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Abstract

This study investigates the extent to which generative AI can classify question utter-

ances in verbal protocols of design according to Eris’ (2004) taxonomy utilizing in-context

learning (ICL). Specifically, it examines the impact of various factors on classification, in-

cluding the size of the prompt data, contextual information inclusion, prompt engineering

strategies, cross-dataset applicability, and cross-model evaluation. The findings of this

research could pave the way for more widespread adoption of AI in design research, trans-

forming how protocols are analyzed and interpreted, ultimately leading to more efficient

and accurate insights into cognitive processes during design activities.

A series of experiments was conducted to evaluate the performance of GPT-4, a state-

of-the-art generative AI model, in this context. The experiments involved utilizing ICL by

providing the AI model on a dataset of human-labeled questions and testing its ability to

classify new questions according to predefined categories. The findings indicate that GPT-4

performs reasonably well in categorizing stand-alone question utterances, achieving align-

ment with human-sourced labels in many cases. Moreover, GPT-4 also shows promising

generalization capability across the datasets used in this study. The study also highlights

the potential of using the less expensive proprietary LLM, Claude 3.5, for similar tasks

without a significant drop in performance, making it a more accessible option. The results

also imply that classification accuracy depends on the dataset quality, indicating that per-

formance may improve with a higher-quality dataset. However, the results also reveal that

providing additional context does not always enhance, and in some cases even diminishes,

the model’s performance, highlighting the challenges of context-dependent classification

tasks.

The implications of these findings suggest that while generative AI shows promise as

a tool for automating protocol analysis, there are significant limitations that must be ad-

dressed to fully leverage its capabilities in design research. In conclusion, this research

contributes to the growing body of knowledge on the application of AI in design research,

proposing several directions for future research aimed at refining the use of artificial intel-

ligence in qualitative analysis.
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Chapter 1

Introduction

Generative Artificial Intelligence (AI) represents a transformative shift in artificial intelli-

gence, characterized by its ability to create new content, including text, images, and music,

by learning from existing data. Unlike traditional AI systems designed for specific tasks,

generative AI models have the capacity to generate human-like text and creative outputs,

making them highly versatile tools. The evolution of generative AI can be traced through

various key milestones, starting with early rule-based systems and progressing to advanced

machine learning models. Notable advancements include the development of Generative

Adversarial Networks (GANs) (Goodfellow et al., 2014) and transformer models (Vaswani

et al., 2017), culminating in sophisticated language models such as GPT-4 (Achiam et al.,

2023). The development of Large Language Models (LLMs) represents a major advance-

ment in generative AI. Progressing from earlier versions to the latest models, LLMs have

increased in scale and improved in their ability to interpret and generate text. These models

are notable for their enhanced contextual interpretation, diverse language task capabilities,

and improved coherence and relevance in outputs, achieved through extensive training on

diverse datasets. A particularly powerful feature of modern LLMs is in-context learning

(ICL) (Brown et al., 2020), which allows the model to understand and respond to new

tasks and contexts based on a few examples provided within a prompt (few-shot prompt-

ing), without requiring retraining. This feature significantly enhances the flexibility and

adaptability of LLMs, making them even more effective in generating contextually appro-
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priate and detailed responses. Consequently, LLMs are proving to be versatile tools across

various applications, including design research (Dai et al., 2023; Eschrich and Sterman,

2024; Dunivin, 2024).

AI has emerged as a promising tool in qualitative research. Recent studies have high-

lighted AI’s effectiveness in improving qualitative research methodologies, such as grounded

theory and thematic analysis (Sinha et al., 2024; Perkins and Roe, 2024). AI has been

shown to significantly enhance coding accuracy and efficiency, surpassing human perfor-

mance in some cases, and facilitating more complex analyses (Arlinghaus et al., 2024; Torii

et al., 2024; Lennon et al., 2021). As AI continues to evolve, its integration into quali-

tative research promises to push the boundaries of what is possible in data analysis and

interpretation.

Protocol analysis (Ericsson and Simon, 1984) is a qualitative research method exten-

sively used in design studies to capture and analyze the cognitive processes of designers

during the design process. This method involves recording participants as they work on

tasks and then analyzing these recordings to understand their thought processes, decision-

making strategies, and problem-solving approaches (Ericsson and Simon, 1993). Protocol

analysis has been pivotal in uncovering insights into how designers think and work, con-

tributing significantly to our understanding of design cognition. While the methods of

protocol analysis have provided valuable insights into design cognition, they come with

several limitations. These methods are time-consuming and labor-intensive, often requir-

ing extensive manual transcription and coding of verbal data (Cross et al., 2001). The

manual nature of these tasks introduces a significant potential for human error and vari-

ability, which can affect the reliability and reproducibility of the results (Ericsson, 2006).

Furthermore, the scalability of these methods is limited, making it challenging to analyze

large datasets or conduct longitudinal studies that require the continuous collection and

analysis of data over extended periods.

Given the labor-intensive nature of the protocol analysis, there is a compelling need

for automation to increase efficiency and accuracy. Advanced Natural Language Process-

ing (NLP) models like GPT-4 offer a promising solution by automating the transcription

and coding processes, thereby reducing the time and effort required. GPT-4’s ability to

interpret and generate human-like text can be leveraged to transcribe and analyze design
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protocols more efficiently, enabling researchers to handle larger datasets (Pelaez et al.,

2024) and minimize the potential for human error (Ericsson and Simon, 1993). Previous

research has demonstrated the effectiveness of earlier GPT models in tasks such as text

classification and summarization, highlighting their potential in managing large volumes

of textual data (Radford et al., 2019). The integration of GPT-4 into protocol analysis not

only streamlines the workflow but also opens up new possibilities for real-time analysis,

providing immediate feedback and insights during design sessions (Achiam et al., 2023).

This research is motivated by the broader research goal of determining the extent to which

LLMs can assist in the process of analysis of verbal protocols of design. Specifically, this

study aims to address this goal within the context of one existing framework for analyzing

verbal protocols of design: Eris (2004) question asking taxonomy. This taxonomy cate-

gorizes questions into Low-Level Questions (LLQs), Deep Reasoning Questions (DRQs),

and Generative Design Questions (GDQs). It has previously been used in design research

to study idea generation (Cardoso et al., 2016) and feedback in design reviews (Cardoso

et al., 2014; Hurst et al., 2021). Additionally, the deductive nature of the coding task is

considered a good match for LLMs like GPT-4. This is because deductive tasks require

applying clear rules and logic to classify information, which aligns well with the strengths

of LLMs (Brown et al., 2020). Within this scope, the primary research objective of this

study is to evaluate the performance of GPT-4 (the latest GPT variant1) in classifying

questions within verbal protocols of design, using Eris’ (2004) taxonomy as a framework.

The specific research questions are:

• RQ-1: How does the ICL influence the labeling accuracy of GPT-4 in automated

question classification?

• RQ-2: How consistently does GPT-4 classify questions in design protocols across

different instances?

• RQ-3: Does incorporating contextual information enhance GPT-4’s performance in

automated question classification?

1https://platform.openai.com/docs/models/gpt-4o, accessed on 15th July 2024
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• RQ-4: How generalizable are the prompts used for question classification across

different datasets or when used with other LLMs?

By addressing these research questions, this study provides a comprehensive examina-

tion of how GPT-4 can be optimized for automated question classification. This study

explores the impact of ICL methods on model accuracy, assesses the consistency of classifi-

cations across different instances, investigates the role of contextual information in enhanc-

ing performance, and evaluates the generalizability of classification prompts across datasets

and models. This analysis sheds light on the specific factors that influence GPT-4’s ef-

fectiveness in this application, offering valuable insights for researchers aiming to refine

AI-driven tools for protocol analysis and ensuring their adaptability and reliability across

diverse contexts.

The rest of the paper is structured as follows. The following chapter begins with a

review of the literature, which includes an examination of key concepts and methodologies

in protocol analysis, the role of AI in design research, and the development and capabilities

of LLMs. The third chapter details the research methodology used to achieve the research

objectives. It describes the design of experiments, tools, datasets, and the automation

process. Subsequently, a comprehensive account of the experiments conducted will be

presented, including a step-by-step description of the experimental design, procedures fol-

lowed, and specific configurations tested. The results of these experiments will be analyzed

in depth, highlighting the performance, accuracy, and any notable observations. The final

chapters offer a thorough discussion of the experimental results, providing insights into

their implications, significance, and limitations of the study.
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Chapter 2

Background & Related Work

The purpose of this literature review is to provide a comprehensive overview of the existing

research related to the use of generative AI, specifically GPT-4, in design research and

protocol analysis. This review aims to identify key studies, theories, and findings that

have shaped the current understanding of these topics. Additionally, it seeks to highlight

gaps in the current knowledge and propose areas where further research is needed. By

synthesizing the relevant literature, this review sets the stage for the empirical research

presented in subsequent chapters of this thesis.

2.1 Overview of Generative AI

Generative AI has evolved significantly since its inception, marked by several key mile-

stones. The early days of generative AI were characterized by rule-based systems and

simple probabilistic models. However, the advent of neural networks (NNs) and deep

learning transformed the field. NNs are computational models inspired by the human

brain, composed of interconnected layers of “neurons” or units that process information in

complex, non-linear ways. Data is passed through these layers, with each layer extracting

increasingly abstract features. The training process, known as backpropagation (Rumel-

hart et al., 1986), adjusts the weights of these connections to minimize errors between the
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network’s output and the actual result, enabling the network to learn complex patterns

from large datasets. Deep learning, a subset of machine learning, utilizes multi-layered NNs

to analyze vast amounts of data, enabling these models to automatically identify intricate

patterns and generate high-quality content. One of the earliest breakthroughs was the

introduction of GAN (Goodfellow et al., 2014), which employs two NNs in a competitive

setting—a generator and a discriminator—to create realistic images.

Another significant milestone was the development of Transformers, a specific type of

deep learning architecture, introduced by Vaswani et al. (2017), which excels in handling

sequence-based data, such as text. They rely on a mechanism called “self-attention” to

weigh the importance of each word in a sequence relative to others. This allows trans-

formers to capture contextual relationships over long sequences, without the limitations of

sequential processing found in earlier models like recurrent neural networks (RNNs) (Sher-

stinsky, 2020). Transformers use layers of self-attention and feed-forward NNs, enabling

parallel processing and efficient handling of large datasets, making them particularly pow-

erful in natural language processing tasks. This architecture laid the foundation for sub-

sequent advancements in NLP and generative AI, including the development of the LLMs.

Early models struggled with maintaining coherence over long texts and generating con-

textually relevant content. However, the introduction of the transformer architecture and

the scaling of model parameters have significantly improved these aspects. In recent years,

LLMs have gained immense attention due to their impressive performance on a wide range

of NLP tasks. Models like BERT (Devlin et al., 2019) and GPT-3 (Brown et al., 2020)

have demonstrated remarkable capabilities in generating human-quality text, translating

languages, writing different kinds of creative content, and answering your questions in an

informative way. While these advancements have significantly pushed the boundaries of

generative AI, challenges remain. Issues such as bias, misinformation, and ethical consider-

ations continue to be areas of active research and discussion (Zohny et al., 2023; Schlagwein

and Willcocks, 2023; OpenAI, 2023b).
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2.2 Applications of Generative AI in Qualitative Re-

search

The integration of Generative AI, particularly LLMs, has begun to influence qualitative

analysis. This influence is evident in various studies that highlight both the strengths

and limitations of these technologies across different research contexts. A key area where

LLMs have shown considerable potential is in enhancing traditional qualitative research

methodologies. For example, Sinha et al. (2024) utilized GPT-4 in grounded theory anal-

ysis of a classroom transcript, where a teacher introduces students to scientific theory-

building practices. Their study aimed to investigate how GPT-4 can aid the initial stages

of grounded theory analysis and found that, while GPT-4 showed promise as a supportive

tool for enriching qualitative analysis with nuanced insights, token size limitations, output

variability, and the risk of shallow interpretation highlight the need for a cautious, hy-

brid approach involving close researcher involvement. Perkins and Roe (2024) analyzed AI

policies using GPT-4 alongside manual review, highlighting that while GenAI accelerated

theme identification, it lacked the nuanced depth of human analysis and posed challenges

like hallucinations and replicability issues. This emphasizes GenAI’s role as a supportive

tool that complements, rather than replaces, human interpretation. Similarly, Arlinghaus

et al. (2024) introduced an LLM-Assisted Inductive Categorization (LAIC) method which

leverages GPT models to generate and assign categories more efficiently than traditional

human coding. LAIC, particularly effective with GPT-4 at low temperature1settings, pro-

vide consistent, high-quality results, significantly saving time on large datasets, such as

survey responses or interview statements, further advocating for the integration of LLMs

to streamline qualitative coding procedures.

The role of LLMs in enhancing Human-Computer Interaction (HCI) research was ex-

plored by Torii et al. (2024), who established a framework for evaluating the performance

of LLMs in qualitative data analysis. Their findings suggest that LLMs not only match the

efficacy of traditional methods but also offer unique insights, paving the way for method-

ological innovation in qualitative research. Complementing this, Feuston and Brubaker

1The term “temperature” is discussed later in the thesis (see the Methodology chapter, subsection 3.3.)
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(2021) provided a nuanced view of human-AI collaboration, emphasizing that the timing

and perspective of AI integration significantly influence its acceptance and utility by qual-

itative researchers. This perspective is crucial for ensuring that AI tools are effectively

tailored to augment rather than automate the analytic processes in qualitative research.

Gamieldien et al. (2023) explored how NLP and LLMs like GPT-3.5 can stream-

line qualitative data coding. By comparing traditional manual coding with NLP-assisted

approaches (NLP Cluster Assisted and GPT-3.5-enhanced coding) on a dataset of 3,800

engineering students’ reflections, the study found both NLP methods successfully identified

similar themes as manual coding. GPT-3.5 provided more granular insights, potentially

enhancing depth. Despite challenges, such as model biases and resource demands, the

findings highlighted the advantages of incorporating NLP and LLMs into qualitative re-

search. Christou (2023) suggested that while AI can be valuable in qualitative research,

it requires clear guidelines for ethical and effective use. Researchers must actively engage

with and review AI outputs, using their expertise to add depth and mitigate biases. This

active involvement can enhance the rigor of AI-assisted analysis, especially in thematic and

content analysis.

Additionally, Zhang et al. (2023) developed QualiGPT, a specialized tool built on GPT

technology, designed to address the limitations in traditional qualitative coding and ex-

isting qualitative analysis software. QualiGPT enhances the efficiency, transparency, and

credibility of the qualitative analysis process by providing an intuitive, accessible, and cost-

effective solution. This tool served as a practical example of how LLMs can be adapted to

meet specific research needs while addressing concerns about transparency and credibility

in AI-driven analysis. By easing usability and operational barriers, QualiGPT opens op-

portunities for the broader adoption of AI in qualitative research. Moreover, the potential

for automating qualitative analysis through AI was demonstrated by Lennon et al. (2021),

who introduced AQUA, an automated qualitative assistant. AQUA’s ability to achieve

high intercoder reliability and provide transparent, graph-theoretic topic extraction and

clustering marks an important step toward more scalable and reliable qualitative analysis

in qualitative research. The growing capabilities of these tools enhance the efficiency of

managing large datasets and support more nuanced analyses, contributing to their utility

in qualitative research.
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2.3 Protocol Analysis in Design Research

Protocol analysis is a qualitative research method used to capture and analyze the cognitive

processes of individuals engaged in complex tasks, such as design. This method involves

recording participants as they verbalize their thoughts while working on a design task,

followed by transcribing and coding these verbal protocols to uncover patterns and insights

into their cognitive strategies (Ericsson and Simon, 1993). The importance of protocol

analysis in design research lies in its ability to provide a detailed and nuanced understanding

of the mental processes underlying design activities. This method has been instrumental in

advancing theories of design cognition and informing design education and practice (Cross

et al., 2001).

Generally, protocol analysis involves several steps, including the collection of verbal

data, transcription of the recorded sessions, and coding of the transcriptions according

to predefined categories or frameworks. The coding process typically involves segment-

ing the transcriptions into meaningful units and assigning codes that represent different

cognitive activities, such as problem-solving, decision-making, and evaluation (Ericsson

and Simon, 1993). These codes are then analyzed to identify patterns and draw conclu-

sions about the cognitive processes involved in design. Several frameworks and coding

schemes have been developed for protocol analysis in design research. For example, Gero’s

Function-Behavior-Structure (FBS) coding scheme categorizes design activities based on

their function, behavior, and structure, providing a comprehensive view of the design pro-

cess (Gero, 1990). Another widely used framework is the Design Problem Solving (DPS)

model, which focuses on identifying and analyzing the different problem-solving strategies

employed by designers (Dorst, 2008).

The methods of protocol analysis provide a rich and detailed account of the cognitive

processes involved in design, enabling researchers to gain deep insights into how designers

think and work. Additionally, protocol analysis allows for the systematic examination

of design behavior, which can inform the development of more effective design tools and

methods (Cross et al., 2001). However, it is also associated with several challenges. One

of the main challenges is the labor-intensive and time-consuming nature of the process,

particularly the transcription and coding stages. Manual transcription and coding are
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prone to human error and variability, which can affect the reliability and validity of the

results (Ericsson, 2006). Additionally, the need for extensive training and expertise in

coding schemes can limit the accessibility and scalability of this method.

Protocol analysis plays a crucial role in design research methodologies by providing a

means to study the cognitive processes underlying design activities in a structured and

systematic manner. This method allows researchers to evaluate how designers think and

behave during tasks and assess the impact of various interventions. Recent reviews have

highlighted its broad application in studying conceptual design (Hay et al., 2017), problem

framing (Kelly and Gero, 2022), and design learning (Litster and Hurst, 2021). The insights

gained from protocol analysis have contributed to the development of theories and models of

design cognition, which in turn inform design education and practice. In design education,

protocol analysis has been used to assess the effectiveness of different teaching methods

and curricula by examining how students approach and solve design problems (Cardella

et al., 2008). For example, studies have used protocol analysis to compare the cognitive

processes of novice and expert designers, providing insights into the development of design

expertise and informing the design of instructional interventions (Song and Becker, 2014;

Dixon and Bucknor, 2019).

2.4 Automation in Protocol Analysis

The pursuit of automating protocol analysis has been driven by the desire to alleviate

the labor-intensive nature of traditional methods. Early attempts at automation focused

on developing software tools to assist with the transcription and coding processes. These

initial efforts included the use of speech recognition technologies to transcribe verbal data

automatically (Matheson, 2007). However, the accuracy of these systems was often limited,

and they required significant manual correction, which diminished their overall effective-

ness. Another early approach involved the development of coding software that could

assist researchers in organizing and analyzing large volumes of qualitative data. Tools

such as ATLAS.ti and NVivo were designed to facilitate the coding process by allowing

researchers to tag segments of text with predefined codes and search for patterns within
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the data (Friese, 2019). While these tools improved the efficiency of data management,

the actual coding still relied heavily on manual input from researchers, limiting the extent

of automation (Walsh et al., 2015). Moreover, the complexity of design cognition posed a

challenge for automated coding systems. The nuanced and context-dependent nature of

design thinking required sophisticated understanding and interpretation, which early sys-

tems lacked. These systems often failed to capture the subtleties of cognitive processes and

struggled with the high variability and ambiguity inherent in qualitative data (Seawright

and Gerring, 2008).

Recent advances in artificial intelligence, particularly in NLP, have significantly im-

proved the prospects for automating protocol analysis. More recently, LLMs have shown

promise for revolutionizing the way researchers analyze and interpret textual data (Mogavi

et al., 2024; Bano et al., 2023). Powered by advanced NLP techniques, LLMs can compre-

hend and generate human-like text, offering researchers a versatile means of exploring and

understanding qualitative information. These models, often pre-trained on vast corpora

of diverse language data, can capture intricate linguistic nuances, making them particu-

larly adept at uncovering underlying patterns, sentiment, and context within qualitative

data (Zhao et al., 2023).

AI integration in protocol analysis has taken several forms. One notable approach is

the use of AI-powered transcription services that leverage advanced speech recognition

and NLP algorithms to transcribe verbal data with high accuracy. Services like Google’s

Speech-to-Text and Microsoft’s Azure Speech provide reliable transcription capabilities, sig-

nificantly reducing the need for manual correction (Raffel et al., 2020). Another significant

advancement is the application of AI for automated coding and analysis of transcribed

data. Language models such as GPT-4 can be guided through ICL to recognize and cate-

gorize different cognitive activities based on predefined coding schemes. This allows for a

more efficient and consistent coding process, as the AI can handle large volumes of data

and maintain high levels of accuracy and reliability (OpenAI, 2023b).

Several studies have demonstrated the effectiveness of AI in automating protocol anal-

ysis. For instance, a study by Zhang et al. (2024a) applied AI-powered tools to automate

the identification and coding of protocols. The results showed that the AI system could

accurately categorize cognitive activities and streamline the analysis process, significantly
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reducing the time and effort required for manual analysis. Another study by Li et al.

(2024a) explored the use of AI in analyzing students’ reasoning activities. The AI system

was able to identify key activities based on the linguistic features of students’ think-aloud

transcripts. The success of these studies highlights the potential of AI to transform protocol

analysis in qualitative research. By automating the transcription and coding processes, AI

could enable researchers to handle larger datasets, conduct more comprehensive analyses,

and derive deeper insights into design cognition.

2.5 Using GPT-4 for Protocol Analysis

As we delve deeper into the landscape of language models, one standout example is Chat-

GPT (Chat Generative Pre-trained Transformer), a conversational variant of LLMs built

by OpenAI. Its ability to engage in dynamic and context-aware conversations opens new

avenues for researchers to interact with and explore qualitative data in a more conversa-

tional manner. ChatGPT relies on a pre-trained generative language model that generates

responses by identifying patterns provided by the user as input (Ray, 2023). Hence, the

language model essentially assigns probabilities to each word within a vocabulary that

could follow a specified input sequence. These word embeddings (Mikolov et al., 2013) are

developed through artificial neural networks, learning a probability distribution from pro-

vided texts in an unsupervised manner, i.e., without the need for additional human input

or labeling. The production of the output sequence takes into account the tokens from

the input sequence, their positions, and the previously generated output. This process is

referred to as autoregressive generation (Jurafsky and Martin, 2023). Large sets of train-

ing data are required to train these LLMs. As these models have grown in sophistication

and depth, their ability to generate coherent and contextually relevant text has advanced

significantly.

GPT variants (e.g., GPT-3.5, GPT-4) are now being tested in various inductive and

deductive qualitative analysis applications with moderate success. Hamilton et al. (2023)

explored the use of ChatGPT for performing thematic analysis on interview data and

found some overlap between human and AI-generated themes. Similarly, Paoli (2023)
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demonstrated how GPT-3.5 can be used to partially replicate the steps in inductive the-

matic analysis prescribed by Braun and Clarke (2006). Xiao et al. (2023a) explored LLMs

for deductive analyses and used GPT-3 in conjunction with an expert-drafted codebook

to complete a coding task and report “fair to substantial agreement” with expert results.

Early reports suggest that AI performs better on deductive than inductive analyses (Siiman

et al., 2023). Key features of GPT-4 that are relevant to protocol analysis include its ad-

vanced language modeling capabilities, its ability to handle large volumes of text data, and

its proficiency in identifying and categorizing various cognitive activities. These capabili-

ties enable GPT-4 to automate the transcription, coding, and analysis of verbal protocols,

thereby streamlining the traditionally labor-intensive process of protocol analysis (Achiam

et al., 2023).

2.6 Summary of the Literature

The literature review has provided a comprehensive overview of the existing research re-

lated to the use of GPT-4 and other generative AI technologies in qualitative research. It

has highlighted the evolution and advancements in generative AI, demonstrating how these

technologies have been increasingly integrated into qualitative research to enhance usabil-

ity, efficiency, and innovation. The review discussed the significant capabilities of GPT-4,

particularly in automating protocol analysis. Studies have shown that LLMs such as GPT-

4 can effectively transcribe and code verbal data, and generate concise summaries. Despite

these advancements, the review identified several limitations in the current research, includ-

ing the dependency on large datasets, challenges in integrating AI with expert knowledge,

and a lack of long-term impact studies.

The findings from the literature review have several implications for the current re-

search. First, the demonstrated capabilities of GPT-4 in automating protocol analysis

provide a strong foundation for exploring its use in this context further. By leveraging

GPT-4’s advanced NLP capabilities, the research aims to enhance the efficiency and accu-

racy of protocol analysis in design studies, addressing one of the critical gaps identified in

the literature (Rodgers et al., 2023). Additionally, the review underscores the importance
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of developing methods to integrate AI tools seamlessly into qualitative research.
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Chapter 3

Methodology

3.1 Scope of the Study

This study explores the potential of LLMs in analyzing verbal protocols of design, focusing

on Eris’ question-asking taxonomy (Eris, 2004). Eris’ interest in studying question asking

in design is based on the premise that question asking during designing influences how

designers think, including how they think creatively, make decisions, and learn (Eris, 2004,

p. 11). His working definition of a question in a design context is “a verbal utterance

related to the design tasks at hand that demand an explicit verbal and/or nonverbal re-

sponse” (Eris, 2004, p. 36). His taxonomy builds on prior existing taxonomies of question

asking, primarily work by Lehnert (1978) and Graesser et al. (1988); Graesser and Person

(1994), and classifies questions into one of three broad categories:

• Low-Level Questions (LLQs), are posed to clarify information gaps in the design

project or its processes during discussions (e.g., “Is this manual pushing or motor

pushing?”). This type of question can be broken down into eight subcategories:

verification, disjunctive, definition, example, feature specification, concept comple-

tion, quantification, and comparison. These questions encourage convergent thinking,

where the respondent can recall the correct answer.
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• Deep Reasoning Questions (DRQs), where the asker is seeking to establish causal

explanations of phenomena (e.g., “How was the candy being ejected from your ma-

chine?”). They can be further divided into the subcategories of interpretation, goal

orientation, causal antecedent, causal consequence, expectations, procedural, enable-

ment, and judgemental. The premise of DRQs, as in the case of LLQs, is that the

answer to the question exists and is known by the question receiver.

• Generative Design Questions (GDQs), aim to facilitate the generation of many pos-

sible answers, regardless of how likely they are to be deemed feasible or true. Pro-

posal/negotiation, method generation, scenario creation, ideation, and enablement

are subcategories that fall under this category. This type of questioning, which stim-

ulates divergent thinking, invites the respondent to evaluate potential responses and

pinpoint those that meet defined criteria. According to Eris (2004), this iterative

process of design activity along with the process of exploration, comparison, and

evaluation constitute a crucial component of design cognition. For instance, when

seeking to generate alternative options for addressing a goal or obstacle, a designer

might ask, “How do we animate this?”

Table 3.1 presents the question categories and sub-categories in Eris’ (2004) taxonomy.

This taxonomy provides a useful lens for uncovering patterns of convergent (LLQ, DRQ)

and divergent (GDQ) thinking in design. LLQ and DRQ share the common premise that a

specific answer, or a specific set of answers, exists, facilitating convergent thinking processes

aimed at information seeking (i.e., LLQ) or establishing causal explanations of phenomena

(i.e., DRQ) (Cardoso et al., 2016). One of the primary reasons for selecting Eris’ taxonomy

is its proven effectiveness in previous design research studies. This taxonomy has been

widely used as a coding scheme of verbal protocols of design, to study various phenomena

and processes in design research.

Building on the foundational work of Eris (2004), Aurisicchio et al. (2010) and Au-

risicchio et al. (2013) demonstrated that design questions reveal core activities in design

by distinguishing between information acquisition, which supports design thinking, and

information processing, which drives reasoning and problem-solving. In the context of
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Table 3.1: Classification of the types of questions by Eris’ (2004) Taxonomy.

Question Class Sub-category

Low-level questions (LLQ)

Verification

Definition

Example

Feature specification

Concept completion

Quantification

Disjunctive

Comparison

Judgemental

Deep reasoning questions (DRQ)

Interpretation

Rationale/Function

Causal antecedent

Causal consequent

Expectational

Procedural

Enablement

Generative design questions (GDQ)

Proposal/Negotiation

Enablement

Method generation

Scenario creation

Ideation

idea generation, Cardoso et al. (2016) analyzed how high-level questions within a mul-

tidisciplinary student group led to “inflection moments”—reflective shifts that prompted

creative thinking. Similarly, Leung and Lo (2024) explored the use of AI chatbots in idea

generation, finding that students often preferred a question guide based on Eris’ taxonomy

and the SCAMPER technique (Boonpracha, 2023), which encouraged more innovative,

perspective-shifting questions over the generic suggestions provided by ChatGPT. This
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taxonomy has also been applied in studying design reviews. Cardoso et al. (2014) exam-

ined student-instructor interactions, noting that instructors tended to provide directives

rather than using questions to foster deeper student analysis and self-reflection. Addi-

tionally, Hurst et al. (2021) used Eris’ taxonomy to analyze questions posed by students

during asynchronous, written peer critiques in a virtual learning environment. The study

highlighted that GDQ—expanding the design space—was most common in this setting,

underscoring asynchronous, written critiques as an effective mode for enhancing meaning-

ful feedback exchanges among student peers. In the context of peer feedback, Cardoso

et al. (2020) applied Eris’ taxonomy to categorize question types in peer-to-peer design

reviews, highlighting that high-performing teams used more High-Level questions (DRQ,

GDQ), which promoted deeper learning. Lastly, in examining the role of expertise in

feedback, Hurst et al. (2023) used Eris’ taxonomy to compare the questioning styles of

academic and practitioner tutors in an engineering design studio. The findings indicated

that academic tutors favored convergent thinking to guide students in refining ideas, while

practitioner tutors encouraged divergent thinking, promoting a broader exploration of de-

sign possibilities. Together, these studies underscore the versatility of Eris’ taxonomy in

capturing cognitive and collaborative processes across diverse design contexts.

Additionally, the deductive nature of the coding task was deemed well-suited to the

GPT tool due to the inherent strengths of language models like GPT-4 in processing

structured information and applying predefined categories to textual data (Chew et al.,

2023; Xiao et al., 2023b). Deductive coding involves applying a predetermined set of

codes to qualitative data based on existing theories or frameworks, which in this case is

Eris’ question-asking taxonomy. This approach aligns well with the capabilities of GPT-

4 (Achiam et al., 2023) because the model can be guided through ICL to recognize and

classify text according to the specific categories defined by the taxonomy. This study fo-

cused on classifying questions into these three broad categories. By concentrating on these

overarching categories—LLQ, DRQ, and GDQ—this study aimed to assess the effective-

ness of GPT-4 in distinguishing between these fundamental types of inquiry. This approach

allowed us to explore the model’s capabilities in a focused yet comprehensive manner, en-

suring that the classification process remained manageable and directly relevant to the core

cognitive processes in design thinking.
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In this chapter, the dataset used in the study and the configurations of GPT-4 em-

ployed for the classification tasks will first be described. Following this, an overview of the

experiments will be provided.

3.2 Dataset

This study utilized two datasets, d1 and d2, collected from two prior studies (Hurst et al.,

2023; Cardoso et al., 2020). All experiments utilized the dataset d1, with the exception of

Experiments 7 and 8, which employed both d1 and d2.

For dataset d1, the study involved teams of two to three students enrolled in a graduate

engineering design program who met with their tutor weekly over six weeks to discuss a

term-long design project. In this design project, student teams worked on developing an

enhanced automatic candy-wrapping machine. Each session was audio and video recorded.

The audio recordings were transcribed with an AI-based tool (Otter). The generated tran-

scripts were manually checked to ensure quality. A Python script was created to extract all

sentences ending with question marks, followed by a manual review to identify any misla-

beled question sentences, correcting false positives and false negatives. Then, two research

assistants independently classified each question into one of three categories—LLQs, DRQs,

and GDQs—and their subcategories using Eris’ taxonomy (Eris, 2004). Any coding dis-

agreements were resolved with the assistance of a third, more experienced, researcher. The

overall agreement between the two coders was substantial (Cohen’s k = 0.72), when cal-

culated at the broader level of the three main question classes (LLQs, DRQs, and GDQs).

The dataset (Table 3.2) consisted of a total of 31 transcribed tutoring sessions, with each

speaker’s utterances labeled and timestamped. In addition, all question utterances (2036

in total) were identified and coded (labeled) as LLQ, DRQ, or GDQ, which also included

the complete transcripts of the dialogues in which the questions were uttered.
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Table 3.2: Dataset d1 characteristics.
For each session (S) and group (G), session length in mins and (words), and distribution of questions by

category – LLQ, DRQ, GDQ are included. E.g., the cell S1, G1 denotes the first session details of group

1: 67.50 minutes, 6472 words, and the question distribution – 95 LLQ, 9 DRQ, and 25 GDQ.

S1 S2 S3 S4 S5 S6

G1 67.50 38.03 20 94.93 72.90 n/a

(6472) (1945) (255) (10299) (4852)

[95, 9, 25] [45, 7, 11] [5, 1, 5] [131, 11, 44] [77, 8, 23]

G2 65.37 72.22 66 83.93 73.92 n/a

(19369) (21112) (18991) (28539) (9191)

[51, 0, 32] [55, 2, 36] [50, 5, 42] [70, 4, 36] [49, 5, 20]

G3 45.80 23.58 38.22 31.20 30.07 n/a

(10712) (2346) (5187) (3838) (3110)

[54, 6, 13] [27, 1, 8] [36, 6, 18] [26, 8, 15] [29, 4, 11]

G4 50.45 66.92 66.58 58.27 72.17 n/a

(26600) (21760) (8994) (4048) (21551)

[60, 15, 12] [68, 1, 22] [64, 15, 8] [45, 15, 4] [58, 13, 25]

G5 99.15 50.52 66.13 78.10 70.45 68.68

(13690) (3364) (3392) (8241) (14274) (7454)

[29, 1, 28] [25, 5, 10] [23, 2, 13] [26, 3, 17] [22, 14, 19] [17, 2, 19]

G6 42.62 38.30 22.82 10.75 11.75 n/a

(2023) (1878) (269) (382) (559)

[38, 5, 2] [17, 1, 13] [11, 2, 1] [12, 2, 2] [7, 1, 2]

For the second dataset d2, the study was conducted within a capstone design course,

where student projects fell into two main categories: Operations Research (OR), focused

on improving client operations through analytics, and Information Systems (IS), aimed at

enhancing or automating existing processes. The course involved 15 student teams, each

participating in three 90-minute design review meetings. These meetings were structured

around the exchange of peer feedback, with the teams grouped into five super-groups based

on the similarity of their project types. During the meetings, each team presented their
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progress for approximately 15 minutes, followed by a feedback session where each team

submitted a reflection document that contained the feedback from the other teams in

their super-group, primarily in the form of questions and their overall quality rating of

the feedback. Additionally, they were asked to identify the feedback (specific comments

or questions) they found most valuable and to provide a written explanation of why they

considered it valuable. Later, only data from review meetings for seven of the fifteen

projects, all within the operations research category, was used, with questions categorized

using Eris’ question-asking taxonomy (Eris, 2004). This subset was selected because the

feedback content in review meetings can vary significantly depending on the project type,

especially between OR and IS categories. For instance, feedback on IS projects frequently

focuses on new product features, a topic less common in OR projects. The coding process

involved two independent coders with substantial agreement (Cohen’s k = 0.65) at the

broader question classification level (three categories) and moderate agreement (Cohen’s

k = 0.55) at the more granular level (subcategories). Of the 265 questions comprised in

the feedback utterances, 199 (75.1%) of the questions asked were LLQ, 46 (17.36%) were

DRQ, and 20 (7.54%) were GDQ.

It is worth noting that the second dataset d2 was considered to be of better quality due

to a key difference: the students had taken note of these questions on their own, therefore,

any low-quality questions were likely filtered out before documentation. Moreover, the

study included a perceived value metric, allowing participants to evaluate the quality and

effectiveness of the questions and feedback they received. This additional layer of evaluation

provided nuanced insights into how different types of questions were valued and the impact

they had on fostering learning and critical design thinking. Collectively, these aspects

contributed to a richer, more reliable dataset.

3.3 Tool

At the time of this study (June 2024), GPT-4 was the latest iteration in OpenAI’s lineup

of generative pre-trained transformers, representing an improvement not only in its scale

but also in its underlying architecture and capabilities. The experiments were carried
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out utilizing the official Python Library for the OpenAI chat completion API (OpenAI,

2023). GPT-4 provides text outputs in response to its inputs which are also referred to as

“prompts”. The prompt is divided into two segments: system message and user message.

The system message is used to set the behavior or context for the conversation. It helps set

the tone for the interaction and provides high-level context that the model can use to bet-

ter understand the user’s intent or the desired outcome. On the other hand, user messages

are the inputs or prompts given by the user to the model. GPT-4 Turbo (OpenAI, 2023b)

model was used for all the experiments. In addition to GPT-4, the final experiment (Ex-

periment 8) of this study also employed Claude 3.5 Sonnet (Anthropic, 2024a) to compare

its performance against GPT-4. Claude 3.5 Sonnet has demonstrated highly competitive

performance over GPT-4 across a range of benchmarks, including graduate-level reasoning

(GPQA), undergraduate-level knowledge (MMLU), and coding proficiency (HumanEval),

highlighting its strengths in handling complex tasks and offering valuable insights into

areas where it may outperform GPT-4 in specific applications (Anthropic, 2024b; Huang

et al., 2024). This inclusion provides a broader perspective on the generalizability and

effectiveness of different large language models in the context of the study’s objectives.

Additionally, it’s important to note that both the OpenAI API and the Anthropic API,

used for GPT-4 and Claude 3.5 Sonnet respectively, maintain data privacy by default and

do not use the data to train their models (OpenAI, 2023; Anthropic, 2024c).

The system message A.1 provided an overview of the chosen taxonomy, including both

high-level definitions of each of the major categories (LLQ, DRQ, GDQ), as well as defi-

nitions and examples of each of the sub-categories, copied from Appendix 1 in (Cardoso

et al., 2016). The user prompts varied depending on the experiment and expected out-

comes. The system was further fine-tuned through the seed and temperature parameters.

The seed parameter (OpenAI, 2023) controls the system configuration, ensuring that the

system will make the best effort to sample deterministically, such that repeated requests

with the same seed and parameters should return the same result. However, determinism

is not guaranteed due to the frequent updates made to model configurations and system

settings by OpenAI. The temperature parameter (OpenAI, 2023) controls the variation in

the output text generation. A higher temperature (e.g., 0.8) leads to more random and

diverse responses, while a lower temperature (e.g., 0.2) produces more deterministic and fo-
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cused outputs. In summary, while the seed parameter promotes consistency in outputs by

aiming for repeatability, the temperature parameter adjusts the creativity and variability

of the model’s responses. The seed was set to a specific number across all the experiments

and the temperature was set to 0 so that the model would adhere closely to the input

instructions and generate output with minimal variation.

3.4 Tasks

A series of experiments were designed and conducted to systematically evaluate the effec-

tiveness of GPT-4 in classifying questions within design protocols. These experiments were

crafted to address the specific research questions outlined earlier and to explore the vari-

ous factors that could influence the model’s performance. The experiments are categorized

into preliminary experiments, which focus on establishing baseline performance and un-

derstanding foundational elements, and extended experiments, which examine scalability

and generalizability.

3.4.1 Preliminary Experiments

The preliminary experiments are aimed at setting the initial benchmarks for GPT-4’s per-

formance in automated question classification. These experiments focus on understanding

how factors like ICL, prompt data size, consistency, and context influence the model’s

ability to accurately classify questions.

• Experiment 1: Baseline Performance. This experiment is designed to determine

the baseline performance of GPT-4 in classifying questions. Specifically, it seeks to

answer RQ-1. The experiment involves classifying a test set of stand-alone question

utterances, both with and without labeled examples (zero-shot and few-shot settings),

to evaluate the impact of having prior labeled examples (annotated examples included

in the user prompt) on classification accuracy.
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• Experiment 2: Impact of In-context Examples Count. This experiment

extends the findings of Experiment 1 by systematically varying the number of in-

context labeled examples to determine how this influences GPT-4’s classification

performance. It directly addresses RQ-1 by exploring whether using a large number

of in-context examples improves the model’s ability to accurately classify questions.

• Experiment 3: Consistency Across Instances. This experiment is designed to

explore RQ-2. By running the same classification task multiple times under iden-

tical conditions, this experiment assesses the consistency of GPT-4’s performance,

ensuring that the results are reliable and repeatable.

• Experiment 4: Role of Context in Classification. This experiment investigates

RQ-3. It examines how the inclusion of surrounding context (e.g., prior and sub-

sequent dialogue) affects the performance of GPT-4 in classifying a given question.

The goal is to determine whether providing more context enables the model to make

more informed and accurate classifications or if it leads to worse results.

3.4.2 Extended Experiments

The extended experiments build on the preliminary findings by examining the scalability

and generalizability of the GPT-4-based classification system. These experiments focus

on evaluating the impact of increased test set sizes, variations in prompt structures, and

cross-model applicability.

• Experiment 5: Scaling Up Test Set. This experiment is a continuation of the

investigation into RQ-1. It evaluates GPT-4’s performance on larger test sets by

increasing the test size to 60 questions and running the classification tasks across all

possible mutually exclusive test samples of the dataset d1. This experiment is critical

for understanding how well GPT-4 scales and maintains accuracy when dealing with

more extensive and diverse datasets.

• Experiment 6: Extended Baseline Experiment. Further exploring RQ-1,

this experiment tests GPT-4’s performance across four prompt settings. It includes
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scenarios with no system message or labeled examples (zero-shot setting), only a

system message with definitions, a full system message without labeled examples,

and a full system message with labeled examples (few-shot setting). This experiment

aims to determine how different prompt configurations impact question classification

accuracy, offering insights into the optimal setup for using GPT-4 in this context.

• Experiment 7: Generalizability Across Datasets. This experiment addresses

RQ-4. In this experiment, GPT-4 was provided with in-context examples (labeled

questions) from dataset d1 and evaluated on test questions from d2, and vice versa.

Thus, this experiment assesses the robustness and transferability of the model’s

learned classification capabilities across different but related datasets.

• Experiment 8: Generalizability Across LLMs. This final experiment also ex-

plores RQ-4 by evaluating the performance of GPT-4 in comparison with another

proprietary LLM, Claude 3.5 Sonnet. The experiment involves evaluating both mod-

els on datasets d1 and d2 to determine how well the prompts and classification strate-

gies generalize across different LLMs. Both models are evaluated on datasets d1 and

d2 using few-shot learning to assess how well the prompts and classification strategies

generalize across different LLMs.

Each experiment and their results are detailed in the following chapter.
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Chapter 4

Experiments & Results

This chapter presents the detailed experiments conducted to evaluate the performance of

GPT-4 in question labeling tasks. The experiments are systematically categorized into

preliminary and extended studies to establish initial benchmarks and explore the scalabil-

ity and generalizability of the approach. Preliminary experiments focus on foundational

aspects such as the impact of ICL, the number of in-context examples, result sensitiv-

ity, and contextual influence. Extended experiments further investigate the robustness of

GPT-4 across various configurations, including larger test sets, different prompt settings,

and generalizability across datasets and large language models.

4.1 Preliminary Experiments

The preliminary experiments serve to establish initial performance benchmarks for GPT-

4 in the context of automated question classification. These experiments are specifically

designed to address RQ-1 (impact of the number of in-context examples on classification

performance), RQ-2 (consistency of classification results), and RQ-3 (effect of contextual

information on performance). By exploring these foundational aspects, the preliminary ex-

periments provide critical insights into the model’s baseline capabilities, which are essential

for guiding the subsequent extended experiments.
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4.1.1 Experiment 1

The goal of experiment 1, aligned with RQ-1, was to provide a baseline of GPT-4’s effec-

tiveness in labeling questions and investigate the value of in-context examples in this task.

Dataset d1 was used for this experiment.

In the first condition, the tool was provided with 90 stand-alone human-labeled ques-

tions as in-context examples (90-shot learning), uniformly distributed among the LLQ,

DRQ, and GDQ types. In the second condition, no labeled examples (zero-shot) were

provided. The classification task was conducted on a new set comprised of 30 question

utterances (testing set). The questions included in the testing set were randomly selected

from the data, with the constraint that they were also uniformly distributed among the

LLQ, DRQ, and GDQ types. The experiment was run once using the system prompt

described in Appendix A.1. The exact user prompt is provided below:

Classify each of the questions below, delimited by triple backticks, using the

taxonomy proposed by Eris. Label each question with one of the three cate-

gories: Low-level questions, Deep Reasoning Questions, or Generative Design

Questions. Delimit the label with triple backticks. State your reasoning for the

assigned label. Format the result as a markdown table.

``` < test set > ```

To help you categorize the questions above, here are some examples delimited by

triple backticks, each line contains an example that has two segments - question

and category separated by colon (:)

``` < in-context examples > ```

Table 4.1 contrasts the results of the labeling task under the two conditions (without and

with the in-context examples) with the human-labeled set. GPT-4 generated labels aligned

more closely with the human labels when a prompt dataset was provided: 83% (25 out of

30) compared to 60% (18 out of 30) alignment. Errors unique to the no-few shot learning

condition highlighted the GPT-4’s reliance on general patterns when specific prompt data

is absent, leading to misclassifications in more complex or domain-specific scenarios like
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Table 4.1: Experiment 1 results.
Labels assigned by: “H” → Human; “Zero-shot” → GPT-4, without in-context examples; “Few-shot” →
GPT-4, with 90 in-context examples.

# Test set: Question Utterance H Zero-shot Few-shot
1 So how do you know how much do? DRQ LLQ DRQ

2 ...what are the possible contributors? GDQ GDQ GDQ

3 Why would you put that on there if you could swap in the new

roll in a minute?

DRQ DRQ DRQ

4 What about cleats, right cleated conveyor cleats? GDQ GDQ GDQ

5 But so it’s full 15 or whatever, probably right? LLQ LLQ LLQ

6 Could you take the candy and slide it on the wrapper? LLQ GDQ GDQ

7 Why would I do that? DRQ DRQ DRQ

8 How they wrap candy currently? DRQ LLQ DRQ

9 How does the very last one behave? GDQ LLQ DRQ

10 But this whole thing has to rotate, right? LLQ LLQ LLQ

11 So when they’re wrapping in one of these candies, have you seen

the whole process?

LLQ LLQ LLQ

12 Yeah, but I think, isn’t it the same? GDQ LLQ LLQ

13 So is the main assumption right now that the wrapper will stick? LLQ LLQ LLQ

14 How are you going to intersection things that are exactly the

same...?

GDQ GDQ GDQ

15 How are you going to keep rolling and pulling it? GDQ GDQ GDQ

16 How was the candy being ejected from your machine. DRQ LLQ DRQ

17 Can I do this stuff? LLQ LLQ LLQ

18 Makes sense? Right? LLQ LLQ LLQ

19 What kind of processes out there now? DRQ LLQ DRQ

20 Because these paper will come on to the stage right? LLQ LLQ LLQ

21 ...Why did you put grid? DRQ DRQ DRQ

22 What function is providing? DRQ LLQ LLQ

23 What’s gonna happen? GDQ DRQ GDQ

24 So what’s happening here at the end of this conveyor belt, tell

me a little bit more ...What would happen in terms of how this

thing gets pushed in the plastic?

DRQ LLQ DRQ

25 ...What is the purpose of this box? DRQ LLQ LLQ

26 And is this manual pushing? Or .. a motor pushing? LLQ LLQ LLQ

27 ...How are you going to then finalize the closure? GDQ GDQ GDQ

28 So how do we animate this? GDQ GDQ GDQ

29 Or is it something that we can outsource to a company? GDQ LLQ GDQ

30 Do you want to a machine to produce 15 to 20 pieces of candy

per min and currently they’re doing what is it?

LLQ LLQ LLQ
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in this case (Brown et al., 2020; OpenAI, 2023b). As such, all future preliminary labeling

tasks (Experiments 2, 3, and 4) use in-context examples (few-shot setting).

The five questions (6, 9, 12, 22, and 25) for which the AI-assigned labels didn’t match

the human label were further scrutinized. For all those questions, it is believed that the

AI-assigned labels are correct when considering the question in isolation, as written. For

instance, consider question 6: “Could you take the candy and slide it on the wrapper?”

Here is the same question (highlighted) surrounded by two utterances (one before and one

after) where an utterance was defined as any text uttered by a participant, located between

two turn-taking activities in the conversation.

so we need to calculate the timing of the?

I think so what do you guys think? Is this is a valid concern? Yeah. Right. I,

honestly, I don’t know. Right? I, you know, how sticky is the candy? Could

you take the candy and slide it on the wrapper? Do you have one? We

had you ate them all, didn’t you.

Candy that from the cold storage. So they are not as sticky as it would be

When the question was judged within the conversation (context), this question belonged

to the LLQ category, specifically as a Verification type, because it sought to verify the

possibility of an action related to the design task. However, when isolated from the context,

this question could fall into the GDQ category, specifically under the Proposal/Negotiation

subcategory. This is because, in isolation, the question can be interpreted as proposing

an idea or solution, inviting the listener to consider the action of sliding the candy on the

wrapper as a potential option. This discrepancy of mismatching labels occurred may be

due to a number of reasons, beyond a simple deficiency in the tool or a mistake in the

labeling by the human. In their task, in making their judgment, the human coders were

also considering the larger context of the conversation, including what is discussed prior to

the question, and the answer that immediately follows it. The impact of context is further

explored in Experiment 4.

Also, where there was misalignment, there was often ambiguity in the correct classifica-

tion for the question. For example, in some cases, the two different human coders disagreed
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about the correct category in the initial coding, or we disagreed with the human-assigned

category. This ambiguity highlights the inherent challenges in categorizing certain ques-

tions, which may contribute to the discrepancies observed between AI and human labels.

For instance, GPT-4 labeled question 9 - “How does the very last one behave?” as DRQ.

One of the human coders also labeled it as DRQ. However, the final human-assigned cat-

egory was selected as GDQ. This discrepancy illustrates the subtle distinctions between

question types and the potential for different interpretations based on context or individual

understanding.

Moreover, these ambiguities highlight the importance of considering multiple perspec-

tives when evaluating AI performance in natural language tasks. While misalignments

between AI and human labels are important to identify and address, it’s equally crucial to

recognize that some level of disagreement may be inherent to the task itself, rather than a

shortcoming of the AI system.

4.1.2 Experiment 2

The goal of Experiment 2, again addressing RQ-1, was to determine the effect of the size

of the prompt dataset on the accuracy of labeling by GPT-4. Using the dataset d1, the

labeling task described in Experiment 1 was repeated under varying conditions, adjusting

the number of in-context examples from 0 (i.e., no labeled examples) up to 300 pre-labeled

questions, in increments of 30. The test set was kept constant and identical to the one

in Experiment 1. The system prompt A.1 and the user prompt was kept the same as

Experiment 1.

Table 4.2 presents the labeling task results for each question and each condition based on

the number of in-context examples (zero-shot to few-shot setting) in the prompt. Overall,

it appears that while using in-context examples improves alignment with human-generated

labels, no accuracy improvements are achieved when the size is increased past 90 questions.

This observation is consistent with findings by Li et al. (2023b), where adding more ICL

demonstrations caused the accuracy curve of LLM to drop rapidly, and by Chen et al.

(2023), who reported performance degradation with the inclusion of additional in-context

examples addressing the weakness of LLMs. Similar trends were observed in the studies

30



by Wang et al. (2024) where adding more in-context examples appeared to have no more

positive impact on the performance and by Min et al. (2022), where increasing the number

of ICL demonstrations beyond a certain point brought only marginal improvements, further

illustrating the challenges of scaling up the number of in-context examples for LLMs.

The lack of improvement in performance with increasing in-context examples was at-

tributed to several factors. Li et al. (2023b) suggested that this decline could be due to

the model’s limitations in handling longer input sequences and the constraints imposed by

the model size. Similarly, Min et al. (2022) pointed to sequence length limitations, which

caused performance to plateau as the number of examples increased. Chen et al. (2023)

highlighted that spurious correlations among multiple demonstrations could mislead the

model, thereby reducing accuracy. On the other hand, Wang et al. (2024) argued that

there is a performance upper bond for the model, which could only be surpassed through

additional training, not by ICL. These findings highlight the need for further exploration

and development of advanced ICL algorithms or strategies to overcome these limitations in

many-shot ICL. Moreover, this plateau in performance, though observed in a different con-

text, mirrors the findings of Kaplan et al. (2020), where neural language models trained

on larger datasets reach a point of diminishing returns, with additional data providing

progressively smaller performance gains. This suggests that in this experiment, GPT-4

might have sufficiently learned the necessary patterns from the initial 60 or 90 examples,

rendering further increases in the number of in-context examples redundant for improved

performance. By recognizing that the model’s performance plateaued after 60 or 90 ex-

amples, the subsequent experiments were designed to maximize efficiency and effectiveness

without unnecessarily expanding the number of in-context examples, as further increases

would only add additional cost and time (e.g., few-shot setting with 180 in-context exam-

ples) without yielding significant improvements in accuracy.

4.1.3 Experiment 3

Although utilizing a fixed set of seed and temperature is expected to produce consis-

tent output, responses can still differ due to the inherent non-deterministic nature of the

model (OpenAI, 2023a). The goal of Experiment 3 was thus to determine the sensitivity
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Table 4.2: Experiment 2 results

AI-assigned label matches human-assigned label

AI-assigned label does not match human-assigned label

Number of in-context examples

0 30 60 90 120 150 180 210 240 270 300

Q1

Q2

Q3

Q4

Q5

Q6

Q7

Q8

Q9

Q10

Q11

Q12

Q13

Q14

Q15

Q16

Q17

Q18

Q19

Q20

Q21

Q22

Q23

Q24

Q25

Q26

Q27

Q28

Q29

Q30

Alignment (%) 60 67 83 83 80 83 83 73 70 73 83
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of the results across multiple “runs” of the experiment, thereby addressing RQ-2. Using

60 and 90 in-context examples, as determined from Experiment 2, the labeling task was

repeated once again on the dataset d1, independently run 50 times, for each case. The

system prompt A.1 and the user prompt was kept the same as Experiment 1. The number

of in-context examples 60 and 90 were chosen for this experiment because they achieved

the highest labeling accuracy of 83% in Experiment 2 and GPT-4’s performance plateaued

after 60 or 90 examples. On top of that, a large number of in-context examples with similar

performance would add additional cost and time.

Table 4.3 presents the aggregated labeling results; for example, a score of 0.5 indicates

that the tool selected that particular label in half of the 50 runs (i.e., 25 times). For

instance, Question 15 was labeled as GDQ by the human, but when GPT-4 was provided a

set of 60 examples, it labeled the question as DRQ in 48% of the runs and as GDQ in 52%

of the runs. However, when the number of the in-context examples increased to 90, GPT-4

consistently labeled it as GDQ in all runs. Any labels that do not match the human label

are highlighted in red. In the case of “split” labels, if one of the two labels matches the

human label, they are highlighted in orange.

The results demonstrate the probabilistic nature of the labeling, with many questions

being labeled differently on different runs. Of note is that the uncertainty is much larger

in the task with the smaller number of in-context examples (9 questions with split labels)

compared to the task with the larger number of in-context examples (only 1 question with

a split label). It was thus determined that while the labeling accuracy was the same with

60 and 90 in-context examples in Experiment 2, this experiment demonstrated that the

larger set of 90 in-context examples provides more robust results across multiple runs of

the experiment. This robustness implies that with a larger set of in-context examples,

the GPT-4’s predictions are more consistent, reducing the variability across different runs.

However, although the larger set of in-context examples such as with 150, 180, or 300

examples exhibited the highest performance in Experiment 2, the same performance was

achieved with only 60 or 90 in-context examples. As discussed earlier in Experiment 2, this

suggests that after reaching a certain threshold in the number of in-context examples, the

model’s performance did not improve with additional data, but rather, the benefits began

to diminish. This pattern aligns with previous findings that highlight the challenges of
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Table 4.3: Experiment 3 results
# Human label GPT-4, 60-shot GPT-4, 90-shot

LLQ DRQ GDQ LLQ DRQ GDQ LLQ DRQ GDQ

Q1 1 1 1

Q2 1 1 1

Q3 1 1 1

Q4 1 1 1

Q5 1 1 1

Q6 1 0.24 0.76 1

Q7 1 1 1

Q8 1 1 1

Q9 1 1 1

Q10 1 0.86 0.14 1

Q11 1 1 1

Q12 1 1 1

Q13 1 0.62 0.38 1

Q14 1 0.48 0.52 1

Q15 1 0.48 0.52 1

Q16 1 1 1

Q17 1 1 1

Q18 1 1 1

Q19 1 1 1

Q20 1 1 1

Q21 1 1 1

Q22 1 0.66 0.34 1

Q23 1 0.34 0.66 1

Q24 1 1 1

Q25 1 0.66 0.34 0.78 0.22

Q26 1 1 1

Q27 1 0.48 0.52 1

Q28 1 1 1

Q29 1 1 1

Q30 1 1 1

Total Split Labels 9 1

scaling up the number of in-context examples for LLMs, as the performance gains become

progressively smaller or detrimental (Li et al., 2023b; Min et al., 2022; Chen et al., 2023).

34



Thus, while a larger set of in-context examples can contribute to greater consistency and

robustness, it is important to balance this with the recognition that beyond a certain

point, expanding it might yield only minimal improvements. Therefore, the diminishing

returns in accuracy, coupled with the increased cost and time associated with using a larger

set of in-context examples, made the 90-shot prompt setting a more practical choice for

balancing performance and efficiency. Thus, the number of in-context examples for stand-

alone question classification was consistently maintained at 90 in the extended experiments

(Experiments 5-8).

4.1.4 Experiment 4

In all experiments described so far, the labeling task was focused on questions isolated

from their context in the conversation. However, RQ-3 prompts us to explore whether

incorporating contextual information can enhance the AI’s performance. Human coders

use the context of the conversation to make judgments for the appropriate labels, including

both the discussion before a question is posed, and the response immediately after. For

example, consider the question: “What does the client want?” Here is the same question

(highlighted) surrounded by two utterances (one before and one after). An utterance is

defined here exactly as described in Experiment 1.

Essentially, concept one, two, and three is just three different problem scopes.

So we either we’re thinking of doing each of us designing three concepts, basi-

cally one concept or just the problem space is this much, then this much.

What does the client want?

He’s open to the first two.

When the question was judged within the conversation (context), this question belonged

to the LLQ category, specifically as a Concept Completion type, because it sought to

complete the understanding of the client’s requirements within the design task. This

example illustrates how context helps clarify the intent of the question and guides human

coders in their labeling decisions, a nuance that the model might miss when questions are

35



isolated from their conversational background. The goal of Experiment 4 was to determine

whether the GPT-4 can also use context in the labeling task and whether this results in

labels that are more similar to those assigned by humans.

Experiment 4a

In this experiment, the entire conversation in the session was used for context in both the

in-context examples and test sets (both drawn from dataset d1). The in-context example

consisted of the entire transcript of one complete session (G1, S1), with the questions in

the transcript identified, and their human-assigned labels provided (Figure 4.1). The test

set consisted of the entire transcript of a separate session (G1, S2), with the questions (but

not their labels) identified (Figure 4.2).

Figure 4.1: Complete transcript from one

session with Qs identified & labeled

Figure 4.2: Complete transcript from a sepa-

rate session with Qs identified, but unlabeled

The in-context examples and test sets were selected from the same group of participants

so that the GPT-4 could learn not only from the labeled examples but also from the

participants’ speaking styles. The system prompt A.1 was kept the same and the exact

user prompt in Experiment 4a was:

36



Classify all the questions identified in the conversation below, using the tax-

onomy proposed by Eris. Label each question with one of the three categories:

Low-level questions, Deep Reasoning Questions, or Generative Design Ques-

tions, and present the results in JSON format that contains only questions and

labels. Each question is identified and kept inside a square bracket `[]` at the

end of an utterance. Each line (separated by newline character "\n") repre-

sents an utterance from a person in the conversation. There can be multiple

questions from a single utterance. Label as you go through the conversation.

In determining an appropriate label, consider the context of the conversation,

including what has been discussed before the question, and the response that

follows it. Here is the conversation -

``` < test set > ```

To help you classify the questions, an example is given below which is a similar

discussion between multiple subjects on the same topic. In this example, each

line contains an utterance from a person in the conversation. The lines are

separated by the newline character "\n". The appropriate question is identified

and kept inside a square bracket and a label can be found on that question inside

parentheses. If there are multiple questions from a single utterance, then those

questions and associated labels are listed inside the square brackets separated by

a comma. The example -

``` < in-context examples > ```

The results of Experiment 4a were unexpected, revealing significant challenges when

utilizing the entire conversation from a session as context in both in-context examples and

test sets. Despite the clear instructions in the prompt, GPT-4 failed to label all the identi-

fied questions in the testing set, and some AI-labeled questions were mistakenly mixed with

the in-context examples. These findings suggest that the inclusion of extensive contextual

information, while theoretically beneficial, may introduce complexities that current LLMs

struggle to manage. This outcome aligns with previous research indicating that while con-

text is crucial for understanding and generating accurate responses, excessive context can

lead to confusion in language models (Liu et al., 2024).
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Experiment 4b

Next, to address the limitations of the previous attempt, a different experiment was de-

signed. The idea in the new experiment was to provide the GPT-4 with a smaller “chunk”

of context surrounding the question. It was hypothesized that this chunk of context would

improve the labeling accuracy, inspired by recent studies on LLMs. According to An et al.

(2024), the “lost-in-the-middle” (Liu et al., 2024) problem is a significant challenge for

LLMs, where crucial information within a long context can be overlooked. The authors

propose that by focusing on fine-grained information within shorter segments of the con-

text, the model’s ability to utilize this information effectively is enhanced. Inspired by this

approach, it was hypothesized that providing the GPT-4 with a smaller, more manageable

context would mitigate some of the difficulties observed in Experiment 4a and lead to

better performance.

In this experiment, the in-context examples consisted of examples of “chunks” of text

from different sessions (Figure 4.3). Each chunk contained a labeled question, with a

specified amount of text both immediately before and after it. Initially, it was believed

that including one to two utterances before and after the question would be appropriate.

An utterance is defined here exactly as described in Experiment 1. However, it was later

determined that given the large variety of utterances (which could vary from one word

to several paragraphs in length), a different approach was needed. Thus, approximately

50-80 words were included both before and after each question in such a way that complete

sentences were included. A Python script was developed to automate the whole process.

An example of one such chunk is provided below:

...it’s basically think of two plates close. So you could attach it to a threaded

bolt. And then where the bottom one or the top. Either one is fixed, and the

other one rides up and down on the threaded bolt. So how do you know how

much do we haven’t come up with the final design of that? [`So how do you

know how much do?`]

So there’s gonna well or there are parameters and then by test testing the sys-

tem, you’ll determine what those parameters are operational parameters are

right. like how much to grip and everything...
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Two different versions of the in-context example sets were used: one with 60, and one

with 90 pre-labeled questions (from dataset d1). In both cases, these were the same 60/90

questions used in Experiment 3. The testing set comprised similarly constructed chunks of

text (Figure 4.4), enveloping the same 30 questions used in Experiment 1, 2, and 3. The

system prompt A.1 was kept the same as before and the following user prompt was used:

Classify the question within the 30 conversation segments listed below, using

the taxonomy proposed by Eris. Label each question with one of the three cat-

egories: Low-level questions, Deep Reasoning Questions, or Generative Design

Questions—and present the results in JSON format that contains both questions

and labels. Each question is identified and kept inside a square bracket `[]` at

the end of an utterance. Each line represents an utterance from a person in

the conversation. In determining an appropriate label, consider the context of

the conversation, including what has been discussed before the question, and the

response that follows it.

``` < test set > ```

To help you classify the questions, here are some examples. 60 discussion seg-

ments between multiple subjects separated using <example> tag are provided

below. In these examples, each line contains an utterance from a person in the

conversation. The appropriate question is identified and kept inside a square

bracket just like before followed by the label for that question inside parentheses.

``` < in-context examples > ```
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Figure 4.3: labeled question, with “chunk” of

context surrounding it

Figure 4.4: Unlabeled question, with “chunk”

of context surrounding it

In both cases, approximately half of the GPT-4 generated labels were incorrect (see

Table 4.4), resulting in a significantly degraded performance compared to the case when

no context around the questions was provided. The results were surprising, as providing

context was expected to improve labeling accuracy, yet it led to significantly degraded per-

formance. This outcome, while unexpected, might be explained by the inconsistent length

and relevance of the contextual utterances provided, which likely confused the model. The

variability in the context might have overwhelmed the model, leading to incorrect label

assignments. This suggests that context management is critical, and more context does

not necessarily equate to better performance (Hosseini et al., 2024). Moving forward, ex-

periments should focus on refining how context is provided, ensuring it is concise, relevant,

and manageable for the model.
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Table 4.4: Experiment 4b results
ID Human Label GPT-4, context NOT provided GPT-4, context provided

60-shot 90-shot 60-shot 90-shot

Q1 DRQ DRQ DRQ LLQ LLQ

Q2 GDQ GDQ GDQ GDQ GDQ

Q3 DRQ DRQ DRQ DRQ DRQ

Q4 GDQ GDQ GDQ GDQ GDQ

Q5 LLQ LLQ LLQ LLQ LLQ

Q6 LLQ GDQ GDQ DRQ DRQ

Q7 DRQ DRQ DRQ DRQ DRQ

Q8 DRQ DRQ DRQ LLQ LLQ

Q9 GDQ DRQ DRQ DRQ DRQ

Q10 LLQ LLQ LLQ DRQ DRQ

Q11 LLQ LLQ LLQ DRQ LLQ

Q12 GDQ LLQ LLQ LLQ LLQ

Q13 LLQ LLQ LLQ DRQ DRQ

Q14 GDQ GDQ GDQ DRQ DRQ

Q15 GDQ GDQ GDQ DRQ DRQ

Q16 DRQ DRQ DRQ DRQ LLQ

Q17 LLQ LLQ LLQ GDQ GDQ

Q18 LLQ LLQ LLQ LLQ LLQ

Q19 DRQ DRQ DRQ LLQ LLQ

Q20 LLQ LLQ LLQ LLQ LLQ

Q21 DRQ DRQ DRQ DRQ DRQ

Q22 DRQ LLQ LLQ DRQ DRQ

Q23 GDQ GDQ GDQ GDQ GDQ

Q24 DRQ DRQ DRQ DRQ DRQ

Q25 DRQ LLQ LLQ DRQ DRQ

Q26 LLQ LLQ LLQ DRQ LLQ

Q27 GDQ GDQ GDQ DRQ DRQ

Q28 GDQ GDQ GDQ GDQ GDQ

Q29 GDQ GDQ GDQ DRQ DRQ

Q30 LLQ LLQ LLQ DRQ LLQ

Alignment (%) n/a 83.33 83.33 46.67 53.33
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Experiment 4c

Given the challenges in the previous two attempts, the experimental task was further

pared down. Specifically, Experiment 4c sought to determine if the label accuracy could

be improved by providing the GPT-4 utterance that immediately follows the question. The

reasoning was that when humans perform the labeling task, they are trained to use the

answer to a question for important clues about the intention of the question. An example

is provided below -

[`What’s your first impression when you look at this?`]

This one? Oh, thank you, well it’s, first of all, it’s difficult to put the candy at

the right place to start the process. And it has to be manual. Like the machine

cannot load the candy on the cello paper automatically get that

In this example, the question “What’s your first impression when you look at this?” is

immediately followed by an utterance that provides a detailed response about the difficulty

in placing the candy correctly to start the process. The content of the answer reveals that

the question is probing for an evaluation or assessment of the process, which could be

beneficial for determining the correct label. By including the following utterance, the

GPT-4 was expected to better infer the intent behind the question, similar to how human

coders do. Using the same prompt datasets (sizes 60 and 90) from the dataset d1 that

were used in Experiment 2, the labeling task was repeated once again on the same test

set of 30 questions, with one key difference: for both the prompt dataset (Figure 4.5) and

test sets (Figure 4.6), the GPT-4 was also provided with the utterance that immediately

followed the question, which was presumed to contain the response to the question. A

Python script was developed to automate the whole process.

42



Figure 4.5: labeled questions, with

utterance immediately after

Figure 4.6: Unlabeled questions, with utter-

ance immediately after

An utterance is defined here exactly as described in Experiment 4b. The system

prompt A.1 was kept the same as before and the following user prompt was used:

Classify the question within the 30 conversation segments listed below, using

the taxonomy proposed by Eris. Label each question with one of the three cat-

egories: Low-level questions, Deep Reasoning Questions, or Generative Design

Questions—present the results in JSON format that contains both questions and

labels. Also, state your reasoning for the assigned label. Each question is iden-

tified and kept inside a square bracket `[]`. Each line (separated by a newline

character "\n") represents an utterance from a person in the conversation. In

determining an appropriate label for the question, consider the utterance that

follows it in the conversation, which is provided in the following line.

``` < test set > ```

To help you classify the questions, here are some examples. 90 discussion seg-

ments between multiple subjects are provided below which are separated using

<example> tag. In each example, the first line contains the question kept inside

a square bracket just like before followed by the label for that question inside
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parentheses. The second line provides the utterance that follows the question in

the conversation. The lines are separated by the newline character "\n".

``` < in-context examples > ```

The experiment results are presented in Table 4.5, which contrasts the label assign-

ments in this experiment (“GPT-4, answer provided”) to those in Experiment 2 (“GPT-4,

answer NOT provided”), as well as to the human-assigned labels. It was observed that

supplying the GPT-4 with the answer to the question results in worse alignment with

human-generated labels, compared to not providing the answer. While increasing the

number of in-context examples from 60 to 90 questions resulted in improved alignment

(50% to 60%), it still failed significantly below the performance when the question answers

were not provided (83% alignment).

These results were surprising, as it was initially hypothesized that providing the imme-

diate answer to the question would enhance the GPT-4’s ability to infer the intent behind

the question, leading to more accurate label assignments. However, the findings suggest

that the inclusion of the answer may introduce additional complexity or ambiguity that the

model struggles to interpret correctly. One possible reason for this could be that the model

is overly influenced by the content of the answer. This can cause it to misinterpret the

question’s intent, particularly when the answer is long or includes several different ideas.

In such cases, the model might struggle to focus on the core of the question, leading to

classification errors. For instance, consider question 1: “So how do you know how much

do?” Here is the same question (highlighted) followed by an utterance. An utterance is

defined here exactly as described in Experiment 1.

[`So how do you know how much do?`]

So there’s gonna well or there are parameters and then by test testing the sys-

tem, you’ll determine what those parameters are operational parameters are

right. like how much to grip and everything.

GPT-4 labeled this question as DRQ in isolation which aligned with the human label.

The reasoning from the GPT-4 response was that the question sought an explanation of
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Table 4.5: Experiment 4c results
ID Human Label GPT-4, answer NOT provided GPT-4, answer provided

60-shot 90-shot 60-shot 90-shot

Q1 DRQ DRQ DRQ LLQ LLQ

Q2 GDQ GDQ GDQ LLQ GDQ

Q3 DRQ DRQ DRQ DRQ DRQ

Q4 GDQ GDQ GDQ LLQ LLQ

Q5 LLQ LLQ LLQ LLQ LLQ

Q6 LLQ GDQ GDQ LLQ GDQ

Q7 DRQ DRQ DRQ DRQ DRQ

Q8 DRQ DRQ DRQ LLQ LLQ

Q9 GDQ DRQ DRQ DRQ DRQ

Q10 LLQ LLQ LLQ LLQ LLQ

Q11 LLQ LLQ LLQ LLQ LLQ

Q12 GDQ LLQ LLQ LLQ LLQ

Q13 LLQ LLQ LLQ LLQ LLQ

Q14 GDQ GDQ GDQ LLQ GDQ

Q15 GDQ GDQ GDQ LLQ GDQ

Q16 DRQ DRQ DRQ LLQ LLQ

Q17 LLQ LLQ LLQ LLQ LLQ

Q18 LLQ LLQ LLQ LLQ LLQ

Q19 DRQ DRQ DRQ LLQ LLQ

Q20 LLQ LLQ LLQ LLQ LLQ

Q21 DRQ DRQ DRQ DRQ DRQ

Q22 DRQ LLQ LLQ LLQ LLQ

Q23 GDQ GDQ GDQ LLQ DRQ

Q24 DRQ DRQ DRQ LLQ LLQ

Q25 DRQ LLQ LLQ LLQ LLQ

Q26 LLQ LLQ LLQ LLQ LLQ

Q27 GDQ GDQ GDQ LLQ GDQ

Q28 GDQ GDQ GDQ GDQ GDQ

Q29 GDQ GDQ GDQ GDQ GDQ

Q30 LLQ LLQ LLQ LLQ LLQ

Alignment (%) n/a 83.33 83.33 50.00 60.00

the basis for a quantity, which implied a “rationale” or “interpretation”. But with ad-

ditional context, GPT-4 labeled it as LLQ in the current and the previous experiment
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(in Experiment 4b). The reasoning of GPT-4 from the response was that the question

sought a specific amount of information regarding operational parameters which was not

true for this question. This shift is influenced by the surrounding discussion, which high-

lighted considerations of measurements and parameters in a design context, steering the

interpretation toward seeking specific information rather than exploring deeper causal or

rationale-based inquiries. This outcome underscores the challenge of context management

in LLMs like GPT-4 (Li et al., 2024b). While human coders can use the answer to help

guide their labeling decisions, LLMs may not have the same nuanced understanding (Ben-

der et al., 2021). This makes it difficult for LLMs to accurately interpret how the answer

relates to the question, potentially leading to misclassification. This suggests that the

LLMs’ decision-making process might benefit more from concise, focused context rather

than extended contextual information (lengthy text), which can sometimes be more of a

hindrance than a help (Hosseini et al., 2024).

4.2 Extended Experiments

Building on the findings from the preliminary experiments (Experiment 1, 2, and 3), which

suggested that 90 in-context examples are sufficient for effective classification accuracy, the

extended experiments (beginning with Experiment 5) utilized a refined version of this in-

context examples set as opposed to randomly sampled in-context examples used in the

preliminary experiments. Recent studies (Liu et al., 2022; Rubin et al., 2022; Chang

and Jia, 2023) emphasized that selecting the right ICL examples is crucial for achieving

optimal performance when dealing with LLMs. Also, as demonstrated by Zhao et al.

(2021), LLMs like GPT-3 are biased toward predicting labels that are frequent in the

prompt. Therefore, the in-context examples from dataset d1 were modified by filtering out

less effective examples and replacing them with more representative ones.

As part of this refinement, duplicate questions were removed from dataset d1. These

duplicates consisted of identical questions presented in different conversational contexts

(either within the same session or across different sessions), which sometimes resulted in

inconsistent labeling. Since the subsequent experiments would focus exclusively on isolated
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questions without surrounding context (as seen in Experiment 4), removing duplicates

ensured that each question in dataset d1 was assigned a unique label. This step was taken

to prevent potential confusion for the language model by avoiding scenarios where identical

questions were inconsistently labeled within the same test set or across different test sets.

Nevertheless, it is important to acknowledge that some questions may not fit precisely into

one of the three primary categories (LLQ, DRQ, GDQ), which may pose challenges for

consistent classification.

After this cleaning process, a total of 1,995 questions remained in dataset d1, from

which 90 questions were selected for ICL through uniform sampling at the category level

(30 LLQs, 30 DRQs, and 30 GDQs) as in previous experiments, to ensure a balanced

representation across categories. Care was also taken to ensure that the questions selected

were concise, avoiding overly elaborate phrasing that could complicate the classification

process as seen from the Experiment 4 that long context might overcomplicate for language

model’s understanding (An et al., 2024; Hosseini et al., 2024). Also, the training set

from d1 was created in a way that it consisted of all questions from subcategories as

opposed to randomly sampled training examples used in the preliminary experiments.

These adjustments to the in-context examples set were intended to optimize the model’s

performance in the subsequent experiments, where the scalability and generalizability of

the approach were further tested.

4.2.1 Experiment 5

Experiment 5 aimed to further explore RQ-1, which investigates how the ICL influences

the labeling accuracy of GPT-4 in automated question classification. Specifically, this ex-

periment tested the scalability and robustness of GPT-4 by increasing the test set size

from 30 to 60 questions. A larger test set would allow for a more comprehensive assess-

ment of the model’s accuracy and consistency across a broader range of scenarios, helping

to reduce the impact of anomalies or outliers that might disproportionately affect the out-

comes in a smaller test set. Following the exclusion of the ICL examples from dataset d1,

1,905 questions (1266 LLQs, 139 DRQs, 500 GDQs) remained available for further analysis.

These remaining questions were used to construct the test sets. To ensure a representative
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distribution of the different question categories, the test sets were stratified as follows: 40

LLQs, 4 DRQs, and 16 GDQs. Although the distribution is not balanced across categories,

this stratification reflects the proportions present in the remaining dataset. In all subse-

quent experiments, the test set size was consistently maintained at 60 questions, with the

stratification described above.

From Experiment 4, it was observed that the length of the context plays a significant

role in the model’s classification performance. Although GPT-4 maintains a longer context

window (128k input token limit), its ability to effectively utilize extended context remains

limited (Li et al., 2024b; Levy et al., 2024). This observation raised questions about whether

breaking down the test samples into smaller, more manageable subsets could mitigate any

adverse effects of longer contexts. Specifically, the experiment examined whether processing

smaller chunks of data (subsets of the test sample with a small sample size) at a time

would alleviate any strain on the model compared to classifying the entire test sample at

once. In other words, this experiment aimed to determine whether the GPT-4’s ability to

generate accurate responses is influenced by the size of the test sample being processed

simultaneously. Therefore, each 60-question test sample was further subdivided into six

distinct, mutually exclusive sets, each containing 10 questions with a stratified distribution

across categories (see Appendix B.1 for the detailed distribution). By breaking down the

60-question test sample into these six sets, the goal was to explore the potential impact on

the GPT-4’s performance across these stratified subsets. The system prompt used for this

experiment was A.1, the user prompt was the same as Experiment 1, and the experiment

was run once for all 10 test samples.

The results presented in Table 4.6 demonstrated that the average label alignment for

the six 10-question subsets was 69.50% (SD = 5.63%), while the single 60-question set had

an average label alignment of 73.17% (SD = 5.35%). This overall alignment (%) for both

conditions was worse than that of Experiment 1, where a single test set of 30 questions

yielded an alignment of 83% while GPT-4 was provided with same-sized examples. One

possible reason could be due to the increased size of the test set; GPT-4 likely encountered

questions that were not well-represented in the in-context examples i.e., it was exposed to

more variability and outlier questions that it may not have learned to handle effectively,

a common issue dealing with machine learning models (Lones, 2024). Additionally, it is
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important to note that, unlike Experiment 1 where the test data distribution was uniform

across categories (10 questions for each category), in this case, the distribution was strati-

fied. The average alignment across test sets for the condition “single 60-question” seemed

higher than for the “six 10-question subsets” condition, with an average alignment of

73.17% compared to 69.50% for the subsets as illustrated in Figure 4.7. Now, to determine

whether the label alignment (%) difference occurred between these two test conditions due

to a random chance a non-parametric Wilcoxon Signed-Rank Test was conducted given the

small sample size (n = 10). The test indicated that the difference in performance between

the two test conditions was not statistically significant (W = 12.0, p = 0.212 > 0.05), i.e.,

the observed differences in label alignment could be attributed to random chance.

Additionally, from the results, it can be observed that in both conditions, GPT-4

performed worse in labeling GDQ compared to LLQ and DRQ (see Appendix B.2 for the

aggregated label alignment results). To further investigate this observation, statistical

tests were conducted to assess whether the differences in labeling accuracy across the

three categories (LLQ, DRQ, GDQ) were statistically significant. In the case of the six

10-question subsets, the results indicated a significant difference in GPT-4’s performance

across the categories (Friedman Test, χ2(2) = 13.40, p < 0.05). The post-hoc analysis

confirmed that GPT-4’s alignment in labeling GDQ was significantly lower than in labeling

both LLQ (Nemenyi Test, p = 0.001 < 0.05) and DRQ (Nemenyi Test, p = 0.001 < 0.037).

Similarly, for the single 60-question set, the results also indicated a significant difference

in performance across the categories (Friedman Test, χ2(2) = 10.95, p = 0.004 < 0.05).

The post-hoc analysis confirmed that GPT-4’s alignment in labeling GDQ was significantly

lower than in labeling LLQ (Nemenyi Test, p = 0.005 < 0.05). On the other hand, the

difference between DRQ and GDQ accuracy is not statistically significant, but it’s close to

the significance threshold (p = 0.065 > 0.05).

The responses from the GPT-4 were further manually analyzed to check the perfor-

mance of the subcategories in both conditions and the results are presented in Table 4.7,

where the subcategory alignment results are broken down by question types. In both con-

ditions, GPT-4, on average, correctly labeled only less than half of the question utterances

within their respective subcategories. A detailed breakdown of the subcategory label align-

ment for each condition is provided in Appendix B.4 and B.5. The analysis revealed that,
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Table 4.6: Experiment 5 results - performance across categories.
Heading explanation: “Sample (S)” → Ten test samples; “Six 10-Question Subsets” → Aggregated

results from six different subsample with size 10; “Single 60-Question Set” → Single sample with size 60.

For each sample (S) a total number of correctly aligned labels were included, accuracy (%), and count

of correctly labeled by category – LLQ, DRQ, GDQ. E.g., the cell S1, Six 10-Question Subsets denotes

total correctly aligned labels with humans - 45, overall alignment with human labels 75%, and the label

alignment distribution - 31/40 LLQ, 4/4 DRQ, 10/16 GDQ.

Sample (S) Six 10-Question Subsets Single 60-Question Set
45 41

S1 (75.00%) (68.33%)

[36, 2, 7] [34, 2, 5]

40 48

S2 (66.67%) (80.00%)

[31, 3, 6] [37, 4, 7]

44 41

S3 (73.33%) (68.33%)

[33, 4, 7] [30, 4, 7]

39 41

S4 (65.00%) (68.33%)

[28, 3, 8] [31, 4, 6]

40 43

S5 (66.67%) (71.67%)

[33, 2, 5] [33, 2, 8]

49 49

S6 (81.67%) (81.67%)

[37, 4, 8] [35, 4, 10]

43 45

S7 (71.67%) (75.00%)

[34, 2, 7] [36, 2, 7]

37 48

S8 (61.67%) (80.00%)

[31, 2, 4] [33, 3, 12]

41 40

S9 (68.33%) (66.67%)

[33, 1, 7] [33, 2, 5]

39 43

S10 (65.00%) (71.67%)

[30, 2, 7] [32, 2, 9]

Average Alignment (%) 69.50 73.17
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Figure 4.7: Alignment (%) comparison across different samples for the two test conditions.

in both conditions, out of 16 subcategories present in the ten sets, only 5 categories-LLQ

(Quantification, Verification), DRQ (Definition, Comparison, Instrumental/Procedural),

GDQ (Proposal/ Negotiation)—achieved more than 50% alignment with human labels.

Notably, GPT-4 consistently failed to correctly label any questions in the ’Enablement’

subcategory across both conditions. Similar to previous findings, the performance dif-

ference in both conditions was found to be non-significant (Wilcoxon Signed-Rank Test,

W = 12.0, p = 0.213 > 0.05).

These statistical analyses confirmed that variations in ICL conditions did not signifi-

cantly impact GPT-4’s overall performance. However, across both scenarios, GPT-4 con-

sistently struggled more with labeling GDQs than with LLQs and DRQs, highlighting a

persistent area of weakness. One possible explanation for this pattern could be the com-

plexity and open-ended nature of GDQs, which involve divergent thinking and often require

synthesizing multiple design considerations and generating novel solutions (Cardoso et al.,
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Table 4.7: Experiment 5 results - performance across subcategories.
Heading explanation: “Sample (S)” → Ten test samples; “Six 10-Question Subsets” → Result aggregated

from six different subsamples with size 10; “Single 60-Question Set” → Result from a single sample

with size 60. Each sample (S) includes the total number of correctly aligned subcategory labels, overall

subcategory alignment (%), and count of correctly aligned subcategories under the three main categories

(LLQ, DRQ, GDQ). E.g., the cell S1, Six 10-Question Subsets denotes total correctly aligned subcategory

labels with humans - 32/60, overall alignment with human labels - 53.33%, and the subcategory label

alignment distribution - 25/40 LLQ, 1/4 DRQ, 6/16 GDQ.

Sample (S) Six 10-Question Subsets Single 60-Question Set
32 25

S1 (53.33%) (41.67%)

[25, 1, 6] [22, 1, 2]

27 31

S2 (45.00%) (51.67%)

[20, 3, 4] [23, 2, 6]

26 26

S3 (43.33%) (43.33%)

[20, 3, 3] [20, 3, 3]

21 21

S4 (35.00%) (35.00%)

[11, 3, 7] [13, 3, 5]

23 23

S5 (38.33%) (38.33%)

[17, 2, 4] [16, 2, 5]

34 39

S6 (56.67%) (65.00%)

[27, 3, 4] [29, 3, 7]

31 33

S7 (51.67%) (55.00%)

[26, 0, 5] [26, 0, 7]

26 38

S8 (43.33%) (63.33%)

[21, 2, 3] [25, 3, 10]

25 21

S9 (41.67%) (35.00%)

[21, 0, 4] [18, 0, 3]

30 31

S10 (50.00%) (51.67%)

[25, 1, 4] [24, 1, 6]

Average Alignment (%) 45.83 48.00
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2016). Unlike LLQs, which tend to be fact-based, and DRQs, which are more reasoning-

oriented—both of which facilitate convergent thinking processes—GDQs may demand a

more nuanced understanding of design intent and creative exploration, areas where LLMs

like GPT-4’s training data or model structure may have limitations. This observation sug-

gested that, in this experiment, while GPT-4 performed well on questions requiring factual

or logical alignment, it appeared to face challenges with contexts involving higher levels

of abstraction and creativity, such as GDQ labeling. GPT-4’s consistent difficulty with

GDQs across different test conditions highlighted an area where improvements in handling

divergent thought processes could enhance its performance. Further exploration is needed

to confirm and better understand this limitation.

4.2.2 Experiment 6

Experiment 6 continued to explore RQ-1, which investigates how ICL influences the accu-

racy of GPT-4 in automated question classification. While previous experiments (Exper-

iments 1 and 2) examined the impact of the number of in-context examples, Experiment

6 shifted the focus to how different prompt conditions—ranging from minimal informa-

tion (zero-shot) to comprehensive prompt examples—affect the model’s performance. By

analyzing GPT-4’s responses across these varying conditions, this experiment sought to

determine the extent to which the structure and content of prompts could enhance or di-

minish the labeling accuracy of question classification, thereby providing a more nuanced

understanding of the role of ICL in improving the model’s effectiveness. Therefore, GPT-4’s

performance was tested across different prompt conditions using the first ten test samples

from Experiment 5, with the same 90 in-context examples (labeled questions) used in that

experiment. The different prompt conditions were:

A. Baseline: No content in the system message.

B. Definitions Only: The system message contained only the definitions of question

categories (see Appendix A.2).

C. Definitions + Taxonomy Examples: The system message included definitions along

with corresponding high-quality examples (see Appendix A.1).
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D. Definitions + Taxonomy Examples + In-Context Examples: The system message in-

cluded definitions and corresponding examples as condition C, while the user message

contained in-context examples (90 labeled questions from Experiment 5).

For conditions A, B, and C the user prompt contained no labeled example (see Ap-

pendix C.1). Condition D used the same user prompt as in Experiment 1. The experiments

were run once in all conditions for all 10 test samples.

The performance of the four prompt conditions (A, B, C, and D) was evaluated based

on their label alignment (%) across ten samples (S1–S10), as presented in Table 4.8. The

results indicated a significant difference in label alignment among the conditions (Friedman

test, χ2(3, N = 60) = 21.03, p < 0.05). Furthermore, the post hoc Nemenyi test revealed

that condition A differed significantly from both conditions C (p = 0.001 < 0.05), and

D (p = 0.001 < 0.05), while no significant pairwise differences were observed between

Condition B and any other condition, nor between Conditions C and D (see Appendix C.2

for details).

The significant differences observed between Condition A and the other conditions

indicated that the lack of additional context or examples in Condition A contributed to

lower label alignment. However, the absence of significant differences between the other

conditions implied that the inclusion of definitions and examples (Conditions B, C, and D)

might have similarly enhanced the model’s performance, without any one condition being

markedly superior.

This experiment also revealed insights into the impact of the ICL examples. In Exper-

iment 1, the label alignment exceeded 80% when ICL examples were provided. However,

in Experiment 5 which was more comprehensive, the highest alignment was on average

74%, with only 3 out of 10 samples reaching around 80% alignment. The test data used in

Experiment 1 had a uniform distribution across categories in contrast to the stratified dis-

tribution of test data in Experiment 5. Additionally, the test set in Experiment 1 was half

the size. These differences, combined with the small and non-significant difference between

Condition C (without in-context examples) and Condition D (with in-context examples),

implied that the impact of the in-context examples might be less conclusive than initially

anticipated.
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Table 4.8: Experiment 6 results.
A, B, C, and D present different prompt conditions for the experiment. For each sample (S) a

total number of correctly aligned labels was included, label alignment (%), and the count of aligned

labels by category – LLQ, DRQ, GDQ. E.g., the cell S1, A denotes total correctly aligned labels with

humans - 35, overall alignment - 58.33%, and the accuracy distribution - 28/40 LLQ, 2/4 DRQ, 5/16 GDQ.

Sample (S) A B C D
S1 35 41 41 41

(58.33%) (68.33%) (68.33%) (68.33%)

[28, 2, 5] [34, 2, 5] [34, 2, 5] [34, 2, 5]

S2 32 40 38 48

(53.33%) (66.67%) (63.33%) (80.00%)

[21, 4, 7] [31, 3, 6] [29, 3, 6] [37, 4, 7]

S3 33 42 43 41

(55.00%) (70.00%) (71.67%) (68.33%)

[28, 3, 2] [33, 3, 6] [33, 3, 7] [30, 4, 7]

S4 30 40 40 41

(50.00%) (66.67%) (66.67%) (68.33%)

[22, 2, 6] [32, 3, 5] [35, 3, 2] [31, 4, 6]

S5 31 40 42 43

(51.67%) (66.67%) (70.00%) (71.67%)

[26, 0, 5] [33, 2, 5] [34, 2, 6] [33, 2, 8]

S6 40 50 51 49

(66.67%) (83.33%) (85.00%) (81.67%)

[32, 1, 7] [38, 3, 9] [37, 4, 10] [35, 4, 10]

S7 35 40 46 45

(58.33%) (66.67%) (76.67%) (75.00%)

[32, 1, 2] [36, 1, 3] [37, 2, 7] [36, 2, 7]

S8 34 42 43 48

(56.67%) (70.00%) (71.67%) (80.00%)

[26, 1, 7] [33, 3, 6] [34, 3, 6] [33, 3, 12]

S9 38 38 42 40

(63.33%) (63.33%) (70.00%) (66.67%)

[32, 2, 4] [33, 2, 3] [33, 2, 7] [33, 2, 5]

S10 35 43 43 43

(58.33%) (71.67%) (71.67%) (71.67%)

[27, 3, 5] [32, 2, 9] [33, 2, 8] [32, 2, 9]

Average Alignment (%) 57.17 69.33 71.50 73.17
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It is also important to note that in condition A, where no system message was provided

and the model relied solely on the user prompt without any in-context examples, GPT-4

achieved an alignment exceeding 50% across all samples. This was a significant observation

given that the task involves labeling questions into one of three categories (LLQ, DRQ,

GDQ), where random chance would yield an alignment of 33.33%. The fact that GPT-4’s

performance under these minimal conditions surpassed the baseline expectation of random

chance suggests that the model might be leveraging implicit knowledge, potentially due to

the mention of the Eris taxonomy in the prompt (user message). Even without explicit

definitions or examples, this implicit reference may contribute to the model’s ability to

classify questions with a level of accuracy better than random guessing.

4.2.3 Experiment 7

LLMs like GPT-4 can recognize patterns even with a limited number of examples (Brown

et al., 2020), which enables the model to adapt quickly to new tasks with minimal addi-

tional data (Wei et al., 2022). This is due to their extensive training on diverse, large-

scale datasets, which equip them to handle inputs that differ from those seen in training.

This capability allows LLMs like GPT-4 to perform a wide range of tasks, such as text

summarization, translation, and question-answering, without extensive task-specific train-

ing (Achiam et al., 2023; Naveed et al., 2023). Moreover, LLMs are also effective at

generalizing to out-of-distribution (OOD) data. Cheng et al. (2023) found that prompting

GPT-3 can be more robust than supervised fine-tuning of smaller-scale language models

like BERT and RoBERTa by conducting OOD tests on various datasets. Their experiment

indicated that GPT-3 prompts can directly generalize to OOD test sets, where the test

examples differ in distribution from those seen in the prompt demonstrations. A recent

study by Yuan et al. (2024) introduced BOSS, a benchmark for OOD robustness evaluation,

where the authors found that LLMs like GPT-3.5 Turbo exhibited better performance on

most ODD datasets reinforcing the view that large pre-trained models possess strong gen-

eralization capabilities. This motivated the exploration of whether GPT-4 would exhibit

similar performance when provided with ICL examples from one dataset d1 and tested

on a different dataset d2 and vice versa. Both datasets share a common foundation, as
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the questions were labeled using Eris’ taxonomy (Eris, 2004). Therefore, it was hoped

that GPT-4 would be able to maintain consistent classification performance across both

datasets. Thus, the objective of this experiment, aligned with RQ-4, was to assess the

generalizability of GPT-4’s performance across different datasets. The motivation behind

this experiment was to determine whether the prompts and in-context examples developed

using one dataset would be effective when applied to a different dataset, thereby testing

the robustness and adaptability of GPT-4 in varying contexts. The experiment involved

two cases:

a. Using in-context examples from d1 and test samples from d2, and

b. Using in-context examples from d2 and test samples from d1.

In both cases, the system prompt was A.1, and the user prompt was identical to that

used in Experiment 1. Also for both cases, the in-context examples consisted of 90 questions

and each test sample included 60 questions (except for the last sample of d2), consistent

with Experiments 5 and 6. The experiments were run once for all the test samples.

In the first case, the same 90 in-context examples from dataset d1 were used, which were

previously utilized in Experiments 5 and 6. On the other hand, after 90 questions were

excluded from dataset d2 to be used as in-context examples, the remaining 175 questions

were divided into three stratified samples and used as test sets. Due to the size constraints

of d2, each test sample contained 60 questions, except for the last sample, which had 55

questions. The category distribution among the test samples varied as well: the first two

samples consisted of 45 LLQs, 10 DRQs, and 5 GDQs, while the last sample consisted of

41 LLQs, 10 DRQs, and 4 GDQs. In contrast, the d1 test samples each had a distribution

of 40 LLQs, 4 DRQs, and 16 GDQs. It should be noted that the decision to create three

test samples in both cases was driven by the size constraints of dataset d2.

The results from the first case are presented in Table 4.9, which demonstrates that when

GPT-4 was provided in-context labeled examples from d1, the average alignment with

human-generated labels was 79.24% (SD = 5.64%). In comparison, ICL on d2 labeled

examples resulted in an average alignment of 80.30% (SD = 7.08%). The performance
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was found to be very similar in both conditions (Wilcoxon Signed-Rank Test, W = 1.00,

p = 0.655 > 0.05).

Table 4.9: Experiment 7a results - performance comparison on d2 based on in-context
examples.
For each test sample (S), the table provides - the number of correct predictions, the label alignment (%),

and the distribution of predictions across three categories (LLQ, DRQ, and GDQ). E.g., the cell S1, ICL

on d1 Examples denotes the first test sample, provided with labeled examples from d1 (size: 90) resulting

in 50 correct predictions out of 60, resulting in an alignment of 83.33%, with a distribution of 40/45 LLQ,

9/10 DRQ, and 1/5 GDQ. The star(*) indicates the size of S3 is 55 with a distribution of 30/41 LLQ,

8/10 DRQ, and 2/4 GDQ .

Test Sample (d2, Size: 60) ICL on d1 Examples ICL on d2 Examples

S1 50 50

(83.33%) (83.33%)

[40, 9, 1] [39, 9, 2]

S2 49 52

(81.67%) (86.67%)

[37, 10, 2] [40, 10, 2]

S3* 40 39

(72.72%) (70.91%)

[30, 8, 2] [29, 8, 2]

Average Alignment (%) 79.24 80.30

In the second case, a randomly generated stratified set of 90 questions from dataset d2

was prepared to use as a prompt dataset. The model’s performance was then tested on three

sample sets derived from dataset d1 (Same as Experiment 6), where each stratified sample

(40 LLQ, 4 DRQ, and 16 GDQ) consisted of 60 questions. The results from the second

case are presented in Table 4.10, which demonstrates that when GPT-4 was provided with

labeled examples from d1, the average alignment with human-generated labels was 72.22%

(SD =6.70%). In comparison, ICL on d2 examples resulted in an average alignment

of 71.66% (SD =5.96%). Similar to the first case, the performance between these two

conditions was also found to be very similar (Wilcoxon Signed-Rank Test, W = 2.50,
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p = 1.00 > 0.05).

Table 4.10: Experiment 7b results - performance comparison on d1 based on in-context
examples.
For each test sample (S), the table provides - the number of correct predictions, the label alignment (%),

and the distribution of predictions across three categories (LLQ, DRQ, GDQ). For instance, the cell S1

under “ICL on d1 Examples” indicates that the first test sample, provided with labeled examples from

d1 resulted in 41 correct predictions out of 60, resulting in an accuracy of 68.33%, with a distribution of

34/40 LLQ, 2/4 DRQ, and 5/16 GDQ.

Test Sample (d1, Size: 60) ICL on d1 Examples ICL on d2 Examples

S1 41 40

(68.33%) (66.67%)

[34, 2, 5] [35, 2, 3]

S2 48 47

(80.00%) (78.33%)

[37, 4, 7] [37, 4, 6]

S3 41 42

(68.33%) (70.00%)

[30, 4, 7] [33, 3, 6]

Average Alignment (%) 72.22 71.66

Overall, the results indicated that GPT-4 was capable of maintaining consistent classi-

fication performance across datasets d1 and d2. This implied that in this scenario, GPT-4’s

generalization ability was well enough to handle different datasets without experiencing a

significant decline in labeling accuracy. Also, from Experiment 6, it can be said that it

would perform almost the same without in-context examples.

Based on the results from both cases, it was also observed that GPT-4 consistently

performed better when tested on dataset d2, regardless of whether it was provided labeled

examples from dataset d1 or d2. However, this difference was found to be non-significant

(Mann-Whitney U test, U = 2.00, p = 0.20 > 0.05). Although the difference is non-

significant, the result implied that the classification performance improved when tested on
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a better-quality dataset, which in this scenario was d2. This is further discussed in the

discussion (section 5.1).

4.2.4 Experiment 8

Following the evaluation of GPT-4’s generalizability on a different dataset (d2) in Experi-

ment 7, Experiment 8 extended this inquiry by comparing GPT-4’s performance with that

of another LLM, further addressing RQ-4, which explores how generalizable the prompts

are across different datasets and when applied to other LLMs. Claude 3.5 Sonnet (An-

thropic, 2024a) was used for this experiment as it is one of the leading competitors of

GPT-4. Since Claude 3.5 Sonnet showed a competitive performance against GPT-4 across

a range of benchmarks, including GPQA, MMLU, and HumanEval (Anthropic, 2024b;

Huang et al., 2024), it was expected to observe better if not similar performance from

Claude 3.5 Sonnet compared to GPT-4.

Thus, the goal of this experiment was to assess the robustness of the classification

prompts and in-context examples when applied to a different model, further testing the

adaptability of the methods. This experiment was conducted using both models in two

distinct cases:

a. Using in-context examples from d1 and test samples from d1, and

b. Using in-context examples from d1 and test samples from d2.

In both cases, the experiment was conducted using both models: GPT-4 and Claude

3.5 Sonnet. The system prompt was A.1, and the user prompt was identical to that used in

Experiment 1. Also for both cases, the in-context examples consisted of 90 questions and

each test sample included 60 questions (except for d2), consistent with Experiments 5, 6

and 7. The experiments were run once for all the test samples. Again, the decision to

create three test samples in both cases was influenced by the size constraint of dataset

d2. The official anthropic API (Anthropic, 2024d) was used to run the Claude 3.5 Sonnet

model. One thing to note here is that, unlike OpenAI API (OpenAI, 2023a), anthropic
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text completion API did not provide parameters, such as - seed which indicated that the

Claude 3.5 Sonnet’s response might not be consistent like that of GPT-4 as seed produces

(mostly) deterministic outputs (OpenAI, 2023).

In the first case, the same 90 ICL examples from dataset d1, previously utilized in

Experiments 5, 6, and 7, were used. The three test samples from d1 used in this experiment

were the same as in Experiment 7 which had a distribution of 40 LLQs, 4 DRQs, and 16

GDQs for each totaling 60 questions.

The results from the first case are presented in Table 4.11, which showed that GPT-4

achieved an average label alignment of 72.22% (SD = 5.95%), while Claude reached an

average label alignment of 73.33% (SD = 4.36%) on d1 test samples. The performance

was found to be very similar between GPT-4 and Claude (Wilcoxon Signed-Rank Test,

W = 3.00, p = 1.00 > 0.05).

Table 4.11: Experiment 8a results - performance comparison between GPT-4 and Claude

3.5 on d1.

Test Sample (d1, Size: 60) GPT-4 Claude

S1 41 46

(68.33%) (76.67%)

[34, 2, 5] [32, 2, 12]

S2 48 41

(80.00%) (68.33%)

[37, 4, 7] [27, 4, 10]

S3 41 45

(68.33%) (75.00%)

[30, 4, 7] [33, 4, 8]

Average Alignment (%) 72.22% 73.33%

In the second case, the same 90 in-context examples from dataset d1 were used to test

against three test samples from d2, which were previously used in Experiment 7 where
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the first two samples consisted of 45 LLQs, 10 DRQs, and 5 GDQs, and the last sample

consisted of 41 LLQs, 10 DRQs, and 4 GDQs.

The results from the second case are presented in Table 4.12, which showed that GPT-4

achieved an average label alignment of 79.24% (SD = 5.80%), while Claude 3.5 reached an

average label alignment of 78.64% (SD = 7.47%). Similar to the first case, the performance

between GPT-4 and Claude was also found to be very similar (Wilcoxon Signed-Rank Test,

W = 2.50, p = 1.00 > 0.05).

Table 4.12: Experiment 8b results - performance comparison between GPT-4 and Claude

3.5 on d2.

The star (*) indicates the size of S3 is 55 with a distribution-41 LLQ, 10 DRQ, and 4 GDQ.

Test Sample (d2, Size: 60) GPT-4 Claude 3.5

S1 50 53

(83.33%) (88.33%)

[40, 9, 1] [43, 9, 1]

S2 49 46

(81.67%) (76.67%)

[37, 10, 2] [31, 10, 5]

S3* 40 39

(72.72%) (70.91%)

[30, 8, 2] [30, 6, 3]

Average Alignment (%) 79.24 78.64

These findings from both experiments suggested that GPT-4 and Claude 3.5 Son-

net exhibited comparable robustness and adaptability in applying classification prompts

across different datasets. Additionally, it is important to note that Claude 3.5 Sonnet

not only matched GPT-4 in performance but also offered a cost advantage, being signif-

icantly cheaper (three times cheaper for prompts and half the cost for responses) than

GPT-4 (Anthropic, 2024b). This cost-effectiveness, combined with its robust performance,

positions Claude 3.5 Sonnet as a competitive alternative for large-scale applications where
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budget constraints are a consideration. Furthermore, similar to Experiment 7, it was also

observed that regardless of whether it was provided labeled examples from dataset d1 or

d2, Claude’s performance on d2 seemed to be better than on d1, but found to be non-

significant (Mann-Whitney U test, U = 2.00, p = 0.40 > 0.05). Again, although the

difference was non-significant, the result implied that the performance of LLMs improved

on better-quality datasets.
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Chapter 5

Discussion

As LLMs become more sophisticated and ubiquitous, researchers have rightly begun to

ponder how ChatGPT and other technologies will shape qualitative research (van Manen,

2023). This research was motivated by the broader aim of exploring how LLMs could be

used in analyzing verbal protocols of design. Specifically, in this paper, the primary research

objective was to determine the extent to which the most recent variant of ChatGPT (GPT-

4) could accurately classify question utterances according to Eris (2004) taxonomy.

The study took advantage of two pre-existing datasets where one comprised a large

corpus of over 2000 human-classified question utterances and the other one comprised

265 question utterances. Dataset d1 included the complete transcripts of the dialogues

in which the questions were uttered, while dataset d2 only consisted of the questions and

the corresponding classification categories. The study was comprised of a series of careful

experiments that sought to understand the nuances of using GPT-4 for performing this

classification. The following subsections highlight the study findings, including limitations,

implications, and opportunities for future research.
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5.1 Classification accuracy and sensitivity

Experiment 1 sought to establish the baseline performance of GPT-4 in this classification

task. In all cases, GPT-4 was provided with a system message that described the classifica-

tion scheme (the definition of the LLQ, DRQ, and GDQ categories and the sub-categories

within each) and provided one example for each question subcategory. The classification

task consisted of assigning each of the randomly selected 30 questions to one of the three

categories (but not to their subcategories). Without any further ICL, GPT-4 achieved

an alignment of 60% with the human-assigned categories. However, when given 90 ad-

ditional in-context examples of human-labeled questions, GPT-4’s performance reached

an alignment of 83%. Although this improvement initially emphasized the importance

of a set of well-curated in-context examples in enhancing GPT-4’s classification accuracy,

Experiments 5 and 6 revealed that the impact of the in-context examples might be less

conclusive than initially anticipated. Other factors, such as - the quality or the size of

the test samples might have had more influence on performance outcome, thus addressing

RQ-1 which explores how the ICL influences the labeling accuracy of GPT-4 in automated

question classification. However, further research would be needed to confirm this hy-

pothesis. Importantly, where there was misalignment, there was ambiguity in the correct

classification for the question. For example, the two human coders had disagreed on the

correct category in the initial coding, or in some cases, the AI-assigned labels were believed

to be correct when considering the question in isolation, leading to disagreements with the

human-assigned categories. The agreement level between the two coders was 85.6% at the

broader level when considering the three main categories of questions for dataset d1 (Hurst

et al., 2023). Therefore, it can be argued that for dataset d1, GPT-4 did perform fairly

well (> 70% average alignment in Experiment 5) at this classification task. Furthermore,

this hints that future research could explore refining category definitions or developing a

more nuanced classification system to better account for questions that may fall into gray

areas between established categories.

Experiment 2 sought to test the sensitivity of the classification to the number of in-

context examples, exploring RQ-1. Results from this experiment suggest that GPT-4 is

capable of performing this task and maintaining adequate alignment with human labels
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with a fairly limited number of in-context examples (a mere 60 pre-labeled questions).

Owing to the probabilistic nature of how GPT-4 performs, Experiment 3 sought to de-

termine the sensitivity of the classification across a different dimension – the number of

“runs” of a classification task, directly addressing RQ-2, which explores how consistently

GPT-4 classifies questions in design protocols across different instances. Indeed, the re-

sults demonstrated the probabilistic nature of the labeling, with many questions being

labeled differently on different runs. Given this variability, a potential avenue for future

work could involve leveraging the log probabilities of the output tokens of LLMs (e.g.,

“logprobs” property provided by OpenAI (2023) API) GPT-4 during classification tasks.

By analyzing the log probabilities researchers could gain deeper insights into the model’s

confidence levels for different labels and identify cases where the model is uncertain or

conflicted between multiple classifications. This could be particularly useful for refining

classification strategies, such as by incorporating thresholding techniques where labels are

only assigned if the log probabilities indicate a high enough confidence level. Addition-

ally, log probabilities could be used to inform a hybrid human-AI approach, where cases

with low-confidence classifications are flagged for human review. This approach could

potentially help achieve better alignment with human judgment, especially in ambiguous

or complex scenarios. Furthermore, the results from Experiment 3 indicated that GPT-4

classifications could be more likely to remain consistent across runs when a larger set of

in-context examples was used.

Further experiments were conducted to investigate some “sensitivity” aspects, yielding

insightful results. First, how results vary with larger test data sets was examined. Exper-

iment 5 sought to test this, further investigating RQ-1, which focuses on the influence of

ICL on GPT-4’s labeling accuracy in question classification. The test sample size was ex-

panded from 30 to 60 questions, and the experiment was conducted under two conditions:

one where each test sample was divided into six mutually exclusive subsets of 10 questions,

and the other using the full set of 60 questions for each sample. This design enabled an

evaluation of the model’s performance under different conditions of sample segmentation

and aggregation. By comparing the results across these conditions, the experiment aimed

to understand how the size of test samples influenced the model’s accuracy and reliability.

The findings revealed that dividing the test datasets into smaller subsets did not impact
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GPT-4’s overall performance. However, GPT-4 consistently struggled more with labeling

GDQs compared to LLQs and DRQs. GDQ’s open-ended and creative nature, requiring

divergent thinking, could be a possible reason, in contrast to the more structured and

convergent thinking processes involved in addressing LLQs and DRQs. Future research

could focus on a more detailed examination of the specific characteristics of GDQ that

make them challenging. This could involve qualitative analysis of model errors, as well

as exploring whether particular linguistic, semantic, or contextual features of GDQ con-

tribute to these difficulties. Additionally, a thorough performance analysis is required to

determine whether LLMs like GPT-4 exhibit biases toward certain categories, which could

further explain its persistent difficulties with labeling GDQ compared to LLQ and DRQ.

Furthermore, a deeper analysis of GPT-4’s responses from Experiment 5 revealed that it

correctly labeled, on average, less than half of the question subcategories in both condi-

tions. Only five out of sixteen subcategories (from the ten test samples) achieved over

50% alignment with human labels, and GPT-4 consistently failed to label any questions in

the “Enablement” subcategory in both conditions. These findings highlight the limitations

of GPT-4’s current capabilities in handling nuanced subcategory distinctions and suggest

opportunities for future research.

Second, in Experiment 6, GPT-4’s performance was tested under different prompt-

ing conditions to explore how variations in prompt detail affect the model’s classification

accuracy, further addressing RQ-1, which examines how ICL influences the accuracy of

GPT-4 in automated question classification. The prompts ranged from providing mini-

mal information i.e., zero-shot setting (no system message, only user message, and no in-

context examples) to more comprehensive conditions that included definitions of question

categories, definitions with corresponding high-quality taxonomy examples, or in-context

examples in the user prompt (90 labeled question). The results indicated that provid-

ing definitions, definitions with corresponding examples, or additional in-context examples

generally enhanced the model’s performance compared to providing no information i.e.,

zero-shot setting (no system message, no in-context examples). However, the difference

was not significant among the conditions that included definitions, definitions with cor-

responding high-quality examples, or additional in-context examples, suggesting that any

form of additional context improved performance, but not one approach was superior.
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Interestingly, even with minimal input (no system message, only user message, and no

additional labeled examples), GPT-4’s accuracy exceeded random chance, likely due to

implicit knowledge embedded in the limited context provided, possibly because of the

mention of the Eris taxonomy in the prompt. This suggests that GPT-4 may rely on its

pre-existing knowledge base, allowing it to classify questions more accurately than random

guessing, even with minimal guidance.

Third, the sensitivity of results to the origin of the in-context examples was tested by

using different datasets for ICL in Experiment 7. This experiment addressed RQ-4, which

examines how generalizable the prompts used for question classification are across different

datasets or when applied to other LLMs. It was observed that GPT-4 was indeed capable

of maintaining consistent classification accuracy across datasets d1 and d2. Its performance

remained stable and comparable regardless of whether the in-context examples came from

d1 or d2. This indicated that, in this scenario, LLMs like GPT-4 do not require dataset-

specific fine-tuning, further reinforcing the conclusion from Experiment 6 that the impact

of the additional in-context examples might be less significant.

Fourth, GPT-4’s performance was compared with another competitive proprietary

LLM, Claude 3.5 Sonnet (Anthropic, 2024b), in Experiment 8. This experiment aimed

to assess the robustness of the classification prompts and labeled examples when applied

to a different model. It was observed that both GPT-4 and Claude 3.5 demonstrated sim-

ilar performance and adaptability in applying classification prompts across both datasets.

Furthermore, Claude 3.5 Sonnet not only matched GPT-4 in performance but also offered

a significant cost advantage—being three times cheaper for input processing (prompts) and

half the cost for output generation (responses)—making it a competitive alternative for

budget-conscious large-scale applications (Anthropic, 2024b). This suggests that the LLM,

Claude 3.5 Sonnet performs comparably to its more costly counterpart, GPT-4. This raises

an intriguing opportunity for future research to explore even less sophisticated models to

determine if they can achieve similar performance levels at a fraction of the cost. Also,

it should be noted that both GPT-4 and Claude 3.5 are proprietary models. Therefore,

future studies could explore open-source LLMs to assess their performance in comparison

to proprietary models like GPT-4 and Claude 3.5. Such research could provide valuable in-

sights into the potential advantages or limitations of open-source alternatives, particularly
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in terms of accessibility, transparency, and adaptability across various tasks in qualitative

research.

Additionally, another interesting finding from Experiments 7 and 8 was that regardless

of whether the model was provided examples from dataset d1 or d2, performance in d2

seemed to be better than performance in d1. Although the differences were not found

to be statistically significant in both cases, this implied that d2 might be a better quality

dataset (had fewer ambiguities or noise) or a more consistent dataset compared to d1. This

better quality in d2 may be attributed to its authentic peer-review setting, where students

engaged naturally in reflective questioning, providing a richer, more genuine representation

of question-asking behaviors. Hence, improvement in classification accuracy when the

dataset was of better quality. However, further research would be needed to confirm this

hypothesis.

While not within the scope of this study, two further “sensitivity” aspects have been

identified that could be further investigated in future studies. First, how the results may

have varied across different runs (in Experiment 3) if the order of labeled questions in the in-

context examples had been varied was pondered. This consideration is based on findings

from the literature, which suggest that the order of in-context examples can influence

model performance (Lu et al., 2022; Zhang et al., 2022). GPT-4 appears highly sensitive

to changes in the user prompt, and thus the impact of this factor remains to be confirmed.

Second, while Experiment 5 included an analysis of subcategories, the classification task

primarily focused on the LLQ/DRQ/GDQ level and was not explicitly designed to test per-

formance at the sub-category level. However, distinguishing between subcategories presents

additional challenges, as increasing the number of classes introduces greater complexity,

particularly when subtle differences between classes can lead to poor performance (Ed-

wards and Camacho-Collados, 2024). This presents a challenge for performing question

classification across all subcategories, given the 21 distinct subcategories in Eris’ Taxon-

omy (Eris, 2004). Potential solutions to address this issue include employing data aug-

mentation and hierarchical text classification approaches. For instance, Sahu et al. (2023)

introduced PromptMix, a data augmentation method that generates challenging borderline

examples that challenge the model to handle subtle distinctions between classes and rela-

bels them using a prompting-based LLM classifier to reduce labeling errors. Leveraging
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the LLM’s instruction-following and few-shot capabilities, PromptMix produces more ac-

curate augmented datasets, enhancing text classification performance. Zhang et al. (2024b)

introduced TELEClass, a framework for hierarchical text classification that enriches label

taxonomy with class-indicative terms and uses LLMs for tailored data annotation, thereby

optimizing classifier training and performance. Therefore, future studies could investigate

the performance of LLMs in categorizing questions at a more granular, subcategory level

to gain deeper insights into their classification capabilities.

Overall, the results of Experiment 1-3 and 5-8 suggest that GPT-4 can classify questions

according to Eris’ taxonomy with moderate accuracy in terms of alignment with the human-

sourced labels. Beyond accuracy, GPT-4 also demonstrated notable efficiency in completing

the task of labeling 30-60 new questions in the test set, with runtime varying from just a

few seconds to several minutes, depending on the complexity of the input and the size of

the generated response. This efficiency is particularly noteworthy when compared to the

traditionally time-intensive process of protocol analysis conducted by human coders (Eris,

2004). In a typical scenario, human coders must meticulously review each question, apply

the appropriate classification scheme, and ensure consistency across the coding process—a

task that often requires considerable time and effort. Additionally, human coders must

undergo training to become familiar with a specific taxonomy, which further extends the

time required to initiate the coding process. The manual approach is not only time-

consuming but also labor-intensive, requiring sustained attention and focus to maintain

accuracy and consistency across numerous questions. This can be particularly challenging

when dealing with a large dataset, as fatigue and cognitive load can impact a coder’s ability

to complete the task in one sitting. The repetitive nature of the task may lead to slower

progress, increased likelihood of errors, and potential inconsistencies in the application of

the classification scheme. Moreover, the need for multiple coders to cross-check each other’s

work to ensure reliability further compounds the time required to complete the analysis. In

contrast, GPT-4’s ability to process and label questions rapidly and consistently, without

the need for breaks or retraining, offers a significant advantage in protocol analysis. While

GPT-4 can label 30 questions in just a few minutes, human coders might take several hours

due to the meticulous review, application of classification schemes, and consistency checks

required. This substantial difference in processing time underscores the efficiency gains
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that AI can bring to design research.

5.2 The role of context in the question classification

task

When human coders perform the identification and classification of questions, they are

instructed to take into consideration not only the question as stated but also the context

in which the question is asked for clues (Eris, 2004, p. 99). This includes what the par-

ticipants have discussed earlier and how the question receiver responds to the question.

Similarly, in LLMs, “context” refers to the surrounding text or information that the model

uses to generate responses or predictions. It includes everything the model “knows” up

to that point in the conversation or text sequence, allowing it to maintain coherence, in-

terpret meanings, and provide relevant responses (Brown et al., 2020). RQ-3 specifically

investigates whether incorporating such contextual information improves GPT-4’s perfor-

mance in automated question classification. Experiment 4 addressed this by exploring the

impact of providing additional context to GPT-4 (varying from providing the entire session

transcript to just the utterance immediately following the question) on the alignment with

human-supplied labels.

The results indicated that providing any additional context not only does not improve

but can also degrade performance. The model failed to label questions and even confused

questions from the in-context examples and test set. This observation of the relationship

between long context window and performance aligns with recent findings (Curry et al.,

2024; Liu et al., 2024), which indicate that long input contexts are not utilized properly

by current LLMs and ChatGPT. Since LLMs generate responses based on probabilities,

they may prioritize different aspects of the context in ways that aren’t always beneficial.

When extra context is added, the model might focus on less relevant details or interpret

the additional information in a way that leads to suboptimal predictions. Liu et al. (2024)

found that altering the position of relevant information within the input can negatively

affect model performance. Interestingly, they observed that decoder-only LLMs like GPT

or Claude handle information placed at the beginning or end of the input context effectively,
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but struggle to access information located in the middle, leading to a U-shaped performance

curve. The findings reported by (Curry et al., 2024, p. 7) mirror those observed in

this study: ChatGPT seems to “conflate and modify data, likely owing to its probabilistic

approach to synthesis and its goal to produce content, regardless of the input”.

This finding prompts the need for further investigation into the factors contributing to

this decrease in effectiveness. However, it’s important to note that context can be benefi-

cial in certain scenarios. For instance, retrieval-augmented generation (RAG) can enhance

language model performance by conditioning on relevant documents from a grounding

corpus during generation, thereby improving factual accuracy and providing source attri-

bution (Gao et al., 2024). Similarly, methods such as Concept-aware Training (CoAT)

construct training scenarios that encourage models to utilize latent reasoning concepts

from demonstrations, leading to more robust in-context learning (Štefánik et al., 2024).

LLMLingua (Jiang et al., 2023) employs small language models (SLMs) like GPT-2 Small

or LLaMA-7B to identify and filter out unimportant tokens, rendering the text in a format

that may be hard for humans to interpret but remains clear to LLMs. This technique

offers an efficient, straightforward solution for prompt compression, preserving the natural

language structure and achieving effective compression without requiring further training

of LLMs. These approaches demonstrate that, when appropriately managed, context can

significantly enhance the performance and reliability of language models. Therefore, future

research could examine why extended context did not yield the expected improvements in

this study, focusing on understanding how context length, relevance, and position impact

performance. It may be beneficial to investigate refined approaches that define and man-

age ’context’ with greater precision, particularly in NLP tasks where nuanced, context-rich

responses are essential. This research could help clarify the conditions under which con-

text contributes positively to model performance and reveal when context instead leads to

diminished effectiveness.

Additionally, it’s important to note that this study focused solely on question classifi-

cation in a single-pass setting, without engaging GPT-4 interactively or conversationally.

In this setup, GPT-4 classified questions based on isolated prompts without continuity

or contextual buildup from previous exchanges. However, if GPT-4 were used in a con-

versational manner, where responses build on previous interactions, it could provide new
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insights into LLMs like GPT-4’s potential for handling question classification by leverag-

ing conversational context and advanced prompting techniques. For instance, Chain of

Thought (CoT) prompting technique encourages models to generate intermediate reason-

ing steps, leading to more accurate and interpretable outputs by guiding the model through

its thought process (Wei et al., 2024). Similarly, Least-to-Most prompting involves decom-

posing complex problems into simpler subproblems, which are solved sequentially, enabling

the model to address each component step-by-step (Zhou et al., 2023). Self-Consistency

prompting enhances reasoning capabilities by generating multiple outputs and selecting

the most consistent answer, thus leveraging diverse reasoning paths to arrive at a reliable

solution (Wang et al., 2023). ReAct prompting framework integrates reasoning and action,

allowing models to generate both reasoning traces and task-specific actions in an inter-

leaved manner, facilitating more dynamic and context-aware responses (Yao et al., 2023).

Moreover, the Self-Refine (Madaan et al., 2024) technique allows models to iteratively re-

fine their outputs based on self-generated feedback, enhancing response quality. Future

research should explore the application of these methods to determine their effectiveness

in improving model performance and interoperability.

5.3 Broader considerations in using LLMs in design

protocol analysis

Recent advancements in AI, specifically LLMs, show great potential but using them in

design research requires consideration that LLMs are not inherently generalizable and need

custom training to be task-specific, as evidenced by prior studies (Xiao et al., 2023a) and

this study. Despite improvements in context awareness and nuanced text generation, LLMs

still struggle with precise contextual understanding, especially with specialized language

across different disciplines.

While GPT-4 is a highly advanced LLM, it often “hallucinates,” producing plausible

but incorrect or irrelevant information, which could degrade information quality (Achiam

et al., 2023). To address this issue, researchers suggest a range of strategies, including

feedback mechanisms, accessing external information, and early refinement during LLM
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development. Some notable works are Retrieval-Augmented Generation (Lewis et al.,

2020), Knowledge Retrieval (Varshney et al., 2023), and CoNLI (Lei et al., 2023). Prompt

engineering is also crucial, as evidenced by this study’s use of specifically developed prompts

based on official guidelines (OpenAI, 2023). However, these may not always be the most

effective. As noted by Wei et al. (2024), there is potential to refine prompts further to elicit

better responses from LLMs, suggesting that more effective prompt versions could yield

superior results. Also, using LLMs like GPT for qualitative analysis may introduce bias as

they learn language from their training data (Perez et al., 2023). This can lead to biased

insights, or ignoring marginalized groups’ needs (Hu et al., 2023), potentially resulting in

designs that exclude or alienate some users.

Another important consideration for design researchers looking to use GPT-4 in other

protocol analysis applications is that despite its capabilities, it has several limitations in-

trinsic to the current state of LLM technologies. The models’ capabilities and features

are subject to almost daily updates—which, while improving performance, can impede

consistent replicability and comparability of research findings over time (OpenAI, 2023b).

Additionally, the absence of detailed update logs from OpenAI further amplifies the issue of

opacity, making the reproduction of results and longitudinal studies problematic. Trans-

parency is another concern, as proprietary algorithms and datasets hinder independent

verification and pose challenges to adequately assessing bias and ethical considerations

inherent to the training material.

5.4 Potential Applications of LLMs in Broader Qual-

itative Research Domains

In addition to classification tasks, LLMs hold significant potential for other qualitative

research domains such as text summarization and idea generation. Summarization is crucial

in qualitative research for condensing large volumes of data into coherent and concise

summaries that capture the essence of the content. LLMs can be leveraged to automate this

process, providing researchers with quick and accurate summaries of transcripts, interviews,

and other textual data. This can enhance efficiency and allow researchers to focus on
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deeper analysis and interpretation (Jin et al., 2024; Van Veen et al., 2023). The model’s

ability to synthesize information from various sources and present it in novel ways can

stimulate innovative thinking and support the development of unique research questions

and methodologies (Eschrich and Sterman, 2024). Overall, while this study focused on

the classification of question utterances, the capabilities of GPT-4 extend far beyond this

specific application. Future research should explore these additional functionalities to fully

harness the potential of LLMs in qualitative research (Dunivin, 2024; Aubin Le Quéré

et al., 2024).
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Chapter 6

Conclusion

Driven by the broader research goal of investigating the extent to which AI tools can sup-

port the automation of qualitative analyses, this research aimed to examine generative AI’s

capabilities for analyzing verbal design protocols using Eris’ question-asking taxonomy. A

series of tasks were conducted to systematically assess GPT-4, a state-of-the-art gener-

ative AI model’s proficiency in categorizing questions, and evaluate how different factors

influence its precision. The preliminary experiments established initial performance bench-

marks and investigated foundational aspects such as the impact of in-context learning, the

number of in-context examples, the sensitivity of the results, and the role of context in

classification. These experiments provided crucial insights into how varying these factors

can influence the performance and consistency of LLM, highlighting its capabilities and

identifying areas where it excels or needs improvement. The extended experiments built on

the preliminary findings by examining the scalability and generalizability of the LLM-based

classification system. These experiments focused on evaluating the impact of increased test

set sizes, variations in prompt structures, cross-dataset training, and cross-model applica-

bility.

The findings from these experiments revealed that LLMs like GPT-4 perform fairly

well in classification tasks. Notably, this study implies that LLMs appear to be especially

effective for deductive tasks where a coding scheme is already defined. Also, extensive

training examples may not be as crucial, instead, the performance might rely on prompt
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configurations and the structure of the test set. While GPT-4 generally aligns well with

human-sourced labels in categorizing stand-alone question utterances, the addition of con-

textual information did not always improve classification accuracy and can sometimes make

it worse, highlighting the challenges of context-dependent tasks. Moreover, LLMs demon-

strated promising generalization capability across the datasets used in this study, without

a significant drop in labeling accuracy. The study also highlights the potential for using

less expensive proprietary LLM, Claude 3.5, without sacrificing performance, thereby pro-

viding a more accessible option for similar tasks. This study also implies that classification

accuracy relies on the quality of the dataset, using a better quality dataset may improve

the performance.

Despite these promising results, several limitations were identified. The study was

limited to categorizing questions at the LLQ/DRQ/GDQ level, without exploring sub-

categories in depth. The challenges in handling context also point to areas needing im-

provement. Despite these limitations, the study underscores the potential of LLMs to en-

hance qualitative analysis by reducing the time and resources required for manual coding

and minimizing subjectivity. Future work should address these limitations by investigating

the performance of LLMs in categorizing sub-categories. Future research could conduct a

thorough qualitative analysis of the response of LLMs which could potentially reveal other

contributing factors to tasks like classification. Furthermore, appropriately managed con-

text can enhance language model performance. Therefore, future research should explore

how factors such as context length, relevance, and positioning impact model performance,

to develop strategies to optimize context usage in classification tasks. Moreover, devel-

oping strategies to better manage long context inputs and examining the use of different

datasets for training could enhance the robustness and applicability of LLMs in qualitative

research. Future research could also explore open-source LLMs to assess their performance

in comparison to proprietary models like GPT-4 and Claude 3.5.

Qualitative analysis benefits significantly from the integration of LLMs, offering a scal-

able and efficient means of coding and analyzing large datasets. However, the nuanced

and interpretative nature of qualitative data presents unique challenges that LLMs must

overcome to be fully effective. While LLMs can expedite the initial coding process, the

interpretative layer added by human researchers remains crucial for nuanced understanding
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and context-specific insights. Thus, a hybrid approach that combines the computational

power of LLMs with the critical interpretative skills of human researchers may offer the

most robust solution for qualitative analysis.

Overall, while this study focused on the classification of question utterances, the broader

implications for qualitative research are substantial. By leveraging LLMs for qualitative

tasks, researchers can enhance their methodological toolkit; making qualitative analysis

more efficient and scalable while maintaining the depth and richness that are the hallmarks

of qualitative inquiry.
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Gašević, D. (2021). Temporal assessment of self-regulated learning by mining students’

think-aloud protocols. Frontiers in Psychology, 12:749749.

Litster, G. and Hurst, A. (2021). Protocol analysis in engineering design education research:

observations, limitations, and opportunities. Studies in Engineering Education, 1(2).

Liu, J., Shen, D., Zhang, Y., Dolan, B., Carin, L., and Chen, W. (2022). What makes

good in-context examples for GPT-3? In Agirre, E., Apidianaki, M., and Vulić, I.,
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Appendix A

System Prompt

A.1 Complete System Prompt

You are an expert in protocol analysis of design activity. You can perform

analysis of the textual data and are able to label question utterances according

to Eris’ (2004) taxonomy. According to Eris, a question in a design context

is “a verbal utterance related to the design tasks at hand that demands an

explicit verbal and/or nonverbal response”. His taxonomy, categorizes ques-

tions according to three high-level categories, with several sub-categories. The

categories with examples are shown below:

Low Level Questions (LLQ)

Low-level questions are primarily information-seeking questions and they are

formulated when the questioners want clarification about a given topic/event or

are trying to obtain missing information. Different types of low level questions,

with examples, are provided below.

Verification

Questioner wants to know the truth of an event.

Example: Did John leave?

Disjunctive
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Verification question with multiple concepts.

Example: Was John or Mary here?

Definition

Questioner wants to know the meaning of a concept.

Example: What is a t test?

Example

Questioner wants to know an example of a concept.

Example: What is an example of a factorial design?

Feature Specification

Questioner wants to know some property of a person or thing.

Example: What are the properties of a bar graph?

Concept Completion

Questioner wants to know the missing component in a specified concept.

Example: Who ran the experiment?

Quantification

Questioner wants to know an amount.

Example: How many people are here?

Comparison

Questioner wants to compare properties of a person or thing.

Example: What is the difference between a t test and an F test?

Judgemental

Questioner wants to solicit a judgement by making an explicit reference to the

mind of the person being addressed.

Example: Do you like tea or coffee?

Deep Reasoning Questions (DRQ)

Low-level (LLQ) and Deep Reasoning Questions (DRQ) share the common

premise that a specific answer, or a specific set of answers, exists. As the pur-

pose of these questions is either to seek for information (i.e. low level questions)
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or to establish causal explanations of phenomenon (i.e. deep reasoning ques-

tions), they facilitate convergent thinking processes. Answers to these types of

questions are expected to hold truth-value because the questioner assumes the

person answering them to believe his/her answers to be true. Different types

of Deep Reasoning Questions, with examples, are provided below.

Interpretation

Questioners wants to know what concept or claim can be inferred from a given

dataset or situation.

Example: What is happening in this graph?

Goal Orientation/Rationale

Questioner wants to know the motives or goals behind an action.

Example: Why did John take the book?

Causal Antecedent

Questioner wants to know the states or events that have in some way caused

the concept in question.

Example: Why did the glass break?

Causal Consequent

Questioner wants to know the concept or causal chain the question concept

caused.

Example: What happened after John left?

Expectational

Questioner wants to know the causal antecedent of an act that presumably did

not occur.

Example: Why didn’t John go to New York?

Procedural

Questioner wants to know the partially or totally missing instrument or proce-

dure in the question concept.

Example: How does a clock work?

Enablement (DRQ)

Questioner wants to know the act or state that enabled the concept in question.
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Example: How was John able to get on the bus?

Generative Design Questions (GDQ)

Questions that are raised in design situations can operate quite differently from

low-level or deep reasoning questions. Often, their premise is that there can

be, regardless of being true or false, multiple alternative known answers as well

as multiple unknown possible answers. The questioner’s intention is to disclose

the alternative known answers, and to generate the unknown possible ones.

Such questions are characteristic of divergent thinking, where the questioner

attempts to move away from the facts to the possibilities that can be generated

from them. There are five GDQ categories:

Enablement (GDQ)

Questioner wants to know the multiple possible acts or states that can enable

the concept in question.

Example: What allows you to measure distance?

Proposal/Negotiation

Questioner wants to suggest a concept, or to negotiate an existing or previously

suggested concept.

Example: How about attaching a wheel to the long LEGO piece?

Method Generation

Questioner wants to generate as many ways as possible of achieving a specific

goal.

Example: How can we keep the wheel from slipping?

Scenario Creation

Questioner wants to construct scenarios involving the question concept to in-

vestigate possible outcomes.

Example: What if the device was used on a child? What about people who

have hair?

Ideation

Questioner wants to generate as many concepts as possible from an instrument
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without trying to achieve a specific goal.

Example: Are magnets useful in any way? What else can we do with magnets?

A.2 System Prompt With Only Definitions

You are an expert in protocol analysis of design activity. You can perform

analysis of the textual data and are able to label question utterances according

to Eris’ (2004) taxonomy. According to Eris, a question in a design context

is “a verbal utterance related to the design tasks at hand that demands an

explicit verbal and/or nonverbal response”. His taxonomy, categorizes ques-

tions according to three high-level categories, with several sub-categories. The

categories and their definitions are shown below:

Low Level Questions (LLQ)

Low-level questions are primarily information-seeking questions and they are

formulated when the questioners want clarification about a given topic/event or

are trying to obtain missing information. Different types of low level questions

are provided below.

Verification

Questioner wants to know the truth of an event.

Disjunctive

Verification question with multiple concepts.

Definition

Questioner wants to know the meaning of a concept.

Example

Questioner wants to know an example of a concept.

Feature Specification

Questioner wants to know some property of a person or thing.

Concept Completion

Questioner wants to know the missing component in a specified concept.
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Quantification

Questioner wants to know an amount.

Comparison

Questioner wants to compare properties of a person or thing.

Judgemental

Questioner wants to solicit a judgement by making an explicit reference to the

mind of the person being addressed.

Deep Reasoning Questions (DRQ)

Low-level (LLQ) and Deep Reasoning Questions (DRQ) share the common

premise that a specific answer, or a specific set of answers, exists. As the pur-

pose of these questions is either to seek for information (i.e. low level questions)

or to establish causal explanations of phenomenon (i.e. deep reasoning ques-

tions), they facilitate convergent thinking processes. Answers to these types of

questions are expected to hold truth-value because the questioner assumes the

person answering them to believe his/her answers to be true. Different types

of Deep Reasoning Questions, are provided below.

Interpretation

Questioners wants to know what concept or claim can be inferred from a given

dataset or situation.

Goal Orientation/Rationale

Questioner wants to know the motives or goals behind an action.

Causal Antecedent

Questioner wants to know the states or events that have in some way caused

the concept in question.

Causal Consequent

Questioner wants to know the concept or causal chain the question concept

caused.

Expectational
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Questioner wants to know the causal antecedent of an act that presumably did

not occur.

Procedural

Questioner wants to know the partially or totally missing instrument or proce-

dure in the question concept.

Enablement (DRQ)

Questioner wants to know the act or state that enabled the concept in question.

Generative Design Questions (GDQ)

Questions that are raised in design situations can operate quite differently from

low-level or deep reasoning questions. Often, their premise is that there can

be, regardless of being true or false, multiple alternative known answers as well

as multiple unknown possible answers. The questioner’s intention is to disclose

the alternative known answers, and to generate the unknown possible ones.

Such questions are characteristic of divergent thinking, where the questioner

attempts to move away from the facts to the possibilities that can be generated

from them. There are five GDQ categories:

Enablement (GDQ)

Questioner wants to know the multiple possible acts or states that can enable

the concept in question.

Proposal/Negotiation

Questioner wants to suggest a concept, or to negotiate an existing or previously

suggested concept.

Method Generation

Questioner wants to generate as many ways as possible of achieving a specific

goal.

Scenario Creation

Questioner wants to construct scenarios involving the question concept to in-

vestigate possible outcomes.
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Ideation

Questioner wants to generate as many concepts as possible from an instrument

without trying to achieve a specific goal.
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Appendix B

Experiment 5

B.1 Subgroup Question Distribution

Table B.1: Distribution of Questions in Each Subgroup.
This table presents the breakdown of question types — Low-Level Questions (LLQ), Generative Design

Questions (GDQ), and Deep Reasoning Questions (DRQ) — across six subgroups. The distribution helps

in assessing the balance and representativeness of each type within the subgroups.

Subgroup LLQ GDQ DRQ

1 7 2 1

2 7 2 1

3 6 3 1

4 6 3 1

5 7 3 0

6 7 3 0

Total 40 16 4
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B.2 Label Alignment Distribution

Table B.2: Label Alignment Summary of Categories.
This table presents the aggregated alignment counts (n) and corresponding percentages (%) for category

labels that were correctly aligned with human category labels for each question type (LLQ, DRQ, GDQ)

across multiple test sets. Percentages (%) indicate the proportion of labels that were correctly aligned

for each question type across all test samples. For instance, in the LLQ column under “Six 10-Question

Subsets,” a total of 400 labels were evaluated across all test samples, with 326 correctly aligned, resulting

in an alignment of 81.5%.

Six 10-Question Subsets Single 60-Question Set

Qs Type LLQ DRQ GDQ LLQ DRQ GDQ

Alignment, n

(%)

326

(81.50)

25

(62.50)

66

(41.25)

334

(83.50)

29

(72.50)

76

(47.50)

Table B.3: Label Alignment Summary of Subcategories.
This table presents the aggregated alignment counts (n) and corresponding percentages (%) for subcategory

labels that were correctly aligned with human subcategory labels across different question types (LLQ,

DRQ, GDQ) in multiple test sets. Percentages (%) indicate the proportion of subcategory labels that were

correctly aligned for each question type across all ten test samples. For instance, in the LLQ column under

“Six 10-Question Subsets,” out of 400 questions across all ten test samples, only 213 subcategory labels

were correctly aligned within the LLQ category, resulting in an alignment of 53.25%.

Six 10-Question Subsets Single 60-Question Set

Qs Type LLQ DRQ GDQ LLQ DRQ GDQ

Alignment, n

(%)

213

(53.25)

18

(45.00)

44

(27.50)

216

(54.00)

18

(45.00)

54

(33.75)
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Table B.4: Subcategory Label Alignment Breakdown for Six 10-Question Subsets.

Qs Type Subcategory Frequency Alignment, n (%)

LLQ

Quantification 10 8 (80.00)

Verification 262 155 (59.16)

Disjunctive 15 7 (46.67)

Concept Completion 51 14 (27.45)

Judgmental 20 7 (35.00)

Feature Specification 25 9 (36.00)

Definition 12 10 (83.33)

Comparison 5 3 (60.00)

DRQ

Instrumental/Procedural 23 12 (52.17)

Enablement 2 0 (0.00)

Rationale/Function/Goal Orientation 12 5 (41.67)

Interpretation 3 1 (33.33)

GDQ

Method Generation 56 20 (35.72)

Proposal/Negotiation 41 17 (41.46)

Ideation 34 2 (5.88)

Enablement 19 0 (0.00)

Scenario Creation 10 5 (50.00)
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Table B.5: Subcategory Label Alignment Breakdown for Single 60-Question Set.

Qs Type Subcategory Count Alignment, n (%)

LLQ

Quantification 10 8 (80.00)

Verification 262 153 (58.40)

Disjunctive 15 7 (46.67)

Concept Completion 51 14 (27.45)

Judgmental 20 9 (45.00)

Feature Specification 25 11 (44.00)

Definition 12 11 (91.67)

Comparison 5 3 (60.00)

DRQ

Instrumental/Procedural 23 14 (60.87)

Enablement 2 0 (0.00)

Rationale/Function/Goal Orientation 12 3 (25.00)

Interpretation 3 1 (33.33)

GDQ

Method Generation 56 22 (39.29)

Proposal/Negotiation 41 23 (56.10)

Ideation 34 5 (14.71)

Enablement 19 0 (0.00)

Scenario Creation 10 4 (40.00)
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Appendix C

Experiment 6

C.1 User Prompt With No Prompt Examples

I have a list of questions that I need you to classify according to the Eris

Question-Asking Taxonomy (2004). Classify each of the questions below, de-

limited by triple backticks, using the taxonomy proposed by Eris. Label each

question with one of the three categories: Low-level questions (LLQ), Deep

Reasoning Questions (DRQ), or Generative Design Questions (GDQ). Each

label should be either LLQ, DRQ, or GDQ. Additionally, provide a brief rea-

soning for the assigned label. Format the result as a markdown table with three

columns: Question, GPT-label, and Reasoning.

``` < test set > ```
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C.2 Nemenyi Test Results

Table C.1: Nemenyi Test Results for Pairwise Comparisons of the Conditions. The column

“Significant” indicates whether the difference between groups is statistically significant

based on p− value < 0.05.

Group 1 Group 2 p-value Significant (p < 0.05)

A B 0.0582 No

A C 0.0010 Yes

A D 0.0011 Yes

B C 0.5560 No

B D 0.6046 No

C D 0.9000 No
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