores. We see here
that, above the 90th percentile of talent for both measures, the project quality measure
strictly dominates the traditional score in diversity.

to screen or select applicants. For example, firms may consider using metrics

(e.g., cognitive or personality assessments) or recruiters to screen their applicants

rather than allow each applicant to be assessed via an interview. In some cases,

organisations may be considering replacing costlier selection measures and selecting

applicants entirely based on cheaper information. Unlike before, we now assume

that the initial metric captures talent much better than the new metric. Thus,

rather than comparing different SPFs, we place cohorts selected using new metrics

on the SPF estimate drawn using the original metric. If the new metric is not too

much worse than the original metric, then the new metric may be a better choice.

Running selection counterfactuals can be done using two types of designs: the
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Figure 7.8: This figure displays the SPFs we estimate for three finalist cohorts. The
y-axis represents the diversity score while the x-axis represents average cohort performance
(i.e. percentiles of mean project scores). The diversity target is held constant across
cohorts, so differences in SPFs conditional on performance represent differences in the
capacity to reach the same diversity target at a given level of performance.

first we will refer to as a “causal” design and the second we call a “suggestive”

design. A causal design requires an organisation to run a screening experiment

where applicant talent is either evaluated randomly (or all applicants are evaluated).

This allows organisations to avoid the selective labels problem whereby results

become biased due to the selection of who gets evaluated and who doesn’t. Avoiding

this problem allows organisations to analyse representative samples, meaning that

comparisons between alternatively selected samples and the estimated SPF should

extend to the full population of applicants. Thus, barring any significant contextual

changes, the results will be the same (in expectation) when used on another applicant

pool (in this sense, the results are “causal”). Alternatively, a counterfactual exercise

can be conducted on selected data where only a selected set of individual talents
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are assessed. In this case, the applicability of the results to another applicant

pool is merely “suggestive”, hence the name “suggestive design”. Causal designs,

though more useful for decision-making, are also more costly, as they require

running a selection experiment, which may force organisations to miss out on talent

(additionally, using known-inferior selection methods may pose a fairness concern).

To demonstrate, we return to the talent investment programme example where,

in Cycle W, we can assess alternative selection procedures using a causal design.

This is because, in Cycle W, the programme ran a selection experiment to determine

whose projects were reviewed. In particular, the programme used a weighted sum

of applicants’ cognitive ability and peer assessments of their video essays to select

a top tranche who would receive project reviews. Of the remaining applicants, a

smaller subset were chosen at random to be evaluated as well. This means that,

from the total application pool , a representative sample can be reconstructed by

re-weighting the randomly-assessed randomly assessed applicants such that they

represent all remaining applicants who were below the project review threshold.

To demonstrate the use of the SPF estimate for counterfactual selection analysis,

we compare the efficacy of three alternative selection strategies: the cognitive

score, the traditional score, and the peer score. Because the cognitive score and

the traditional score both use measures that are closely related to typical talent

measures, this comparison also serves as a substantive comparison of traditional

selection methodologies and more experimental ones, such as using applicant peer

review. The results of this comparison are depicted in Figure 7.9. Here we see

that, on the dimension of talent (as measured by project quality) the cognitive

ability score performs the worst of the three by far (over 10% worse than the other

two scores). The traditional score performs slightly better than the peer score

on talent, but the peer score (and the cognitive ability score) performs slightly

better than the traditional score on diversity. What is perhaps most striking,

however, is that all three alternative selection approaches result in cohorts well

within the frontier, indicating that Programme A’s actual metric far outstrips

each hypothetical alternative.
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Figure 7.9: This figure displays various SPF estimates for the finalist cohort using the
programme’s notion of diversity, a ‘disadvantage’ notion of diversity (drawn from the
‘contextualising applications’ theme in Chapter 6), and a ‘representativeness’ notion of
diversity (i.e., Prototype 6.3a). The y-axes represent diversity scores while the x-axes
represent average cohort performance. The green curves are our estimates of three
alternative Cycle W SPFs, which are estimates of the upper bound of diversity that is
achievable at every level of cohort performance. Each dot represents the performance
and diversity of cohorts had they been selected using only cognitive ability (blue), a
combination of written essay judgements and cognitive ability (aka a “traditional” score,
which is green), and just peer review (red).

Evaluating According to Alternative Notions of Diversity A similar process

can help organisations understand the practical implications of different kinds of

preferences over types of diversity. While we isolate three themes relating to
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definitions of diversity in Chapter 6, we note that the Programme A programme

has a working understanding of what they mean by diversity, and did not wish to

adopt any of these notions. In practice, Programme A’s diversity targets suggest

both ‘representativeness’ and ‘contextualising applications’ (which they internally

call ‘disadvantage’ or ‘boostability’, variously) as important to their consideration

of diversity, while ‘different perspectives’ do not appear in their decision-making

process. Thus, Figure 7.9 also depicts results using two alternative notions of

diversity based only on the disadvantage and representativeness portions of the

Programme A targets. The disadvantage diversity score puts maximal weight

on representing those from various historically disadvantaged groups (e.g., being

first-generation, poor, or female) while the representativeness diversity score only

uses proportional targets that match the demographic distribution of the applicants.

Evaluating each alternative selection method indicates that, while selecting on

peer judgements or the traditional score both do substantially better than using

cognitive ability alone on the talent dimension, using the peer score is by far the

highest performing on both disadvantage and representativeness.

7.7 Conclusion

While Chapter 6 focused on the theoretical and empirical aspects of diversity,

this chapter has focused on the practical implications of diversity in selection. In

doing so, we have introduced the notion of a selection possibilities frontier via a

simple model of diverse talent selection, have implemented Prototype 6.3c as an

in-process DST, and have demonstrated its use in practice. Analysing decision-

making with and without our DST, we have shown that Programme A selects

talented and more diverse cohorts when given access to our SPF-based DST. To

explain why, we showed that the diverse talent selection problem is NP-hard and

augmented our model with a notion of complexity costs; this new model predicts

that organisations who are better and more cheaply able to approximate the frontier

should find themselves closer to it.
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Finally, we have also shown that the SPF can be used ex post to compare the

diversity tradeoffs of alternative talent measures, evaluate alternative selection and

screening approaches, and evaluate according to alternative notions of diversity.

In an age of rapidly expanding interest in selecting from diverse talent pools

(signalled by the growth of DEI), this chapter has wide-ranging policy implications.

First, the chapter suggests that organisations will face extreme difficulty achieving

their diversity goals unless they are willing to adopt more sophisticated selection

technology. Second, this chapter contributes methods that are particularly useful for

assessing the diversity impacts of alternative merit-based selection strategies. This

extends beyond selection to related contexts like hiring, where not appropriately

considering the diversity implications of selection strategies can result in lawsuits,

and U.S. university admissions’ non-merit-based selection has become a legal grey

area despite university commitments to diversity.
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8.1 The Role of AI Systems in Selection: From
Decision Support to Selection-Oriented AI

8.1.1 Current Challenges in AI for Selection
8.1.1.1 To Support or Supplant?

AI tools have long been posed as both replacements for and supports to human

decision-makers, both within and outside selection processes [12, 66, 73, 92, 184].

Naïve implementations of AI often supplant human decision-makers, sometimes

to disastrous effect [92]. As such, we must be careful to design AI systems that

support, rather than supplant, human decision-makers.

8.1.1.2 Who to Support?

More human-centric AI systems, such as Explainable AI (XAI), often serve as

Decision Support Tools (DSTs) that place the stakeholder—in this case, the

selector—at the core of the decision-making process. These systems focus on

enhancing the experience of human decision-makers, often by satisfying their

subjective desiderata. However, as Lipton [100] argues, post-hoc explanations

designed to satisfy these desires may prove more misleading than insightful. In

Chapter 4, we extend this critique to post-hoc justifications more broadly and argue

it applies to all AI DSTs that prioritise user satisfaction over objective outcomes.

Furthermore, selection involves a complex interplay of interests. Organisations

aim to identify the best possible cohort, while candidates seek to be selected. These

two interests are often at odds. Beyond these immediate stakeholders, society has

a vested interest in ensuring that selection processes uphold values like fairness,

diversity, and justice. In pro-social programmes like global scholarships, society also

has an interest in ensuring that the most deserving and impactful scholars are chosen.

Centring DSTs solely on the needs of either applicants or selectors would not

only suffer from the problem of subjective desires identified by Lipton [100] but

would also fail to address the broader social implications of selection. Thus, there
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is a need for DSTs that orient themselves around the social values of selection itself,

rather than the preferences of any single stakeholder group.34

8.1.1.3 What to Support?

The conventional DST paradigm often assumes a series of similar decisions on

different cases, such as deciding whether to grant a loan [13, 37, 144, 148, 171].

However, the decision points we enumerated in Table 2.1 are not all captured by

this model. The conventional paradigm focuses on a specific type of in-process

decision, excluding other in-process decisions and all ex-post decisions. A paradigm

for selection-oriented DSTs should therefore seek to support a wider range of

decision types.

8.1.2 Proposing a New Paradigm: Selection-Oriented AI
(SOAI)

In response to these challenges, this thesis proposes a novel paradigm: Selection-

Oriented AI (SOAI). SOAI reimagines the role of AI in talent identification,

advocating for a shift away from a purely human-centric framework toward a

hybrid selector-centred and selection-driven approach. In this paradigm, the design

of AI systems is grounded in the social values that selection processes ought to

uphold, with those values supplied and interpreted by the selectors making the

decisions. While selectors remain the primary users, they are not the sole focus.

Instead, SOAI emphasises evaluating the broader social goals of selection and

helping selectors achieve them [53].

The shift toward SOAI represents a necessary evolution in AI for talent identifi-

cation. By prioritising the social values that selection processes ought to reflect,

SOAI challenges the current practitioner-centred approach and introduces a new

standard for evaluating the success of AI in decision support. It offers a path toward
34We recognise there that selectors’ preferences often overlap with these social goals, while

other stakeholders may have conflicting preferences. Furthermore, as selectors form the relevant
decision-making processes, achieving the social values of selection often requires satisfying the
preferences of selectors. Thus, while we centre the DSTs around the social values of selection, we
also frequently consider the preferences of selectors.
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creating AI systems that not only assist in identifying talent but also ensure that

the selection process itself is fair, just, and inclusive.

8.2 Design Recommendations for SOAI Designers

8.2.1 Design for Specific Social Values

While we wish to design to support all social values in the selection process, Chapter

6 demonstrates the difficulty of unpacking the social value of diversity; in Chapter

6, we find success instead focusing on smaller component values that comprise

diversity. Similarly, each decision point supported in Chapter 5 implies a specific

ontology about the role of generative AI in selection; these, too, stem from specific

social values promoted by an organisation.

There is support for this from the literature. For example, literature on

algorithmic fairness has long wrestled with contradictions between measurements of

different kinds of fairnesses [79]. While ‘individual fairness’ draws on procedural

notions of justice to ensure that applicants are treated equally regardless of

differences in protected or irrelevant characteristics [46], ‘group fairness’ draws

on distributive justice in seeking to achieve parity between different demographic

groups [33, 129]. There exists literature attempting to reconcile these notions:

Zemel et al. [186] attempt to reconcile this in practice by simultaneously optimising

for multiple fairness metrics; Lahoti et al. [89] seek only to optimise for individual

fairness, and yet find increases in group fairness; and Binns [17] contends that

standard, blunt implementations of individual fairness should be replaced with a

more nuanced formulation compatible with group fairness. Nonetheless, as they are

often implemented, these two notions of fairness are often in conflict, and though

designing to support both may be possible, it is liable, in a scholarship context,

to create unclarity of the sort plaguing diversity, impeding programme desire to

assess these concepts with specific targets.

We suggest this generalises to SOAI practices in general: rather than designing

around myriad values, only to find conflicting design implications of these disparate
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values, designers seeking to support social values in selection processes should focus

on specific social values worthy of consideration.

8.2.2 Identify Decision Points with the Decision Matrix

In Chapter 2, we conceive of selection as a series of decisions. Chapter 5 expands

on this, introducing the Decision Matrix framework to categorise the many decision

points that selectors face according to their two most germane axes: the stakes of

the decision and its stage in selection. This framework allows designers to reason

about groups of decision points in much the same way that the explainable AI

community reasons about groups of explainability techniques and to isolate desired

or required properties of DSTs based on the taxonomy of the decision point they

seek to support and to then determine which categories of decisions different GenAI

detectors are suitable to support[44, 51, 55, 88, 117].

In Chapter 4, we respond to criticisms isolated to Friedrich and Zanker [55]’s

‘post-hoc’ explanations; here, the taxonomic distinctions are used in criticism to

expand the scope of individual critiques [13, 88]. We suggest the Decision Matrix

can be used similarly, to discuss and critique decisions in a scholarship context.

However, we caution designers following this design recommendation to ensure

that they also follow design recommendation 8.2.4 and evaluate real change in

addition to subjective desiderata. The Decision Matrix framework can be used to

derive a set of a necessary, but perhaps not sufficient, properties of DSTs.

8.2.3 Balance Qualitative and Quantitative Information
in Presentation

Human decision-makers often desire both a qualitative understanding of applicants

and quantitative metrics to compare them. In Chapters 4 and 6, we find that

selectors from Programme A and Programme B seek to make decisions informed

by both kinds of information; despite this, the desired balance between these

modes of information varies based both on practitioner and type of decision. When

quantitative information is neglected, practitioners are forced to make decisions on
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a case-by-case basis without important numerical context comparing applicants to

a larger group; when qualitative information is neglected, practitioners are unable

to consider applicants holistically. Developers following SOAI should consider the

balance between quantitative and qualitative information in their systems, and

design their systems to provide both when necessary.

We again find parallels in the fairness literature to this balance. Qualitative

information enables the selectors’ consideration of applicants as individuals, and

this combines with the process of holistic review to create full pictures of applicants.

[46]’s individual fairness holds a similar lens; rather than looking at applicants

in terms of their place in the cohort, this notion of fairness demands equal

treatment of applicants as people. However, quantitative information makes possible

considerations of distributive notions of justice and group fairness principles [129], as

decision-makers have access to the supporting information needed to contextualise

applications relative to other members of protected groups. Notably, programmes

with different ontologies governing what they consider fair will thus have different

preferences considering the balance of quantitative and qualitative information in

their systems. (This relationship is not absolute, though, as other differences in

programmes may lead to differing priorities.)

8.2.4 Evaluate Real Change in Addition to Subjective Sat-
isfaction

Lipton [100] critiques explainable AI (XAI) systems because they risk satisfying

the subjective desires of the users while failing to improve objective outcomes. In

Chapter 4, we confirm that this critique applies to some post-hoc justifications of

model recommendations, as the justifications were found to yield an unwarranted

increase in trust in human decision-makers. Thus, it is important to define and

evaluate measures of the social values that DSTs intend to support; when evaluating

these DSTs, they should not be evaluated human-centrically (i.e., according to their

users’ satisfaction), but should instead be evaluated on whether their employment

improves social outcomes.
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The fundamental challenge with evaluating “real change” in a selection context

is the lack of ground truth; i.e., there are not, in general, “correct” or “incorrect”

selection decisions, only those preferred by the organisation. In this thesis, we

solve this problem by working with programmes to define measurable criteria that

act as a surrogate for “correct selection decisions”. In Chapter 4, these criteria

are arrived at through an Action Research (AR) process and expressed in Figure

5.3, while in Chapter 7, these criteria are supplied directly by Programme A, as

the programme has internal metrics for both axes of the SPF. We recommend

designers work with organisations to define surrogate criteria that can be used

to evaluate the success of their systems.

8.3 Implications

8.3.1 Algorithmic Fairness in a Selection Context

The work in this thesis has implications for the broader discussion of algorithmic

fairness in selection processes. The design of SOAI DSTs has the potential to impact

the lives of many of the world’s most vulnerable people; it is thus imperative that

these systems are designed fairly. However, the notion of fairness itself is complex

and multifaceted. As Kearns et al. [79] highlight, fairness can be understood in

both procedural and distributive terms, and different methods of achieving fairness

across different subgroups often conflict. Individual fairness is often discussed

in the algorithmic fairness literature [46]; this is often contrasted with “group”

fairness [10, 17, 50, 52]. Despite attempts to reconcile these differing notions of

fairness, such as those by Binns [17], contradictions remain between metrics used to

measure different forms of fairness; that is, decisions that may be ruled more fair by

certain individual or procedural fairness measures might create group or distributive

unfairness. What’s worse, scholars disagree even on the best implementations of

notions of fairness [17, 52], and differing interpretations conflict.

It is worth noting, then, that the work on generative AI detection in Chapter 5 is

built on a desire for procedural fairness, while the diversity goals of Chapters 6 and

7, in practice, accord closely with distributive notions. This raises the possibility
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that, via SOAI methods, researchers could determine socially beneficial fairness

metrics to uphold in DSTs and build to support those.35

8.3.2 New Developments in AI for Selection

The growing popularity of GenAI has already dramatically increased the number

of applications that job, university, and scholarship programmes must select from

[76]. While a blanket ban on GenAI in application-writing may solve this [170], we

find in Chapter 5 that such a ban is unenforcible at present. We note in Chapter

5 that our research is complicated by the rapidly changing nature of both GenAI

and detectors. Here, we extend this complication to SOAI as a whole. It may

be that, as GenAI development moves beyond retrieval-augmented generation to

more complex architectures [97], such as integrated reasoning systems or agentic AI

[161], these systems will once again fundamentally change the process of selection.

In light of this, SOAI is necessary to ensure that new, more powerful AI systems

further the social aims of selection processes.

Of particular interest would be the development of AI systems capable of

encoding domain knowledge in their structures, which could support decisions in

a fundamentally different way. This could be particularly useful in automated

essay scoring, where domain-specific knowledge is a significant problem [106]. If

this is the case, then the work done in this thesis may serve as a precursor to the

development of these systems and a guide for how to ensure that these systems

are designed to support the social aims of selection processes.

8.4 A Critical Reflection on the Position of this
Research Within Structures of Power

8.4.1 Critical Assessment of Research Contributions

While this thesis proposes SOAI as a paradigm for more socially conscious AI

design, it is essential to critically examine its potential unintended consequences,
35This work, in particular, should not be done solely from the decision-maker’s perspective.

Marcinkowski et al. [105] investigate applicant perceptions of appropriate fairness metrics; this
work may be a good starting point for SOAI work in this field.
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particularly those arising from the approach to diversity measurement and op-

timisation in Chapter 7.

8.4.1.1 The Risk of Quantitative Overemphasis and Tokenism

The Selection Possibilities Frontier (SPF) framework developed in Chapter 7, while

intended to balance quantitative and qualitative information, risks amplifying

the tendency to quantify human worth. By creating numerical representations

of diversity and performance, we risk reducing complex human experiences to

algorithmic inputs. This is particularly concerning because, as we argue throughout

this thesis, qualitative components are crucial for understanding an applicant’s

lived experiences, contextual challenges, and unique perspectives. They provide

the scaffolding that allows selectors to understand not just what an applicant

has achieved, but how and why those achievements occurred. Our framework,

if misused, could encourage selectors to treat these vital qualitative insights as

merely supplementary.

Perhaps more critically, the diversity measurement approaches developed here

risk enabling a sophisticated form of tokenism. By providing tools that allow

programmes to demonstrate measurable improvements in diversity metrics, these

systems may satisfy an organisational desire to appear inclusive while failing to

address the deeper structural inequalities that cause exclusion. The SOAI paradigm,

while oriented toward social values, operates within existing institutional frameworks

rather than challenging them. As Ahmed [1] argues, “diversity work” can create

the appearance of inclusion while leaving fundamental power structures intact. Our

tools could inadvertently become part of this dynamic, helping powerful institutions

deflect calls for more fundamental reform by pointing to their use of socially

conscious AI as evidence of their commitment to equity.

8.4.1.2 The Convergence Problem and Algorithmic Monoculture

A second major concern is the risk of algorithmic convergence. If multiple scholarship

programmes adopt similar SPF-based approaches, they may begin selecting for

overlapping pools of candidates who excel according to the same quantitative
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metrics. This could create a new form of algorithmic bias where certain types of

applicants—those who perform well on the specific measures captured by these

systems—receive disproportionate opportunities, while other forms of excellence

are systematically undervalued. This algorithmic monoculture would undermine

the very diversity goals these systems are designed to support.

This risk is amplified by the tendency of machine learning systems to optimise for

what is easily measurable. If all programmes converge on similar optimisation targets,

we risk a narrowing of what is considered valuable, systematically disadvantaging

those whose strengths lie outside these predefined frameworks.

8.4.2 Broader Implications for Power Structures

In a seminal piece, Barocas et al. [11] ask whether algorithms challenge or reinforce

existing power structures. In the case of this thesis, the answer is complex.

While SOAI seeks to improve fairness, it operates fundamentally within existing

institutional frameworks that themselves can perpetuate inequality. The scholarships

examined here—funded by major philanthropic organisations—provide invaluable

opportunities for individuals but also serve to entrench their funders in institutional

power structures [188]. By designing AI for these programmes, we may be

contributing to the legitimation of these structures.

The generalisability of SOAI to other high-stakes contexts like hiring and univer-

sity admissions raises additional concerns. Widespread adoption could amplify the

risks identified above, potentially creating a ‘selection-industrial complex’ where a

narrow set of algorithmic approaches dominates opportunity allocation across society.

8.4.3 What Could Go Wrong: Key Failure Modes

Several specific failure modes could emerge from the widespread adoption of the

approaches developed in this thesis:

• Metric Gaming: As programmes become more transparent about their

metrics, applicants may develop strategies to game them, undermining their
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validity and creating new advantages for those with the resources to understand

and exploit the system.

• False Precision: The mathematical sophistication of the SPF may create an

illusion of objectivity that masks the subjective value judgments embedded

within it, making it harder to critique or adjust these systems when they

produce problematic outcomes.

• Institutional Complacency: By providing tools that demonstrate measur-

able progress on diversity metrics, these systems may reduce the pressure for

more fundamental, and more difficult, institutional reforms.

8.4.4 Guarding Against Failure: Deliberation, Contesta-
bility, and Iteration

Given these critical risks, SOAI systems must be designed not as static, authoritative

solutions, but as evolving tools that support ongoing human deliberation and are

open to contestation. This requires several safeguards:

• Transparency in Values and Trade-offs: Systems must make their embed-

ded values (e.g., specific definitions of diversity) and trade-offs transparent to

selectors. This includes clearly articulating how different metrics are weighted

and how qualitative information is incorporated or potentially sidelined.

• Mechanisms for Contestation: Selectors and other stakeholders must

have avenues to question, critique, and challenge system outputs. This

could involve features that allow users to flag problematic recommendations,

suggest alternative interpretations of data, or adjust system parameters under

controlled conditions.

• Support for Iterative Refinement: SOAI tools should be built with the

expectation that they will require regular review. This includes designing for

the easy updating of models and metrics as organisational goals evolve or as

unintended consequences are identified.



149 149

• Interfaces for Qualitative Nuance: To counteract quantitative overem-

phasis, interfaces must actively encourage the integration of qualitative

nuance. This might involve dashboards that juxtapose quantitative scores

with rich qualitative summaries or tools that help selectors document and

weigh contextual factors that are not easily quantified.

Designing for deliberation, contestability, and iteration aims to foster a more

responsible and adaptive use of AI in selection. It positions SOAI not as a

replacement for human judgment but as a catalyst for more informed, reflective,

and ethically aware decision-making. This approach acknowledges that achieving

real change requires continuous engagement with the complexities and potential

pitfalls of AI-driven selection.

8.4.5 Reconciling Critique with Pragmatic Impact

Despite these significant concerns, this research operates within a pragmatic context.

Without it, the institutional structures examined would continue their existing

selection processes, likely with less information and greater inconsistency. While

this work does not dismantle the structures that concentrate opportunity, it does

seek to improve the fairness and efficacy of decision-making within them.

The tension here is between the perfect and the better. While an ideal solution

might be to entirely restructure how opportunity is allocated, the practical reality

is that these institutions persist. Given their persistence, there is value in ensuring

the opportunities they provide are distributed as fairly and effectively as possible,

even while acknowledging that such improvements may inadvertently legitimise the

broader system. Future work must actively monitor for the failure modes identified

here and be accompanied by transparency about the limitations of these systems

and the structural inequalities they cannot resolve.
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8.5 Limitations

In scenarios outside selection, HCI research often seeks to harmonise the needs of

different user groups. In talent identification, however, the conflict of incentives

between applicants and selectors is inherent. Our solution has been to centre the

organisations, using their stated preferences and past data to evaluate their decisions.

This positions the research from the perspective of the decision-makers and may limit

the social benefit by not fully engaging with the perspectives of decision subjects.

We similarly assume that the broader social aims of selection align more closely

with practitioners than with applicants. However, there is evidence that applicants

themselves value fairness and may even prefer algorithmic decision-making in some

contexts [105]. By positioning SOAI as a paradigm for DSTs rather than for

fully automated systems, we may be limiting its potential impact if algorithmic

decision-making proves to be more effective at achieving social goals.

Finally, while the Decision Matrix framework is a useful tool, it intentionally

elides certain distinctions to focus on stage and stakes. This simplification, while

developed in concert with our partners, may not generalise to all contexts. Fur-

thermore, our focus on improving selection within existing applicant pools means

we do not address the broader issues of access and outreach that determine who

applies in the first place—a significant limitation, given that the most profound

inequities often occur before the formal selection process begins.

8.6 Future Work

While the work in this thesis articulates SOAI as a paradigm for all AI design

oriented around supporting selection problems, we develop and test this paradigm

for three specific families of decision points. A straightforward extension of this

work would apply SOAI principles to other decision points in selection processes.

Natural candidates include: supporting essay judgements with automated essay

scoring, where a large body of literature already seeks to score applicant essays via

algorithm [36, 106, 147, 178], but automated approaches continue to struggle with
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marking top or bottom essays [106]; supporting testing and test evaluation with

automated scoring systems [34, 131]; and supporting pre-application portions of

the outreach process, which was requested by several participants in Chapter 6.

Though SOAI, as we investigate it here, aligns most closely with the interests of

selectors, there is a need for human-centric work seeking to determine applicant

perceptions of positive social outcomes. While work exists examining applicant

perceptions of decisions made about them, [69, 135], this work often approaches

research from a fairness or decision-subject-empowerment perspective. No work

exists approaching applicant perspectives from the perspective of the ultimate social

benefit of selection. Future work should seek to understand how applicants perceive

the social outcomes of selection decisions, and how these perceptions can be used

to design more effective AI systems for selection.

Though the Decision Matrix provides a useful framework for categorising decision

points in selection processes, it is not exhaustive. Future work should seek to

augment the Decision Matrix with additional axes that capture the complexity of

selection decisions more fully. In particular, though selectors drew a distinction

between individual- and group-level in-process decisions in Chapter 6 (and though

the design prototypes reflect this distinction), the Decision Matrix does not capture

this distinction. Future work should seek to augment the Decision Matrix to

distinguish individual- from group-level distinctions and implement more individual-

level decision support systems in practice.36

8.7 Conclusion

In this thesis, we pioneer a new paradigm of AI design for selection processes,

Selection-Oriented AI (SOAI). Chapters 4 and 5 find that existing AI systems often

fail to meet the needs of selectors, particularly for in-process decision-making. In

response, we propose a new paradigm, SOAI, which seeks to centre the design of

AI DSTs not around the selectors but around the social aims of selection they seek
36Chapters 5 and 7 both avoid individual-level implementations in real decision-making pipelines

due to risks associated with introduced unfairness or bias [10, 14, 64, 79, 99]. Any work
implementing tools at the individual-level should consider these risks first.
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to practice. Chapters 6 and 7 apply SOAI principles to design DSTs to support

considerations of diversity in selection; we implement a prototype designed to satisfy

selector desires and find that it improves both diversity and performance outcomes

in selection. We then provide a set of design recommendations for SOAI designers,

including focusing on specific social values, identifying decision points with the

Decision Matrix, balancing quantitative and qualitative information, and evaluating

real change in addition to subjective satisfaction.

More broadly, the use of SOAI to support scholarship-specific selection decisions

implies the potential to support and improve related decision-making processes, from

other selection contexts (e.g., admissions or hiring) to non-selection decision-making

contexts (e.g., programme outreach). With a technology-induced flattening of the

world [54], more candidates from more parts of the world find themselves qualified

for opportunities. Add to this the ease of application submission created by GenAI

assistants, and it is clear why applications to job, university, and scholarship

opportunities have seen a dramatic increase in recent years [76]. In light of

this, we conclude with a call for SOAI across selection contexts; the need has

never been more pressing.



Appendices

153



A
The Programmes we Study

Contents
A.1 Foreword to Appendix A . . . . . . . . . . . . . . . . . . 154
A.2 Programme A . . . . . . . . . . . . . . . . . . . . . . . . 155

A.2.1 Programme Overview . . . . . . . . . . . . . . . . . . . 155
A.2.2 The Selection Process . . . . . . . . . . . . . . . . . . . 155
A.2.3 Data Collection . . . . . . . . . . . . . . . . . . . . . . . 157

A.3 Programme B . . . . . . . . . . . . . . . . . . . . . . . . . 158
A.3.1 Programme Overview . . . . . . . . . . . . . . . . . . . 158
A.3.2 The Selection Process . . . . . . . . . . . . . . . . . . . 158
A.3.3 Data Collection . . . . . . . . . . . . . . . . . . . . . . . 159

A.1 Foreword to Appendix A

We work with two global scholarship and talent investment programmes (Programme

A and Programme B). Both programmes have asked that they not be identified

in public-facing research, and thus this version of the thesis redacts identifying

details (programme names have been replaced with pseudonyms; funders, URLs,

exact cohort sizes, dates, and programme-specific assessment tool names have been

removed or generalised). Methodologically relevant content is preserved.
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Table A.1: This table enumerates relevant measurement categories from Programme A
and Programme B.

Measure Type Programme A Programme B
Cognitive Assessment ICAR-based test; gamei-

fied skills test
ICAR-based test;
divergent-thinking task

Essay Review Peer; External Expert AI-assisted; External Ex-
pert

Grade and Achievement Review None External Expert
Finalist Activity Review Selector Unknown

A.2 Programme A

A.2.1 Programme Overview

Programme A is a global scholarship and talent investment programme that finds

and selects talented and disadvantaged young people from around the world and

helps them achieve their full career and service potential. Programme A supports

selected scholars and finalists with a variety of benefits accessible at different points

in their lives.37 We work with Programme A across several application cycles,

during which time the programme has selected several hundred scholars and several

thousand finalists from hundreds of thousands of applications.

Programme A uses a flexible benefits model, where scholars (and, in some

cases, finalists) gain access to a variety of potential resources, but utilise only

resources they demonstrate a need for. Programme benefits include academic

scholarships, educational resources and programmes, networking opportunities,

and funding for scholar-led startups.

A.2.2 The Selection Process

The programme uses a two-stage selection process designed to be accessible to

candidates from various global and socioeconomic backgrounds. In stage one,

applicants submit various application materials asynchronously; Programme A

selects finalists based on the quality of those materials and the programme’s cohort
37We adopt the terms “scholarship and talent investment programme” and “scholars” as generic,

programme-anonymising language; the programme uses programme-specific terminology that has
been redacted here.
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composition goals. In stage two, finalists engage in one of several synchronous

assessment events consisting of various collaborative live activities and an interview;

after all events are completed, Programme A uses information from both stages

to select scholars.

Stage one of selection occurs asynchronously and in two parts. The first part

requires applicants to submit an application form with their demographic information

and a small number of essays (in video or written form) speaking to their motivations

and background. In the second part, applicants complete a set of digital cognitive

assessments and a multi-stage project component documenting work the applicant

has undertaken. Specific prompts and the structure of the project component

have been generalised to preserve programme anonymity. For an overview of the

stage one selection design, see Figure A.1.

Figure A.1: This figure schematizes the key elements of the talent investment
programme’s data collection and selection process.

Stage two of selection occurs synchronously (though still remotely) in one of

several assessment events. Each event consists of up to five activities of three

types: presentations (where finalists present information about their project),

group activities (where finalists collaborate to discuss and solve problems), or

interviews (where finalists are interviewed). All activities were judged by a pool

of adult ‘selectors’ who assessed finalists according to a rubric. Scholar selection

decisions were made based both on data collected in stage two and information

retained from stage one.
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A.2.3 Data Collection

Across the application cycle, Programme A collects a variety of data from applicants.

This data includes traditional merit-based measures – including cognitive tests,

written essays, and referrals – as well as non-traditional measures – including peer-

reviewed video essays, gameified skill tests, and application platform behaviours. We

discuss methodologically relevant measures here. More detail on these measurements

can be found in Chapter 7, where findings depend on the specifics of Programme A

programme measurement. A comparison of the measurement categories used by

Programme A and Programme B can be found in Table A.1.

Cognitive Assessments Programme A collects data from two cognitive as-

sessments taken by applicants. The first is based on the International Cognitive

Assessment Resource (ICAR) [34, 165], and has, in various selection cycles, in-

corporated four different item types: Cube Rotation, Number Sequence, Matrix

Reasoning, and Verbal Reasoning. Applicants are given nonverbal and verbal

sub-scores, which use a Bayesian generalized linear item response model [28]. In

some cycles, only the nonverbal score was used, while other cycles combined the two

to create one singular score. The second cognitive assessment is a gameified skills

test; methodological details have been redacted to preserve programme anonymity.

Peer Review Stage one applicant essays were judged by two types of human

evaluators: other applicants (peers) and adults with some expertise on the project

topics (experts). Though Anvari et al. [6] provide evidence for the efficiency and

effectiveness of peer review as a measurement of aptitude, peer review was (and

remains) experimental [146]. That said, Schee et al. [155] find that decision subjects

of a blind peer review process experience just outcomes both according to the

similar treatment and similar outcomes principles. Thus, though Programme A

treated peer reviews as experimental, peer scoring played an integral role in the

Programme A process. To collect peer reviews, each applicant was assigned to review

a fixed number of essays submitted by other applicants. Each review consisted
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of Likert-scale judgements designed to measure several cognitive, character, and

motivational traits relevant to the programme’s selection criteria; the specific trait

list has been generalised to preserve programme anonymity.

Expert Review Experts, on the other hand, were only asked to assess applicant

project essays. Each reviewer was assigned several projects proportional to their

capacity to review. Like peers, experts were asked to review different elements of the

project, using Likert scales to gauge how effective the project was at accomplishing

what the applicant intended and how impressive the project was relative to other

projects in this field.

Finalist Activity Assessment The stage two activities were assessed by selectors

through a mix of qualitative and quantitative measures. Each activity was scored

on a rubric, and the scores were aggregated to create a final score for each finalist

on each activity type. Additionally, selectors were given an option to provide

specific qualitative feedback on applicants.

A.3 Programme B

A.3.1 Programme Overview

Programme B is a global scholarship programme that supports talented individuals

undertaking university study oriented toward a set of research areas the programme

has identified as priority. Specific mission language and operational specifics

have been generalised to preserve programme anonymity. At the time of this

writing, the programme is in the early stages of operating its selection process;

some elements described below describe the programme’s planned selection process

rather than historical practice.

A.3.2 The Selection Process

The programme’s selection process places special emphasis on suitability for its

priority research areas. The programme has applicants declare their research
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interests of choice and assesses applicants relative to those interests. Diversity-like

considerations require the programme to ensure that scholars are chosen across each

priority area; however, the programme’s theory of change does not lend itself to

explicit demographic-diversity considerations (unlike Programme A).

Programme B employs a three-stage selection process. In stage one, applicants

submit various application materials asynchronously; the programme selects semi-

finalists based on the quality of those materials and the programme’s cohort

composition goals. In stage two, semi-finalists apply to a partner university,

and the university handles its internal selection process; programme applicants

who receive university scholarships are dubbed Finalists. In stage three, finalists

engage in a series of synchronous activities before final decisions are made by

the programme’s board.

In stage one of selection, applicants submit their demographic information;

selections for research area, course, and preferred project; their education record; a

list of achievements; and four written essays speaking to their suitability for the

programme. After submitting this application, all applicants are invited to take

a cognitive assessment assessing convergent and divergent reasoning.

In stage two, semi-finalists apply to the partner university. In stage three,

finalists engage in synchronous activities before final decisions are made by the

programme’s board. Operational details of stages two and three are not yet finalised

at the time of writing and have been omitted; some elements have been generalised

to preserve programme anonymity.

A.3.3 Data Collection

Programme B collects and constructs several different aptitude measurements of

applicants. This is primarily traditional merit-based measures, e.g., cognitive tests,

written essays, or academic transcripts. Additionally, the programme constructs

experimental measures from gathered data. We discuss methodologically relevant

measures here. A comparison of the measurement categories used by Programme

A and Programme B can be found in Table A.1.
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Cognitive Assessments Much like Programme A, Programme B uses a cognitive

assessment based on the International Cognitive Assessment Resource (ICAR) [34,

165]. Though the details of implementation differ, both programmes use the same

four item types and the same scoring algorithm [28]. Additionally, Programme B

relies on a divergent-thinking assessment; methodological details have been redacted

to preserve programme anonymity. Programme B combines both cognitive scores

to compute an overall cognitive assessment score.

AI-driven Assessment of Essays Programme B employs an AI-based scoring

method as a preliminary screen on applicants’ four written essays. The pro-

gramme requested that specific methodological details of the implementation

not be shared. After these four essays are scored, an overall AI-driven score

of applicants is calculated.

Expert Assessment of Applications Stage one applicants whose test scores

or AI-driven essay scores merited further consideration were judged by expert

human evaluators in two types of reviews: anonymous reviews (where reviewers

only had access to applicant essays, grades and achievements) and contextual

reviews (where reviewers had access to supporting information such as references or

applicant demographics). As compared to Programme A’s experts, Programme B

engaged adult reviewers in a rigorous training process before qualifying them

as expert reviewers.

In each review, experts judged applicants on axes related to specific programme

goals (e.g., whether the applicant demonstrated an interest in their chosen research

area). Anonymous and contextual reviews were ultimately pooled, and an overall

review score was calculated.

Semifinalist and Finalist Assessment Operational details of semi-finalist and

finalist assessment are not yet finalised at the time of writing and have been

omitted from this thesis.
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B.1 Design Workshops from Chapter 4

We split our N=8 participants into two groups of 4 (G1 and G2) to run two

participatory design workshops. As these are group discussions, actual programming

deviates from the protocol slightly.

Our research question for both workshops is: “Are SHAP explanations useful?”;

however, to frame each workshop, we told both groups that we were interested

in the answer to two questions: “What does this technology tell us about the

algorithm’s scores?” and “How do we envision this technology being used in

future selection processes?”.

Following this, we gave both groups a 15-minute demonstration of the technology,

where we described a sample case, gave some example insights, and answered

any questions participants had.

161
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The main task for our workshops consists of hands-on cases examining a SHAP-

based “waterfall plot” explanation of a programme applicant’s score. An example

case can be seen in Figure 4.4. Each case is presented to participants as a single

slide on a presented slideshow, with additional questions asked by the researchers

to prompt discussion. We show each group 5 different cases and spend an average

of 10 minutes on each case.

For each case, we ask some of the following questions to prompt discussion:

1. Why are we viewing this applicant?

2. What comments are we responding to?

3. What does the technology appear to say about this candidate?

4. Does the technology address the comment we are responding to?

5. What does this case say about the algorithm as a whole?

6. Does this case necessitate changes to the algorithm?

Finally, after all cases had been examined, we moved to a short reflection on

the technology as a whole. We asked participants to answer:

1. What did you think was useful about the technology presented?

2. What was lacking?

3. How might this be improved?

B.2 Interviews from Chapter 6

For the individual interviews, we follow a semi-structured protocol. Following

the methodology of Braun and Clarke [23], we do not limit our analysis to these

questions. Instead, we deviate from this script as guided by the conversations and

our overarching research questions, then we allow themes to emerge naturally from

the data. Our interview research questions (also found in Section 6.4.1) are:
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1. What is diversity?

2. Which elements of diversity matter in a selection context? Why?

3. How could technology assist in operationalising diversity?

We interviewed 15 individuals from two different talent identification organisa-

tions. We conduct each interview separately. We first ask a few questions about

the factors that go into decision-making:

1. We’re going to take a step back and discuss a hypothetical selection scenario

for a fellowship for a group of young people. In this scenario, you have full

control over who is selected.

2. Could you please list some things you think are important in deciding who to

accept?

3. (Can skip) Which of (these things) are about the individual applicant’s

performance?

4. What are (these remaining things) about?

5. (Or:) Why are (these things) important?

We then ask participants to define diversity, to break it down into elements,

and to discuss why diversity is important:

1. Now I want to talk about diversity. Keeping your list in mind, can you please

define diversity?

2. (If the definition is too short) Could you please elaborate on (pick apart)

3. Why do we care about this definition of diversity?

4. Now, if you were going to break your definition into some elements or facets,

what would those be?
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5. (If they talk about holistic diversity) What considerations are important when

looking at diversity holistically?

6. (If elements are vague) How does (pick a metric) factor into your understanding

of (element)?

7. Which elements or considerations are most important?

8. How do we measure these facets of diversity?

9. (If this measurement isn’t concrete) Imagine you had a “magic metric” that

perfectly measured diversity. What does this metric do?

Next, we run two short exercises from the participatory design literature. The

first is called “crazy 8s”, wherein participants are given 8 minutes to come up with

8 ideas. For these ideas, we ask participants to think about technologies that might

help them better understand diversity in selection:

1. Now I want to talk about technology we can build to support thinking about

tradeoffs around diversity. Remember that we’re stepping away from existing

processes and solutions.

2. We’re going to start with an exercise called “crazy 8s”. For the next 8 minutes,

we’re going to spend one minute each developing a technology that might help

us better understand diversity in selection. These technologies don’t have to

make sense or be possible; I just want you to think of things that might help

you think through diversity. This activity is difficult; don’t worry if you find

yourself struggling or sounding silly.

3. Take a second to think about a technology. When you’re ready, please describe

it.

4. (If the technology is unclear) Could you please elaborate on (unclear part)?

The second is called “the magic app”, wherein participants are asked to elaborate

on a single idea for an application, waving away technical details as ‘magic’:
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1. Now let’s dig deeper into one hypothetical “magic app” designed to help us

better understand tradeoffs around diversity in selection. The magic app can

do anything you might want it to in any way you might want. What does

your magic app do?

2. (If the app has visuals) What do your visuals look like?

3. (If the app is pure text) What sorts of visualisations might help you?

4. (If the app has buttons or sliders) What do your buttons do?

5. (If the app doesn’t have any interactivity) How might you interact with this

app?

6. Now we are going to split the app out into different “pages”

7. (If they haven’t already done this) The individual-level page: each applicant

will have their individual-level page, which will say things about that applicant

8. (If they haven’t already done this) The cohort-level page: each possible cohort

will have its cohort-level page, which will update any time we make changes

to the cohort.

9. (For each page) What happens on this page?

10. What is the experience of using this page like?

11. (If the page has visuals) What do your visuals look like?

12. (If the page is pure text) What sorts of visualisations might help you?

13. (If the page has buttons or sliders) What do your buttons do?

14. (If the page doesn’t have any interactivity) How might you interact with this

app?

15. (For each different feature of the page) What makes (feature) useful to you?

16. Thank you! Is there anything else you would like to add?
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B.3 Design Workshops from Chapter 6

For the participatory design workshops, we split our participants by organisation.

As some individuals could not attend the second session, we have one group of

6 and another of 7. As these are much larger group discussions, we deviate

further from our protocol.

The task for these workshops consists of hands-on sessions with different

technologies. The technologies are designed and mocked up based on the thematic

analysis of the interviews. These technologies are presented to participants via

Miro, where they are free to interact with and annotate them. Our research

questions for this workshop are:

1. What prototypes best promote diversity?

2. What elements of these prototypes facilitate their success?

Or, for each prototype: “How and why does this prototype promote diversity

in talent identification?”. Again, though we write a list of questions targeted at

these questions, we do not limit our analysis to these questions [23]. Instead, we

deviate from this script as guided by the conversations and our overarching research

questions, then we allow themes to emerge naturally from the data [23]. For each

technology prototype shown, we have questions:

1. This prototype describes... Are any of you familiar with this?

2. In what follows, we’re going to discuss this prototype. Let’s start with: is it

easy to read for you? What does it say?

3. What questions do you have upon seeing this prototype? Feel free to write

these down.

4. How would you use this prototype in a hypothetical selection procedure?

5. How (else) would this prototype fit into your current selection procedure?
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6. How would your current selection procedure make the best use of this

prototype? Would the process need to be changed? Do you think this

would be beneficial?

Finally, at the end of our workshop, after we have covered all of the prototypes,

we ask participants to place a star next to their favourite prototype on the Miro

board [56, 61].
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Proof.

∀Y ⊆ U, X ⊆ Y, x ∈ U \ Y, a ≥ 0, b ≥ 0 :

F1(X ∪ {x}) − F1(X) ≤ F1(Y ∪ {x}) − F1(Y )

∧ F2(X ∪ {x}) − F2(X) ≤ F2(Y ∪ {x}) − F2(Y )

=⇒ a ∗ F1(X ∪ {x}) − a ∗ F1(X) ≤ a ∗ F1(Y ∪ {x}) − a ∗ F1(Y )

∧ b ∗ F2(X ∪ {x}) − b ∗ F2(X) ≤ b ∗ F2(Y ∪ {x}) − b ∗ F2(Y )

=⇒ a ∗ F1(X ∪ {x}) − a ∗ F1(X) + b ∗ F2(X ∪ {x}) − b ∗ F2(X)

≤ a ∗ F1(Y ∪ {x}) − a ∗ F1(Y ) + b ∗ F2(Y ∪ {x}) − b ∗ F2(Y )

=⇒ a ∗ F1 + b ∗ F2(X ∪ {x}) − a ∗ F1 + b ∗ F2(X)

≤ a ∗ F1 + b ∗ F2(Y ∪ {x}) − a ∗ F1 + b ∗ F2(Y )

Theorem 4. Monotonicity is closed under weighted addition.

Proof.

∀Y ⊆ U, X ⊆ Y, a ≥ 0, b ≥ 0 :F1(X) ≤ F1(Y ) ∧ F2(X) ≤ F2(Y )

=⇒ a ∗ F1(X) ≤ a ∗ F1(Y ) ∧ b ∗ F2(X) ≤ b ∗ F2(Y )

=⇒ a ∗ F1(X) + b ∗ F2(X) ≤ a ∗ F1(Y ) + b ∗ F2(Y )

=⇒ a ∗ F1 + b ∗ F2(X) ≤ a ∗ F1 + b ∗ F2(Y )

Theorem 5. The class of functions F as defined in Equation 7.7 is submodular

and monotone.

Proof. By construction, F is the weighted sum of P and D. But D is the weighted

sum of functions δprop
g and δcount

G . It is trivial to see that P is submodular and

monotone. We have already demonstrated that δprop
g and δcount

G are submodular and

monotone. Thus, by Theorems 3 and 4, F is submodular and additive.
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C.3 Proof that Algorithm 1 Approximates the
SPF

Here, we prove that the greedy approximation method introduced in Algorithm

1 for SPF is a (1 − 1
e
)-approximation for our standard class of diversity functions

subject to a cardinality constraint [125].

Recall that an organisation’s preference function f : 2X− > R+ maps a cohort (a

set of applicants) to the weighted sum of a “diversity score” and a “performance score”

(both non-negative, real numbers). Here, our applicant pool X is represented as a set

with applicants as its members, and possible cohorts C ⊆ X are subsets of X. We

prove Appendix C.2 that f is monotonic (A ⊆ B− > f(A) ≤ f(B)) and submodular

(A ⊆ B ∧ x /∈ B− > fA(x) ≥ fB(x) (here, fS(e) = f(S ∪ {e}) − f(S) denote the

marginal gain of adding element e to set S). We demonstrate elsewhere that many

common understandings of diversity are represented by standard diversity functions.

Theorem 6. Let (S0...Sk) be a sequence of sets where S0 is the empty set and

Si>0 is defined by following Algorithm 1 with any ι, d, and p. Further, let O :=

argmaxS(f(S) : |S| = k) be the set of size k that maximizes f := ι ∗ d + (1 − ι) ∗ p.

Then f(Sk) ≥ (1 − 1
e
)f(O).

Proof. By induction. Let o1...ok = O be any ordering of the elements of O. Let

si := Si − Si−1 be the element added to Si−1 to form Si.

By monotonicity, we have ∀i.f(O) ≤ f(O ∪ Si). We can then write f(O ∪

Si) = f(O ∪ Si) − f(Si) + f(Si) = ∑k
j=1(f(Si ∪ o1...oj) − f(Si ∪ o1...oj−1)). I.e.,

f(O ∪ Si) = f(O ∪ Si) − f(Si) + f(Si) = ∑k
j=1 fSi∪o1...oj−1(oj).

By submodularity, ∀j ∈ [1...k].fSi∪o1...oj−1(oj) ≤ fsi
(oj). Thus, f(O) ≤ f(Si) +

k ∗ fSi
(si+1).

Since Algorithm 1 guarantees that ∀e ∈ X − Si.fSi
(e) ≥ fSi

(e), it follows that,

at every stage, f(Si+1) − f(Si) ≥ 1
k
(f(O) − f(Si)).

Then induction yields f(O) − f(Sk) ≤ (1 − 1
k
)kf(O) ≤ 1

e
f(O).
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Figure D.1: This figure shows sample SHAP explanations in the Salary task. Features
can be seen along the y-axis, while feature importance is shown based on the direction
and magnitude of the associated bar.

Figure D.2: This figure shows sample SHAP explanations in the Credit task. Features
can be seen along the y-axis, while feature importance is shown based on the direction
and magnitude of the associated bar.
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Figure D.3: This figure shows sample Anchor explanations in the Salary task. The
explanation shows a set of rules that, when jointly followed, increases the likelihood that
the model will yield the displayed prediction.

Figure D.4: This figure shows sample Anchor explanations in the Credit task. The
explanation shows a set of rules that, when jointly followed, increases the likelihood that
the model will yield the displayed prediction.

Figure D.5: This figure shows sample Confidence explanations in the Salary task. The
explanation is simply one sentence containing the model’s confidence parameter.
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Figure D.6: This figure shows sample Confidence explanations in the Credit task. The
explanation is simply one sentence containing the model’s confidence parameter.

D.2 Images and Descriptions of Prototypes from
Chapter 6

Figure D.7: This figure reproduces Prototype 6.3a at a larger scale.
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Figure D.8: This figure reproduces Prototype 6.3b at a larger scale.

Figure D.9: This figure reproduces Prototype 6.3c at a larger scale.
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Figure D.10: This figure reproduces Prototype 6.3d at a larger scale.
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Figure D.11: This figure reproduces Prototype 6.3e at a larger scale.
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Figure D.12: This figure reproduces Prototype 6.3f at a larger scale.
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D.3 Figures and Tables for Chapter 7

Figure D.13: This figure displays the SPF we estimate for the Cycle W finalist selection
process. The y-axis represents the diversity score while the x-axis represents the average
cohort performance. The green curve is our estimate of the SPF, which represents the
upper bound of diversity that is achievable at every level of cohort performance. The red
dot depicts the actual level of diversity and performance of the finalists who were selected
in Cycle W. The vertical and horizontal dashed red lines represent the maximum Pareto
gain that was possible along the diversity and performance dimensions respectively. In
particular, cohort diversity could have been improved by 15.2% without any reduction
in cohort performance. And, cohort performance could have been improved by 15.6%
without any cost to diversity.
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Figure D.14: This figure displays the SPF we estimate for the Cycle X finalist selection
process. The y-axis represents the diversity score while the x-axis represents the average
cohort performance. The green curve is our estimate of the SPF, which represents the
upper bound of diversity that is achievable at every level of cohort performance. The
red dot depicts the actual level of diversity and performance of the finalists who were
selected in Cycle X. The vertical and horizontal dashed red lines represent the maximum
Pareto gain that was possible along the diversity and performance dimensions respectively.
In particular, cohort diversity could have been improved by 13% without any reduction
in cohort performance. And, cohort performance could have been improved by 19.6%
without any cost to diversity.
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