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Requirements elicitation, a critical, yet time-consuming and challenging step in prod-
uct development, often fails to capture the full spectrum of user needs. This may lead to
products that fall short of expectations. This paper introduces a novel framework that
leverages Large Language Models (LLMs) to automate and enhance the requirements
elicitation process. LLMs are used to generate a vast array of simulated users (LLM
agents), enabling the exploration of a much broader range of user needs and unforeseen
use cases. These agents engage in product experience scenarios, through explaining their
actions, observations, and challenges. Subsequent agent interviews and analysis uncover
valuable user needs, including latent ones. We validate our framework with three experi-
ments. First, we explore different methodologies for diverse agent generation, discussing
their advantages and shortcomings. We measure the diversity of identified user needs and
demonstrate that context-aware agent generation leads to greater diversity. Second, we
show how our framework effectively mimics empathic lead user interviews, identifying a
greater number of latent needs than conventional human interviews. Third, we showcase
that LLMs can be used to analyze interviews, capture needs, and classify them as latent
or not. Our work highlights the potential of using LLM agents to accelerate early-stage
product development, reduce costs, and increase innovation.

Keywords: Requirement Elicitation, Large Language Models, Artificial Intelligence, LLM
Agents, Computer Aided Design

1 Introduction
Requirements elicitation (RE) sits at the core of successful prod-

uct design, yet it remains a complex and resource-intensive en-
deavor. Traditional RE methods, like interviews, focus groups, and
prototyping, are invaluable but have inherent limitations. These
methods are often time-consuming, may not fully capture the di-
versity of user perspectives, and may miss underlying needs that
are difficult for users to articulate [1, 2]. The consequences of in-
adequate requirements elicitation can be significant, ranging from
design misalignment to compromised product adoption.

Recent advancements in Large Language Models (LLMs)
present new possibilities for automating and augmenting require-
ments elicitation. LLMs, having learned the patterns and complex-
ities of human language from vast textual corpora, seemingly pos-
sess a remarkable capacity for natural language understanding [3].
This potential can be leveraged to construct a simulated environ-
ment where LLM agents role-play a variety of potential users.
These agents can embody distinct viewpoints, engage in product
experience scenarios, and participate in user interviews aimed at
identifying user needs.

This research presents a new LLM-based framework, called
Elicitron, for automating and augmenting the RE process. In Elic-
itron, LLM agents are constrained to produce structured outputs
that are relevant to and useful for the requirement elicitation pro-
cess. Elicitron also employs techniques to create diverse user-
representing agents and simulate product experiences through the
Action, Observation, Challenge steps, inspired by chain-of-thought
reasoning [4]. Lastly, by creating agents with specific roles, Elic-
itron can discover interesting user needs that may otherwise be
difficult to obtain with human interviews.

1Corresponding Author.

Elictron’s ability to create diverse user agents can be leveraged
to identify a diverse set of user needs. Because the process of
creating and interviewing these agents is automated, the process is
highly scalable, unlike the traditional RE methods. We conducted
an experiment to evaluate the capability of Elicitron to generate a
diverse set of user needs and identified a context-aware generation
method that maximizes needs diversity.

In addition, we show how Elicitron can be applied to iden-
tify latent needs – those unarticulated and unexpected factors that
strongly influence product desirability [5] – which is significantly
difficult to obtain with the traditional RE methods. This can be
achieved by either automatically or manually creating user agents
with empathic lead user roles [6]. We conduct a second experi-
ment to demonstrate that Elicitron can generate a higher number
of latent needs than human interviews. Our third experiment shows
that, given a criteria and chain-of-thought reasoning, LLMs are ca-
pable to identifying and classifying latent needs within interview
data.

1.1 LLMs for Diverse and Latent Needs Identification.
There are reasons to believe LLMs could offer unique advan-
tages for identifying diverse and latent needs. The core capabil-
ities of LLMs lie in their flexibility and ability to perform different
tasks related to natural language. Their inclusion of contextual
elements greatly improves their performance and result in them
appearing to pick up on nuances and inferences. Because LLMs
have been trained on a vast amount of data, they likely have been
exposed to a diverse set of user needs for a particular product.
During training, LLM’s may have also picked up behavioral pat-
terns and subtle language cues that hint at underlying–sometimes
even subconscious–needs experienced by users. Moreover, it may
be able to perform analogical reasoning to relate experiences and
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Fig. 1 Elictron’s architecture for requirements elicitation using LLMs: First, LLM agents are generated within a design
context in either serial and parallel fashion (incorporating diversity sampling to represent varied user perspectives). These
agents then engage in simulated product experience scenarios, documenting each step (Action, Observation, Challenge) in
detail. Following this, they undergo an agent interview process, where questions are asked and answered to surface latent
user needs. In the final stage, latent needs are identified using an LLM on a provided criteria, and finally a report is generated
from the identified latent needs.

needs identified across different products and uncover novel needs.
However, a potential contradiction arises when considering the

inherent nature of LLMs: They are trained to predict the most likely
next word or sequence of words based on patterns in their training
data [7]. On the surface, this focus on selecting the most likely
outcome might seem at odds with the goal of uncovering diverse
or latent needs. In practice, LLMs do not always select the next
word or phrase greedily due to certain hyper-parameters (such as
temperature or top-P) allowing for some randomness. Furthermore,
the context provided to the LLM, in the form of input text that the
model considers when generating a response, can heavily influence
its output. Through careful contextualization, we can encourage
the LLM to move beyond the obvious outputs and for our purpose,
produce outputs that help the designer discover diverse and latent
needs.

2 Background
2.1 Large Language Models. LLMs are machine learning

models that appear to exhibit the ability to understand, reason with,
and generate natural language [3]. LLMs have been shown to en-
gage in fluent conversations, translate languages, and write various
types of creative content in different styles. The development of
LLMs marks a significant step towards human-like agent capabil-
ities within artificial intelligence. Beyond traditional applications,
the use of LLMs is expanding into areas like software development,
content creation, and customer service [8–11].

LLMs are trained using self-supervised learning. They are
trained on vast amounts of text data and to predict the next word
or sequence of words in a sentence. This training process, along
with architectural advancements like the Transformer model [7],
allow LLMs to grasp patterns, nuances, and context within human
language, including learning implied meanings [3].

The knowledge acquired during training provides the foundation
for LLMs to effectively engage in role-playing scenarios [12–14].
They can simulate various roles by using specific language patterns,
word choices, and sentence structures learned from their training
data. For example, if an LLM encounters a training dataset rich
with technical communication, it can adapt its vocabulary and sen-
tence structure to convincingly adopt the role of an engineer during
role-playing sessions.

LLMs’ capability to role-play allows them to become useful
tools for use in requirements elicitation. They can simulate a diverse
set of users, including empathic lead users, providing valuable
insights into their product experience and needs.

2.2 Design Requirement Elicitation, Empathic Design, and
Latent Needs. During the requirement elicitation phase of design
engineering, empathy plays an important role in helping engineers
better understand user needs [15, 16], and develop a better under-
standing of the design problem [17]. By interviewing, observing,
and empathizing with users, designers can derive structured design
requirements from unstructured feedback from product users, in a
process called empathic design [18, 19].
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There are two types of design requirements or user needs: di-
rect needs, which tend to be obvious to the customer and lead to
incremental changes in a product, and latent needs, which may be
non-obvious and difficult to uncover [20].

User interviews or observations may not reveal latent needs that
consumers deem important in a final product [21]. Identifying la-
tent needs early in the design process has been found to speed up
the development process, and their discovery benefits the design
engineer by providing insights into extreme use cases that might
push the product to its limits [22–24].

Over the years, the design research community has experimented
with various empathic design methods to improve latent need dis-
covery. Hannukainen and Holtta-Otto used photo dairy and con-
textual inquiry with disabled people to identify latent needs [18].
Lin et al. elicited latent needs from ordinary users by simulating
extraordinary situations, e.g., using a blindfold to simulate lim-
ited sight or oven mittens to simulate limited dexterity [6]. Issa et
al. prompted designers interpreting user interviews to “write a
statement as someone with [specific experience]”, in an attempt
to bias the designer to be more empathetic with a lead user [25].
More recently, Zhu et al. theorized how artificial intelligence and
LLMs might be leveraged to support data-driven user studies for
empathic design [26].

While the design research community has identified empathy
as an important component of design requirement elicitation [6,
27–30], interviewing empathic lead users or observing them in
user studies remains a time-consuming and costly activity. The use
of LLMs to simulate this process by creating and interviewing a
diverse set of empathic lead user agents could address the gaps.

2.3 Metrics for Design Diversity. In design methodology lit-
erature, design diversity is typically considered the extension of
novelty from a set of designs. A novel design is often considered
to be unique by the person who created it (psychological novelty),
or more generally unique to the field (historical novelty) [31]. Eval-
uating the novelty of a design is a subjective task, and it is typical to
leverage Consensual Assessment Technique (CAT) or similar meth-
ods that involve asking domain experts to rate designs on criteria
such as novelty [32–35]. However, recent work in deep genera-
tive models, which leverages machine learning methods trained on
large datasets of prior designs to create novel design solutions, has
led to the development and adoption of computational novelty and
diversity metrics. These include the convex hull volume and the
mean distance to centroid metrics, which can be used to measure
the average diversity of a whole set of designs [36–43]. In addition
to those measures, we are also interested in measuring the diversity
of possible clusters of design ideas, and not just the outliers, thus
the silhouette score typically used in cluster analysis [44] may also
be applicable.

The convex hull volume is defined as the hypervolume of the
smallest convex set that includes all of the samples. It has been used
to measure the diversity in different disciplines, but is sensitive to
outliers [36, 37, 45]. A larger convex hull volume indicates that, in
the embedding space, the samples cover more space and are more
diverse.

The mean distance to centroid of the embeddings is computed
by taking the mean of each sample to the centroid of the whole
set [36, 37, 46, 47]. A larger value indicates that the samples in
the set are further from the centroid, and thus are assumed to
represent more diverse concepts. This metric is more suitable for
more uniform distributions, and is also sensitive to outliers.

In the context of clustering algorithms, the silhouette score is a
metric used to calculate the performance of a clustering technique.
Its value ranges from -1 to 1, where a high value indicates that
the object is well-matched to its own cluster and poorly matched to
neighboring clusters. The silhouette score has been used to measure
the diversity of recommendation systems, but has not been adopted
in the field of design research [48, 49].

3 Architecture of Elicitron
Elicitron is designed to closely simulate real-world requirements

elicitation processes. The architecture comprises four distinct com-
ponents mirroring the phases involved in gathering requirements
(Figure 1). Each component is discussed in detail below.

To maintain structural integrity and prevent workflow errors, we
employ a Pydantic model to shape LLM outputs, followed by a
schema validation step.

3.1 Agent Generation. A significant challenge in require-
ments elicitation (either with LLMs or traditional methods) is cap-
turing a diverse range of user viewpoints. For this reason, our
framework’s initial step generates a diverse set of agents to sim-
ulate users within the elicitation process. This mirrors real-world
practices where a wide variety of users are deliberately selected
for RE studies.

The LLM is instructed to generate three elements for each user
agent:

• Name: A label representing the user agent.
• Description: A description of the user characteristics.
• Reasoning Chain: A rationale for creating this agent.

The first two elements comprise the description of a user role. The
reasoning chain aids in understanding the LLM’s agent generation
logic, a process similar to chain-of-thought [4].

We have employed the following agent generation methods:

3.1.1 Parallel Agent Generation. Here, the LLM receives N
independent prompts to generate N user agents simultaneously.
This method is advantageous for rapid creation of a large number
of agents in parallel. However, due to the LLM’s lack of awareness
of other agents being generated, diversity may be limited as the
model could produce similar agents.

To mitigate this, we implement a filtering stage. We use a
KMeans clustering algorithm to group agents based on the similar-
ity of their embeddings and then select only representative agents
from each cluster to result in a diverse set of agents.

Given a set of generated agents 𝐴 = 𝑎1, 𝑎2, . . . , 𝑎𝑁 , where
each agent 𝑎𝑖 is represented by an embedding vector 𝑣𝑖 in a high-
dimensional space, the goal is to select a diverse subset of agents.

(1) Assign Embeddings: First, assign an embedding vector 𝑣𝑖
to each agent 𝑎𝑖 description in the set 𝐴. We used text-
embedding-ada-002 by OpenAI for this purpose.

(2) Perform KMeans Clustering: Apply a clustering algo-
rithm, KMeans(𝑉, 𝑘). 𝑉 is the matrix of all embedding vec-
tors 𝑣𝑖 and 𝑘 is a chosen number of clusters (which is less
than or equal to 𝑁). Given 𝑘 , the KMeans algorithm assigns
each agent to the cluster with the nearest mean embedding.

(3) Select Diverse Agents: From each of the 𝑘 clusters, select
one representative agent. The selected agents are deemed di-
verse, as they come from different clusters in the embedding
space. The resulting set of agents is denoted by 𝐴′.

This method may involve overgenerating agents, followed by
filtering down to N agents. While we used KMeans for filtering,
other clustering techniques are also applicable.

3.1.2 Serial Agent Generation. In this technique, the LLM re-
ceives a single prompt to generate N agents. Here, the details of
generated agents persist in the LLM’s context to promote greater
diversity compared to parallel generation. A downside is decreased
speed compared to parallel generation, and a theoretical limit on
the number of agents generated based on the LLM’s maximum
token output length. At the time of this writing, most LLMs cap
output at around 4096 tokens, which experimentally suggests a
maximum of roughly 20 agents per call for each generation.
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3.2 Product Experience Generation. After generating a di-
verse agent pool, user agents are prompted to hallucinate their
interaction with the potential product. This phase is essential for
identifying specific usage scenarios that could lead to detailed and
latent needs to be identified during the subsequent interview pro-
cess.

(1) Simulated Interaction: Agents receive an open-ended
prompt to describe steps they would take to interact with the
product. This might involve setup, specific feature usage, or
troubleshooting. Agents are allowed to explore freely, sim-
ulating the varied ways real users would interact with the
product.

(2) Structured Response Generation: For each interaction
step, agents provide responses organized into three elements:

• Action: The description of the interaction step taken
(e.g., setup, feature activation).

• Observation: The agent’s reactions and perceptions
of the step. This includes both favorable impressions
and points of friction.

• Challenge: Explicit articulation of obstacles or dif-
ficulties encountered. This is done to uncover pain
points in the user experience.

These structured responses are then utilized as context in the
follow-up interview phase. This helps to contextualize the agent’s
experience, mirroring how chain-of-thought prompting [4] aids in
deeper response generation. An example of the output of product
experience generation can be found in Section 5.4.

3.3 Agent Interview. The agent interview step mirrors real-
world user interviews. It prompts each agent to reflect back on
their product experience and asks follow-up questions aimed at
uncovering user needs and nuanced insights identified from their
product experience. The process works as follows:

(1) Question Pool Creation: A set of interview questions is
prepared (human-developed or automatically generated by
an LLM). These questions could be tailored to cover multi-
ple aspects of the product, while also asking for innovative
insights or improvement ideas.

(2) Contextualized Questioning: Questions are asked to each
agent, integrating their prior Q&A responses and simulated
product experiences into the LLM’s context. This contex-
tualization aim to alleviate the LLM’s tendency to provide
generic responses and facilitates the answers to be based on
the individual agent’s unique experience.

3.4 Latent Needs Identification. In this workflow stage, we
leverage previously collected interview responses to isolate needs
automatically. An LLM processes agent interviews, extracting ex-
pressed needs. It then provides step-by-step reasoning for each
identified need, drawing from established latent need criteria and
examples, provided by the human experts. Finally, the LLM com-
piles all findings into a detailed report, offering insights on both
expressed and latent needs uncovered during the analysis.

After the responses are collected from all user agents, the de-
signer can review them to identify user needs that could be utilized
for the subsequent design process.

In this work, we conducted two experiments to examine the value
of Elicitron, all using GPT-4-Turbo from OpenAI as the LLM [50].

4 Experiment 1: Automatic Generation of Diverse
Users and Their Needs

To examine the value of Elicitron in terms of identifying diverse
user needs, we evaluated the agent generation methods proposed
in Section 3. We generated 20 user agents each using three con-
ditions: serial, parallel, and parallel with the KMeans filtering,
and compared the diversity of generated agents and their responses
using computational metrics.

4.1 Evaluation of Diversity.

4.1.1 Computational Evaluation. As discussed in Section 2.3,
there is no de facto method to computationally evaluate the diver-
sity of interview participants and their corresponding responses.
Thus, we leveraged three different methods used in prior work that
rely on embedding the generated responses in a latent space to
measure the diversity of design solutions.

For all three metrics, we first generated embeddings for each of
the role descriptions and responses to 12 interview questions using
text-embedding-ada-002. Note the interview questions asked are
presented in Section 5.1. This resulted in 13 sets of 20 embeddings
(for the user role and for each of the 12 questions). For each of
our three methods used to generate the data (‘serial’, ‘parallel’, and
‘parallel with filtering’) we then computed the convex hull volume
and the mean distance to centroid from the individual sets of 20
embeddings, and normalize the results from 0 to 1.

The silhouette score is defined as follows. If 𝑎 is the mean intra-
cluster distance (the average distance between each point within
a cluster), and 𝑏 is the mean nearest-cluster distance (the average
distance from a point to the nearest cluster of which it is not a
part), then the silhouette score 𝑠 for a single sample is given by
the formula 𝑠 = 𝑏−𝑎

max(𝑎,𝑏) . The mean silhouette score for a set of
samples is the mean of the individual silhouette scores for each
sample. An appropriate number of 𝑘 clusters can then be selected
by choosing the 𝑘 cluster with the highest mean silhouette score,
indicating that each cluster is very compact and distinct from other
clusters. We used this metric both to choose a number of clusters
for KMeans, as well as a standalone metric to quantify the diversity
of the samples for each of our methods.

4.1.2 Qualitative Evaluation. To further understand the differ-
ences along the diversity, we evaluated the content of role descrip-
tions and interview responses as follows:

(1) Cluster the embeddings of all 60 user agents generated from
the three conditions using KMeans. 𝑘 is chosen based on the
silhouette score to maximize distinct clusters.

(2) Summarize the 𝑘 clusters of agents with the LLM with the
following prompt, “Here are 𝑘 groups of users, give a theme
for each group. Group 1: ...”. For the content of each group,
the role descriptions of the agents in each cluster are used.

(3) Examine the coverage of clusters for each condition using
scatter plots after reducing the dimensions with t-distributed
stochastic neighbor embedding (t-SNE), shown in Figure
2 [51].

4.2 Results.

4.2.1 Convex Hull. Table 1 shows that the convex hull vol-
umes were higher for the serial method than the parallel and paral-
lel with filter methods, indicating a significant increase in diversity.
Also, on average, the filtering method improved the diversity of the
parallel generation method.

4.2.2 Mean Distance to Centroid. Table 2 shows the mean
distance to centroid values. The results show that the serial method
led to more diversity than the parallel and parallel with filtering
methods, but by a smaller margin than the convex hull metric.
Again, the ‘filtering’ method improved the diversity of the ‘parallel’
generation by a small amount.

4.2.3 Silhouette Score. We expect that a high silhouette score
across various 𝑘’s would indicate that the points are easier to clus-
ter, or closer to each other, while a low silhouette score would
indicate that the points are further apart, less clustered, and thus
would represent a more diverse set. Figure 3 shows the computed
silhouette scores for the three-generation methods. We can infer
once again that the serial method produced the most diverse agents,
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Fig. 2 Four groups of users’ embeddings after reducing dimensions to 2 using t-SNE. Group 1: Service and Conservation
(in red) . Group 2: Outdoor Recreation and Camping (in blue) . Group 3: Adventure and Exploration (in green) . Group 4:

Family Camping and Outdoor Activities (in purple) . The serial generation gives the best coverage of all four groups. Parallel
generation with and without filtering both missed service and conservation-related users.

Serial Parallel Parallel
+ filtering

User 0.991878 0.097886 0.081218
Characteristics 0.928448 0.191309 0.318411

Size 0.717999 0.382065 0.581811
Shape 0.929433 0.247194 0.273950

Weight 0.789456 0.314839 0.526912
Material 0.769544 0.310822 0.557846

Safety 0.659648 0.405045 0.633090
Durability 0.910748 0.347797 0.222656
Aesthetics 0.944532 0.152274 0.290983

Ergonomics 0.861179 0.338084 0.379566
Cost 0.910723 0.172481 0.375278

Setup 0.925232 0.292025 0.242214
Transport 0.944723 0.222418 0.240892

Mean 0.867965 0.267249 0.363448

Table 1 Convex hull volumes of the embeddings of user
role/descriptions and responses to interview questions for
each generation method, normalized from 0 to 1. A higher
convex hull volume indicates a relatively more diverse set.

compared to the parallel and parallel with filtering methods. There
was no clear distinction between the ‘parallel’ methods.

4.2.4 Qualitative evaluation. We evaluated the generated
users’ descriptions to see what categories of users were created.
We aggregated all 60 users’ embeddings created from the three-
generation methods. We then chose 𝑘 = 4 based on the silhouette
score, i.e., when 𝑘 = 4 it gives the most distinct clusters. Using
KMeans with 4 clusters, we found the following groups of users:

(1) Service and Conservation: Roles including military, hu-
manitarian work, and field research.

(2) Outdoor Recreation and Camping: Roles with activities
such as minimalist camping and stargazing.

(3) Adventure and Exploration: Roles with activities such as
hiking, backpacking, and mountain climbing.

(4) Family Camping and Outdoor Activities: Roles empha-
sizing bonding through camping and nature activities.

It should be noted that both the parallel and parallel with filtering
methods did not create any user roles belonging to the service and
conservation groups.

Serial Parallel Parallel
+ filtering

User 0.660156 0.527555 0.534677
Characteristics 0.618368 0.542512 0.568596

Size 0.590934 0.552930 0.587423
Shape 0.618861 0.551452 0.559385

Weight 0.610335 0.543569 0.576215
Material 0.601980 0.546090 0.582585

Safety 0.584500 0.562831 0.584449
Durability 0.623426 0.569565 0.535664
Aesthetics 0.649814 0.521597 0.552883

Ergonomics 0.614401 0.561247 0.554539
Cost 0.622532 0.536028 0.570199

Setup 0.632032 0.552557 0.543338
Transport 0.633343 0.543400 0.550992

Mean 0.620052 0.547026 0.561611

Table 2 Mean distances to the centroid of the embeddings
of user role/descriptions and responses to interview ques-
tions for each generation method, normalized from 0 to 1. A
higher mean distance indicates a relatively more diverse set.

4.3 Discussion. From both computational and qualitative
evaluation, the serial generation method led to the most diversity in
the user roles and the responses to interview questions. The parallel
generation method with KMeans filtering helps improve the diver-
sity than using parallel generation only, albeit not significantly. The
serial generation method benefits from maintaining previous agent
generations as additional context to the LLM, allowing the LLM
to avoid generating repetitions.

5 Experiment 2: Automatic Generation of Latent
User Needs

In the second experiment, Elicitron was employed to automat-
ically generate latent needs, which are difficult to identify using
traditional interviews with human users.

To evaluate our method, the tent design example from [6] along
with their reported results was used. In particular, we set our base
condition using the empathic lead user (ELU) interview technique.
This involves simulating extraordinary lead user conditions with
regular users and interviewing them as the baseline condition. We
then compare the number of latent needs identified with the ELU
interview technique versus using three different conditions of our
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Condition 1 (Automatic) Condition 2 (Automatic with Steering) Condition 3 (Manual ELUs)
Young Outdoor Adventurer Adventure-seeking Teen Outdoor enthusiast in the mountains
Family Campers Retired Nature Enthusiast Hunter
Seasoned Backpacker Person with Physical Disability Camper at desert canyons
Festival-goer Winter Camper Professional mountaineer
Military Personnel Expedition Leader Professional rock climber
Romantic Couple Campers Urban Digital Nomad Pre-teen camper
Wildlife Photographer Rainforest Explorer Elderly with arthritis
Field Researchers High-Altitude Climber Motion challenged teenager
Solo Budget Traveler Family Camping Enthusiast Visually impaired
Mountain Expedition Guide Emergency Preparedness Advocate Hearing impaired
Adventure Racer Festival-goer Biologist
Scout Leader Field Researcher Financially challenged
Eco-Tourism Entrepreneur Pet-loving Camper Parent with young children
Extreme Weather Researcher Urban Activist Jungle trekker
Long-Distance Cyclist Van Life Enthusiast Summer arctic explorer
Humanitarian Worker Humanitarian Worker Amputee camper
High School Teacher Outdoor Educator Wheelchair accessible camper
Arctic Explorer Solo Backpacker Beach camper
Minimalist Enthusiast Eco-conscious Camper Back-country portage camper
Wildlife Conservation Volunteer Outdoor Sports Organizer Ultramarathon runner

Table 3 List of user agents generated for each condition.
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Fig. 3 The silhouette score measures the intra- and inter-
cluster distance. The serial method results in stakeholder
embeddings that are more difficult to cluster compared to
the parallel and parallel with filtering methods, which indi-
cates that the serial embeddings are more diverse.

requirements elicitation method.

5.1 Experiment Setup. We set up three conditions to test the
effectiveness of Elicitron. Each condition generated 20 user agents,
the same number of people interviewed in [6].

• Condition 1: Automatic creation of user agents with the
serial method

• Condition 2: Automatic creation of user agents with the
serial method and addition of a steering prompt

• Condition 3: Manual creation of ELU agents

The serial method is used because it has been shown in Exper-
iment 1 to create more diverse user agents. For Condition 2, we
provided the following additional prompt to encourage the creator
agent to generate ELU agents. The text inside the double quotes
are taken verbatim from [6].

You must create non-typical users based on the following
description of a typical user: “The typical user would be a

weekend camper, 15-30 years old, with very good health and
physical fitness, who camps a few times a year. The typical
usage environment would be a public park or wilderness area,
in a generally wooded or grassy environment with warm,
sunny weather.”

For Condition 3, we manually created ELU agents based on the
deviations from the experiences of a typical customer in a typical
application and usage environment listed in [6]. The list of all user
agents generated for each condition is shown in Table 3.

For all three conditions, we prompted the agents to engage
in simulated product experience scenarios. We then asked LLM
agents the following interview questions in sequence. These are
the same interview questions used in [6] with human subjects, but
with some modification in wording to encourage the agents to pro-
vide specific needs and insights related to the question.

• Free style: “If you were to purchase an ideal tent, what main
characteristics would you look for?”

• Categorical: “Focusing specifically on the [category], aspect
of tent, can you tell me your needs and any innovative insights
to address those needs?”
Categories: size, shape, weight, material, safety, durability,
aesthetics, ergonomics, cost, setup, transport

5.2 Latent Needs Labeling. The responses given by the user
agents were analyzed to identify the number of latent needs sug-
gested by each agent. Again, we followed the criteria used by [6]
to label whether a particular phrase was a latent need or not:

If a reported customer need represented a significant change
to the product design and did not match the categories [used
in interview questions], then it was labeled as a latent need.
Latent needs were also identified when a reported customer
need represented an innovative insight into the product and/or
product usage conditions.

Two raters performed the labeling task. Because determining a
latent need is highly subjective and context-dependent, the label-
ing was performed as follows. We began by randomly selecting
10% of the dataset for independent labeling by both raters. Follow-
ing a calibration discussion to resolve discrepancies, we randomly
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Fig. 4 Comparison of the average number of latent needs identified by each user agent across the experimental conditions.
The error bars indicate standard deviation with n=20 for each condition.

selected another 20% of the data to calculate the inter-rater agree-
ment score. Finally, the remaining 70% of the dataset was divided
equally between the raters for independent labeling.

Because identifying latent needs from a free text is equivalent
to an information retrieval task, an F-score is used to measure the
inter-rate agreement as suggested by [52]. The F-score is computed
as

𝐹1 = 2𝑡 𝑝/(2𝑡 𝑝 + 𝑓 𝑝 + 𝑓 𝑛) (1)

If both raters agreed on a particular phrase in the text as a latent
need, it was counted as a true positive, 𝑡 𝑝. If the first rater identified
it as a latent need but not the second rater, it was counted as a false
positive, 𝑓 𝑝. If the second rater identified it as a latent need but
not the first rater, it was counted as a false negative, 𝑓 𝑛. We found
the F-score of 0.83 (𝑡 𝑝 = 109, 𝑓 𝑝 = 21, 𝑓 𝑛 = 24), which indicated
reliable agreement between the raters.

5.3 Experiment Results. The results (Figure 4) show that the
number of latent needs identified was higher for all three Elicitron
conditions compared to the baseline, demonstrating the potential of
our LLM-based requirements elicitation framework in identifying
latent needs. Because the prior work [6] reported the mean latent
needs but not any measure of variance, we could not conduct any
statistical test to show statistical significance.

Among the three Elicitron conditions, Condition 3, the manual
creation of ELU agents, led to the most number of needs identified
(M = 10.875, SD = 2.322), followed by Condition 2, the automatic
creation with the steering prompt (M = 9.875, SD = 3.304), and
Condition 1, the automatic creation only (M = 8.825, SD = 3.201).
A statistically significant difference was found between Condition
3 and Condition 1, t(38) = 2.318, p < 0.05.

While Condition 1 still produced a fairly diverse set of user
agents as shown in Table 3, most of them do not necessarily rep-
resent ELU agents that could lead to the identification of latent
needs. For example, while user agents such as “Adventure Racer”,
“Eco-Tourism Entrepreneur”, or “High School Teacher” could be
considered unique user types, they did not entail extraordinary us-

age conditions and therefore, led to the identification of relatively
few latent needs (6, 3, and 4, respectively).

The difference in the average number of latent needs between
Condition 3 and Condition 2 was not statistically significant. This
indicates that an effective steering prompt can eliminate the need
to manually create ELU agents. In fact, many of the user agents
created in Condition 2 are similar to the ELU agents manually
created in Condition 3. Examples include those who are outside
of the typical ages (“Adventure-seeking Teen”, “Retired Nature
Enthusiast”), those who are physically challenged (“Person with
Physical Disability”), those facing extraordinary conditions (“Ex-
pedition Leader”, “High-Altitude Climber”), etc.

5.4 Example Outputs from LLM Agents. Example outputs
produced by LLM agents in the experiment are shown here. First,
the product experience generated for a user agent titled “Elderly
with arthritis”:

Step 1:
• Action: Attempted to grasp the zipper of the tent’s en-

trance with limited finger dexterity.
• Observation: The zipper was too small and lacked grip,

making it difficult to manipulate.
• Challenge: Faced significant struggle to open and close

the tent, leading to frustration.
Step 2:

• Action: Tried to assemble the tent poles and stretch the
fabric over the structure.

• Observation: The effort required to connect the tent
poles and stretch the fabric exacerbated my arthritis
pains.

• Challenge: Experienced severe difficulty due to lack of
strength and pain in fingers, making assembly a painful
and time-consuming process.

Step 3:
• Action: Attempted to stake the tent to the ground.
• Observation: Found the standard stakes and hammering
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method cumbersome and impossible to manage with my
condition.

• Challenge: Couldn’t effectively secure the tent to the
ground, raising safety concerns in windy conditions.

Step 4:
• Action: Tried to pack away the tent after use.
• Observation: Struggled to fold the tent and roll it tightly

enough to fit back into its bag.
• Challenge: The process was physically demanding and

required more dexterity and strength than I possess,
leading to reliance on others for assistance.

Here are example interview responses given by the same agent:

Q: If you were to purchase an ideal tent, what main charac-
teristics would you look for?

• “The ideal tent would need to have large, easy-grip zip-
pers designed for individuals with limited finger dexter-
ity. It would include pre-assembled or quick-assembly
poles that don’t require significant strength or intri-
cate manipulation, possibly with a simple click-together
mechanism. Additionally, the tent should feature a stak-
ing system that doesn’t rely on traditional hammering,
perhaps using twist-in stakes that are more arthritis-
friendly.”

Q: Focusing specifically on the setup aspect of tent, can you
tell me your needs and any innovative insights to address
those needs?

• “... a self-erecting tent structure where the tent auto-
matically expands and sets itself up upon being removed
from its bag, eliminating the need for manually connect-
ing tent poles or stretching fabric. This could leverage
spring-loaded or memory material technology, where
the structural elements are designed to automatically
assume the correct form and tension when unleashed.”

Lastly, here are some examples of interesting latent needs identified
from the experiment:

User: Visually impaired
• “This could mean a tent with a base that subtly slopes

down towards the door, paired with a distinctive tactile
path on the floor that leads directly to the entrance/exit.”

User: Wheelchair accessible camper
• “All tent controls, such as zippers, vents, and lighting,

should be within easy reach from a seated position.”
User: Hunter (needs to set up a tent in dark)
• “... integrates a temporary, battery-powered LED guidance

system. This system would activate upon initiating the
setup process, illuminating each component in sequence
(e.g., poles, connectors, and fabric) and guiding the user
through the steps for assembly.”

User: High-Altitude Climber
• “For enhanced stability in diverse conditions, the develop-

ment of an adaptive anchoring system that automatically
adjusts tension in response to wind and snow conditions
could be revolutionary.”

User: Outdoor sports organizer
• “A modular design ... would allow for connecting multiple

tent units easily to expand the covered area ... the incorpo-
ration of a seamless interlocking system that enables tents
to be connected without gaps or weak points.”

6 Experiment 3: Automatic Detection of Latent User
Needs

Analyzing interviews to detect latent needs is a challenging and
time-consuming task that requires a deep understanding of the
product and the customer’s requirements. It can consume valu-
able resources and may not always yield consistent results across
different analysts.

6.1 Experiment Setup. In this experiment, we evaluate the
performance of LLMs in automating the analysis of interview texts
and detecting latent needs. To facilitate this, we create a dataset
consisting of 20 latent needs and 20 non-latent needs, based on the
evaluations of human experts in Experiment 2. This dataset will
be used to assess the LLM’s ability to accurately identify latent
needs.

We conduct the evaluation using three different approaches:

(1) Zero-shot Detection: The LLM is tasked with labeling la-
tent needs without any additional context, simply by an-
swering the question “Is this a latent need?” with a binary
response (True or False). There is no extra information or
criteria given. The LLM relies solely on its existing knowl-
edge to answer “True” or “False”.

(2) Detection with Latent Needs Criteria: In this approach,
the LLM is provided with the criteria to evaluate latent
needs. Given these criteria, the LLM is asked to answer the
question "Is this a latent need?" with a binary response (True
or False). The criteria are as follows (adopted from [6]),
which are the same criteria used by the human evaluators in
Experiment 2:

“Label the reported customer need as a latent need
(latent = True) if either of the following conditions is
met:

(a) The need represents a significant change to the
product design and does not fall into any of the
following categories: size, shape, weight, ma-
terial, safety, durability, aesthetics, ergonomics,
cost, setup, or transport.

(b) The need reflects an exceptionally innovative and
clearly expressed insight regarding the product
and/or how it is used.”

(3) Detection with Latent Needs Criteria and Chain-of-
Thought: In this final approach, the LLM is provided with
the same criteria for latent needs as in the previous evalu-
ation. However, the LLM is also instructed to use chain-
of-thought analysis and think step-by-step to detect the la-
tent needs. Given the criteria and the output of the chain-
of-thought, the LLM answers the question “Is this a latent
need?” with a binary response (True or False).

6.2 Experiment Results. Figure 5 presents the confusion ma-
trices for the three evaluations, while Table 4 shows the correspond-
ing performance metrics. In the zero-shot detection scenario, the
LLM achieves a precision of 0.7273, recall of 0.8000, and an F1-
score of 0.7619. These metrics indicate that the LLM can identify
latent needs with reasonable accuracy purely based on their inter-
nal representations, even without any additional context. However,
there is room for improvement, as the model struggles to distin-
guish between latent and non-latent needs in several cases.

When provided with the latent needs criteria, the LLM’s perfor-
mance improves significantly. The precision reaches 1.0000, indi-
cating that all the needs identified as latent by the LLM are indeed
latent needs. The recall increases to 0.8500, suggesting that the
LLM can identify a higher proportion of the actual latent needs in
the dataset.

8



(a) Zero-Shot (b) With Criteria (c) Chain-of-Thought

Fig. 5 Comparative confusion matrices for latent need identification: (a) zero-Shot classification, (b) classification with
latent need criteria, and (c) classification employing a chain-of-thought approach and latent need criteria.

The most impressive results are observed when the LLM is
instructed to use chain-of-thought analysis in combination with the
latent needs criteria. In this case, the precision, recall, and F1-
score all reach 0.9500. This indicates that the LLM can accurately
identify latent needs while minimizing both false positives and
false negatives.

The observed improvements in the LLM’s performance across
the three scenarios are logical and expected. Each successive ap-
proach provides the model with increasingly relevant context and
guidance, enabling it to better address the task at hand.

First, by providing the latent needs criteria, the LLM is able to
focus its attention on the specific aspects that determine whether a
need is latent or not. This targeted context helps the model zero in
on the most pertinent information for making its determination.

Building upon that, the chain-of-thought analysis takes things
a step further by guiding the LLM through a structured reasoning
process. By breaking down the analysis into a series of smaller,
interconnected steps, the model is able to systematically consider
each criterion and build a logical argument for its ultimate conclu-
sion. This approach helps ensure the LLM’s output is well-reasoned
and grounded in the provided criteria.

The effectiveness of this approach is illustrated in Table 5, which
presents two examples of the LLM’s chain-of-thought reasoning for
a latent and a non-latent need. In each case, the model’s step-by-
step analysis clearly demonstrates how it arrived at its determina-
tion by carefully considering and applying each of the latent needs
criteria in turn.

Beyond just improving performance, the use of chain-of-thought
reasoning also enhances the interpretability of the model. Chain-of-
thought opens a window into the LLM’s decision-making process,
and makes it possible to understand the apparent logic behind each
of the model’s conclusions. This transparency is valuable in build-
ing trust and confidence in the model’s outputs, as it allows users
to verify that the LLM’s decisions are based on sound logic and
adhere to the specified criteria.

7 Cost Analysis
Cost is an important consideration in latent needs identification

studies, and the use of LLMs can be a cost-effective alternative. For
example, GPT-4-Turbo, which was used in this study, costs 10 USD
per 1 million input tokens and 30 USD per 1 million output tokens.
This resulted in minimal costs for Experiments 1 and 3, amounting
to just a few cents, while Experiment 2, which involved generat-
ing approximately 80,000 tokens, incurred a total cost of around
2.4 USD. These costs are significantly lower than those associ-
ated with traditional user studies and surveys, which often require
substantial investments in participant recruitment, compensation,
and data analysis. The cost-effectiveness of using LLMs for latent
needs identification has important implications for the scalability

and accessibility of this research, enabling researchers and organi-
zations with limited budgets to conduct comprehensive studies and
obtain valuable insights at a fraction of the cost of conventional
methods.

8 Conclusions
This paper presents Elicitron, a framework that leverages LLMs

to enhance requirements elicitation and uncover diverse user needs,
including those that are latent. Our context-aware serial genera-
tion method proved most effective in creating diverse user agents.
Elicitron successfully outperformed traditional empathic lead user
interviews in generating latent needs. LLMs also demonstrate ef-
fectiveness in analyzing interviews and classifying latent needs.
Elicitron shows the potential of leveraging LLMs for requirements
elicitation and user-centered design, providing an alternative and
cost-effective method for designers.

While Elicitron shows promise, the quality of insights depends
on the LLM’s capabilities, and prioritizing latent needs remains
a designer’s task. Future work includes user studies to validate
Elicitron’s ability to aid designers and exploring multi-agent in-
teractions to uncover broader unmet needs. Moreover, exploring
the possibility of incorporating multimodal inputs and outputs in
the process of eliciting requirements represents another prospective
avenue for research.
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