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Abstract

The domain of machine learning (ML) has grappled with the challenge of curating
subjective datasets, where there can be many equally valid labels due to differences in
perspectives and a significant technical gap remains in how we can effectively incorporate
multiple subjective viewpoints into the labelling process. We contribute PERSONA, a
dataset labelling tool that presents LLM-generated personas with diverse labelling per-
spectives to encourage annotators to consider different human values during the dataset
labelling process. We studied how interactions with these personas affect the annotator’s
decision-making patterns. Based on a two-part user study, our evaluation shows that
PERSONA enriches the labelling process by prompting the annotators to reflect on differ-
ent viewpoints, showing the potential value of integrating LLMs in machine learning data
generation pipelines.
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Chapter 1

Thesis Statement

This dissertation aims to defend the following thesis statement:

With the growing adoption of large language models (LLMs) capable of dis-
playing human-like sentiment and reasoning, there is a unique opportunity to
enrich subjective labelling tasks in machine learning, which are traditionally
compromised by individual annotator biases. The development of PERSONA,
a novel LLM-in-the-loop dataset annotation tool, leverages LLM-generated per-
sonas to contribute diverse perspectives to the labelling process, promoting re-
flective decision-making and enhancing dataset quality and fairness by address-
ing potential biases during curation. This approach supports the creation of
more inclusive and balanced datasets by broadening the spectrum of human val-
ues represented in the data annotations.

To defend this statement, the remainder of this dissertation addresses the following
research questions:

1. Are LLM-generated subjective labelling personalities relevant to the decision-making
problem, and are their decision rules sensible?

2. Would collaboration with LLM-generated subjective labelling personalities during
an annotation task help people understand their values or impact their annotation
behaviour?



Chapter 2

Introduction

Subjective annotation tasks present a significant challenge in the field of data science and
machine learning (ML). Individual annotators can significantly influence the labels they
assign to data, by introducing personal values and perceptions into their annotations.
Research has shown that subjective bias in annotations can impact model performance,
as biases from individual annotators often lead to noise and inconsistencies in dataset
labels that are difficult to eliminate during model training [5, 63]. This interaction be-
tween human biases and algorithms exacerbates over time, creating feedback loops that
distort the model’s outcomes and integrity, leading to adverse results particularly in sen-
sitive domains like healthcare, criminal justice and hiring practices. Skewed annotations
may result in inaccurate predictions and disproportionate impacts on underrepresented
populations, exacerbating existing disparities in decisions [31]. Furthermore, racial biases
embedded within annotated datasets have been shown to propagate through machine learn-
ing models, amplifying discriminatory practices and perpetuating harmful decision-making
processes [60, 29]. Addressing bias during dataset curation is essential to ensuring fairness
and mitigating the risks posed by biased models in real-world applications.

Traditionally, efforts to address these biases have primarily focused on post-annotation
adjustments, attempting to ’de-bias’ datasets through aggregation or algorithmic adjust-
ments [59, 64]. Data annotation performed by crowd workers has been shown to incor-
porate the cognitive biases of annotators [17], which may propagate through ML systems
[7]. Many data annotation processes overlook the demographics of the labellers, and crowd
worker platforms often have non-representative demographics, leading to training datasets
influenced by biased populations and, consequently, biased systems [46, 52, 38]. This
phenomenon, known as labeller bias, has been exacerbated by recent developments in gen-
erative models. Therefore, understanding labeller bias is crucial for developing fair Al



systems. These approaches often fall short of addressing the root cause of bias, which lies
in the subjective nature of human judgement towards subjective tasks where the inter-
pretation and perspective of each annotator can lead to varying outcomes. Recent works,
such as Jury Learning, aim to mitigate bias during data annotation by integrating diverse
annotator perspectives [23], which has its own challenges in fairly representing diverse per-
spectives [25, 4, 30]. Our approach aims to address labeller bias throughout curation and
aligns with studies emphasizing the importance of reflection in decision-making [61, 16].
By facilitating interaction with personas, we aim to prompt annotators to reconsider their
inherent values, thereby enriching the dataset annotation process.

Recent studies suggest that large language models (LLMs) can demonstrate human-like
sentiment in decision-making tasks and can perform high-level datasets analysis to gain
missing context [13, 39, 58, 15, 27, 67]. PERSONA builds on these foundations by lever-
aging LLMs to generate a diverse set of artificial personalities, referred to as ”personas”,
to help human labellers reflect on their biases during the annotation process. PERSONA
is dataset-agnostic, generalizing the generated personas well to any dataset and labelling
task.

These personas are dataset-agnostic, crafted through the utilization of LLMs’ analyti-
cal abilities and dataset context to represent a multitude of diverse labelling perspectives
on any subjective annotation task. Each persona is designed to bring forth unique insights
and perspectives, drawing from a broad spectrum of human values and beliefs inherited in
the LLMs. This variety aims to expose human annotators to multiple viewpoints during
the data labelling task, encouraging them to reflect critically on the labels they assign.
By interacting with these personas and considering their diverse perspectives, annotators
are prompted to engage in a reflective process regarding their inherent biases. This reflec-
tive engagement is intended to guide annotators towards producing labels that are more
inclusive and representative of a wider array of human experiences, ideally leading to the
creation of datasets that are more balanced and less biased.

In this work, we introduce PERSONA, a tabular dataset annotation tool designed to
help labellers reflect on their values and perceptions during the annotation of subjective
tasks. Grounded in recent studies that demonstrate the potential of large language models
(LLMs) to mimic human-like sentiment in decision-making [13, 39, 67], PERSONA lever-
ages LLMs to generate a set of annotator personalities - termed ”personas” - to encourage
human annotators to reflect on their own values and perceptions during an annotation task.
By presenting a broad spectrum of human values and beliefs [58, 15, 27| to the annotator,
the goal of the PERSONA system is to generate more inclusive labels representative of a
more comprehensive array of human experiences. We conducted a two-part evaluation of
PERSONA, which showed that interacting with personas significantly changed annotators’



perspectives of their values and decision-making patterns during the annotation process.
This work contributes:

e a novel annotation system called PERSONA that leverages LLMs to generate personal-
ities that help annotators reflect on biases during subjective annotation tasks;

e results demonstrating how using personas during annotation tasks impacts understand-
ing of values and influences annotation behaviour; and

e a discussion of the effect of integrating LLMs into the ML data generation pipeline, show-
casing how LLMs can effectively generate high-quality, diverse and insightful personas
that enrich the data annotation process.



Chapter 3

Background

In recent years, the integration of ML and artificial intelligence (AlI) in data annotation
processes has opened new pathways for improving the efficiency, accuracy, and quality of
labelled datasets. Traditional annotation practices have heavily relied on human expertise,
which, while insightful, is limited by scalability challenges, potential biases, and the sub-
stantial time required for complex tasks. Advances in LLMs and Al-assisted tools present
a compelling alternative by offering human-machine collaboration frameworks that com-
bine computational power with human judgment. This collaborative approach accelerates
annotation speed, reduces labour costs, and introduces mechanisms for ensuring higher
labelling consistency across annotations. However, achieving an unbiased, diverse dataset
remains challenging for annotation tasks involving subjective judgment. Addressing these
complexities requires careful integration of reflective and diverse perspectives within the
annotation systems, empowering human annotators with additional necessary contexts to
consider various viewpoints during the labelling process. This chapter explores the ex-
isting literature and methodologies for Al-assisted annotation, discussing advancements
in human-in-the-loop and Al-in-the-loop frameworks, the role of cognitive diversity, and
strategies for reflection to enhance dataset quality and mitigate biases.

3.1 Existing Methods for Data Annotation

The application of Al in data annotation is transforming the way large datasets are la-
belled, enhancing efficiency and reducing the burden on human annotators. In traditional
data labelling methods, human input has been essential but constrained by issues of scal-
ability, fatigue, and potential biases. However, with the emergence of LLMs and novel



Al-driven tools, there is now a compelling opportunity to incorporate Al into the anno-
tation process, creating systems that both augment and complement human effort. By
integrating Al-in-the-loop, researchers can expedite routine tasks while reserving human
expertise for nuanced and subjective labelling, thus improving the speed and accuracy of
annotations. These collaborative systems not only streamline the annotation process but
also provide mechanisms to reflect diverse perspectives and mitigate inherent biases. This
section reviews recent approaches to Al-in-the-loop and collaborative annotation, the po-
tential for Al to introduce diverse viewpoints, and strategies for aligning human and Al
judgments to produce high-quality, fair and balanced datasets.

3.1.1 Al-in-the-Loop Annotation

There exists a large body of work in human computation and crowdsourcing (see [37]
and [3] for a review) and other areas [71, 54, 19, 42, 39] that demonstrate how machine
intelligence can help improve the efficiency and accuracy of human annotations. The
emergence of LLMs, in particular, presents a new opportunity to replace or augment human
annotation. For example, Alizadeh et al. [2] found that LLMs can outperform crowd-
sourced human workers in text annotation tasks.

Collaborative systems involving humans and AI performing labelling tasks have shown
the utility of improving annotator efficiency while benefiting from insights that human
labellers can offer [72, 39, 55, 33] . Li et al. [39] introduced a data annotation framework
that utilizes the strengths of both human annotators and LLMs when performing dataset
labelling at scale. Their tool, CoAnnotating, leverages model uncertainty to appropriately
delegate complex annotation tasks requiring meticulous human insight to humans, while
assigning simpler tasks to LLM models to enhance labelling efficiency. Similarly, Park et
al.’s [55] CHAIRA showed how collaborative Al-in-the-Loop annotation tools enhance the
quality and efficiency of annotations towards their online incivility dataset. Kim et al.
[33] corroborates the findings of Park and Li et al., further demonstrating how exploratory
verification of LLM labels by human experts can refine the quality of dataset annotations
curated at massive scale. Zhao et al.’s [72] H-NER tool enables rapid sample annotation
and verification from named entity recognition models, which then continuously learn from
this expanding pool of user-labelled samples. Their approach demonstrated how human-
machine systems can be built to address the concern of user labelling fatigue at scale,
improving the accuracy of their model and the efficiency of human annotators. These
collaborative approaches underscore the potential of combining human and machine intel-
ligence to generate high-quality datasets. Similar to these prior works, our work aims to



present a collaborative annotation system that combines LLM insights and human reflec-
tion to highlight labeller biases during the annotation process.

3.1.2 Generating Diverse Perspectives with Al

A key premise of our work is that providing annotators with diverse perspectives through-
out the labelling process will help them reflect on and navigate their values during anno-
tation tasks. Foundational research (e.g., Glick et al. [48], Miller et al. [51, 50, 49]) has
shown the benefits of diverse viewpoints for problem solving and innovation. Hughes et
al. [28] extend these foundations to present the ”Cognitive Diversity Hypothesis,” which
proposes that diverse cultural perspectives among group members lead to enhanced cre-
ative problem-solving and innovation within teams. Likewise, other works have shown
that cognitive diversity, stemming from both inherent and acquired characteristics of team
members, such as cultural differences [11] and cause-effect relationship perceptions [1, 40],
fosters a creative and dynamic environment conducive to generating novel solutions and
approaches.

In the domain of machine learning, recent research has shown that LLMs have the
potential to exhibit human-like cognition and sentiment in various tasks [13, 39, 58, 56].
Models such as GPT-3 (including davinci-003), GPT-3.5 and GPT4 demonstrate robust
capabilities in zero-shot sentiment analysis of various meticulous real-world sentiment an-
notation tasks [58, 15]. Further research by Webb, Holyoak, and Lu [69] demonstrates
GPT-3’s exceptional ability in analogical reasoning across various tasks, outperforming
college students in most conditions and showcasing an advanced level of cognitive process-
ing akin to human intelligence. These advancements underscore LLMs’ ability to mirror
human-like cognition, showcasing their potential to understand and generate content that
resonates with human reasoning. Recent approaches have also explored integrating cog-
nitive diversity into machine learning models by capturing dissenting voices to improve
decision-making fairness. For instance, ” Jury Learning” utilizes multiple jurors to reflect
group-based differences in annotating subjective content, such as toxicity detection, thereby
enhancing model fairness and aligning outcomes with community values [23].

However, little published research exists utilizing LLMs’ knowledge about various hu-
man perspectives in different domains to facilitate subjective dataset annotation. One
study by Tornberg demonstrated GPT-4’s capabilities in handling annotating texts that
require human-like rationale and contextual knowledge [67]. In particular, the LLMs could
provide their justification for the labels they assigned to any given entry. Tornberg sug-
gests, ”While humans have been considered the unrivalled gold standard for interpretive



tasks, we are slow, costly, biased, and have limited attention spans.” Building on these
insights, several recent studies have explored leveraging LLMs for annotation tasks across
diverse domains, demonstrating their capabilities in areas from implicit hate speech la-
belling to the extraction of medical information. Huang et a;. [27] explore the capability
of ChatGPT to accurately label implicit hate speech and provide good explanations for
its annotations. Zhu et al. [73] also investigated the capability of GPT for labelling hate
speech, sentiment analysis, stance detection and bot detection confirming ChatGPT does
have the potential to handle these data annotation tasks. He et al. [26] introduce a two-step
approach in which they first prompt the LLM to generate explanations and then annotate
a sample to improve the annotation quality of GPT3.5. Both Térnberg [67] and Gilardi
et al. [20] contrast the performance of GPT with that of crowd-workers, demonstrating
the zero-shot accuracy of ChatGPT exceeds that of crowd workers by about 25% average.
Goel et al. [21] introduce a two-stage semi-automated approach employing LLMs and hu-
man experts to accelerate annotation for medical information extraction. Frohling et al.
[18] demonstrated that injecting diverse persona descriptions into LLM prompts enhances
annotation diversity. These previous works provide the relevant groundwork supporting
our approach of using algorithmic personas to generate labelled datasets that represent
diverse human values.

Our work aims to leverage LLMs to incorporate cognitive diversity into subjective
decision-making tasks by equipping labellers with knowledge about divergent human view-
points in a given annotation task context.

3.2 Benefits of Reflection

Reflective practices are crucial in decision-making, as it has been shown to enable individ-
uals to adapt to new situations and improve overall performance. Prior studies indicate
that self-reflection helps decision makers to relate new information to prior knowledge [68],
understand ideas and feelings [57], and make strategic adjustments to changes in situa-
tions [16, 35, 61]. Reflective annotation processes serve as a bridge to enhance data quality
by facilitating deeper engagement of human annotators during the data labelling tasks.
Burmania, Parthasarathy, and Busso [9] have demonstrated the efficacy of online quality
assessments in crowdsourcing evaluations to maintain high data quality standards. Simi-
larly, Tseng et al. [65] outlines many different best practices for designing data annotation
projects that emphasize the quality and diversity of datasets produced.



Bias Identification and Mitigation

In algorithmic design and machine learning, identifying and mitigating bias has been a focal
point of recent research. Studies show that human values and preconceptions significantly
influence the assigned labels during subjective tasks [25]. Studies by Amos-Binks et al.
[4] and Jiang et al. [30] discuss various challenges and solutions in risk management
and fairness in personality computing, emphasizing the need for systematic approaches to
mitigate bias in data curation. Ngueajio and Washington [53] highlight the biases present
in automatic speech recognition (ASR) systems and propose inclusive redesign strategies
for future ASR systems and the data they train from. Mikolajczyk-Barela’s [47] work on
data augmentation and explainability for bias discovery in deep learning further contributes
to the technology available for addressing bias in deep learning models after data curation.

Our work presents a human-centred approach to bias identification and mitigation. Our
PERSONA system is designed to address the potential of bias at the source during the
machine learning labelling process. While biases are inherent and unavoidable in subjective
tasks, our approach seeks to make annotators aware of other viewpoints and perspectives
when assessing a machine learning example. As one potential benefit, our approach may
help improve the dataset’s integrity and impartiality, allowing it to be more representative
of diverse human perspectives.



Chapter 4

PERSONA: A System Overview

PERSONA is a web-based, dataset-agnostic system (i.e., it enables an individual to upload
any dataset) that allows users to label entries alone or with the assistance of multiple LLM-
generated personas that possess different viewpoints and labelling heuristics. As shown in
Figure 4.1, the system consists of a dataset uploader (1), generative agents (2), and a
reflective annotation interface (3); below, we discuss each of these components in detail.

4.1 Dataset Uploader

The dataset uploader is a web interface that allows users to initialize the system by up-
loading a tabular dataset in CSV format. The uploader extracts an initial overview of the
dataset to understand its high-level structure and content (e.g., feature set), then prompts
the user through a chat interface to identify the label for the prediction problem from the
existing features, if present. Users have the option to provide additional contexts about
the dataset, such as a natural language description of each feature (e.g., ”GPA is a contin-
uous feature that describes the grade point average of a student”) and the objective of the
labelling task (e.g., "the goal is to admit or reject a candidate student applying to grad-
uate school”). Using LangChain [10], the dataset is pre-processed via text-splitting and
transformed into embeddings that are stored in a local Pinecone [41] vector database. The
original dataset is stored in a temporary MySQL database for sampling and data analysis
by the moderator agent during the data annotation tasks.
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Figure 4.1: A System Overview of PERSONA. (1) A user can upload any tabular dataset
along with the context of the labels in the labelling task and any other optional context,
such as dataset metadata. (2) A user prompt first passes through the embedding model
and vector database to create a prompt input for the moderator agent to respond to.
The moderator can either directly respond to the user or send the user a prompt to the
personas with added context to let the personas determine how to respond to the user. (3)
The Reflective Annotation Interface allows the user to engage in the labelling task with the
personas, enabling the user to use the chat interface to create dialogue with the personas
before submitting their choice of label for the given entry.
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4.2 (Generative Agents

This work’s key contribution is the novel use of LLMs to generate personalities that high-
light different viewpoints and help annotators reflect critically on their own labelling values.
To achieve this, our system incorporates two types of LLM agents: a suite of persona agents
and a moderator agent.

4.2.1 Persona Agents

The persona agents are designed to represent diverse perspectives toward the user-specified
labelling task. Our algorithm for generating personas involves the following steps. First,
the dataset context is formatted into a singular prompt:

Your job is to create {n} unique, creative and reasonable personalities
based on the following criteria:
- You have a data frame with the following feature names:
{feature names}
- Each personality should provide a different perspective
on how to assign the {label name} label in the dataset
- Focus on using multiple features for the labelling heuristic
each personality represents.

Where n represents the number of personas the user wants to generate, feature names is
a comma-separated list of the features in the dataset and labels represents the label of the
dataset to be assigned. This sentence is omitted from the prompt if no such label column
exists. If the user provided additional context, they will be appended to the prompt as
follows:

Here is the additional feature context provided by the user:
{... user uploaded feature context ...}

Additional information about the dataset:
{... user uploaded dataset info ...}

Where finally, the labelling task is appended to the end of the prompt:

Each personality should follow the proposed labelling format: 'l for yes, O for no'.

Remember to create {n} unique, creative and reasonable personalities with a focus on

using a complex and interesting mixture of features from the dataset when making each
personality heuristic.

12
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personas = [{

"personality_name" : "The Scholar",

"personality_description": "Prioritizes strong academic achievement across
the board, considering GPA, GRE scores, and
research experience",

"personality_func" : "(df['Undergraduate GPA'] > 3.5) &

(df ['GRE Quantitative']l > 160) &
(df ['GRE Verbal'] > 160) &
(df ['GRE Writing']l > 4.5) &

(df ['Research Experience'] == 'Yes')"
3,
{
"personality_name" : "The All-Rounder",
"personality_description": "Evaluates candidates on a broader spectrum

such as extra-curriculars, SOP strength,
recommendation letters quality, apart
from just academic scores",
"personality_func" : "(df['Extra-curricular Activities'] == 'High') &
(df ['Statement of Purpose Strength'] > 4) &
(df ['Recommendation Letter Quality'] > 4) &
(df ['Undergraduate GPA'] > 2.5)"

Listing 1: An example illustrating a vector of JSON objects generated by our system repre-
senting a list of two personas for the graduate admissions task. Each persona is comprised
of a tuple of three fields: personality_ name, personality_description and personality func.
Each of these fields are used during the labelling process with the participant to represent
how the persona would label a given graduate application and their own values justifying
their decision.

13



This prompt aims to aggregate the context of the dataset labelling task and feature
information to the LLM provided by the user. Leveraging GPT-4 turbo’s function calling
suite, the LLM is supplied with the prompt, which outputs a vector of JSON objects
containing name, description, and data frame functions to be represented as personas. The
JSON schema requested requires the LLM to return three distinct string fields representing
each persona. The first field called personality name represents the personality’s name
used during the labelling process for the moderator to identify the persona the user might
be interacting with. The following field called personality description represents the
persona’s beliefs towards the given labelling task and is used to present their beliefs to
the user in the PERSONA interface. The final field called personality func is a string
representation of a data frame manipulation function that creates a new column in the
dataset representing the persona’s labelling strategy. This function is used to rationalize
the persona’s beliefs to the users (e.g., GPA ranges they look for, etc.) and extract the
specific features they value in the dataset.

An example of a generated list of personas can be seen in Listing 1. Given the context
provided during the dataset uploading process, the LLM has complete creative control
in generating personas to embody various labelling characteristics. These fields in each
persona are used to perform the labelling task and allow the LLM to represent the persona’s
characteristics when interacting with the user during the dataset annotation process. This
vector of JSON objects returned by the LLM is cached locally throughout the PERSONA
tool whenever a persona’s response is required.

Before a labelling task begins with the personas, a pre-defined number of entries the
user will label with the personas is randomly sampled from the dataset. In batches of 10
at a time, each persona is prompted to offer its suggested labels for the sampled entries.
To generate persona decisions, we leverage GPT4’s turbo’s function calling suite when
prompting the LLM to embody the characteristics of a given persona. The returned list of
JSON objects contains the labels and rationales representing the persona’s choices for each
given entry. System messages refer to the information we want to prime the LLM with,
in this case, the context of what persona it embodies, where user messages allow us to act
as the user, prompting the system with the decision-making task and all the entries we
want to be labelled. For each persona, the construction of the system prompt injects the
persona’s personality_name, personality_description, and personality_func while
detailing the user decision-making task (see Appendix A.1).

Once the system prompt is constructed, we create a sequence of user prompts to present
the decision-making task and dataset entries. The first user prompt is the decision-making
task (e.g. "Would you accept or reject this graduate student?”), and the following 10 user
prompts are the batch of 10 sampled dataset entries. Each entry is represented as a list

14



of "key: value” pairs to minimize token expenditure. The sequence of prompts is then
passed into GPT4’s turbo’s function calling suite, where we request a vector of 10 JSON
objects representing LLM labels and rationale. The JSON schema specified that the 1abel
returned is a binary signal (0 or 1), and the persona_reason is an explanation of why the
persona gave the following entry the label. The schema used in the function calling suite
specifies the label and persona reason provided must adhere to the sentiment of the
personality description and heuristic of the personality_func.

After all batches are completed, each persona should have a vector of 1abel - persona_reason
pairs representing the labelling decision made for every entry the user will label during the
collaborative annotation task. These vectors of persona decisions are stored in a separate
database for reference during the labelling process.

4.2.2 Moderator Agent

The moderator agent is designed to perform high-level data analysis of the dataset and
manage interactions between the users and personas. It is responsible for introducing
the task and the dataset, answering users’ questions about the dataset, and re-directing
users’ inquiries to different personas. The moderator decides who to prompt based on a
series of actions we provide GPT4 turbo’s function calling suite. The functions provided
allow the agent to determine if the user prompt is best suited for a response from one or
more of the persona(s) or directly from the moderator. The moderator questions are split
into two categories: general questions about the dataset / PERSONA tool and questions
about the annotation task. The LLM setup for the moderator agent and the persons
are identical. Questions about the system or general dataset inquiries prompt the LLM
with the dataset context the user provided during dataset upload for a response from the
moderator agent (see Appendix A.2). All user messages that the function calling suite
determines require a response from the moderator or persona agents and are modified by
the system before being prompted by the targeted AI. The user’s prompt is re-constructed
into a new query prompt by adding or removing relevant context, highlighting or obscuring
context, or merging context from the current entry, dataset or persona database. This
approach ensures the response adheres to the instructions and incorporates the relevant
contexts the user requests.

Questions on dataset analysis will pass the user prompt directly to the LLM. The
agent utilizes LangChain [10] integrated with GPT-4 turbo to analyze the dataset and
communicate effectively with users. For the moderator agent, we use the 'zero-shot react
description’ agent type from the LangChain API to analyze the uploaded dataset directly
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pertaining to the user’s inquiry. All other unrelated prompts directed to the moderator
are rejected, and the agent will inform the user it cannot address their inquiry.

4.3 Reflective Annotation Interface

Would you accept or reject this graduate student?

The Prof

The Scholar ~ TheMulti a... | The All-Rounder
e
Age Applicant ID Ethnicity Extra-curricular
. Activities
24 2464 Asian
o
(] m
Financial Aid Offered GMAT GRE Quantitative GRE Verbal
Yes o 143 168
The Professional emphasizes practical, hands-on experience. This personality gives an edge to
applicants with real-world experience in their respective fields and strong recommendations.
e Persona focuses on these feature values:
GRE Writing Gender Nationality Program Applied
. . (Extra—curricular Activities) (Recommendation Letter Quality)
2 Prefer Not to Spain Mechanical
Say Engineering (Relevant i i ) ( of Purpose Strength)
(] ] (] (]
i Relevant Research )
Letter Quality Professional Experience w
0o Experience
3 Yes . . . .
4 In this task, you will be continue to label the following dataset
@ alongside the personas
e (]
Statement of TOEFL Undergraduate GPA Undergraduate
Purpose Strength 0 31 Institution Type For each entry, you will be able to see what label the persona
1 Private i@ would give the candidate
Feel free to ask any persona about their labelling decision
Undergraduate @ should you want to learn more about their opinion

Major

=

Type a message...

Figure 4.2: Screenshot of the PERSONA interface from the graduate student application
task. Personas offer insight into whether or not they would accept or reject the given
candidate’s profile.

The Reflective Annotation Interface is a web interface where annotators can perform a
machine learning labelling task while interacting with the moderator and persona agents.
The user interface (see Figure 4.2) consists of a labelling panel (on the left), a persona
panel (on the top right) and a chat interface (on the bottom right) to communicate with
the agents.

The labelling panel presents the users with the labelling task description in the form
of a question (e.g., ”Would you accept or reject this graduate student?”), a board displaying
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a grid of features associated with the current example and a binary labelling option (i.e.,
Accept, Reject) corresponding to the task question (i.e., Accept or Reject the student in
this example). Hovering over the information icon on the feature card will reveal more
information about the feature.

The persona panel presents a set of personas, each using a persona card that consists
of a title (e.g., ”The Scholar”), a labelling decision for the current task (e.g., Accept /
Reject), and a description of the persona’s decision rule. Users can explore each persona’s
background and beliefs through both the card descriptions and by interacting with them
in chat dialogues. Persona responses are uniquely coloured and include a profile icon for
easy identification.

The chat interface facilitates the reflective annotation process. At the onset, the
moderator agent (whose speech appears in grey bubbles) introduces the labelling task
and the dataset, as shown in Figure 4.2. Users can query the moderator agent via a
chat interface and ask questions to better understand the dataset (e.g., ”What is the
dataset about?”, "What are the ranges for the GRE?”, "What is the average GPA in
this dataset?”). When a user submits a chat message, the moderator determines whether
to reply directly, which persona(s) to engage or if the prompt should be disregarded.
Users make their labelling decision by clicking one of the decision buttons (e.g., Accept or
Reject). Progress through the labelling tasks is visually indicated by a loading bar showing
the percentage of the tasks completed.

4.3.1 Reflection During Conversation

During a labelling task, personas engage with users in several ways. For each task, each
persona discloses their labelling decision for that task. Users can question any personas to
seek clarification or further information about the persona’s labelling decision. The persona
will either provide the information or notify the user that it cannot respond adequately.
Figure 4.3 shows an example of the back-and-forth conversation between the user and one
of the personas.
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All-Rounder, why did you accept this candidate?

| believe this candidate should be accepted based on a
combination of factors: they have a strong GPA that meets the
threshold, their combined GRE scores are sufficient, they are
engaged in extracurricular activities, and they have been
offered financial aid. | align with these elements and believe
they should be admitted.

Feel free to ask any other questions you like to myself or the

other personas.
but | feel as though their GPA might be a little low

That might be true, but | believe they have a strong overall
profile. This includes a satisfactory GPA that met the minimum
threshold | consider for well-rounded candidates, GRE scores
that exceed the combined target of 310, active participation in
extracurricular activities, and an offer of financial aid. My
holistic evaluation of their credentials is why | suggest we
accept them despite their GPA not being exceptionally high.

Feel free to ask any other questions you like to myself or the
{8 other personas.

Figure 4.3: Example back-and-forth conversation with one of the personas.

The moderator agent monitors the conversation and detects whether the user is over-
looking personas’ suggestions. If a user consistently ignores a persona’s advice over four
labelling tasks (i.e., selects a label different from what a persona chooses up to four times),
the moderator prompts the ignored persona to justify its suggested label directly to the
user in the chat.
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Would you accept or reject this graduate student?

O The Scholar TheMulti a... The Professi | The All-Rounder
] ] ]
Age Applicant ID Ethnicity Extra-curricular
. . Activities
39 403 Hispanic N
High
[ ° o
Financial Aid Offered GMAT GRE Quantitative GRE Verbal
Yes 0 141 137
The Professional emphasizes practical, hands-on experience. This personality gives an edge to
applicants with real-world experience in their respective fields and strong recommendations.
) ) ) ) Persona focuses on these feature values:
GRE Writing Gender Nationality Program Applied
. (Extra-curricular Activilies) (Reccmmendation Letter Quality)
4 Prefer Not to Mexico Computer
say Science (Relevant Professional Experience) (Statement of Purpose Strength)
(] ] (] (]
ion i Relevant Research T rngeras e s s
Letter Quality Professional Experience
1 0 Experience Yes
3 For each entry, you will be able to see what label the persona
@ would give the candidate
(] (] (]
Statement of TOEFL Undergraduate GPA Undergraduate
Purpose Strength 86 2.34 Institution Type Wait a moment before you say Yes!
1 i Private
Despite this applicant having a publication, they fall short of
e the academic excellence | seek, given their low GPA of 2.34
Undergraduate and low rating of the recommendation letter.

Major

Type a message...

Figure 4.4: Example of a persona intervening before a user submits a label. In this example,
once the user has pressed the ”Accept” button, the contradicting persona disables both
the ” Accept” and "Reject” buttons and vocalizes their rationale in the chat-box.

This intervention, which temporarily disables the labelling options (see Figure 4.4),
is designed to allow every persona to interject their opinion multiple times throughout
the labelling process to deepen the user’s understanding of different viewpoints and how
labelling decisions can diverge. Only two personas can intervene simultaneously during
any labelling task to keep the process manageable and prevent information overload.

Once the labelling task is completed, the moderator will tell the user what persona
they matched the most with. The similarity between a user and each assigned persona is
calculated based on the matching label percentage. If there is an 80% or higher match, the
moderator will comment on which personas the user’s choices are closely aligned with. For
a 50% to 79% similarity, the moderator will mention the personas with which the user’s
choices are somewhat aligned. If the similarity is less than 49%, the moderator will notify
the user that their decisions were not aligned with any of the personas.
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Chapter 5

Evaluation

We conducted two separate evaluation studies: (1) a persona profile evaluation study and
(2) an observational user study. In the persona profile evaluation study, we aimed to inves-
tigate: (RQ1) Are the generated personas relevant to the decision-making problem, and
are their decision rules sensible? Using the same set of generated personas, the observa-
tional user study aimed to answer the question: (RQ2) Would using personas during an
annotation task help people understand their values or impact their annotation behaviour?
Participants for both studies were recruited from SONA, the University of Waterloo’s study
participation recruitment platform and the studies were conducted in person.

5.1 Datasets and Subjective Labeling Tasks

During both studies, participants were presented with one of three datasets to work with.
These datasets are crowd-sourced or fictional, and their contents are available for use in
the public domain. Every dataset is comprised of one binary label that personas and users
in both studies are asked to predict and provide.

The Graduate Admissions Dataset (denoted as Admissions) is a synthetically cre-
ated dataset. The dataset includes 21 various applicant features, including demographic
details, academic achievements, standardized test scores (e.g., GRE, GMAT, TOEFL),
and qualitative assessments such as research experience, publications, and recommendation
letters. These features were distributed based on predefined means, standard deviations,
and probabilities, specifically aligning undergraduate majors and intended graduate pro-
grams to reflect real-world application behaviours. Entries were generated randomly and
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adjustments ensured logical consistency, such as correlating publications with research ex-
perience and prioritizing GMAT scores for business-related applications while maintaining
GRE scores’” universal relevance. This careful curation aimed to create a rich, diverse, and
realistic simulation of the graduate admission process, facilitating an ethical examination
of admission influences without real individual data privacy concerns. In our studies, this
dataset was used to prompt users and the personas to determine whether to ” Accept” or
"Reject” a student’s graduate school application to some fictional institution.

The UCI Adult Dataset (denoted as Census) was curated by the University of Irvine
in 1996 [6]. This dataset comprises 14 features, representing the demographic information
of participants in the USA census. In our studies, this dataset was utilized to ask users and
the personas to determine whether an entry’s income ”Did” or "Did Not” exceed $50K /yr.

The IBM HR Dataset (denoted as Attrition) is a fictional dataset created by IBM
data scientists that presents the results of an employee survey [44]. This dataset contains
34 features and was used to prompt users and personas to determine whether a given
employee "Was” or ”Was Not” at risk of attrition from a fictional company.

5.2 Study Design

5.2.1 Study I - Persona Profile Evaluation

Our first goal is to evaluate whether our system is able to generate persona profiles that are
sensible. Specifically, we conducted an evaluation study to assess each generated persona
profile in terms of its appropriateness for the particular subjective labelling task and the
coherence of its profile description, as well as the overall quality, diversity, and intuitiveness
of the set of generated personas.

We recruited 9 participants (gender: 7 Female, 2 Male; aged 18-30; M=24.0, 0=3.57)
to evaluate personas generated from one of the three datasets. To preserve anonymity,
participants will be encoded as Q1 to Q9; where participants Q1, Q2, Q3 evaluated per-
sonas generated from the Admissions task, Q4, Q5, Q8 were assigned the Census persona
evaluation task and Q6, Q7, Q9 were given the Attrition persona evaluation task. Each
participant was presented with 20 personas generated from one of the three datasets and
asked to respond to following three questions:

e Appropriateness: "To what extent is this persona appropriate for the given decision-
making task?”
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e Profile Coherence: "To what extent does this persona’s title align with the decision
rule that it uses?”

e Additional Observations: "Please tell us any additional observations you have, in-
cluding anything interesting, odd, or/and unique you noticed in this persona”

The Appropriateness and Profile Coherence measures are 1-7 Likert scale ques-
tions and Additional Observations is a short textual response. The participants were
instructed to evaluate each persona profile, which included a title (i.e., persona name), a
decision rule (i.e., labelling heuristics), and all dataset features, with the features relevant
to the current persona highlighted in red as shown in Figure 5.1.

To assess their overall impression of the set of generated personalities, participants
were given a post-study questionnaire to assess their evaluation of the set of all generated
personalities; they answered the following three questions:

e Quality: "Overall, how would you rate the quality of the LLM-generated personalities?”

e Diversity: ”"Overall, how would you rate the diversity of the LLM-generated personal-
ities? (high diversity = there are a variety of personalities that are very different from
one another)”

e Intuitiveness: ”"Overall, how intuitive (i.e., easy to understand) were the LLM-generated
personalities?”

The study lasted between 30 to 40 minutes, with 20 to 30 minutes allocated for the
persona-judging surveys and 10 minutes for the consent form and post-study survey. Re-
muneration was provided in the form of a $15 Amazon gift card.

5.2.2 Study II - Observational User Study

We conducted an observational user study to investigate how personas help annotators
reflect on and understand their own values and affect decision-making.

We recruited 24 participants and distributed them evenly among each subjective la-
belling task (9 for Admissions, 8 for Census and 7 for Attrition). Participants were only
required to be above the age of 18 years of age (gender: 14 Female, 9 Male, 1 Non-Binary;
aged 18-39, M=25.3, 0=5.0) to participate. To preserve anonymity, participants will be
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The Academic Ace

Favors candidates with exceptional academic records, particularly high GPAs and GRE
scores.

Dataset Features: Persona uses the ones in Red

Relevant Professional Experience
TOEFL Undergraduate GPA

Persona 1 out of 20
To what extent is this persona appropriate for the 'Graduate Admissions' decision making task?:

Not at all Extremely
Appropriate Appropriate

To what extent does this persona's title align with the decision rule that it uses?:

Not at all 1 Extremely
Aligned Aligned

Please tell us any additional observations you have, including anything interesting, odd, or / and unique you
noticed in this persona.

NEXT

Figure 5.1: An example of the persona profile evaluation interface used on a set of personas
generated from the Admissions dataset.
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encoded as P1 to P24; where participants P1 to P9 engaged with the Admissions task, P10
to P16 were assigned the Census task and P17 to P24 were given the Attrition task.

Participants were first asked to complete a pre-study questionnaire that collected infor-
mation about demographics and their experience with machine learning labelling processes.
Most participants were familiar with interacting with LLMs at various levels going into
the study (2 Never, 6 Rarely, 8 Occasionally, 5 Frequently and 3 Regularly), with 18 out
of the 24 having experience using the online ChatGPT interface. A second pre-study ques-
tionnaire reveals the labelling task for the main study and asks participants to select the
features they believe to be important for that subjective labelling task and how confident
they would be in making the correct labelling decisions. These specialized pre- and post-
surveys aimed to identify trends regarding the features the user may interpret as important
for the subjective labelling task before and after interacting with the PERSONA tool.

Next, participants engaged with the PERSONA tool, where they were initially prompted
to label 10 random dataset entries alone (phase 1). During this time, users could only ask
the moderator dataset-specific questions such as the meaning and ranges of features in the
dataset. Once 10 tasks were completed, the moderator would introduce 4 personas the
user would interact with while labelling (phase 2) and ask them to annotate 10 additional
random examples with the personas. During this task, personas would reveal the label
they would assign to the current entry and could be prompted by the user with any ques-
tion related to their perspective and label towards the current entry. Once completed, the
participants are given 10 more labels to complete alone (phase 3) before the study ends.

After the experiment concluded, participants were administered two post-study ques-
tionnaires. The questionnaires were identical to the pre-study questionnaires, except for
additional questions that assessed the participants’ confidence working with LLMs, expe-
rience with using the PERSONA tool, and curiosity traits (based on the Curiosity and
Exploration Inventory (CEI-II) [32]). Participants were also interviewed about their ex-
periences during the experiment. They were asked to comment on their interactions with
the personas and the perceived impact that the tool had on their decision-making process.

The study lasted 1 hour, with 45 minutes dedicated to experimentation, including
interviews, and 15 minutes allotted for participants to complete all Google Forms surveys
and consent materials. Remuneration was provided as a $20 Amazon gift card.
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Chapter 6

Results

6.1 Thematic analysis of Personas

For both studies, we analyzed the generated personas through a thematic analysis approach
[8] to better understand the type of personas generated. Codes were developed iteratively
through multiple passes of analyzing the generated persona’s descriptions and feature im-
portance. Table 6.1 illustrates the themes identified alongside their primary and secondary
codes generated by this analysis for each labelling task. Due to the non-deterministic na-
ture of agent generation, many of the created personas held values and relied on features
associated with multiple themes. To visualize the distribution of persona values among
the generated themes, we used UpSet plots to categorize the frequency of personas that
embodied multiple themes from Table 6.1 for each study’s experiment group.

In Study II, interviews were transcribed, coded, and analyzed by adopting a thematic
analysis approach [8] through affinity diagramming of summarized and verbatim quotes.
Codes were developed iteratively by conducting multiple passes of the transcripts and mul-
tiple affinity mapping sessions. As the themes were generated through the codes, we verified
the data with the assigned themes to ensure relevancy, organization, and faithfulness.

The themes identified alongside their primary and secondary codes generated by this
analysis include:

e Impact on Decision-making - Impact personas had on user labelling choices and

throughout the decision-making process: Persona guidance, Decision reinforcement, Per-
sona disagreement, Ambiguity in persona label interpretation.
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e Alignment with Human Values - The alignment of user values and the generated
personas: Diversity emphasis, Holistic considerations, Relation to personal experiences,
Persona values, and User values.

¢ Reflection on Choices - The various ways the personas influenced self-reflection:
Influence of persona intervention, Influence of persona perspective, Personas facilitating
a holistic review of the data.

e Trust - Trust in personas: Skepticism about personas, Relevance of persona advice.

6.2 Perception of Generated Personas

The quantitative data summarized in Table 6.2 reveals the mean scores and standard devi-
ations for the two Likert questions (Appropriateness and Profile Coherence) about the par-
ticipant’s perceptions of the generated personas for the three datasets. A one-way ANOVA
was performed to determine if the quality of the generated personas was significantly differ-
ent across the three datasets. We drew QQ plots and calculated the variance inflation factor
to check the model assumptions before interpreting the results. Our analysis revealed sig-
nificant differences in responses for both appropriateness (F'(2,177) = 8.215, p < 0.0004)
and profile coherence ratings ( F'(2,177) = 5.911, p < 0.0032) between the three datasets.
The Tukey’s honestly significant difference (HSD) post-hoc test further delineated these
differences. For appropriateness, significant mean differences were found between the Attri-
tion vs. Admissions (p = 0.003) and Census vs. Admissions (p = 0.001), but not between
Census vs. Attrition (p = 0.971). For profile coherence, significant differences were ob-
served between Attrition vs. Admissions (p = 0.035) and Census vs. Attrition (p = .003),
with no significant difference between Census vs. Admissions (p = 0.709). These results
imply differences in the quality of the generated personas for different datasets.

26



Table 6.2: Study I: Perception of Generated Personas

Dataset Indicator Mean (M) SD (o)
o Appropriateness  3.88 1.61
Graduate Admissions
Profile Coherence 5.68 1.36
o Appropriateness  4.87 1.68
Employee Attrition
Profile Coherence 5.05 1.64
Appropriateness  4.93 1.47
Adult Census PpIop
Profile Coherence 5.88 1.11

Graduate Admissions Dataset. Participants rated the appropriateness and profile co-
herence of the LLM-generated personalities with mean scores of 3.88 (¢ = 1.61) and 5.68
(0 = 1.36), respectively. Participants mentioned the lack of attention to diversity as the
reason for the low appropriateness score. As Q1 noted, ”While prioritizing diversity, it
does not consider that there are more ways to be diverse other than ethnicity and gen-
der.” Similarly, Q2 mentioned that ”personas [focus| heavily on the academic side of things
whereas [in] graduate admissions people may make decisions based on external factors such
as extra-curriculars and personality.” On the other hand, the higher alignment score sug-
gests that participants found some aspects of the personas consistent with expectations
for graduate admissions, though some participants (e.g., Q3) found some personas to be
overly specific or narrow at times.

Employee Attrition Dataset. Participants rated both appropriateness (M=4.87, ¢ =
1.68) and profile coherence (M=5.05, o) with high mean scores. However, participants also
highlighted several limitations in how the personas accounted for employee behaviour and
preferences complexities. For instance, Q6 thought that some personas fall short because
in judging employee profiles, they did not consider ”the actual person and what’s going on
in their life - someone who travels a lot for business who prioritizes a work-life balance may
enjoy travelling.” Similarly, Q9 disagreed with one persona on whether a ”percent salary
hike recently should make people want to stay”, citing additional responsibilities as a factor
that would contribute to this decision. Q7 echos Q6’s and Q9’s claims, noting that ”the
personas represent general perspectives very well, but might lack subjective preferences
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such as workers who might like travelling.”

Adult Census dataset. The generated personas in this dataset received the highest mean
scores of 4.93 (o0 = 1.47) for appropriateness and 5.88 (¢ = 1.11) for profile coherence.
However, participants noted specific areas where the appropriateness could be improved.
For instance, Q5 mentioned for some personas representing some aspect of the theme
of Economic Stability that when ”approximating income, other factors must be taken
into account. In most cases, a person with an advanced age may not be able to work
a large number of hours consistently,” suggesting that while the personas were generally
appropriate, certain assumptions made by the model could be refined. Q4 and Q8 echoed
this sentiment, with Q8 noting, ”self-employed is an unstable position which can go either
way when it comes to making income,” indicating that the personas might oversimplify
the variability in income associated with different employment types.

The high profile coherence score indicates that participants found the personas de-
scriptions consistent with the features they looked for. Like the other two datasets, some
participants suggested that personas should have paid attention to other features. For
example, Q8 remarked, "tech people do earn a lot of money these days. Personas [should]
value [tech-related] workclass and occupations as strong indicators of high income.” In one
case, Q8 reacted negatively to a persona’s decision, explaining that the ”persona seems to
be borderline racist when it comes to estimating the income based on demographics.” This
illustrates that agents’ use of sensitive features, such as race and gender, as reasoning for
its decision can be seen as inappropriate and offensive.

Overall Quality, Diversity and Intuitiveness. In the persona profile evaluation study,
we also asked participants to rate the quality (M=5.44, 0=1.13), diversity (M=6.00,
0=0.87) and intuitiveness (M=5.67, 0=1.12) of each dataset’s generated personas. As
shown in Figure 6.1 and 6.3, participants, on average, evaluated personas to score highly
in all three categories. One-way ANOVA tests were conducted that concluded no significant
differences between datasets were found.

Participants who rated the quality of personas highly expressed appreciation for the
diversity and the thought-provoking nature of the personas generated. For instance, Q3,
Q4 and Q8 commented on the depth and nuanced nature of the personas they judged. Q3
felt that ”the personas were varied and the taglines [(i.e., titles)] provided some interesting
context for the features of interest. A few of the persona’s were no-brainer decisions but a
good amount inspired some extra thinking on my part.” The overall constructive influence
of the personas in prompting deeper reflection suggests that they are helpful tools for
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enriching the annotator’s experience during machine learning labelling tasks.

Participants also reported positive feelings towards the diversity of personas generated.
All participants mentioned that they observed various personas that presented different and
unique perspectives toward the labelling task. Participants Q1, Q2, Q4 and Q8 commented
on the broad societal and personal aspects they observed the personas to have considered;
as Q4 remarked: "the different kind of individuals shown in the study are a good example
of our society and people living in it.” These results show that our participants appreciate
the breadth and depth of personas created by the LLMs.

How would you rate all of the persona’s...

Extremely Low . .

. . Extremely High

Figure 6.1: Assessment of the Overall Quality of Generated Personas in Study I.



Table 6.3: Persona Validation Survey Responses Summary

Dataset Question Mean (M) SD (o)
Intuitiveness 5.67  0.577
Graduate Admissions Diversity 533  0.577
Quality 5.67 1.15
Intuitiveness 5.33 2.08
Employee Attrition Diversity 6.00 1.00
Quality 433  0.577
Intuitiveness 6.00 0.00
Adult Census Diversity 6.67  0.577
Quality 6.33 0.577

Users generally evaluated the intuitiveness of understanding the LLM-generated per-
sonas positively. Participant consensus suggests that the personas, while diverse and
complex in their designs, were largely accessible and comprehensible. Many participants
mentioned that our particular way of displaying decision rules effectively conveyed each
persona’s essence. Q1, Q2, Q5 and Q9 noted personas were easy to comprehend, with
Q4 praising: "the tabs marked in red [making] it clear to understand [the values| of [the
personal at a single glance.” Overall, the LLM-generated personas were broadly recognized
for their intuitiveness, allowing users to easily and fully understand the persona’s values
and beliefs.

6.3 Impact of Personas-Facilitated Reflection on Decision-
Making

In Study II, participants showed a significant improvement (mean difference = 0.292, 95%
CI [0.028, 0.555], t(23) = 2.29, p = 0.032) in their openness to re-evaluating decisions
when presented with new information after exposure to PERSONA. Post-survey responses
show that users found the feature of personas presenting their values useful (M=5.170,
o=1.430).
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Our qualitative findings align with these results. Several participants (e.g., P1, P12,
P21, and P22) shifted towards being open to more holistic considerations when prompted
by personas. This was particularly evident when participants P6, P8, P10, P19, P21, P22
and P24 reported revising their judgments, based on insights offered by personas highlight-
ing previously disregarded aspects of the dataset. P6, P8, P19, P21 and P24 all reported
that engagement with the personas influenced the importance they place on certain features
of the labelling task. For example, P21 started to consider the balance between work and
personal life balance, a factor they had initially overlooked during the individual labelling
task. In the second pre-study questionnaire, P8, P10, P19 and P24 identified almost every
feature in their dataset tasks as important; however, in the same post-study questionnaire,
they all selected features that the personas they aligned with focused on. In the Graduate
Admissions task, P8 reported aligning strongly with a persona that solely embodied the
theme of Academic Excellence, noting that ”[they| trusted [the persona’s|] opinions more
than [their own] and other personas.” In the second post-study questionnaire, P8, P19, and
P24 all narrowed their original judgements on features they deemed important to match a
smaller subset of features the agent they aligned with considered important.

6.3.1 Enhancement of Self-Reflection and Deliberation

Post-survey responses reveal that users identified one persona that helped them reflect on
their values (M=4.125, 0=1.329) and talking to personas had a slight impact on their
values (M=3.590, 0=1.611). During the interviews, many participants reported deeper
reflection and deliberation in their decision-making processes when interacting with per-
sonas. P3, P13 and P20 recalled instances where disagreements with personas prompted
them to re-evaluate their values and assumptions. In one disagreement with a persona
that focuses on Career Trajectory and Personal and Demographic factors during the em-
ployee attrition task, P20 contested a persona’s belief, stating, ”This employee has low
environment satisfaction, low job satisfaction and low relationship satisfaction. Why do
you think they are not at [at] risk of leaving the company [persona name]?” The persona
responded, "My assessment that the employee is not likely to leave the company might
seem counterintuitive considering their low satisfaction levels in various areas. However,
other factors such as their total working years, old age, and time spent at the company
suggest a level of loyalty and commitment that would reduce this [employee’s] risk of attri-
tion.” P20 responded by labelling the employee as a low risk of attrition. In the post-study
interview, P20 mentioned that they began ”considering company tenure and employee age
as important features [they| overlooked” as they then believed ”that an older person might
feel loyal to their company and insecure about getting another [job] leaving at [their] old
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age.” P3 had a similar experience of changing his mind after interacting with a persona
he does not agree with. This introspective engagement highlights personas’ capacity to
challenge user preconceptions and facilitate a more comprehensive view of the subjective
annotation problem.

6.3.2 Impact on Decision-Making Confidence

Admissions Decision Making Responses Attrition Decision Making Responses

Pre-PERSONA Post-PERSONA Pre-PERSONA

Post-PERSONA

Q1: 1 am confident in my ability to

Q1: 1 am confident in my ability to 2
make unbiased decisions.

make unbiased decisions.

2

Q3: 1 am open to re-evaluating my
decisions when presented with new
information.

Q3: | am open to re-evaluating my
decisions when presented with new 1
information.

Q4: 1 trust decisions made with the

Q4: | trust decisions made with the m
assistance of Al
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Figure 6.2: Participant responses when rating the 7-point Likert scale questionnaires for
both the pre- and post-study survey response sections under the decision-making and trust
in Al category on all dataset tasks in Study II.

The influence of personas on users’ confidence in their decisions was varied. Figure 6.2
shows user confidence pre and post study across different datasets. The Pre- (M=5.00,
0=1.51) and Post- (M=5.38, 0=1.06) survey results for the Admissions task and the Pre-
(M=4.87, 0=0.99) and Post- (M=5.13, 0=1.13) survey results for the Attrition task show
increases in user decision-making confidence after interacting with the personas. The Pre-
(M=4.00, 0=1.63) and Post- (M=3.71, 0=1.25) survey results for the Census task show a
decrease in user decision-making confidence after interacting with the personas. A paired
t-test was performed for all three tasks that concluded the differences observed between
the pre- and post-scores were not statistically significant (p > .05).
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Our qualitative results likewise show that while some participants felt reassured by
the alignment between their judgments and the personas, others experienced diminished
confidence in the face of disagreement. Throughout Study II, ten participants reported
an increased confidence in their abilities to perform the same labelling task in the future,
whereas five participants reported decreased confidence. All other participants’ confidence
scores remained unchanged. Users who experienced decreased confidence also reported
feeling less sure about their decisions when confronted with conflicting viewpoints. P5,
P11 and P20 reported decreased confidence in their labelling abilities when interrupted
by a persona before making a decision. P5 clarified after exposure to the personas that
”[they] learned that [their] values aren’t necessarily accurate,” noting that interaction with
the personas ”challenged what features [they| found [were| important.” In contrast, P6,
P12, P17 and P20 claimed they felt more confident in their decision-making when their
judgments aligned with those of the personas. P12 mentioned, ”when two or more of [the
personas] [they] liked [provided the same label| [they] felt great and had higher confidence
in [their] answer.” P14 and P15 both noted that they felt unconfident in their decisions
when the personas all shared different opinions on a label. P15 remarked, ”in some tasks

. when the vote was split between all personas [they] felt ... overwhelmed [even after]
talking to [the personas] that [they] picked randomly.” P14 shared a similar sentiment,
where intervention from a persona after settling on a difficult decision would " cause [them)]
stress” and they would ”just want to get this entry over with.”

6.3.3 Clashes between Human and Persona Values

Post-survey responses revealed that all participants enjoyed using the PERSONA tool
(M=5.917, 0=0.974), and felt that the personas were able to incorporate human values
in their decision-making processes (M=4.25, 0=1.674). Additionally, users found the per-
sonas gave proper perspectives of the dataset label (M=4.25, 0=1.648), and there were
one or more personas they disagreed with (M=4.625, 0=1.637). In some instances, conflict
arose when participants’ values directly contradict the persona’s values. For example, com-
munication friction was observed in the interaction between multiple participants (P4, P6,
P7, P8, P9, and P10) and the personas. In an extreme example of disagreement, P8 asked
a persona embodying the theme of Diversity: "why do you want to accept this candidate?
They’ll likely struggle in a program like pharmacy (which is very math heavy needing to
balance complex chemical equations) as a result of a low GRE Quantitative score and a
low undergrad GPA.” To this, the persona replies, "I believe including [this applicant] is
necessary to contribute to the diversity of the student body, due to their underrepresented
gender and nationality, which you might have overlooked in your past labelling activity.”
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P8 reacted by informing researchers that they would ”pick the opposite label ... to spite
[the personal.” Similarly, P4 criticized the advice of a persona advocating for a candidate’s
selection primarily for their potential to enhance campus diversity.

6.3.4 Trust of Persona Beliefs

The level of trust participants placed in personas varied, significantly influenced by the
degree of alignment between the Al’s advice and their values. Trust enhancement was
noted when personas provided insights that led to more informed decisions or resonated
with participants’ reasoning processes. However, instances of strong value conflicts, as ex-
perienced by participants P4, P6, P8, and P7, highlight the conditional nature of trust in
personas. Furthermore, how personas interacted with some participants led to skepticism
and distrust toward the agents. P19 noted that the ”clinical way they spoke” made con-
versations feel unnatural, whereas P7 and P18 noted they did not appreciate the persona’s
intervening during labelling tasks they spent time pondering. A paired t-test on the pre-
and post-survey 1-7 Likert scores for "I trust decisions made with the assistance of AI”
reveals a statistically significant impact (mean difference = 0.625, 95% CI [0.235, 1.015],
t(23) = 3.31, p = 0.003) on answer scores after exposure to PERSONA. Post-study surveys
reveal participants would want to have the personas with them if they were to face another
labelling task in the future (M=4.50, 0=1.588).
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Table 6.1: Thematic Analysis of LLM-generated personalities from both studies

Dataset Theme Primary Code Secondary Codes
Graduate Academic Focus on academic achievements and GPA scores, GMAT (when applicable)
Admissions Excellence research potential and GRE scores, Research experience,
Publications, Recommendation letters
Well- Emphasis on a balance of academics, Extracurricular involvement, Diverse
Rounded extracurricular activities, and diverse skill sets
skills
Diversity Focus on diversity, equity, and inclusion  Ethnicity and gender diversity,
International representation,
International education or background,
Financial support
Professional =~ Emphasis on professional experience Relevant work experience for program
Experience application, Leadership qualities,
Industry tenure
Adult Education Emphasis on educational attainment, Higher education, Advanced degrees,
Census and Skills specialized skills, and intellectual Intellectual capabilities
investment
Economic Focus on financial acumen, economic Balance of Capital gains and capital
Stability stability, career progression, and losses, Investment income, Economic
work-life balance growth, Promotions, Occupational
Flexibility, Hours worked per week
Demographics Focus on demographic factors, social Age and Gender as indicators of income
status and global exposure potential and employment stability,
Marital status and family roles as
indicators of income, International
backgrounds, Race as an indicator of
income
Employee Workload Focus on workload-related aspects and High workloads, Work related travel,
Attrition and Burnout  work-life balance indicators Overtime Hours, Work-life balance

Career
Trajectory

Personal and
Demographic
Factors

Emphasis on job advancement,
satisfaction, and financial compensation

Focus on individual demographics,
personal life, and job stability

Career progression opportunities, Rate
of promotions, Job satisfaction,
Financial compensation and stability
Job flexibility, Commute and travel

distance, marital and relationship status,
Company tenure, Age and Gender
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Chapter 7

Discussion

7.1 Influence of Personas on Decision-making

The influence of diverse, persona-driven perspectives on decision-making within data anno-
tation tasks highlights the potential of cognitive diversity to enrich labeling processes. By
introducing varied viewpoints, personas encourage annotators to critically evaluate their
initial judgments, ultimately enhancing the quality and fairness of dataset annotations.
This section explores how integrating cognitive diversity, facilitated through personas, im-
pacts decision-making strategies, promotes self-reflection, challenges individual values, and
influences levels of trust in Al-assisted judgment. Our findings underscore the value of in-
corporating diverse perspectives into Al-driven tools for subjective annotation tasks to
create more nuanced and representative datasets.

7.1.1 The Role of Cognitive Diversity

Throughout the study, participants experienced a notable shift in their decision-making
strategies when engaging with the personas during subjective labelling tasks. Initially,
many participants reconsidered their labels after interacting with the personas, which often
brought attention to aspects of the dataset that had been previously overlooked. This
interplay between the annotators’ initial judgments and the varied perspectives presented
by the personas reinforces the Cognitive Diversity Hypothesis [48, 51, 28], which suggests
that incorporating numerous perspectives when labelling enriches dataset annotation by
introducing a more comprehensive range of viewpoints. The concept of Jury Learning [23]
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aligns with this concept through their use of a juror model to represent dissenting voices
in subjective labelling tasks. Our findings extend this principle by demonstrating how
LLM-generated personas, like the jurors in Jury Learning, promote cognitive diversity by
encouraging annotators to question their initial assumptions and engage more deeply with
alternative perspectives.

Participants across both studies generally found the generated personas relevant and
well-aligned with the decision-making tasks. The diverse perspectives offered by the per-
sonas prompted many participants to reconsider their initial judgments, showcasing their
ability to enrich the decision-making process. Results from Study I further support RQ1,
with participants across all tasks rating the personas as coherent and appropriate for their
specific labelling challenges. These findings further align with existing literature, indicat-
ing that LLMs, such as GPT-4, can facilitate cognitive processes and engagement at levels
comparable to human intelligence [67, 69, 27, 73, 20]. However, the cognitive diversity in-
troduced by personas also raises the question of cognitive load. While participants engaged
deeply with diverse perspectives, some felt overwhelmed by the additional decision-making
complexity. Future work could explore how to balance the introduction of new perspectives
with minimizing decision fatigue.

7.1.2 Self-Reflection with Personas

Previous studies have emphasized the importance of self-reflection in critically evaluat-
ing decisions, especially in situations where there is no clear, correct answer [16, 35, 61].
Our research supports this, finding that personas encouraged participants to think more
carefully about their decisions during the labelling task. Participants who had meaningful
interactions with personas often reconsidered their decision-making criteria. These find-
ings directly address RQ2, as using personas during annotation tasks helped participants
reflect on their values and impacted their annotation behaviours. Discussions that chal-
lenged participants’ viewpoints led them to reflect on their conversations with the personas
and, in cases like P20 and P13, to recognize inaccuracies in their understanding of specific
data attributes. Furthermore, our results suggest that interaction with personas generally
increased users’ confidence in their decision-making. This indicates that engaging with per-
sonas enhanced users’ trust in their contributions to the dataset’s annotations throughout
the decision-making process. These findings highlight the role of personas in prompting
individuals to examine their beliefs and assumptions critically. The findings that personas
can build trust even when presenting opposing viewpoints suggest that PERSONA could
become a valuable tool for HCI researchers addressing challenges in subjective dataset
analysis.
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7.2 Interplay between Human Values and Diverse Per-
sonas

The multitude of beliefs and values represented by each persona enabled participants to
navigate the impact their values had during the annotation process. Participants encoun-
tered interactions with personas aligned with their beliefs and conversely with personas
that challenged their values. In many cases, these interactions led participants to recog-
nize previously overlooked features. For example, 16 participants engaged with at least
one persona that used real-world examples in their labelling rationale, influencing them to
reconsider and appreciate features they had initially deemed unimportant. This suggests
that personas allow dataset annotators to broaden their evaluative mindset to make more
informed decisions during subjective labelling tasks.

Encounters with personas that presented conflicting values also highlighted ethical chal-
lenges, particularly when sensitive features like race and gender were used in decision-
making. These interactions emphasize the need for carefully integrating diverse perspec-
tives in data annotation systems to maintain fairness and prevent undermining trust in Al.
The participant experiences further demonstrate the value of incorporating diverse view-
points into data annotation processes to enhance the curated data’s fairness and trustwor-
thiness [2, 19].

7.3 Trust in LLM-Sentiment and Judgement

Participants displayed varying degrees of trust in the personas, significantly shaped by how
well the AD’s suggestions aligned with their individual values and beliefs. Participants’ trust
in Al-assisted decisions was notably enhanced when personas provided insights that led to
better-informed decisions or when their guidance resonated with participants’ reasoning
processes. For example, trust in persona judgements increased when personas highlighted
previously overlooked aspects or introduced arguments that deepened participants’ under-
standing of the task. Several participants valued the personas for pointing out important
but initially unnoticed features, enhancing their confidence in their contributions to com-
plex decision-making scenarios.

Trust eroded for some participants when the personas advocated positions that clashed
with the participants’ values. This was evident in the Graduate Admissions task, where per-
sonas emphasizing the importance of diversity in candidate selection faced skepticism from
several participants. Strong value conflicts showed that participants would not consider
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all persona beliefs equally, leading to situations where advice contrary to a participant’s
values was distrusted and often disregarded in subsequent tasks. Conversely, some par-
ticipants valued personas that challenged their existing beliefs, showing that disagreement
with personas does not always lead to distrust. Instead, it can enrich decision-making
when the personas respectfully challenge the participants’ values. The findings suggest
the importance of Al systems being capable of recognizing and adjusting to users’ value
systems to maintain trust while still providing opportunities for expanding perspectives.
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Chapter 8

Limitations

PERSONA was created to assess the impact of LLM-generated personas on participant
decision-making in tasks involving tabular datasets. Future investigations could explore
the effectiveness of these LLM agents in annotating non-tabular datasets, like text or im-
ages. Additionally, since the current study confined annotation tasks to binary choices,
subsequent research might examine how personas handle more complex labelling tasks
at larger scales. Furthermore, interaction with the personas in PERSONA is limited to
dialogue, which provides valuable, human-like interactions but also introduces certain lim-
itations. Future systems could enhance the user’s ability to comprehend each persona’s
detailed background and rationale by incorporating alternative forms of interaction such
as visualizations or persona-driven simulations. These alternative modes of interaction
could offer new dimensions to how users interpret and engage with personas, making the
decision-making process more transparent and tailored to diverse subjective tasks beyond
dataset labelling.

8.1 Future Refactor

We can observe the substantial limitations of the PERSONA system. The intrinsic fa-
tigue of tabular dataset annotation tasks paired with the nature of text-based persona
interactions leads to much to be desired for using PERSONA in real-world applications.
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8.1.1 Environment Personalization

One major hindrance of the PERSONA system is the lack of control a user has in their
environment. The current PERSONA tool relies on LLMs to generate personas with diverse
viewpoints, which are then used to encourage annotators to reflect on different perspectives.
However, the personas may occasionally be too narrow in focus, leading to a lack of nuanced
representation of complex human values (e.g., focusing too much on academic metrics in
the admissions dataset). The current persona creation process is end-to-end, offering little
user control. Rather than relying solely on automatic persona generation based on data
features, users should have the ability to customize the process—particularly when they
need to audit specific personas.

A future re-design could incorporate a more complex persona generation algorithm that
incorporates users in creating multi-layered persona profiles, each with dynamic, interre-
lated characteristics. For example, a user could create a persona representing academic
excellence that also factors in socioeconomic or cultural backgrounds, offering more com-
prehensive, context-sensitive guidance for each annotation. This would enhance the tool’s
ability to mirror a broad spectrum of human perspectives more authentically while allowing
annotators to create their own personal union of personas to label alongside.

8.1.2 Adaptive Persona-User Interaction Model

The current system allows users to interact with personas via static, pre-set dialogue struc-
tures. While this approach enables the function calling suite to easily propagate user
queries, it limits the natural flow of conversation and can make some persona interactions
feel mechanical or misaligned with the user’s reasoning process. Implementing an adaptive
interaction model would allow personas to adjust their responses based on user feedback
dynamically, fostering a more responsive and tailored dialogue. This could be achieved by
integrating sentiment analysis or real-time feedback mechanisms to detect user agreement
or skepticism, allowing personas to adapt their guidance style accordingly. Such adap-
tivity could help users feel more understood and reduce potential friction during persona
interactions.

Furthermore, the static nature of each persona’s profile and values inhibited users from
navigating their own values through conflict resolution. P4, P6, P7, P8, P9, and P10 all ex-
perienced situations where they could not rationalize their values with a given persona due
to the immutable nature of the persona’s perspectives. Each persona’s rigid stance toward
its generated values led to algorithmic aversion, with P4, for example, shifting their per-
ception of the task from a subjective annotation exercise to an oppositional stance against
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disliked personas. In a future persona-user interaction model, we could integrate exist-
ing systems of conflict negotiation, such as McGrath’s cognitive conflict and behavioural
conflict frameworks [45], which classify group conflicts into conceptual planning tasks and
actionable tasks. Additionally, the Interests-Rights-Power (IRP) framework developed by
Lytle, Brett, and Shapiro could be applied to reorient user and persona interactions to-
wards underlying interests rather than competitive stances [43]. By incorporating Curhan
et al.’s [12] Subjective Value Inventory (SVI), which highlights the importance of emotional
and relational dimensions in negotiation, future systems could help users feel validated in
their thoughts during subjective annotation settings, improving rapport and reducing ad-
versarial interactions with personas.

8.1.3 Enhanced Interactive Annotation Feedback Systems

To address the limitations of the current moderator-based feedback model in PERSONA,
future iterations could adopt changes that encourage participants to engage deeper with
the data and personas. First, dataset analysis could be visualized rather than presented
solely through moderator dialogue, allowing users to interpret insights directly from the
data without relying on textual exchanges. Visual representations of dataset trends could
make interactions more intuitive, lessening user cognitive load during high-stakes decisions,
as noted by participants like P6, who valued simplified interactions. Second, replacing
moderator intervention in persona conversations with direct feedback from the personas
themselves could foster a more authentic, real-world-like deliberation process. Feedback
from participants P4 and P8 noted frustration when the system appeared obstructive
rather than collaborative. One way to address this issue could be to re-design moderator
intervention when a user query cannot be processed. For instance, a persona could directly
communicate its limitations or suggest alternative considerations. This approach would
streamline interaction flow, enhancing user immersion and reducing perceptions of the
system as a mediator. Ultimately, these enhancements could deepen the reflective quality
of the annotation process, better supporting users in aligning with diverse perspectives in
a more cohesive and transparent framework.
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Chapter 9

Conclusion

We introduce PERSONA| a dataset annotation tool employing LLMs to generate diverse
algorithmic personas to enhance dataset annotation, focusing on reflective decision-making.
Through a two-part user study, we assessed PERSONA’s effectiveness in facilitating cog-
nitive diversity during decision-making tasks and the utility of the LLM-generated per-
sonalities. The results of our user and persona evaluation studies revealed a positive user
sentiment towards the perceived utility of the personas and that interactions with these
personas encouraged annotators to reflect on their values and reconsider initial judgments,
significantly enriching the data annotation process. In addition to contributing PERSONA
and the two-part user study, our work lays the groundwork for integrating LLM capabilities
into data annotation pipelines, fostering more inclusive, fair, and reflective methodologies
that leverage cognitive diversity to improve the quality of annotated datasets during cura-
tion.

Incorporating PERSONA into dataset labelling tasks has revealed significant insights
for future Al-assisted decision-making processes and dataset annotation systems. Our
research shows the value of using LLM-generated personas to improve human annotators’
reflection and decision-making capabilities. Notably, our findings support the Cognitive
Diversity Hypothesis [48, 28, 50], showing that the human-like cognitive abilities of LLM
agents [67, 69, 58, 15, 27] can enrich an annotators decision-making tasks with diverse
perspectives. The dataset-agnostic design of PERSONA suggests potential for widespread
utility. Future initiatives could explore integrating PERSONA with advanced labelling
techniques like those proposed in CoAnnotating [39] to offer annotators a broader range
of considerations in their decision-making. The flexibility of our approach, combined with
the positive feedback on the utility of the LLM-generated personas, presents possibilities
for developing data annotation systems that are more nuanced, equitable, and reflective.
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Appendix A

LLM Prompts

You are a large language AI assistant whose job it is to label a synthetically created
dataset with a user through the lens of a labelling heuristic and personality context.

You are given a user question. Please write a clean, concise and accurate answer to the
question with respect to your 'personality_func' and the sentiment expressed by your
'personality\_description'.

You will be given context related to the labelling personality and heuristic you must
use to label the user's entry.

Your answer must be correct and accurate given your 'personality_func' and written
by your 'personality\_description'. Please limit to 1024 tokens. Do not give any
information that is not related to the question and do not repeat. If the given
context does not provide sufficient information, say "information is missing on"
followed by the related topic.

You are the 'personality_name'; you must answer every question in the first
person and express your thoughts as this personality.

Here are the set of contexts:

L

'personality_name': {... injected personality_name ...}
'personality_description': {... injected personality_description ...},
'personality_func': {... injected personality_func ...}

]

Remember, provide a 'label' representing the 'personality_func' you are proposing
and justify your 'persona_reason' to the user with the tone and sentiment of the
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'personality_description'. And here is the user question:

Listing A.1: System prompt for generating persona decisions

You are a dataset labelling assistant designed to help clients analyze and annotate
their datasets based on a variety of personalities you generate for them.

Your answer must be correct, concise, and accurate. Please limit it to 1024 tokens or a
few sentences. Do not provide any information that is not related to the question, and
do not repeat it. If the given context does not provide sufficient information, say
'information is missing on' followed by the related topic.

PERSONA is a tool designed to help users annotate their datasets by creating various
personalities representing dataset labelling heuristics.

Additional Dataset Context:
{...User provided dataset context...}

Here is further context of each feature in the dataset:
{... User provided feature context ...}

Remember, your objective is to help users understand the dataset they are labelling
while helping them think about the labels they are giving each entry. Here is the
user question:

{... User question ...}

Listing A.2: System prompt for generating persona decisions
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