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Conducting Qualitative Interviews with AI 
 
 

Abstract 
 
Qualitative interviews are one of the fundamental tools of empirical social science research and 
give individuals the opportunity to explain how they understand and interpret the world, allowing 
researchers to capture detailed and nuanced insights into complex phenomena. However, 
qualitative interviews are seldom used in economics and other disciplines inclined toward 
quantitative data analysis, likely due to concerns about limited scalability, high costs, and low 
generalizability. In this paper, we introduce an AI-assisted method to conduct semi-structured 
interviews. This approach retains the depth of traditional qualitative research while enabling large-
scale, cost-effective data collection suitable for quantitative analysis. We demonstrate the 
feasibility of this approach through a large-scale data collection to understand the stock market 
participation puzzle. Our 395 interviews allow for quantitative analysis that we demonstrate yields 
richer and more robust conclusions compared to qualitative interviews with traditional sample 
sizes as well as to survey responses to a single open-ended question. We also demonstrate high 
interviewee satisfaction with the AI-assisted interviews. In fact, a majority of respondents indicate 
a strict preference for AI-assisted interviews over human-led interviews. Our novel AI-assisted 
approach bridges the divide between qualitative and quantitative data analysis and substantially 
lowers the barriers and costs of conducting qualitative interviews at scale. 
JEL-Codes: C830, C900, D140, D910, Z130. 
Keywords: artificial intelligence, interviews, large language models, qualitative methods, stock 
market participation. 
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1 Introduction

Qualitative interviews are a major source of knowledge in the social science (Becker,
1963; Jahoda et al., 1933; Knott et al., 2022). Qualitative interviews give individuals
the opportunity to explain their reasoning and motivations behind choices in their own
words. This allows for unparalleled richness and nuance in understanding how factors
like perceived constraints, informational barriers, beliefs, and preferences shape peo-
ple’s attitudes and behavior. Yet, despite providing uniquely rich insights into people’s
decision-making processes, qualitative interviews are almost completely absent in eco-
nomics and other disciplines inclined towards quantitative data analysis.1 While there
might be many reasons for the lack of qualitative interviews in economics, including a
lack of familiarity with qualitative methods, there are also valid concerns about limited
scalability, high costs, and low generalizability from small sample analyses typically
associated with qualitative interviews.

In this paper, we propose a new and portable AI-assisted method for conducting
qualitative interviews that scales. Our method can be seamlessly integrated into standard
survey software, allowing researchers to combine the benefits of both survey-based and
interview-based research. While not taking a stance in the long-standing debate over
qualitative and quantitative methods in economics, we argue that large-scale qualitative
interviews could be a complementary source of knowledge for economists that offer
significant benefits compared to qualitative interviews with conventional sample sizes
as well as to single open-ended survey questions embedded in traditional surveys.

Our method leverages transformer-based language models (Vaswani et al., 2017).
Relying on API integration with Open AI’s GPT-4 model, we design an “AI interviewer,”
i.e., an artificial intelligence interviewer conducting interviews analogous to how human
interviewers conduct interviews. From the perspective of a survey respondent, partici-
pation in a qualitative interview with an AI interviewer entails communicating via a
chat interface that resembles popular text messaging applications on modern phones.
The experience is very similar to a text-based conversation with a human interviewer. A
text-based approach might have several benefits on its own, including a greater sense of
privacy and control of the interview (Gibson, 2022). The chat starts with an open-ended
question. Respondents answer the question by writing a response using a text field.
Whenever an answer is submitted to the chat, the AI interviewer supplies the next

1Notable exceptions are Bewley (1995, 1999); Blinder et al. (1998); Geertz (1978).
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question after a few seconds. The AI interviewer is given a topic guide that covers all
points that should be covered in the interview. Depending on the conversation history,
the AI interview either asks a “probing question” to increase the depth and breadth of
the conversation or moves on to the next topic in the topic guide. This iterative process
continues until all points in the topic guide are covered and the interview is concluded.

The AI interviewer can be conceptualized as a state-dependent probability distribu-
tion over the set of questions, with the conversation history as the primary state variable.
A generative language model predicts the next interview question from a transformed
text input derived by inserting the state variables into a prompt template (Liu et al.,
2023). The prompt template can be used to modify the behavior of the system by using
natural language to describe the desired output. Our implementation of an AI inter-
viewer additionally uses a binary decision tree for task specialization. Specifically, the
decision tree selects separate instances of a generative language model for generating
follow-up questions within an interview topic, initiating transitions between interview
topics, and summarizing the ongoing conversation.

We demonstrate the promising potential and scalability of AI-assisted qualitative
interviews in the context of a question of great interest to economists, namely the
stock market participation puzzle. One of the core results from finance theory is that
households should allocate some of their wealth to the stock market to take advantage of
the equity premium (Merton, 1969; Tobin, 1958). In practice, many households are not
participating in the stock market (Haliassos and Bertaut, 1995a), contributing to higher
wealth inequality (Favilukis, 2013). This participation puzzle is present across the world
and is one of the leading examples of deviations from normative models of financial
behavior (Guiso and Sodini, 2013). There are many competing theories to explain the
participation puzzle (see Gomes et al., 2021, for a comprehensive review), including
participation costs (Vissing-Jørgensen, 2003), non-standard preferences (Barberis et
al., 2006), and pessimistic beliefs about stock market returns (Hurd et al., 2011), and it
is impossible to differentiate between these theories with only choice data. It is also
a puzzle that is unlikely to be resolved by simply asking people a single open-ended
question about why they do not invest in stock; there might be a plurality of complex
reasons behind why people do not participate in the stock market, and understanding the
main constraints and barriers to investing might require extensive follow-up questions
to clarify views and deepen the conversations.

To conduct the AI-assisted interviews, we recruit 395 US respondents from Prolific,
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an online platform associated with high data quality (Eyal et al., 2021), during August–
September 2023. In the aggregate, respondents spend over 17,700 minutes writing about
300,000 words (about the length of Tolstoy’s Anna Karenina) to answer over 7,000
open-ended questions exploring the factors driving their decision not to participate in
the stock market.

We document two sets of main results. We first provide evidence that it is technically
feasible to conduct in-depth interviews at scale while maintaining high survey response
satisfaction and effort. While we did not require respondents to finish all interview
questions to qualify for the survey payments (nor did we offer any monetary incentives
for finishing the interview), over 95% of our respondents voluntarily fully answered all
questions during the, on average, 30-minute interview. Moreover, respondents display
consistently high effort. On average, they take about two minutes to write about 40
words per question. Importantly, respondents’ effort as measured by these proxies does
not decrease over time, suggesting that interviews do not necessarily cause substantial
survey fatigue. On the contrary, our data suggests that, if anything, respondents seem to
enjoy the interviews. The vast majority of respondents rate the interview experience as
positive (82.0%), the conversation as natural (73.7%), and would even strictly prefer an
AI interviewer over a human interviewer (53.2%).

Second, we provide descriptive evidence that qualitative interviews can generate rich
and novel insights about a topic of great interest to economists, namely the stock market
participation puzzle (Giuliano and Spilimbergo, 2014). We first demonstrate that the
interviews generate a rich picture of people’s reasons for stock market non-participation,
which tends to be multifaceted and influenced by a combination of financial reasons,
risk concerns, informational barriers, perceived participation costs, and other reasons,
such as lack of trust in markets and political beliefs. We next demonstrate a high degree
of co-occurrences between different reasons for non-participation, showing that some
reasons for non-participation are highly correlated with other not necessarily closely
related reasons. We also demonstrate that qualitative interviews with traditional sample
sizes (typically conducted with 20 respondents or fewer), as well as single open-ended
questions about reasons for non-participation, are unable to recover the richness of
qualitative interviews at scale.

We build on and contribute to three strands of the literature. Our main contribution
is to the field of qualitative methods in the social sciences. We develop a novel mode
of interviewing whereby interviewees converse in writing with an AI-driven chatbot.
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Compared to in-person or online interviews administered by human interviewers, we
thereby lower the cost and time of data collection by at least an order of magnitude.
Our approach enables researchers to achieve sample sizes outside the support of con-
ventional qualitative research projects. We thus offer an alternative solution to the
methodological debate about optimal sample sizes to achieve what has been termed
“saturation” in the context of qualitative research (Glaser and Strauss, 2017; Guest et al.,
2006). Moreover, larger sample sizes allow researchers to apply quantitative methods
to examine systematic variation in responses and narratives across interviews, thus
bridging the divide between qualitative and quantitative methods. Our empirical results
demonstrate that large-scale qualitative interviews are able to uncover rich insights that
cannot be replicated using conventional sample sizes for qualitative interviews.

Our second contribution is to the burgeoning literature on applications of machine
learning and artificial intelligence in economics (Mullainathan and Spiess, 2017). These
techniques are typically employed for prediction or classification tasks during the anal-
ysis stage of a project (Athey and Imbens, 2019). Recently, researchers have explored
other use cases, such as generating original hypotheses (Ludwig and Mullainathan,
2023), simulating human subjects (Horton, 2023), or improving decision-making (Agar-
wal et al., 2023; Kleinberg et al., 2018).2 Our contribution is to demonstrate that
generative language models can be used as a tool to collect novel primary data from
human subjects. We also demonstrate that qualitative interviews can be a complemen-
tary source of knowledge that provides superior insights compared to both qualitative
interviews with traditional sample sizes as well as single open-ended text responses.

Third, we contribute to research in household finance on the stock market par-
ticipation puzzle (Barberis et al., 2006; Favilukis, 2013; Gomes et al., 2021; Guiso
and Sodini, 2013; Haliassos and Bertaut, 1995a; Hurd et al., 2011; Vissing-Jørgensen,
2003). Our empirical findings demonstrate that the stock market participation puzzle is
driven by a combination of several different factors, including standard explanations
such as perceived participation costs and financial constraints, as well as more behav-
ioral explanations, such as a lack of trust in markets and political beliefs opposed to
market interactions. Furthermore, these multifaceted reasons for not participating in
the stock market are often highly correlated—for instance, people who feel they lack
the necessary knowledge to start investing are also likely to say they are financially

2A related literature studies biases in algorithmic decision-making (Lambrecht and Tucker, 2019)
and their consequences for market outcomes (Agrawal et al., 2019; Fuster et al., 2022).

4



constrained—making it necessary to clarify concepts and deepen the conversation to
understand the key drivers of people’s stock market choices.

Our paper proceeds as follows. Section 2 describes our novel method of interviewing.
Section 3 presents an application to the stock market participation puzzle. Finally,
Section 4 concludes and offers directions for future research.

2 Methodology

2.1 Design objectives

Semi-structured interviews are usually organized around a topic guide that includes
three to five broad topics that should be covered during the interview (Knott et al.,
2022). Each topic is usually centered around a broad open-ended question, such as
“Can you tell me about . . . (something specific)?” The interviewer then follows up
with different probing and clarification questions, such as “Can you say a little more
about X?” When a topic is well covered, the interviewer moves on to the next topic in
the topic guide with a new broad open-ended question, taking previous points covered
in the interview into account. Naturally, the interviewer always determines the next
question in an interview. The quality of qualitative interviews thus crucially depends on
the performance of the interviewer. Hence, any AI interviewer will have to overcome
several key design challenges to be an effective substitute for a human interviewer.

First, the AI interviewer should adhere to methodological best practices for quali-
tative research. For example, this includes using broad, open-ended questions instead
of narrowly framed questions as well as choosing neutral, non-leading questions that
encourage meaningful and detailed responses. Central to qualitative research is the
capability for adaptive probing, where the AI interviewer spontaneously adjusts its line
of questioning based on the interviewee’s response. This requires the ability to manage
the conversation both locally and globally, i.e., remembering previously raised points,
identifying recurring themes in the interviewee’s responses for later exploration, and
gently steering the conversation towards new topics without impeding the natural flow
of the conversation. Second, the AI interviewer must maintain consistent performance,
both across interviewers as well as over extended conversations. The system must
maintain a high level of fidelity to its initial instructions, replicating both the explicit
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and implicit intentions of the researcher. Put simply, the AI interviewer has to stay
in character. Third, from a security perspective, the artificial interviews should be
robust against attempts of malevolent interviewees to modify its behavior. Finally,
given the possibility of discussing sensitive topics, the AI interviewer requires content
moderation, ensuring that conversations remain within ethical boundaries. This entails
monitoring the interviewee’s responses for signs of discomfort and respecting requests
to not further pursue a line of questioning.

In practice, an important metric is the expected response time of the AI interviewer,
i.e, the average time to generate the next question. Many of the above design challenges
can be addressed to a very high degree by increasing the complexity of the system.
However, with current technology, this comes at the cost of a higher expected response
time. The researcher thus faces an additional quality–response time trade-off.

2.2 AI interviewer

We now describe how we address the above design objectives in practice. Our focus is
on a portable, general purpose AI interviewer that can be modified by other researchers
with minimal modifications, achieving satisfactory “off-the-shelf” performance across
a variety of contexts. To demonstrate that our approach is compatible with popular
survey design software, we develop an application that can be seamlessly integrated
into a Qualtrics survey. Specifically, our application consists of two parts: a front-end
chat interface (the “client”) and a back-end web application (the “server”).

2.2.1 Front-end

Our chat interface can be embedded into any survey design software that supports
custom HTML and basic JavaScript functionalities such as HTTP requests. Figure 1
provides a screenshot of the chat interface that survey respondents use to participate
in the interview. We intentionally designed the chat interface to mimic popular text
messaging applications to reduce technological frictions, making it intuitively accessible.
We chose a color blind friendly scheme based on shades of gray. The upper part of the
interface displays the full conversation history of previous questions and answers. The
lower part of the interface consists of a resizeable text field that respondents can use to
type and revise their responses. When respondents submit a response, it is automatically
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added to the conversation. The submit button is then deactivated until the AI interviewer
provides the next question. This process usually takes between two and nine seconds,
with a median wait time of about six seconds.3 As in a conversation with a human,
a certain minimal delay is desirable to provide respondents with time to relax and
reflect between questions. In contrast, immediate responses might even be perceived as
unnatural or overwhelm the interviewee. To maintain respondents’ engagement while
they wait, a dynamic typing animation is shown until the next question is ready. Our
hypothesis is that this reduces survey attrition by implicitly suggesting to respondents
that someone is actively typing the next question.

2.2.2 Back-end

Answering a question of our AI interviewer triggers a HTTP request to our interviewer
application via an application programming interface (API). The request contains the
interviewee’s answer and additional interview-level parameters that modify the behavior
of the AI interviewer. We developed the application in Python. It can be deployed as a
serverless application on standard cloud infrastructure.

Our application mainly builds on the Generative Pre-trained Transformer 4 (“GPT-
4”) model family that was developed by OpenAI and is based on the seminal work by
Vaswani et al. (2017). However, our modular approach could also accommodate other
generative language models.4 The question generation process involves four distinct
tasks that are carried out by four different “AI agents”: the Security Agent, the History
Agent, the Probing Agent, and the Topic Agent. Each agent is a large language model
that generates a text output from text input based on a unique set of written instructions
(“prompts”). The workflow for the question generation process is illustrated in Figure 2
and described in detail below.

The Security Agent Most messages are harmless. Yet, the first step in the question-
generation process is a defense layer against clear attempts to change the behavior of the
AI interviewer. This layer consists of an agent that determines whether the answer “fits

3The waiting time is expected to decrease rapidly as the capabilities of large language models such
as GPT-4 increase, making it possible to implement more complex solutions without the need to increase
the waiting time too much.

4We did extensive pre-testing with GPT-3.5 but decided to use GPT-4 when recruiting actual human
respondents because of superior performance compared to GPT 3.5 models.
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into the context of an interview” by comparing it to the previous question (see Appendix
Section B.2 for the full prompts). Messages by the interviewee that do not fit the context
of the questions are flagged by the agent, with exceptions for messages that convey
a preference for not answering the question. If an answer is flagged, the interviewee
receives a pre-determined message that with a gentle nudge to either rephrase the answer
or decline to answer the question. This defense method effectively preempts low- and
medium-effort attempts at steering the interview off topic or instructing the language
model to perform unintended tasks. In addition, we employ programmatic checks to
protect against code injection. The interview is prematurely terminated if more than
five messages have been flagged, thus providing a grace period to accommodate the
human nature to try and test the boundary conditions of the interview situation.

Interview Plan The second stage after the defense layer is a binary decision on
whether to continue with additional probing questions or to transition to a new interview
topic from the interview plan or “topic guide”. The interview plan is determined by the
researcher in advance and, in our case, specifies a broad objective for each interview
topic (e.g. “explore perceived barriers to stock market participation”) and the number
of probing questions for each interview topic. If the AI interviewer exhausted its
budget of probing questions on the current topic, we transition to the next interview
topic. Otherwise, the AI interviewer generates a probing question. We discuss adaptive
extensions that endogenize the topic transition process in Section 2.3. When all topics
in the Interview Plan are covered, the interview concludes with a message expressing
gratitude for the interviewee’s participation.

The Probing Agent The aim of a semi-structured qualitative interview is to “achieve
both breadth of coverage across key issues, and depth of coverage within each” (Ritchie
and Lewis, 2003). In our setup, the responsibility for achieving breadth and depth of
the interview falls on the Probing Agent. To formulate an appropriate probing question,
the Probing Agent receives a summary of the previous conversation history, the current
topic of the Interview Plan, and the conversation history within the current topic in
the Interview Plan. We give the Probing Agent both general guidelines as well as
specific probing guidelines to make sure that the probing questions align with best-
practice advice achieving breadth and depth. Specifically, we emphasize that questions
should be asked in an open-ended way (“how”, “what,”, “why”) to allow detailed and
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authentic responses that cannot easily be answered by a simple “yes” or “no.” We
also emphasize the need for neutrality, respect, relevance, and focus. For the specific
probing guidelines, we emphasize the need to follow-up on promising themes that align
with the Interview Plan, exploring the interviewee’s reasons, motivations, opinions, and
beliefs. We instruct the Probing Agent to clarify ambiguous answers and to pivot to
new areas not covered in depth if the conversation becomes repetitive or remains on the
surface level.

The History Agent The History Agent is responsible for reviewing the conversation
and creating an appropriate summary that can be passed on to the question asking
agents. While in theory the Probing Agent and the Topic Agent could have reviewed
the whole conversation before formulating a question, it is more efficient and reliable to
have a History Agent in charge of summarizing the key points that have emerged in the
interview. Whenever the interview moves onto a new interview topic, the History Agent
receives the Interview Plan, the conversation summary from previous topics covered in
the interview guide (if any), the current topic of the Interview Plan, and the conversation
history that is not already covered by the previous conversation summaries (if any). The
History Agent then updates the conversation summary which is later accessible to both
the Topic Agent and the Probing Agent. We emphasize that the conversation summary
should highlight key points and recurring themes in the conversation and that the goal
is to ensure that future interviewers can continue exploring themes in the interview
without having to read the full interview transcripts.

The Topic Agent When the budget for the probing questions within a given topic in
the Interview Plan is exhausted, the Topic Agent is responsible for introducing the next
topic in the Interview Plan, taking the earlier conversation history into account. We
emphasize that questions should be open-ended and that the transition to a new topic
should feel smooth and natural, taking the previous conversation history into account to
bridge what has been discussed with what will be covered next.

2.3 Extensions

We focus on a minimal design of an AI interviewer for two primary reasons. One the
one hand, a minimal design is more portable, allowing other researchers to modify and
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possibly extend the application based on their research objectives. On the other hand,
raising the complexity by increasing the number of consecutive queries to large language
models linearly increases the waiting time for respondents, which will eventually impede
the conversation’s flow. However, we expect this constraint to be relaxed eventually as
technology progresses. In this case, several natural extensions emerge.

Endogenous topic transitions In our current design, the length and order of interview
topics are exogenously determined. If a more flexible interview structure is desired, the
topic can be presented with the set of K currently remaining topics from the interview
plan and instructions to select the next interview topic according to some criterion
determined by the researcher. Similarly, the number of probing questions per topic can
be endogenized by using a large language model to determine whether the current line
of probing has exhausted the subject.

Multi-agent probing agent Another natural extension is to replace the probing agent
with a set of more specialized agents, similar to ensemble techniques in machine learning
(Dietterich, 2000). For example, probing questions can be conceptually disaggregated
into three distinct categories: clarification requests, follow-up questions aimed at
increasing depth in responses, and questions aimed at expanding the breadth of the
conversation. An alternative design would thus consist of three separate language
models tasked with proposing a clarification, depth, and breadth question, respectively.
A fourth language model then chooses one of the questions.5 In principle, this ensemble
approach can be made arbitrarily complex by integrating iterative feedback loops
between agents (Park et al., 2023).

Model fine-tuning The quality of probing questions could potentially be improved by
fine-tuning domain-general language models on training data consisting of high-quality
interview transcripts from human subjects (Ziegler et al., 2019). While this raises ethical
concerns vis-à-vis the human subjects represented in the training data, fine-tuning might
allow researchers to encode the difficult to describe implicit notion of what constitutes
an effective probing question.

5Our experiments with such a design yielded questions of higher quality compared to single-agent
probing. However, this raised the waiting time to about 15 to 20 seconds using technology available in
the fall of 2023, which we deemed too high.
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3 Application: Stock market non-participation

We demonstrate the potential of our method of conducting qualitative interviews with
an AI interviewer using the example of the stock market participation puzzle (Gomes
et al., 2021; Guiso and Sodini, 2013; Haliassos and Bertaut, 1995b). We first describe
our empirical design before presenting the results from our quantitative analysis of the
qualitative interview transcripts.

3.1 Background

We focus on the stock market participation puzzle since it is a topic of great interest to
economics and one of the key open questions in household finance (Guiso and Sodini,
2013). Furthermore, it is hard to resolve the stock market participation puzzle with
choice data because many of the key factors that might drive the participation puzzle—
such as pessimistic beliefs, non-standard preferences, and perceived participation
costs—are unobserved in choice data. It is also a topic where persistent probing might
be necessary to uncover the actual reasons why people do not invest in the stock market.
For instance, many of the surface factors that people might mention—such as not having
much money to invest—might be different from the potentially “deeper” reasons that
people might only reveal after having been asked several probing questions digging into
a plurality of factors, such as perceived lack of knowledge, perception of the market
as gambling, and so on. In other words, simply asking people an open-ended question
about why they do not invest in the stock market might not be sufficient to understand
the multifaceted barriers and constraints people experience when it comes to potential
stock market investments.

3.2 Design

3.2.1 Sample

We conducted our interviews between August 23 and September 5, 2023, with 395
adult US respondents recruited from the research platform Prolific, a survey platform
commonly used in economic research and associated with high data quality and at-
tentive respondents (Eyal et al., 2021; Haaland et al., 2023). As our main interest
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is in interviewing people about their reasons for stock market non-participation, we
administered a screener survey to select the relevant subset of the population.6

To be eligible, respondents cannot own any individual stocks or stock mutual funds,
neither directly nor indirectly through any retirement accounts. We further exclude
people who already plan to buy stocks in the near future and those who do not actively
manage their own finances. Moreover, stock market participation is only a meaningful
decision for households with non-zero savings. We thus focus on respondents who are
currently able to accumulate savings. We also exclude respondents with a gross annual
household income below $30,000 as those households might somewhat mechanically
cite their low income as the main factor driving non-participation.

Qualitative interviews require higher levels of effort and engagement compared to
traditional survey experiments (Rubin and Rubin, 2011). To ensure a high quality of
responses, we employ three complementary strategies. First, our screener survey starts
with an attention check designed to screen out inattentive respondents. Second, in the
screener survey, we screen out respondents who demonstrate an unwillingness to engage
with open-ended questions (in this case, their views on daylight saving time). Third,
we saliently communicate our intentions to conduct chat-based, in-depth AI-assisted
interviews at the beginning of our survey, allowing respondents who may not feel
comfortable in an interview situation to select out of the study.

As shown in Table 1, our interview sample comprises a total of 395 respondents.
62.3% of our respondents are female. 76.2% and 12.4% are white and black, respec-
tively. The median household income is $73,038. As common with online samples,
respondents are more educated than the general US population, with 81.7% holding a
college degree.

3.2.2 Survey

We now describe the core elements of our main survey. Section D of the Online
Appendix provides the full questionnaire.7

6Appendix Section D.1 presents the questionnaire used for the screener survey.
7The median time to complete the survey, including the interview, was 40 minutes, for which

respondents received a fixed compensation of around $12. The survey was implemented in Qualtrics.
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Overview The survey starts with a detailed consent form mentioning the use of AI
tools to process responses and a few questions on background characteristics. The
consent form makes clear to respondents that their responses are processed via Ope-
nAI’s API, which is a secure and encrypted technological framework. We also inform
respondents that their data will not contribute to training or enhancing their models and
that OpenAI will permanently delete their data after 30 days, all of which is true. We
then introduce the respondents to the upcoming interview, allowing them to familiarize
themselves with the chat interface that they will use to converse with the AI interviewer.
Respondents then participate in an interview about their reasons for not participating
in the stock market. After the interview, we use a closed-ended survey question to
elicit reasons for stock market non-participation. We also elicit factors associated with
stock market non-participation and collect additional background characteristics, such
as information about their current financial situation.

Interview We explain to respondents that they will participate in an interview with
an AI chatbot on the topic of stock market participation. We tell respondents that the
AI is informed that they are currently not participating in the stock market, and that the
interview will take about 20 minutes to complete. We then introduce the chat interface
used for the interview. As a warm-up exercise, respondents are first encouraged to
familiarize themselves with the chat interface by engaging in a short conversation with
an AI interviewer about their favorite color. Next, we explain to respondents that it is
important to provide detailed responses. We also emphasize that there are no right or
wrong answers, and that they should only answer the questions to the extent that they
are comfortable.

The first question for the actual interviews about non-participation in the stock market
is identical across respondents:

“I am interested in learning more about why you currently do not own any
stocks or stock mutual funds. Can you help me understand the main factors
or reasons why you are not participating in the stock market?”

After this question, the AI interviewer explores their stated reason for non-participation
with five probing questions. For the second topic, the AI interviewer is instructed
to “delve into the perceived barriers or challenges preventing [the respondent] from
participating in the stock market.” with a total of five questions. We chose this topic
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to ensure that the interview also covers other, secondary reasons for non-participation.
Another advantage of this topic is that it naturally “resets” a conversation that might
be stuck in an unproductive line of inquiry. The third topic “explore(s) a ‘what if’
scenario where the interviewee invests in the stock market”, asking respondents what
they would do and what it would take to successfully navigate the stock market (three
questions). Counterfactual reasoning is a commonly used strategy in qualitative research
that allows respondents to explain themselves more freely. The fourth and final topic
is about “conditions or changes needed for the interviewee to consider investing in
the stock market” (two questions). After this topic, we inform respondents that the
interview is about to conclude. We always finish the interview with two pre-determined
questions recommended as best practices in qualitative research (Rubin and Rubin,
2011):

• “As we conclude our discussion, are there any perspectives or information you
feel we haven’t addressed that you’d like to share?”

• “Reflecting on our conversation, what would you identify as the main reason
you’re not participating in the stock market?”

The above questions provide partial insurance against omitting an aspect highly relevant
to people’s non-participation decisions. The rationale behind the second question is
to provide respondents with an opportunity to revise their initially stated reason for
non-participation. The interviewer then thanks for respondents for their participation
and asks them to proceed to the next page.

Interview summary On the next page, we present an AI-generated summary of the
interview to respondents that contains between 200 and 300 words. We ask respondents
whether “the above summary accurately represents (their) views expressed in the
interview” (yes/no). If respondents select “No”, we use an open-ended question to elicit
the perceived inaccuracies.

Post-interview survey The final part of our survey consists of a set of standard closed-
ended questions. First, we elicit the main reasons for stock market non-participation
using a multiple-choice question. This allows us to contrast a closed-ended survey
question with the qualitative interview format. Second, we ask respondents to rate the
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interview experience, including the overall experience, the naturalness of the conver-
sation, and their preference for AI vs. human interviewers. Third, we elicit factors
associated with stock market participation, such as (i) respondents’ subjective prob-
ability distribution of 12-month ahead US stock market returns (Manski, 2004), (ii)
financial literacy based on the “Big 3” questionnaire (Lusardi and Mitchell, 2011), (iii)
borrowing constraints, (iv) economic preferences (Falk et al., 2018) and generalized
trust. Moreover, we collect comprehensive data on respondents’ financial situation, in-
cluding their homeownership status, total financial assets, mortgage and non-mortgage
debt, and an estimate of the home value of their current residence. The survey concludes
with a few sociodemographic questions.

3.3 Results

3.3.1 Interview experience and respondent effort

Before moving on to the key results on stock market participation, we first document a
substantial and persistently high willingness of respondents to exert effort in text-based
qualitative interviews with an AI interviewer. Over 95% of respondents conclude the
full interview, although we did not enforce full participation. Panel A of Figure 3
displays the distribution of the interview duration. The interview duration ranges from
21 minutes at the 25th percentile to 38 minutes at the 75th percentile, with a median
duration of 27 minutes. During this time, the median respondent writes about 3,200
characters (610 words). As shown in Panel C, about a quarter of respondents is quite
prolific with at least 5,000 characters written (about 1,000 words). The implied typing
speed of the median respondent is 118 characters (23 words) per minute. This is
high compared to the average typing speed of around 40 words per minute, given that
respondents require time to process the interviewer’s question and think about their
response.

Interestingly, respondents’ effort does not decrease over the course of the interview.
As shown in Panel B, the average time that respondents take to answer individual
interview questions narrowly varies between 90 and 120 seconds without a discernible
downward trend. This is also reflected in an almost constant length of answers: Over
the course of the interview, the length of the average answer remains very close to
200 characters (38 words). The only exception is at the end of the interview when
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respondents are asked for any remaining comments and are asked to restate their main
reasons for non-participation. Table 3 confirms these findings in a panel regression at
the respondent-message level where we include respondent fixed effects. If anything,
the message length slightly increases within an interview topic (column 2, p < 0.05).

Reassuringly, we find no evidence of shirking by employing AI to answer interview
questions. At the beginning of our screener survey, we elicited respondents’ weekly
use of generative AI tools on a 6-point scale from “Never” to “Several times a day.” As
shown in Figure 5, the average message length and the average response time are not
statistically significantly different between respondents who differ in their weekly use
of generative AI tools.8

Next, we turn to the respondents’ evaluation of the interview experience. Panel A of
Figure 4 shows that 82.0% of respondents positively evaluate the overall experience with
the AI interviewer. Only 8.9% of respondents provide an overall negative evaluation.
Moreover, 73.7% say that the conversation felt at least somewhat natural (with 40.8%
of respondents saying it felt “very natural” or “extremely” natural), and only 20.0% of
respondents say it felt at least somewhat unnatural (Panel B). Panel C documents that
53.2% of respondents would prefer an AI interviewer over a human interviewer, with
25.8% of respondents expressing indifference. Only 21.0% of respondents indicate
a preference for a human interviewer. Finally, 95.4% of respondents would like to
participate in another interview with an AI interviewer (Panel D).

Taken together, these findings have two main implications. First, it is feasible to
conduct AI-assisted qualitative interviews in online settings. Respondents can sustain
consistently high levels of engagement with open-ended interview questions over almost
half an hour without meaningful attrition or survey fatigue. Second, respondents even
seem to enjoy AI-assisted qualitative interviews, with a substantial fraction even strictly
preferring an AI interviewer to a human one.

3.3.2 Qualitative analysis

We now turn to the analysis of the interviews. As a first step, this section presents
qualitative findings from an inductive content analysis of a random subset of 50 inter-
views. This type of analysis is a natural part of traditional qualitative research projects.

8To date, no reliable method for automatically detecting text generated by ChatGPT exists.
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It entails reading the full interview transcripts and assigning “codes” to subsets of the
text, noting new themes and narratives as they emerge. This approach has several
advantages. First, it takes the richness and highly contextualized nature of information
seriously, allowing us to detect nuances that might otherwise get lost when condensing
the data into broader categories. Second, the approach is theory-agnostic, imposing
no constraints on the patterns that can emerge. We provide an example interview in
Section C to give an impression of what a typical interview with an AI interviewer
looks like.

When asked about their reasons for stock market non-participation, respondents
provide various explanations, including leading explanations based on financial reasons,
such as having too little money to invest, risk concerns, informational barriers, and
perceived participation costs. It is noteworthy that respondents during the interviews
very rarely mention a single cause and there always seems to be a plurality of factors
affecting stock market non-participation.

Surface vs depth The main advantage of the interview is the possibility to use
probing questions to further examine people’s initial “top-of-mind” responses. Our first
qualitative observation is that it might be prudent to be more cautious when interpreting
answers to one-shot open-ended questions in surveys, as initial responses might lack
relevant contextual information. To provide a concrete example, at the very beginning
of our interviews, the most common explanations for stock market non-participation
cited by respondents are their low income and savings levels. Taken at face value, this
might suggest substantial latent demand for stocks. Yet, we argue that this is likely to
be a “surface” explanation in many cases. First, we positively selected respondents
for our interviews based on whether they are currently able to save money. As shown
in Table 1, the median household has about $17,500 dollars of financial assets and an
annual household income of $65,000. Moreover, 64% of respondents have at least two
months of income available in liquid savings. Second, as the interviews unfold, the
evidence obtained from subsequent probing questions suggests that it is not a lack of
funds per se, but the fear of making losses or even losing one’s savings that actually
keeps these respondents from investing. Respondents also frequently clarify that they
prefer low-risk alternatives such as high-yield savings accounts. We provide additional
examples of how initial responses hide important nuances below the “surface” below.
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Mental model of stock market risks Another emergent theme in our interviews
concerns people’s subjective beliefs about the return distribution of stocks. At the
beginning of the interview, respondents frequently say that stock returns are risky,
volatile, and uncertain, and that the riskiness of stocks prevents them from participating
in the stock market. When asked to elaborate further, many respondents provide a
description of stock market returns that resembles a binary lottery of extremes: the
market can “make or break” you by either “hitting the jackpot” or suffering “devastating
losses” when the stock market crashes. Not coincidentally, respondents often negatively
stereotype stock investments as gambling with one’s money, buying a lottery ticket, and
going to the casino, which only the wealthy can afford (Henkel and Zimpelmann, 2023).
Such a belief in extremes, and lack of understanding or knowledge of the equity risk
premium, could justify non-participation even at reasonable levels of risk aversion.

Misconceptions about investing In the third part of our interview, we ask respon-
dents to imagine a hypothetical scenario in which they own stocks. When exploring this
scenario through several probing questions, misconceptions about investing regularly
emerge in our interviews. Many respondents seem to think that owning stocks would
imply a need to actively monitor stock price movements and conduct thorough research
into the fundamentals of individual companies to make informed trading decisions. To
realize returns on their investments, respondents argue that it is essential to “beat the
market” by predicting which stocks will increase or decrease in value ahead of time,
which would require market research of “several hours 3-4 days a week.” This suggests
a misconception of stock ownership as active trading reminiscent of how investment
bankers are commonly depicted in popular culture.

3.3.3 Quantitative analysis

We next turn to the quantitative analysis in which we leverage—by the standards of
qualitative interviews—our uniquely high sample size of 395 respondents.

Assigning codes to the interview data To prepare the data for a quantitative analysis,
we need to assign codes to the interview. As discussed in Section 3.3.2, we manually
read through 50 interviews and assigned preliminary codes based on themes and
narratives emerging from the interview. To leverage our large sample size and broaden
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the search for relevant codes, we also supplemented this manual procedure by giving
OpenAI’s Code Interpreter summaries of the majority of the interviews and asking it to
suggest codes based on the factors mentioned in these summaries. On top of this, we
also considered potential factors mentioned in the previous literature as explanations
for the stock market participation puzzle to make sure that our coding scheme is also
grounded in theory. Based on this iterative process, we converged on the coding scheme
as shown in Table 2.

Code frequencies For each code in our classification scheme (Table 2), we create a
dummy variable equal to one if a respondent is assigned the code at least once. We
assign these codes based on the AI summary generated at the end of the conversation
rather than applying the categorization to the whole interview transcript. Most codes are
not mutually exclusive and each respondent can be assigned multiple codes. On average,
respondents are assigned 5.9 codes. To have a scalable approach for the analysis, we rely
on OpenAI’s API to query GPT-4 for code assignment. As shown in Gilardi et al. (2023),
GPT-3.5 outperforms crowd workers for text-annotation tasks. GPT-4—a significantly
more powerful model—should thus provide an even more accurate classification based
on this approach.

Figure 6 shows the results and illustrates that people’s reasons for non-participation
in the stock market are heterogeneous and multidimensional. 74.3% of respondents
mention a financial reason, such as financial constraints (72.0%) or prioritizing other
financial goals like retirement or emergency funds (17.8%). 69.0% of respondents
mention risk-related concerns. The richness of our data allows us to differentiate
between different subjective operationalizations of “risk.” 19.6% mention that they
have pessimistic beliefs about stock market returns. 39.9% talk about having only a low
level of risk that they are willing to tolerate. Furthermore, 15.8% are concerned about
“rare disaster risks” in which a rare but high-impact event leads to very large losses.
28.8% think of stock market investments as “gambling.”

While both financial reasons and risk concerns are commonly stated by our respon-
dents, the most common category is informational barriers. 83.5% of our respondents
mention that they have a limited understanding or awareness of stock market invest-
ments. Furthermore, 29.3% mention that they find the stock market complex, intimidat-
ing, or confusing. Related to informational barriers, 29.0% of respondents explicitly
mention perceived participation costs as a barrier to stock market participation. The
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main perceived barrier seems to be the fixed cost of learning how to invest: While 28.0%
mention the fixed costs associated with learning how to invest, only 5.1% mention the
variable costs associated with managing a portfolio. Overall, these results highlight
the important role of knowledge barriers and demonstrate the relevance of perceived
participation costs, which is commonly referred to as one of the leading theories behind
non-participation (Guiso and Sodini, 2013).

With respect to other reasons not captured by the categories above, a substantial
fraction of respondents also express skepticism due to past experiences (16.5%), such
as the 2008 financial crisis, or failure to invest because of a lack of interest in stocks
(24.2%). Interestingly, 8.9% of respondents mention that they abstain from stock market
investments due to political or moral beliefs, and 29.0% express a mistrust in markets
and financial institutions. In sum, 56.0% of respondents mention at least one of these
other reasons for not participating in the stock market.

Co-occurrence of reasons for non-participation Since each respondent is assigned
5.9 codes on average and we have a large sample of 395 interviews, there is ample
scope to investigate the co-occurrence of different factors. In Figure 7, we display the
share of interviews in which each pair of codes appears at least once. The most common
co-occurrence is financial constraints and a perceived lack of knowledge. Furthermore,
respondents who highlight financial constraints are also likely (with at least a 20%
chance) to mention learning and initiation costs, a lack of trust in markets, perceiving
stock market investments as a form of gambling, and expressing a low risk tolerance.
The strong co-occurrence of many codes highlights the need for a nuanced analysis to
understand the real barriers behind stock market non-participation.

Can small samples uncover the same patterns? Semi-structured qualitative inter-
views typically involve—by the standards of traditional survey research—very small
sample sizes and qualitative researchers typically recruit between 12 and 20 participants
to reach “saturation”, that is, the point where the researchers conclude that earlier find-
ings are either confirmed or that no new substantial insights are likely to emerge from
conducting additional interviews (Knott et al., 2022). To investigate whether we can
detect similar levels of code co-occurrences as in Figure 7 with small samples, we rely
on two complementary approaches. We first create 15 random subsets of 20 interviews
each. For each random subsample of 20 interviews, we then investigate the frequency
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of different codes across the interviews. As shown in Figure 8, this exercise shows
substantial small sample variability in co-occurrences of codes across interviews. We
next supplement this visual inspection with a more structured bootstrapping approach.
Specifically, we draw on 1,000 bootstrap samples consisting of 20 randomly selected
interviews. For each bootstrap sample, we calculate the co-occurrence matrix. We
then compare the matrix to the co-occurrence matrix for the full interview sample. As
shown in Figure 9, the results of this exercise demonstrate a high degree of instability
of the co-occurrence matrix in small samples. For instance, it is not uncommon that the
share of bootstrap samples with an identical bin assignment as the full interview sample
is less than 20%. These results demonstrate that conducting qualitative interviews at
scale has the opportunity to recover many insights that might be lost when conducting
qualitative interviews with typical sample sizes of around 12 to 20 respondents.

Can simple open-ended questions uncover the same patterns? While economists
rarely conduct qualitative interviews, it has become a common practice among economists
to include open-ended text responses in large-scale surveys and experiments to supple-
ment structured responses and gain deeper insights into mechanisms without priming
respondents on particular issues (see, e.g., Bursztyn et al., 2023; Ferrario and Stantcheva,
2022; Haaland et al., 2023). Compared to simple open-ended text responses, the key
advantage of semi-structured qualitative interviews is that probing questions allow the
researchers to achieve additional breadth and depth, such as more details, context, clari-
fications, and relevant experiences. To investigate whether our qualitative interviews
indeed uncover richer insights than a standard open-ended question, we compare the
codes assigned to respondents based on the full interview compared to the first answer
only.9

Figure 10 compares the frequency of codes obtained from the full interview summary
and responses from the first question only. Figure 11 shows an analogous figure for
the odds ratio for a code appearing in the full interview versus the first response. The
figures clearly demonstrate that the full interviews generate more richness compared to
the first response only. While respondents are assigned 5.9 codes on average for the
full interview, they are only assigned 2.3 codes on average based on the first question.

9The first question of the interview was identical across interviews and read as follows: “I am
interested in learning more about why you currently do not own any stocks or stock mutual funds. Can
you help me understand the main factors or reasons why you are not participating in the stock market?”

21



The most common factor in the full interviews—a perceived lack of knowledge—is
assigned to 83.5% of the full interviews but only 55.7% of the first responses, giving
it an odds ratio of 4.0. Furthermore, some codes that are mentioned quite frequently
in the full interviews are rarely mentioned in the first response. The most extreme
example is a lack of trust in markets and institutions. This code is assigned to 29.0%
of the full interviews but only to 4.3% of the first responses, giving an odds ratio of
9.0. The only code with an odds ratio close to one is “generic risk concerns,” i.e.
the code for responses that mention risk that cannot be classified into the other risk
concerns. The odds ratio of this code is actually 0.8, implying that some respondents
who were classified as giving a generic risk reason for non-participation based on their
first response gave a more precise risk classification after being probed about it.

Finally, to examine whether we can detect similar levels of code co-occurrences
based on single open-ended responses, we plot the co-occurrence matrix based on the
first responses only in Figure 12. The figure clearly demonstrates that single open-ended
responses are unable to replicate the richness of full interviews: While Figure 7 shows
a high degree of co-occurrences across many codes, Figure 12 indicate very low levels
of co-occurrences (with the share of interviews with both codes being between 0% and
5% when analyzing first responses only).

4 Concluding remarks

We develop a portable method of conducting one-on-one qualitative interviews at scale
with the help of artificial intelligence. Specifically, our method employs an “AI in-
terviewer” that combines a decision tree with independent instances of a generative
language model to conduct in-depth interviews. In an application to the stock mar-
ket participation puzzle, we demonstrate the practical feasibility by conducting 395
AI-assisted interviews, generating rich descriptive data on people’s reasons for not
participating in the stock market. Our quantitative analysis shows that the large-scale
qualitative interviews generate superior insights compared to both qualitative interviews
with conventional sample sizes for qualitative interviews as well as compared to single
open-ended text responses.

Our AI-assisted method vastly reduces the barriers to conducting qualitative research
and makes it possible to conduct them at scale. An important benefit of our AI-
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driven approach is that it reduces the pecuniary cost of qualitative research. As our
implementation of an AI interviewer can be integrated into standard survey software
(such as Qualtrics), the marginal cost of qualitative interviews mainly equals the cost of
compensating respondents for the survey time needed to administer an interview and
the API costs for the language model. Moreover, while collecting data, the researcher
can engage in other tasks, reducing the time cost to the researcher. Our approach
allows researchers without strong prior expertise in interviewing to conduct qualitative
interviews. The main inputs required from researchers are the interview topic plan and
the prompts used to instruct the generative language model. This significantly reduces
the cost of data collection and allows researchers to refine both inputs through small-
scale piloting until the AI interviewer’s behavior meets the researcher’s expectations.
Furthermore, the prompts used to generate our AI-assisted interviews about the reasons
for non-participation in the stock market were mostly general and the prompts are easily
portable for other types of settings. Furthermore, as large language models are rapidly
improving and the costs of API requests decline, it will be even cheaper and more
efficient to use this approach in the future.

Our method offers a bridge between qualitative and quantitative methods. Due to
the high cost of traditional interviews, qualitative research projects collect data until
saturation has been attained (Glaser and Strauss, 2017), i.e., when the researchers con-
clude that additional interviews are unlikely to yield novel insights. The resulting small
sample sizes are typically insufficient for robust and reliable quantitative comparisons
across different groups of interviewers and, as we document in the paper, are unable to
recover important correlations between different themes in the data. In contrast, our
approach allows researchers to sample beyond the point of saturation with the goal of
quantitative analysis of qualitative data.

Our method provides a versatile tool for gathering rich descriptive data on peo-
ple’s reasoning and lived experiences, opening fruitful avenues for future research in
economics. For example, researchers could employ qualitative interviews to examine
people’s subjective explanations of well-known behavioral deviations from benchmark
models in economics, such as why consumption paths deviate from the permanent
income hypothesis.
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Main figures and tables

Table 1: Summary statistics

Min Mean Median Max N

A. Demographics
Age 19.00 39.32 36.00 78.00 395
Female 0.00 0.62 1.00 1.00 395
College education 0.00 0.54 1.00 1.00 395
Full-time employment 0.00 0.47 0.00 1.00 395

White 0.00 0.76 1.00 1.00 395
African American/Black 0.00 0.12 0.00 1.00 395
Hispanic 0.00 0.11 0.00 1.00 395

Region
Northeast 0.00 0.18 0.00 1.00 395
Midwest 0.00 0.24 0.00 1.00 395
West 0.00 0.16 0.00 1.00 395
South 0.00 0.41 0.00 1.00 395

Household size 1.00 2.98 3.00 10.00 395
Number of children . . . . 0

B. Finances
Household income ($) 35,000.00 73,037.97 65,000.00 212,500.00 395
Total financial assets ($) 0.00 82,857.47 17,500.00 550,000.00 395
Non-mortgage debt ($) 0.00 27,534.56 7,500.00 400,000.00 395

Housing
Homeowner 0.00 0.50 1.00 1.00 395
Home value ($) 12,500.00 239,384.42 225,000.00 525,000.00 199
Any mortgage debt 0.00 0.27 0.00 1.00 395
Total mortgage debt ($) 12,500.00 123,247.66 87,500.00 475,000.00 107

Two months liquid savings 0.00 0.61 1.00 1.00 395

Note: This table displays summary statistics for our interview sample.
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Table 2: Coding scheme

Category Description

Financial Reasons

Financial Constraints (FNC) Limited income or disposable funds.

Financial Goals (FGL) Priority for other financial goals like retirement or
emergency funds.

Risk Concerns

Pessimistic Beliefs About Returns
(PBR)

Believes that the stock market returns do not outweigh
the risks involved.

Low Risk Tolerance (LRT) A very low tolerance for risks makes stock investments
unattractive.

Rare Disaster Risk (RDR) Fear of losing a substantial share or all of their invested
funds in a large market drop.

Perception of Market as Gambling
(PER)

Belief that investing is akin to gambling or too risky.

Generic Risk Concerns (GRC) This is a generic category for responses that mention
that the stock market is too volatile, uncertain, or risky
but cannot be classified into the other risk categories.

Informational Barriers

Perceived Lack of Knowledge
(PLK)

Perceived limited understanding or awareness of stock
market investing.

Complexity and Confusion (CIC) Finds the stock market complex, intimidating, or con-
fusing.

Perceived Costs

Learning and Initiation Costs (LIC) Perceived effort and time required for learning and
getting started with stock market investing.

Portfolio Management Costs (PMC) Perceived costs associated with managing the portfolio
and paying attention to e.g. market conditions.
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– Continued from Previous Page

Category Description

Other reasons

Lack of Trust in Market and
Institutions (LTM)

Skeptical about the reliability and integrity of the stock
market or financial institutions.

Lack of Interest (LKI) Indicates an absence of enthusiasm or curiosity for
stock market involvement

Political Beliefs and Moral Grounds
(PBM)

Reservations about the stock market based on moral
grounds, political beliefs, or negative stereotyping of
stockholders.

Skepticism Due to Past Experiences
(SKE)

Unwillingness to invest due to negative past experi-
ences.

Education and Information Changes

Desire for Educational Resources
(DER)

Would like access to educational materials like videos,
courses, etc.

Need for Simplified Information
(NSI)

Prefers information to be presented in a simpler, more
digestible format.

Trusted Sources and Influences
(TSI)

Need credible sources to make them more willing to in-
vest, such as a mentor, knowledgeable peer influences,
or trustworthy financial advisors.

Financial Steps and Conditions

Assurance and Risk Mitigation
(ARM)

Would prefer some kind of financial safety net or strate-
gies that minimize financial risk.

Requirement for Financial Security
(RFS)

Needs to feel financially secure before considering
investment.

Psychological Adjustments

Emotional Readiness (EMR) Would require overcoming emotional barriers such as
fear or stress to consider investing.
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– Continued from Previous Page

Category Description

Change in Perception of Market
(CPM)

Would invest if their perception of the market as risky
or similar to gambling changes.

Generic and Unique Reasons

Unique or Non-Generic Reasons
(UNR)

Mentions a highly unique or non-generic reason for
not investing, which doesn’t fit into any of the other
predefined categories.

Generic Reason (GR) Mentions a generic reason that doesn’t fit into any of
the other predefined categories.
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Table 3: Analysis of response times and message length

Message length Response time (seconds)

(1) (2) (3) (4)

Question number -0.557 -0.826**
(0.382) (0.398)

Question number within topic 1.411*** 0.225
(0.487) (0.562)

N 6,230 6,230 5,838 5,838
R2 0.767 0.769 0.281 0.283
Dep. var. mean 221.696 221.696 109.432 109.432
Respondent fixed effect Yes Yes Yes Yes
Interview topic fixed effect Yes Yes

Note: This table displays regression results where the unit of observation is at the respondent-message
level. All regressions include respondent fixed effects. Columns 2 and 4 include topic fixed effects.
“Question number” is the order of the question in the overall interview (ranging from 1 to 18). “Ques-
tion number within topic” is the order of the question within the current interview topic (ranging
from 1 to 6). The dependent variable in columns 1 and 2 is the length of the respondent’s answer (in
characters), while the dependent variable in columns 3 and 4 is the respondent’s response time (in
seconds). Response times are not available for the first interview question, resulting in a smaller
sample size. Robust standard errors clustered at the respondent level are shown in parentheses.

* p < 0.10, ** p < 0.05, *** p < 0.01. Robust standard errors in parentheses.
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Figure 1: Chat interface used to administer the qualitative interviews

Note: This figure provides a screenshot of the chat interface that respondents used as part
of the qualitative interview with the AI. Respondents can type their responses in the text
field and submit their responses by clicking on the “Submit response” button. The AI then
processes the reply and generates the next question, taking into account the conversation
history and its initial instructions for the interview. This back-and-forth between questions
and replies continues until the interview is concluded. Respondents can decline to answer at
any point in time.
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Figure 2: Flowchart of the AI agents responsible for the question generation process
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Note: This figures provides an illustration of the AI-driven workflow. The question generation
process involves four distinct tasks that are carried out by four different “AI agents”: the
Security Agent, the History Agent, the Probing Agent, and the Topic Agent. When the
interviewee submits an answer, the Security Agent decides whether the answer “fits into
the context of the interview.” If the message is not flagged, there is a binary decision about
whether to ask a probing question or introduce a new topic according to the interview plan.
This decision solely depends on whether the pre-set “budget” for probing questions within
the current topic is exhausted or not. If the budget is not exhausted, the Probing Agent
consults the conversation history and asks a new probing question. If the budget is exhausted,
the History Agent reviews the conversation and updates the conversation summary which is
then passed on to the Topic Agent. The Topic Agent reviews the conversation history and
introduces the next topic in the topic guide, using the conversation history to allow for a
smooth transition that takes the previous points covered in the interview into account.
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Figure 3: Respondents’ effort during the interview does not decrease over time
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Note: This figure presents proxies of respondents’ effort in answering interview questions.
Panel A shows a histogram of the interview duration (in minutes) in bins of five minutes,
truncated at 60 minutes. Panel B shows the average response time of respondents to answer
the kth interview question. For the first interview question, response times were not collected.
The beginning of a new interview topic is indicated by “Topic k”. “End” indicates the final
two questions in the interview. Panels C and D present analogous plots for the number of
characters that respondents wrote over the full interview (C) and for each individual question
(D). Total character counts are truncated at 6,000.

35



Figure 4: Respondents positively evaluate interviews with an AI chatbot
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Note: This figure shows the distribution of responses to the 7-point Likert scale questions
about the overall interview experience (A), the naturalness of the conversation (B), and the
respondent’s preference over conducting interviews with an AI chatbot vs. an actual human
interviewer (C). The frequency of response categories are only shown for categories selected
by 5% or more respondents. Panel D presents the share of respondents saying that they
would be interested to participate in an interview with an AI chatbot again (yes/no).
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Figure 5: ChatGPT usage is not associated with lower effort during the interview
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Note: This figure presents plots of the average response length (total character count) and
the average response time of respondents against their self-reported use of generative AI
tools such as ChatGPT, Bard, or Bing AI in a typical week (measured on a 6-point scale).
95% confidence intervals are shown as vertical error bars. None of the differences in means
are statistically significant at conventional levels (p > 0.10).
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Figure 6: Reasons for stock market non-participation
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Note: This figure displays the frequency of different codes across interviews. For each code
in our coding manual, we calculate the share of interviews that are assigned the code at
least once. For parent categories (e.g. “Financial Reasons”), we create a dummy variable
for whether any of the subcodes are assigned to the interview. We then present the mean
of this dummy variable. Codes assigned to interviews are solely based on the AI summary
generated at the end of the conversation.
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Figure 7: Co-occurrence of reasons for stock market non-participation
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Note: This figure displays the frequency of co-occurrence of different codes in our interviews.
For each pair of codes, we show the share of interviews that include both codes at least once.
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Figure 8: Co-occurrence of reasons for stock market non-participation: Small sample
variability in random interview subsets of size 20
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Note: This figure displays the small sample variability of codes. For each panel, we randomly
sample 20 interviews. For each sample, we show the frequency of different codes across
interviews. For each code in our coding manual, we calculate the share of interviews that
are assigned the code at least once. Codes assigned to interviews are solely based on the AI
summary generated at the end of the conversation.
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Figure 9: Co-occurrence of reasons for stock market non-participation: Instability of
the co-occurrence matrix in small samples – Bootstrap exercise
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Note: This figure displays the small sample variability of the co-occurrence matrix. Specifi-
cally, we draw 1,000 bootstrap samples consisting of 20 randomly selected interviews. For
each bootstrap sample, we calculate the co-occurrence matrix. We then compare the matrix
to the co-occurrence matrix for the full interview sample. The figure plots the probability
that a cell for a bootstrap co-occurrence matrix is assigned to the bin that was assigned to
the matrix obtained from the full data. The bins are: 0-5%, 5% - 10%, 10% - 15%, 15% -
20%, 20% - 100%. Lower numbers in the figure thus indicate a higher instability from small
sample variability. For each code in our coding manual, we calculate the share of interviews
that are assigned the code at least once. Codes assigned to interviews are solely based on
the AI summary generated at the end of the conversation.
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Figure 10: Reasons for stock market non-participation: Full interview vs first open-
ended question
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Note: This figure separately displays the frequency of different codes when assigning codes
either based on the response to the first open-ended question or based on the AI summary of
the full interview. For each code in our coding manual, we calculate the share of interviews
that are assigned the code at least once. For parent categories (e.g. “Financial Reasons”),
we create a dummy variable for whether any of the subcodes are assigned to the interview.
We then present the mean of this dummy variable.
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Figure 11: Reasons for stock market non-participation: Odds ratio for a code appearing
in the full interview vs the first response
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Note: This figure presents the odds ratio of the odds of a code being assigned to the AI
summary of the full interview relative to the odds of a code being assigned to an interview
based only on the first response to the open-ended question on reasons for non-participation
in the stock market. For each code in our coding manual, we calculate the share of interviews
that are assigned the code at least once. For parent categories (e.g. “Financial Reasons”),
we create a dummy variable for whether any of the subcodes are assigned to the interview.
We then present the mean of this dummy variable.
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Figure 12: Co-occurrence of reasons for stock market non-participation: First answer
only

Fina
nc

ial
 C

on
str

ain
ts

Fina
nc

ial
 G

oa
ls

Pes
sim

ist
ic 

Beli
efs

 Abo
ut 

Retu
rns

Lo
w R

isk
 To

ler
an

ce

Rare
 D

isa
ste

r R
isk

Perc
ep

tio
n o

f M
ark

et 
as

 G
am

bli
ng

Gen
eri

c R
isk

 C
on

ce
rns

Perc
eiv

ed
 La

ck
 of

 K
no

wled
ge

Com
ple

xit
y a

nd
 C

on
fus

ion

Le
arn

ing
 an

d I
nit

iat
ion

 C
os

ts

Port
fol

io 
Man

ag
em

en
t C

os
ts

La
ck

 of
 Tr

us
t in

 M
ark

et 
an

d I
ns

titu
tio

ns

La
ck

 of
 In

ter
es

t

Poli
tic

al 
Beli

efs
 an

d M
ora

l G
rou

nd
s

Ske
pti

cis
m D

ue
 to

 P
as

t E
xp

eri
en

ce
s

Financial Constraints

Financial Goals

Pessimistic Beliefs About Returns

Low Risk Tolerance

Rare Disaster Risk

Perception of Market as Gambling

Generic Risk Concerns

Perceived Lack of Knowledge

Complexity and Confusion

Learning and Initiation Costs

Portfolio Management Costs

Lack of Trust in Market and Institutions

Lack of Interest

Political Beliefs and Moral Grounds

Skepticism Due to Past Experiences

53

27

25 56

Share of interviews
with both codes

0% to 5%
5% to 10%
10% to 15%
15% to 20%
20% to 100%

Note: This figure displays the frequency of co-occurrence of different codes in the first
open-ended question. For each pair of codes, we show the share of interviews for which the
answer to the first open-ended questions contained both codes.
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For online publication only:

Conducting Qualitative Interviews with AI

Felix Chopra and Ingar Haaland

Section A contains additional tables and figures.

Section B contains the prompt templates and parameter values used in our implementa-
tion of an AI interviewer.

Section C presents a respondent-approved summary of an actual interview as well as
the full interview transcripts (with some details redacted).

Section D presents the experimental instructions for the surveys presented in this paper.
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A Additional tables and figures

B Interview application

B.1 Parameters

Our interview application uses OpenAI’s API to query the gpt-4-0613 and gpt-4-0314
versions of the GPT-4 model family. This section describes the model parameters that
we used to instruct these transformer-based language models as well as other parameters
of our application

Temperature The temperature parameter varies from 0 (lowest) to 1 (highest).
Intuitively, large language models craft responses to text input sequentially, sampling
the next word for their response from a probability distribution over their vocabulary.
Higher temperatures “flatten” the probability distribution (via the softmax operator),
thus increasing the chance of not selecting the mode of the distribution. This results in
less predictable and thus more creative behavior. Based on simulation experiments on
synthetic data, we calibrated a temperature of 0.7 for the temperature of the probing and
topic agent. This balances both the objectives of creativity in probing and adherence
to instructions. The summary agent’s temperature and the temperature of the Security
Agent are set to 0.

Other GPT parameters We keep the other model parameters of the GPT family at
their default values. Specifically, we set n to 1; top_p to 1; frequency_penalty and
presence_penalty to 0; and stream to False.

We now describe parameters of our application unrelated to OpenAI’s API:

First question Every interview starts with this question: “I am interested in learning
more about why you currently do not own any stocks or stock mutual funds. Can you
help me understand the main factors or reasons why you are not participating in the
stock market?”
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Interview Plan Our interviews are structured around the below interview plan.

• “Explore the reasons behind the interviewee’s choice to avoid the stock market.”
(6 questions)

• “Delve into the perceived barriers or challenges preventing them from participat-
ing in the stock market.” (5 questions)

• “Explore a ’what if’ scenario where the interviewee invest in the stock market.
What would they do? What would it take to thrive? Probing questions should
explore the hypothetical scenario.” (3 questions)

• “Prove for conditions or changes needed for the interviewee to consider investing
in the stock market.” (2 questions)

The above topic descriptions are used to instruct the topic agent to craft a transition
question to introduce the next interview topic. The topic descriptions are also used to
provide additional context for the probing agent and the summary agent. The number
of questions is monitored programmatically with exogenous topic transitions.

End of the interview Every interview concludes with two pre-determined questions
and a final message by the AI interviewer to conclude the interview:

• “As we conclude our discussion, are there any perspectives or information you
feel we haven’t addressed that you’d like to share?”

• “Reflecting on our conversation, what would you identify as the main reason
you’re not participating in the stock market?”

• “Thank you for sharing your insights and experiences today. Your input is
invaluable to our research. Please proceed to the next page.”

B.2 Prompts

We provide the complete prompt templates for our agents below. These templates
include {placeholders} that are replaced programmatically to reflect the current state
of the interview. For example, {summary} is replaced with the summary agent’s current
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synopsis of the conversation on previous interview topics. Similarly, the placeholder
{current_topic_history} is replaced with the verbatim questions and answers be-
longing to the currently investigated interview topic. These messages are inserted into
the prompt using the following convention:

Interviewer: [the interviewer’s question]

Interviewee: [the respondent’s answer]

B.2.1 History Agent

CONTEXT: You’re an AI proficient in summarizing qualitative

interviews for academic research. You’re overseeing the records

of a semi-structured qualitative interview about the interviewee’s

reasons for not investing in the stock market.

INPUTS:

A. Interview Plan:

{topics}

B. Previous Conversation Summary:

{summary}

C. Current Topic:

{current_topic}

D. Current Conversation:

{current_topic_history}

TASK: Maintain an ongoing conversation summary that highlights key

points and recurring themes. The goal is to ensure that future

interviewers can continue exploring the reasons for

non-participation without having to read the full interview

transcripts.

GUIDELINES:

1. Relevance: Prioritize and represent information based on

their relevance and significance to understanding the
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interviewee’s reasons for not investing in the stock market.

2. Update the summary: Integrate the Current Conversation into

the Previous Conversation Summary, ensuring a coherent and updated

overview. Avoid adding redundant information.

3. Structure: Your summary should follow the interview’s

chronology, starting with the first topic. Allocate space in the

summary based on relevance for the research objective, not just

its recency.

4. Neutrality: Stay true to the interviewee’s responses without

adding your own interpretations of inferences.

5. Sensitive topics: Document notable emotional responses or

discomfort, so subsequent interviewers are aware of sensitive

areas.

6. Reasons: Keep an up-to-date overview of the interviewee’s

reasons for non-participation.

Your summary should be a succinct yet comprehensive account of the

full interview, allowing other interviewers to continue the

conversation.

RESPONSE FORMAT: Your response should use the template below:

”’Summary: "Insert your summary here" ”’

Remember to include "Summary:" in your response. Start your response

here:

B.2.2 Topic Agent

CONTEXT: You’re an AI proficient in conducting qualitative

interviews for academic research. You’re guiding a

semi-structured qualitative interview about the interviewee’s

reasons for not investing in the stock market.

INPUTS:

A. Previous Conversation Summary:

{summary}
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B. Current Conversation:

{current_topic_history}

C. Next Interview Topic:

{next_interview_topic}

TASK: Introducing the Next Interview Topic from the interview plan

by asking a transition question.

GUIDELINES:

1. Open-endedness: Always craft open-ended questions ("how",

"what", "why") that allow detailed and authentic responses without

limiting the interviewee to "yes" or "no" answers.

2. Natural transition: To make the transition to a new topic

feel more natural and less abrupt, you may use elements from the

Current Conversation and Previous Conversation Summary to provide

context and a bridge from what has been discussed to what will be

covered next.

3. Clarity: Your transition question should clearly and

effectively introduce the new interview topic.

RESPONSE FORMAT: Your response should use the template below:

”’Question: "Insert your transition question here" ”’

Remember to include "Question:" in your response. Start your response

here:

B.2.3 Probing Agent

CONTEXT: You’re an AI proficient in conducting qualitative

interviews for academic research. You conduct a qualitative

interview with the goal of learning the interviewee’s reasons for

not investing in the stock market.

INPUTS:

A. Previous Conversation Summary:

{summary}

6



B. Current Interview Topic:

{current_topic}

C. Current Conversation:

{current_topic_history}

TASK: Your task is to formulate the next probing question for the

Current Conversation. The question should align with the Current

Interview Topic, helping us to better understand and

systematically explore why the interviewee is not participating in

the stock market.

GENERAL GUIDELINES:

1. Open-endedness: Always craft open-ended questions ("how",

"what", "why") that allow detailed and authentic responses without

limiting the interviewee to "yes" or "no" answers.

2. Neutrality: Use questions that are unbiased and don’t lead

the interviewee towards a particular answer. Don’t judge or

comment on what was said. It’s also crucial not to offer any

financial advice.

3. Respect: Approach sensitive and personal topics with care.

If the interviewee signals discomfort, respect their boundaries

and move on.

4. Relevance: Prioritize themes central to the interviewee’s

stock market non-participation. Don’t ask for overly specific

examples, details, or experiences that are unlikely to reveal new

insights.

5. Focus: Generally, avoid recaps. However, if revisiting

earlier points, provide a concise reference for context. Ensure

your probing question targets only one theme or aspect.

PROBING GUIDELINES:

1. Depth: Initial responses are often at a "surface" level

(brief, generic, or lacking personal reflection). Follow up on

promising themes hinting at depth and alignment with the research

objective, exploring the interviewee’s reasons, motivations,
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opinions, and beliefs.

2. Clarity: If you encounter ambiguous language, contradictory

statements, or novel concepts, employ clarification questions.

3. Flexibility: Follow the interviewee’s lead, but gently

redirect if needed. Actively listen to what is said and sense

what might remain unsaid but is worth exploring. Explore nuances

when they emerge; if responses are repetitive or remain on the

surface, pivot to areas not yet covered in depth.

YOUR RESPONSE:

B.2.4 Security Agent

You are monitoring a conversation that is part of an in-depth

interview. The interviewer asks questions and the interviewee

replies. The interview should stay on topic. The interviewee

should respond to the question of the interviewer, express a wish

to move on, or decline to respond. The interviewee is also

allowed to say that they don’t know, do not understand the

question, or express uncertainty. The interviewee’s response

might contain spelling and grammar mistakes. Here is the last

part of the conversation.

Interviewer: ’{last_question}.’

Interviewee: ’{user_answer}.’

That is the end of the conversation. TASK: Does the interviewee’s response

fit into the context of an interview? Please answer only with ’yes’

or ’no’
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C Example Interview

We present an example of a full interview below (interview id #4853552). Parts of
the text are (redacted) to preserve the anonymity of our respondent. For instance, we
might replace their stated age with (redacted: close to retirement) to provide enough
context without reavealing too much details about the respondent. We also provide the
AI-generated summary of the conversation, which was approved by the interviewee as
accurately reflecting the views expressed in the interview.

Interview summary The interviewee’s decision to avoid the stock market is primar-
ily driven by a fear of loss, a perception of unfair advantage among successful investors,
and a lack of time to dedicate to learning about the stock market. They are (redacted)

years old, nearing retirement, and do not perceive investing in the stock market as a vi-
able option due to their current financial situation and the perceived high risk associated
with it. They express regret over not receiving financial planning advice earlier in life,
particularly after receiving an inheritance at a young age, which they believe could have
influenced their financial decisions differently. They also mention a missed opportunity
to learn about the stock market from their older sister, a broker, due to her lack of
time. In a hypothetical scenario where they would invest in the stock market, they
envision starting slowly with a small investment, following the strategies of wealthy
individuals like Paul Pelosi, Jeff Bezos, and Bill Gates. They believe that observing
and learning from these successful investors could potentially guide their investment
strategies. However, they also express concerns about their limited financial resources
and the current economic conditions, such as inflation and high gas prices, which they
perceive as barriers to investing in the stock market. In terms of conditions that might
make them more open to considering investing in the stock market, they suggest that
receiving a large amount of money and having access to a money manager who could
provide investment advice would be beneficial. They value the support and suggestions
from family and friends, but also acknowledge that money issues can be personal and
some people may not be comfortable sharing. Their reasons for not investing in the
stock market are thus influenced by their life stage, financial situation, past experiences,
perceived risks, and the economic environment, as well as the potential support and
resources they could receive.
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Interview transcript

Interviewer: I am interested in learning more about why you currently do not own any
stocks or stock mutual funds. Can you help me understand the main factors or reasons
why you are not participating in the stock market?

Interviewee: I do not participate because it is too risky and I don’t like to take risks
with my money. I have worked very hard all my life and I would hate to lose it because
I wanted to gamble a little. To me that’s what it’s like, gambling with your money.

Interviewer: Can you describe any specific experiences or events that have influenced
your perception of the stock market as being too risky and similar to gambling?

Interviewee: I can’t remember any specific time period. I do remember being around
people that were talking about how much they lost after the market took a deep dive. I
know that I didn’t want to take any chances with my money.

Interviewer: You’ve mentioned the influence of people discussing their losses in the
market. Can you elaborate on the role that others’ experiences or opinions play in your
decision not to invest in the stock market?

Interviewee: It just seems as though a lot of people complain about losing money in
the stock market, but you don’t hear from many people you know making money unless
they have an "in". People like celebrities are the only ones I have ever heard about
winning in the stock market.

Interviewer: You mentioned that only people with an ’in’, such as celebrities, seem
to be successful in the stock market. Can you expand on what you mean by having
an ’in’? How does this perception contribute to your decision to avoid stock market
investments?

Interviewee: I mean that they have an upper hand. Working people like myself may
not be able to afford the more expensive brokerage firms that can give you aid in what
to buy and when to buy it. People like celebrities have accountants and agents that can
steer them in the right direction.

Interviewer: You’ve mentioned the potential advantages that celebrities may have
when investing in the stock market. Can you share your thoughts on what resources
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or support you believe would be necessary for someone like yourself to feel more
confident about participating in the stock market, and why these resources might be
important to you?

Interviewee: Resources can be a huge help, but you have to have the time and put in
the effort to find those resources and utilize them. I would need a better knowledge
of knowing what stocks to buy when and I can really only do that a couple of ways. I
can study up by reading books from the library or I could watch YouTube videos and
tutorials.

Interviewer: You’ve mentioned studying up on the stock market through books or
online resources as a potential way to gain more confidence in investing. Can you tell
me more about what has prevented you from pursuing these strategies so far? Is it solely
a matter of time and effort, or are there other factors at play?

Interviewee: All of that studying takes time and I don’t have any extra time. I always
feel as if there aren’t enough hours in a day for me to get done all the things I have to
do. So no, I don’t pursue it mainly because I have no extra time to do so. And it’s not
really on the top of my to do list.

Interviewer: You’ve mentioned time being a significant constraint and not having
investing in stocks at the top of your priority list, can you tell me more about any other
barriers or challenges you perceive that may be preventing you from participating in
the stock market? For example, any concerns about the complexity of the stock market,
or the accessibility of resources and support.

Interviewee: My concerns are not about complexity or resources. Simply put, I am
(redacted: close to retirement) and looking at retirement in (redacted: a few years), so I
have to think very carefully about my financial future. We live a good life and have a
nice home, but there is no extra money to spend on the stock market.

Interviewer: Considering your upcoming retirement and current financial situation,
could you share your thoughts on how you perceive the role of the stock market in
securing one’s financial future, especially in terms of risk versus reward?

Interviewee: My thoughts are with the reward and not the risk. When you reach
retirement you cannot gamble with your money or you may end up homeless and broke
very quickly. We are not dumb and would never risk what we have to make a few
investments.
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Interviewer: You’ve expressed concern about the risk involved in investing, especially
as you approach retirement. Can you share more about how you view other forms of
financial planning or investment, and why you may perceive them as safer or more
suitable for your situation?

Interviewee: We have worked hard all our lives and we will be very dependent on our
social security checks each month. I wish we had gotten some smart financial planning
advice when we were younger, but we didn’t and so it is too late to invest now. Maybe
a 401K or a pension plan would’ve been a good option.

Interviewer: You mentioned wishing you had received smart financial planning advice
when you were younger. Can you elaborate on what kind of advice or information you
think would have been beneficial for you, and why you believe it might have influenced
your decisions about the stock market differently?

Interviewee: I wish I could have talked with a money manager when I was a teenager.
My father passed away when I was (redacted: early adulthood) and I was left just
over forty thousand dollars. If I had had some goals to look forward to from a money
manager, then maybe I would have made better decisions at such a young age. I stupidly
spent all the money in about 5 years and didn’t have much to show for it in the end.

Interviewer: Reflecting on your past experience with the inheritance, could you share
how this encounter might have shaped your perception of money management and
investment, particularly in relation to the stock market? And in hindsight, what changes
or actions do you think could have led you on a different path regarding investing?

Interviewee: The inheritance money was partially from my father’s investments in the
stock market, but I was very young and didn’t pay much attention, so I never grasped
how he traded and invested. My oldest sister could have given me some insight into the
stock market as a broker herself, but she never had the time to spend and teach me.

Interviewer: Given your reflections on past experiences and decisions, let’s explore
a hypothetical scenario. If you were to invest in the stock market today, with all your
current knowledge and financial situation, how do you envision that process? What
steps do you think you would need to take, and what resources or support do you believe
would be necessary for you to thrive in this scenario?

Interviewee: I envision starting very slowly. It would be a small investment. I would
have to see a good improvement in a short period in order to convince me to keep going.
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I would start by seeing what rich people invest in and follow that. I would need many
different resources, books, online, news articles, etc.

Interviewer: You mentioned starting slowly with a small investment and following the
strategies of rich people. Could you elaborate on why you believe this approach would
be the best for you, and how you perceive the potential risks and rewards associated
with such a strategy?

Interviewee: The reason to start slowly is because I am not wealthy. I would not have
a lot of money to play with in the stock market. And with inflation and gas prices today,
I don’t have any extra money to gamble with, so I don’t think about it. I know that
people sometimes follow the investments of people like Paul Pelosi or Jeff Bezos or
other smart people.

Interviewer: You’ve mentioned the idea of following the investments of people like
Paul Pelosi or Jeff Bezos. Could you expand on why you view these individuals as
potential guides for investment strategies, and how you perceive the potential risks and
benefits of such an approach?

Interviewee: Paul Pelosi is Nancy Pelosi’s husband and a well know stockbroker who
has a very high wealth and that is why people follow what they buy and sell. The best
way to learn is to watch the best and what they do and say. Bill Gates is another person
who is worth watching what he does with investments. If they are investing smartly,
then I would want to watch what they do.

Interviewer: Considering your current approach to investment, how do you perceive
the conditions should change, or what steps should be taken in your life, that might
make you more open to considering investing in the stock market? What kind of support
or resources would you find beneficial in this process?

Interviewee: If I received a large amount of money, then I would definitely talk to
a money manager of some sort. I would find support in family and friends and their
suggestions would probably steer me in the right direction. Talking with others can be a
great help, but money issues can be very personal and some people don’t like to share.

Interviewer: You mentioned that you would consider discussing with a money manager
if you received a large amount of money. Could you elaborate on why you believe this
step would be beneficial for you? And how do you feel this could potentially change
your perception of investing in the stock market?
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Interviewee: Because a money manager can look at the amount of money and make
suggestions that I would not otherwise know without him. He would know how to best
invest the money without risking too much. I would hope that he would have my best
interests at heart, especially since I am an amateur in this market.

Interviewer: As we conclude our discussion, are there any perspectives or information
you feel we haven’t addressed that you’d like to share?

Interviewee: No except that I find it much harder to think about investing today in this
current market. There are so many outside factors with inflation, gas prices and these
rising interest rates, that it’s hard to save any money let alone think about investing right
now. At least, for me it is.

Interviewer: Reflecting on our conversation, what would you identify as the main
reason you’re not participating in the stock market?

Interviewee: I would say that it is because I have no extra money to invest. I have extra
money each month, but not enough to consider investing. Our budget is just too tight to
make any chance decisions.

Interviewer: Thank you for sharing your insights and experiences today. Your input is
invaluable to our research. Please proceed to the next page.
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D Questionnaire

This section contains the experimental instructions for the studies presented in this
paper. Text in italics is not part of the instructions.

D.1 Screener survey

D.1.1 Attention check

The next question is about the following problem. In questionnaires like ours, sometimes
there are participants who do not carefully read the questions and just quickly click
through the survey. This means that there are a lot of random answers which compromise
the results of research studies. To show that you read our questions carefully, please
choose both “Extremely interested” and “Not at all interested” as your answer in the
below question.

Given the above, how interested are you in sports?

a) Extremely interested
b) Very interested
c) A little bit interested
d) Almost not interested
e) Not at all interested

Only respondents who select (a) and (e) pass the attention check.

D.1.2 Writing task

Please explain: What is your opinion about the yearly switch to daylight saving time?
Do you like or dislike it? Please use about 15-30 words.

Only respondents who write at least 20 words are eligible to participate in an interview.
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D.1.3 Financial situation

What was your family’s gross household income in 2022 in US dollars?
[Dropdown menu]

1. How do you currently save or invest your money? Please check all that apply.

a) I am currently unable to save money
b) Savings or checking account
c) Certificates of Deposit (CDs)
d) Bonds or bond funds
e) Money market accounts
f) Individual stocks or stock mutual funds
g) Real estate or property
h) Retirement accounts (e.g. 401k, IRA)
i) Other (please specify):

2. Do you currently own any individual stocks or stock mutual funds?

a) Yes, I own individual stocks.
b) Yes, I own stock mutual funds.
c) Yes, I own both individual stocks and stock mutual funds.
d) No, I do not own any individual stocks or stock mutual funds.

3. Do you plan to buy individual stocks or stock mutual funds over the next three
months? (Yes / No)

4. Do you have a financial advisor who manages your investments for you? (Yes / No)

Only if (d) was selected in Question 2:

5. Do you own any individual stocks or stock mutual funds indirectly, such as through
pension savings, retirement accounts, or other investment vehicles?

a) Yes, I own stocks or stock mutual funds indirectly.
b) No, I do not own any stocks or stock mutual funds indirectly.
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Only respondents who selected (a) and not (e) in Question 1; (d) in Question 2; “No”

in Question 3 and 4; and (b) in Question 5 were eligible to participate in an interview

on stock market non-participation.

D.2 Main survey

D.2.1 Pre-interview characteristics

How often do you typically use AI tools such as ChatGPT, Bard or Bing per week?

• Several times a day
• About once a day
• A few times a week
• Once a week
• Less than once a week
• Never

(New survey page)

Please tell us about yourself.

What is your age?
[Dropdown menu]

What is your gender?

• Male
• Female

Which category best describes your highest level of education?
[Dropdown menu]

What is your current employment status?
[Dropdown menu]
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D.2.2 Introducing the interview

Next up: The Interview

You will now participate in an interview with an AI chatbot that will ask you questions,
similar to how a human interviewer would. The topic of the interview is stock market
participation. The AI chatbot is informed that you indicated to us in a previous survey
that you do not currently own any stocks or stock mutual funds. The interview will take
about 20 minutes.

How it works

The interview uses a chat interface, much like texting on your phone. When a question
appears, you can type your response. After your response, it takes between 5 to 10
seconds for the next question to appear. Take your time in crafting your responses -
there is no rush. And don’t worry, there are no right or wrong answers.

Please note

Your responses are entirely anonymous and will be used solely for research purposes.
Please do not reveal any personally identifiable information such as your name. The AI
chatbot is instructed not to give financial advice or explain financial concepts. Kindly
avoid such queries.

Try it out

Below is an example of the chat interface. Please try it out before you proceed.
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Figure D.1: Screenshot of the training chat interface

Note: This figures provides a screenshot of the chat interface that respondents could interact
with to familiarize themselves with it. Respondents were asked up to three questions about
their favorite color before the “Submit response” button was deactivated. Respondents are
then encouraged to proceed to the next page.

D.2.3 Interview

To ensure that the interview is as meaningful as possible, it’s important that your
responses provide sufficient detail. This means going beyond short statements, and
diving into the "why" and "how". We are interested in your unique perspective and
voice.

So, as we move forward, please aim to write at least two to three full sentences in
your answers. This will provide enough depth and context for a rich and meaningful
conversation. Of course, if you don’t have an opinion on a topic or you’re unsure, it’s
completely fine to express that too, with responses such as "I don’t know".

(New survey page)
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Figure D.2: Interview

Note: This figures provides a screenshot of the survey page that was used to conduct the
interviews for our study.

(New survey page)

Here is a summary of the previous interview.
[Text box with a summary of the previous conversation]

Does the above summary accurately represent your views expressed in the interview?

• Yes
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• No

(Only if “No” was selected in the previous question:)

What is inaccurate in the above summary?
[Text box for open-ended responses]

(New survey page)

Thank you for completing the interview with the AI chatbot!

Before this study ends, we have some traditional survey questions relating to your
financial behavior and beliefs as well as a few demographic questions that we want to
ask you.

D.2.4 Structured question: Reasons for stock market non-participation

What are your main reasons for not participating in the stock market? Please
check all that apply.

a) I don’t know how to get started
b) Wealth too small to invest
c) Only few years until retirement
d) Need cash on hand / liquidity
e) Risk of losing a substantial part of investments
f) Uncertainty of returns
g) Don’t trust financial professionals
h) Stock market is too complex
i) Setting up an investment account is too costly
j) Managing a portfolio is too costly (time, effort, money)
k) Don’t like to think about my finances
l) Lack of knowledge

m) Negative experiences with the stock market
n) Stock market returns are not high enough
o) My labor income is too uncertain
p) Family, friends, or coworkers advise against stocks
q) Prefer more tangible assets
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r) Intended to invest in stocks but never got around to it
s) None of the above

Except for “None of the above”, we randomize the order in which items are presented.

D.2.5 Interview experience

How would you rate your overall experience with the interview conducted by the AI
chatbot?

a) Extremely postive
b) Very positive
c) Somewhat positive
d) Neither positive nor negative
e) Somewhat negative
f) Very negative
g) Extremely negative

How natural did the conversation with the AI chatbot feel?

a) Extremely natural
b) Very natural
c) Somewhat natural
d) Neutral
e) Somewhat unnatural
f) Very unnatural
g) Extremely unnatural

If you were to participate in a future study involving a qualitative interview conducted
through a chat interface, would you prefer texting with the same AI chatbot or an actual
human interviewer?

a) Strongly prefer AI chatbot
b) Moderately prefer AI chatbot
c) Slightly prefer AI chatbot
d) No preference
e) Slightly prefer human interviewer
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f) Moderately prefer human interviewer
g) Strongly prefer human interviewer

Would you be interested in participating in an interview with an AI chatbot again?

• Yes
• No

D.2.6 Stock return expectations

In this question we present eight different scenarios for US stock market returns over
the next 12 months.

Please let us know how likely you think it is that each scenario will occur. Please type
in the number to indicate the probability, in percent, that you attach to each scenario.
The probabilities of the eight scenarios have to sum up to 100%.

The US stock market return over the next 12 months will be. . .

a) More than 30% :
b) Between 20% and 30% :
c) Between 10% and 20% :
d) Between 0% and 10% :
e) Between -10% and 0% :
f) Between -20% and -10% :
g) Between -30% and -20% :
h) Less than -30% :

D.2.7 Financial situation

Assume that your household’s car broke down and the repair costs $1,000. How difficult
would it be for your household to take out a loan to finance this repair?

a) Very easy
b) Easy
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c) Neither easy nor difficult
d) Difficult
e) Very difficult

In case of an unexpected decline in income or increase in expenses, does your household
have at least two months of income available in cash, bank accounts, or easily accessible
funds?

• Yes
• No

(New survey page)

What is the current value of all financial assets (cash, savings accounts, bonds, stocks,
etc.) that your household owns? Please include holdings through retirement accounts.
[Dropdown menu]

What is the current value of all non-mortgage debt (credit card, student debt, medical
debt, auto loans, etc.) that your household owes?
[Dropdown menu]

Do you own or rent your current main residence?

a) Own
b) Rent
c) Other

Do you have any mortgage debt outstanding against your household’s main residence?

• Yes
• No

(New survey page)

(Only shown if the respondent has oustanding mortgage debt:)

What is the current value of all mortgage debt (incl. home-equity based borrowing,
HELOCs, etc.) that is outstanding against your household’s main residence?
[Dropdown menu]
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(Only shown for homeowners:)

What do you think is the current value that your household’s main residence would
sell for?
[Dropdown menu]

D.2.8 Financial literacy

Suppose you had $100 in a savings account and the interest rate was 2% per year. After
5 years, how much do you think you would have in the account if you left the money to
grow?

a) More than $102
b) Exactly $102
c) Less than $102
d) Don’t know

Imagine that the interest rate on your savings account was 1% per year and inflation
was 2% per year. After 1 year, with the money in this account, would you be able to
buy. . .

a) More than today
b) Exactly the same as today
c) Less than today
d) Don’t know

Do you think the following statement is true or false? Buying a single company stock
usually provides a safer return than a stock mutual fund.

a) True
b) False
c) Don’t know

Which of the following statements is correct? If somebody buys the stock of firm B in
the stock market, then. . .

a) He owns a part of firm B.
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b) He has lent money to firm B.
c) He is liable for firm B’s debts.
d) None of the above statements are correct.
e) Do not know.

D.2.9 Preferences

In general, how willing or unwilling are you to take risks?
[11-point scale from “0 (completely unwilling to take risks)” to “10 (completely willing
to take risks)”]

How willing are you to give up something that is beneficial for you today in order to
benefit more from that in the future?
[11-point scale from “0 (completely unwilling to do so)” to “10 (completely willing to
do so)”]

Generally speaking, would you say that most people can be trusted or that you need to
be very careful in dealing with people?

a) You can’t be too careful
b) Most people can be trusted

D.2.10 Sociodemographics

Here are our final questions for you.

Which of the following best describes your race or ethnicity?
[Dropdown menu]

Are you of Hispanic, Latino, or Spanish origin?

a) Yes
b) No
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How many people, including yourself, currently live in your household?
[Dropdown menu]

How many children do you have?
[Dropdown menu]

What is your region of residence?
[Dropdown menu]

In which state do you currently reside?
[Dropdown menu]

D.2.11 Feedback

Thank you for participating in our survey!

If there are any remarks that you would like to make or clarifications that you would
like to obtain, please do let us know by writing them into the field below.

[Text field for open-ended responses]

[End of survey]
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