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Surveys are a powerful tool for collecting data and eliciting insights on social phenomena, and are critical
in product design, marketing, scientific research, and other domains. However, traditional open-ended and
closed-ended question formats limit researchers’ ability to capture data that combines both the richness of
qualitative insights and the analytical rigor of quantitative data. Closed-ended questions facilitate structured
data collection that is amenable to statistical analysis but limit respondents’ answers. In contrast, open-ended
questions allow for nuanced responses incorporating new perspectives but require significant effort to interpret
due to their unstructured nature. Moreover, traditional survey tools lack mechanisms to prompt respondents
for deeper reflections or to facilitate engagement with others’ perspectives, limiting the potential for richer
insights. To address these problems, we propose Dynamic Surveys, a survey platform that uses Large Language
Models (LLMs) to dynamically cluster qualitative responses in real time and to elicit quantitative ratings and
rankings on those clusters and qualitative reflections on how their views compare to broader respondent trends,
especially helpful in early-stage or exploratory research settings. This process generates a report showing
survey creators and respondents the clustered responses as well as each cluster’s rank, rating distribution,
and follow-up reflections. To evaluate Dynamic Surveys, we conducted two field studies with 93 participants
over a 2-month period. In the first study, 52 students provided input for a career workshop, while in the
second, 41 students gave feedback on gaps in their academic curriculum. Of these, 44 respondents filled out a
survey on their experience using Dynamic Surveys. We also shared the generated report with 4 individuals
who were interested in the insights for their work, and interviewed them to understand their perspectives
on the results and any contextual risks they saw in the platform design. Our findings suggest that Dynamic
Surveys not only provide richer and deeper insights into responses compared with traditional survey tools,
but also increase engagement and foster a sense of community. We discuss broader implications for the design
of survey platforms that blend qualitative depth with quantitative structure, facilitating richer insights and
offering more collaborative interactions.
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1 INTRODUCTION

Surveys are a widely used tool for collecting data in diverse domains, from product design and
marketing to social research and academic feedback. Their ability to gather insights quickly and
cost-effectively, across broad geographic areas, makes them a popular choice for both researchers
and practitioners [11, 50, 55, 69]. However, traditional survey formats present significant challenges
when it comes to capturing both the richness of qualitative data [23, 60] and the analytical rigor
of quantitative data [9]. Quantitative questions, such as multiple-choice or Likert scales, provide
structured data that is easily analyzed but limit respondents’ ability to fully express nuanced
perspectives or to add new ones. Conversely, while open-ended qualitative questions encourage
richer, more detailed insights, the resulting unstructured data is labor-intensive to process and hard
to extrapolate to broader populations.

Just as importantly, traditional survey platforms operate in a one-way fashion, where respondents
answer questions in isolation without the opportunity to interact with the perspectives of others.
This lack of interaction limits the ability of researchers to foster community-driven insights and
meaningful conversations among participants. Early innovations such as Wikisurveys [61] have
explored new ways of blending the strengths of diverse research methods while also enhancing
respondent engagement, e.g. by allowing participants to rank on responses of others through
pairwise comparisons. Related efforts have been made in the context of systems for participatory
democracy [43, 56]. However, these methods tend to focus on voting at scale and thus stop short of
fully integrating the richness of qualitative input with a dynamic, collaborative process. Wikisurveys
demonstrated the potential to deepen engagement by making respondents active participants in
the evolving insights, but little work has since expanded on this concept to build a more robust and
interactive form of qualitative-quantitative data collection.

To address these limitations, we designed and implemented a survey platform, Dynamic Surveys,
that builds on the community-driven potential of Wikisurveys while blending qualitative depth and
quantitative structure in a more interactive and collaborative way. Dynamic Surveys is particularly
useful for early-stage and exploratory research when deep interpretive immersion is not feasible
and when the goal is not to build formal theory but to identify directional insights, surface common
patterns, or provoke further inquiry, e.g. for systems-focused researchers and industry researchers
looking to understand initial needs or experiences (see Section 3.7 for an in-depth comparison).

Dynamic Surveys uses large language models (LLMs) to elicit richer responses through generated
follow-up questions, to dynamically cluster qualitative responses, and to ask respondents to reflect
on, rate, rank, and engage with these clusters in real time. This interactive process transforms the
survey from a solitary task into a community conversation, where participants actively shape the
collective understanding, with the goal of fostering a greater sense of ownership over the results
and of surfacing more nuanced community-driven insights that traditional survey tools might miss.
Respondents can view the resulting survey report along with survey creators, which displays a
ranked list of the clusters along with opinion distributions, summaries, detailed responses, and
explanations of minority opinions.

We evaluated the effectiveness of Dynamic Surveys through two field studies. The first involved
52 students providing input on discussion topics for a career workshop, and the second gathered
feedback from 41 students on perceived gaps in their academic curriculum. Of these 93 participants,
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Fig. 1. Workflow of Dynamic Surveys. The green flow at the bottom illustrates the respondent flow during the
survey process. The upper section shows the back-end processes, including where ChatGPT APlIs are called
and how its clustering outputs are used. The two paths emerging from the GPT API represent the output of
the two calls to the API for Personalized Follow-Up Question and Generated Clusters. Specific prompts for
the clustering (Appendix A.1) and follow-up questions (Appendix A.2) are detailed in the appendix.

44 filled out a survey on their experience using Dynamic Surveys. We also shared the generated
report with 4 individuals who were interested in the generated insights for their work (who we
will refer to as survey stakeholders), and interviewed them to understand their perspectives on the
results and any limitations or risks they saw in the viability of the platform design.

We found that Dynamic Surveys offered significant benefits to the data collection process.
Survey stakeholders expressed that the platform helped them to efficiently understand collective
perspectives and obtained valuable insights from the emergent clusters. Survey participants reported
sharing more thoughtful responses compared to traditional survey platforms. Features like the
follow-up questions, ranking comparisons, and the public reports page, helped participants feel
more deeply involved while also fostering a sense of community. We conclude with a discussion
on how future research can build on this work to introduce future survey tools that enhance
collaborative interactions and blend strengths of diverse data collection methods.

Our paper makes the following three contributions: (1) the design of a novel survey platform
that advances the community-driven potential of earlier work like Wikisurveys, while blending
qualitative and quantitative data collection, demonstrating how a dynamic clustering capability
powered by LLMs can create a novel “social layer” to elicit richer insights from survey participation;
(2) insights from field studies that demonstrate how Dynamic Surveys fosters deeper respondent
engagement and ownership of research outcomes; and (3) design implications for future survey
tools that seek to enhance collaborative interactions and community-driven research processes,
and that opens up methodological implications for lightweight, scalable elicitation and analysis
of free-text responses in ways where theme generation and reflection happen collectively and
asynchronously at scale.

2 RELATED WORK
2.1 Survey Tools for Research

Several commercial survey platforms, such as SurveyMonkey, Google Forms, and Qualtrics, are
widely used for collecting data in qualitative research, especially particularly when deep interpretive
immersion is not feasible and when the goal is primarily to elicit directional insights around
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feedback, experiences, and implications for iterative design in academic and applied settings.
These tools offer customizable question designs and survey reporting features to varying extents;
however, access to more advanced features often requires a paid subscription. Studies have shown
that personalized survey designs can increase response rates [8, 53], and respondents are more
motivated to answer sensitive questions that relate to their personal experiences [31, 64]. Common
survey tools, such as Qualtrics, offer embedded data features to support logic branching and more
personalized question designs based on recorded data. Additionally, researchers have explored data-
driven survey designs that integrate diverse data sources, allowing for more personalized question
tailoring and broadening survey applications across different fields. For example, surveys have been
developed using health data from wearable devices [35], location data from applications [37], and
local language, Pidgin English and animated GIFs [34]. Recently, new platforms has been developed
to facilitate the import of third-party data [65] and support external web content embedding [21].

Additionally, a body of research has developed tools and online platforms to structure the
collection and analysis of qualitative data across a range of fields. In psychology, for instance, the
Visual Analogue Scale (VAS) [57] and the Likert Scale [39] are widely used in surveys to capture
subjective experiences. In economics, text mining techniques have been applied to policy documents
and public speeches to extract and quantify qualitative information [29], while prediction markets
employed market mechanisms to aggregate individual qualitative assessments into collective
quantitative forecasts [68].

Studies also suggest that interactive surveys with real-time feedback can lead to higher-quality
responses, and recent research has begun exploring how surveys can support greater interactivity.
Recent research has begun exploring how surveys can support greater interactivity. For instance,
SMARTRIQS groups respondents based on predefined conditions, enabling them to participate in
voting or real-time discussions [51]. Other studies have examined the use of chatbots in surveys [58,
73]. For example, Wen and Colley proposed a hybrid survey system in which a chatbot intervenes
with respondents who intend to skip questions [66]. Xiao et al. found that chatbot-driven surveys
can elicit more relevant and specific responses compared to conventional survey tools [70].

Interactive modes for data collection have also been explored in research on online deliberation.
While these projects tend to focus on structuring public opinion to support decision-making and
to facilitate public discourse, they also provide models for interactively eliciting and synthesizing
rich data from participants at scale. For example, Consider.it facilitated deliberation by allowing
participants to annotate pros and cons for each topic, converting these inputs into metrics of
support and opposition percentages and visualizations of participant distributions across various
positions [43]. Voting mechanisms are also widely adopted to quantify public opinion. Liquid-
Feedback, for instance, employed a dynamic delegation system to transform qualitative opinions
into collective quantitative decisions [7], while Pol.is enabled participants to express agreement,
disagreement, or neutrality toward statements, using cluster analysis to reveal areas of consensus
and divergence [56]. Similarly, Wikisurveys employed pairwise voting to crowdsource ideas for
public policy proposals and organizes feedback in a prioritized ranked list based on collective
preferences [61]. Though this study focuses on supporting elicitation of rich insights rather than
consensus-building and deliberation, we draw from these interactive mechanisms to engage respon-
dents in reacting to or building on others’ responses in ways that enrich the derived insights. Prior
work has shown that participants can contribute meaningfully to the interpretation of open-ended
data through extended processes involving multiple rounds of reflection and discussion [4]. In
contrast, our work explores how such interpretive and participatory dynamics might be embedded
more directly within the survey process itself. Instead of requiring separate rounds of coding
or synthesis, Dynamic Surveys integrate collaborative input such as clustering, reflection, and
ranking into the flow of data collection. This approach offers a more lightweight and scalable
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alternative to multi-stage designs. In the Discussion (Section 6.1), we discuss opportunities to
build on this work in future studies to explore their potential for consensus-building in settings
where deliberation is not just a nice-to-have for eliciting richer insights, but critical for harmonizing
conflicting viewpoints and perspectives towards an understanding of the issues.

2.2 Al-augmented Qualitative Data Analysis

Coding and analyzing unstructured text data from participants is a vital step in qualitative research,
providing in-depth, context-driven insights [20] that allow researchers to view issues from par-
ticipants’ perspectives [48]. However, this process is often time-consuming and error-prone [18].
Qualitative data analysis (QDA) tools such as NVivo, MAXQDA, and ATLAS.ti are widely used by
researchers to support coding and analysis [25], streamlining the coding process and facilitating
the organization of coded data.

Beyond existing commercial QDA tools, a growing body of research has explored the use
of Al to better support large-scale coding tasks. Researchers have applied topic modeling to
qualitative analysis, enabling early exploratory analysis by identifying broad themes in large
text-based datasets [1, 2, 45, 67]. Since coding remains a foundational yet resource-intensive
step in qualitative analysis [12], efforts have been made to simplify annotation by leveraging
machine learning to support coding through pre-trained models [17, 33, 46, 63]. To improve the
recall and accuracy of these models, semi-automated coding systems have been developed that
iteratively learn from user inputs during the coding process [44, 47, 71]. However, the results
of these Al-assisted analyses often lack interpretability and exploratory value [5, 32] and are
limited in providing the depth of insights that human researchers bring. Moreover, Al-based
coding models typically lack the flexibility that human coders employ to iteratively refine codes,
resulting in limited outcomes [15, 24]. Thus, researchers have started to develop more interactive
coding systems, emphasizing that these Al-assisted systems should be interpretable to humans
and should allow researchers to dynamically engage with and refine the model [16, 38, 42]. Such
systems enable users to provide feedback on coding results, offer explanations for suggested
codes to enhance transparency and interpretability [28, 59], or integrate visual interactions to
support researchers in exploring connections between codes [30, 36], thereby facilitating better
human-machine collaboration.

Recently, the strong performance of large language models (LLMs) in understanding and gener-
ating human language has led to their increasing application in qualitative analysis [19]. Katz et al.
used ChatGPT to analyze student team feedback by mapping it to a predefined taxonomy, while
Zhang et al. explored prompt design for using ChatGPT to simplify thematic analysis tasks [74].
CollabCoder [27] and CoAlcoder [26] further demonstrated how LLMs can not only assist in analy-
sis but also enhance collaboration among researchers. Despite their strengths, researchers have
noted that LLM-based analyses require validation and cannot fully replace human analysts [75], as
relying solely on LLMs may reduce analytical diversity [26]. Consequently, the most valuable use
of LLMs lies in complementing human researchers’ interpretation [40].

Whereas most of this work focuses on applying Al to assist human analysts during the coding and
analysis phase following data collection, our work explores how LLMs can support earlier stages of
the research process, particularly the elicitation and organization of qualitative input during data
collection. In this paper, we leverage LLMs’ strong performance in inductive reasoning to generate
dynamic clustering and reflection prompts based on participant responses. Rather than simply
coding after the fact, our system structures input as it is being gathered, enabling a lightweight
“social layer” to surveys that invites participants to engage with and build on emerging themes.
This approach has the potential to yield more informative and structured data for researchers while
also facilitating collective sensemaking among respondents.
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3 DYNAMIC SURVEYS

To explore survey designs that combine the richness of qualitative data collection with the structured
nature of quantitative data in an interactive collaborative process, we developed Dynamic Surveys,
an online survey platform built using an Angular, NgRx, Firebase, and Cloud Functions stack that
integrates both qualitative and quantitative data through the use of large language models (LLMs).
LLMs are used through calls to OpenAl APIs run on Google Cloud Functions. These generate
follow-up questions that elicit richer insights and organize responses into thematic clusters for
rating, ranking, and reflection in subsequent questions. In what follows, we walk through the user
experience of a survey respondent as well as the technical details in the system implementation
for supporting each step in the flow (Figure 1). We end with a comparison of Dynamic Surveys
against other methods for data collection, discussing when Dynamic Surveys might be uniquely
valuable, e.g. for use by particular types of researchers or in particular research contexts.

3.1 The Initial Survey Question and Response

Dynamic Surveys centers on eliciting insights around a single focused research question. The
process starts with a single focused open-ended question. For example, the questions in our studies
were “What question would you love to ask a university recruiter in tech?” and “What do you feel are
the gaps in the engineering courses/curriculum?” This question is provided by the survey creator in
an interface similar to that of most survey platforms. When respondents go to fill out the survey,
they see this single question on the first page and write out their response before clicking "Next" to
move onto the next page.

3.2 Eliciting Richer Stories Through a Follow-up Question

On the next page, the platform calls the OpenAI GPT-40 API with a custom prompt along with
their response to generate a tailored follow-up question. We designed this prompt to encourage
deeper reflection and elaboration (see Appendix A.1), and refined it through a protostudy by
testing it on sample open-ended responses. This ensured the generated questions were relevant,
built appropriately on participants’ input, and prompted deeper reasoning, examples, or context.
These follow-up questions aim to elicit richer input, similar to how an interviewer might encourage
a respondent to elaborate in a conversation. For example, in the survey on questions to improve
engineering curriculum, a student responded: "We have some good courses that match the skills of
today’s CS industry, but some courses are outdated. we need more courses matching the industry."
They were then given the personalized follow-up question: "Which specific courses do you believe
are outdated, and what new topics or skills would you recommend being added to better align with
current industry demands?", to which they responded: "AI and NLP courses are outdated. We should
add topics infusing ChatGPT or current established Al model[s], or topics creating our own chatbot".
While the original response provided a general critique of outdated courses, the targeted follow-up
question encouraged the respondent to articulate specific actionable recommendations for the
survey stakeholder to implement.

3.3 Concurrent Clustering of Responses Into Themes

While participants are writing a response to the follow-up question, the platform is simultaneously
running a cloud function to extract the themes from the initial response into clusters. There are two
main steps involved. First, the platform uses the OpenAl model GPT-40 to compare the response
with existing clusters and add it into any cluster it aligns with. For the first response, before any
clusters are formed, this step is skipped. Next, the model finds any core concepts in the response
not covered by the existing clusters, and generates one or more new clusters to fill the gap. It is
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not uncommon for a response to contain more than one theme, so it’s important for our system
to be able to categorize responses into more than one cluster. We designed a structured prompt
that guides the model to generate clusters with clear, concise, and thematically meaningful names
that are distinct from one another, while avoiding redundancy or unnecessary fragmentation (see
Appendix A.2). For example, a sample response from the career workshop survey: "some things
that come to mind are what the work environment/culture is like and how do companies typically
go through the interview/training process" could be simultaneously put into the existing cluster:
"Work Environment In Tech Companies" while also generating a new cluster: "Interview And Training
Processes".

3.4 Rating and Ranking of Theme Clusters

By the time respondents write their response to the follow-up question and click "Next", the updated
theme clusters will have been generated. Participants are then brought to a page in which they are
asked to rate each cluster on a 5-point Likert scale, from “Strongly Agree” to “Strongly Disagree”
with an additional “N/A” option. These aim to assess the extent to which the identified clusters
are shared across the respondent pool, e.g. to what degree others in the community experienced
the same issues raised, have the same preferences, and so on. For example, in the survey on career
workshop topics, this page asked respondents: "Reflecting on your own goals and experiences, how
strongly do you agree or disagree that the following topics would be helpful for you to hear from the
recruiter?".

Upon submitting their Likert-scale ratings, they are brought to another page in which they are
asked to rank the clusters based on its value for the group as a whole. This is slightly different
from the Likert-scale question which focused on personal experiences. For example, one might

Tech4Good Career Workshop Survey
What question would you love to ask a university recruiter in tech?

Respondents  Clusters
9% Somewhat Disagree % Neutral 9% Somewhat Agree % Strongly Agree
Response Clusters (number of responses in the cluster) Ranking Score @ Opinion Distribution
Interview And Training Processes In Tech 70

0 18)
Interview And Training Processes In Tech I

Qualities Of Top Tech Students 58
Top tech students demonstrate technical proficiency, strong problem-solving skills, adaptability, a strong work ethic,
and take initiative in their learning and professional development.

(30)

Strategies For Effective Selfpresentation 50 . =0
Successful self-presentation involves effectively highlighting personal strengths, showcasing relevant achievements,

maintaining a ional demeanor, icating clearly, and exuding confidence to create a positive impression

to recruiters.

Career Pathways And Transitions In Tech 36

) : ' ) ) (19)
Exploring the diverse career paths within the technology sector and understanding how professionals can transition

between various roles or disciplines.

Work Environment And Culture In Tech Companies 16 e
Understanding the workplace dynamics, values, and day-to-day i within

Intersection Of Policy And Technology 0 e
Exploring how policies influence i ion and how can inform and shape policy

decisions.

Fig. 2. Screenshot of the first screen of the Career Workshop Survey, displaying cluster rankings, each cluster’s
ranking score, and opinion distribution. Certain details have been obscured to maintain the anonymity
required for this paper.
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Ranked #1 Cluster

Lack Of Career Preparation Resources In Curriculum

Participants identified a major gap in the curriculum related to career preparation. They expressed concerns about the lack of practical
career resources, including real-world skills, exposure to diverse industries, and job market insights. Many felt that the curriculum does not
adequately equip them for transitioning to the job market, citing the need for more industry partnerships and internship opportunities. This
was ranked highly because students see career readiness as critical, with some participants ranking it lower if they felt more focused on
academic knowledge rather than job-specific training.

10 63

Responses  (1st)
15% 23% 62%
Strongly Disagree Somewhat Disagree Neutral Somewhat Agree Strongly Agree
Original Responses (10) [ Hide follow-up prompts

I feel like there aren't too many flaws or gaps that | can point out because | feel like there i a lot of freedom in what courses you can take. | believe that having a more well-rounded required curriculum
could benefit many, however. It would be good to expose Baskin Engineer students to multiple sides of engineering, not just software (i.e. a hardware class requirement). Everything we learned about
hardware was conceptual, and | only got hands on experience through voluntary workshops that | had to sign up for.

What specific skills or knowledge areas do you think should be included in the curriculum to ensure a more well-rounded engineering education that balances software and hardware
exposure?

EMPTY

There could be more variety in the computer science electives offered, speaking as a prior CS BS major and now a CS MS student. There are many classes that do have descriptions and course codes (so
presumably, the course content is drafted and submitted already), but that never seem to be offered on a regular basis. CSE 106 as well as CSE 237 (and most of the courses between CSE 160-179) come
to mind, both of which haven't been offered in a while. | also wish some topics such as cloud computing, software testing or QA, and blockchain were covered. Outside of CSE curriculum, | will say that |
hope that the BSOE can increase the variety of majors offered, as all the current majors seem to be associated with computer science (networking, biotech, electrical engineering, game design, etc). | know
countless students that did not choose UCSC due to a lack of other engineering programs such as civil engineeri i ineering, aerospace engineering, chemical engineering, and so on.

[Variety in elective courses, Infrequent course offerings, Inclusion of emerging topics, Limited range of engineering majors] How do you think the inclusion of more diverse engineering majors
and a broader selection of regularly offered electives could impact the overall educational experience and career readiness for students at UCSC?

More diverse engineering majors broadens UCSC's appeal to students determining where to go to school. Having more diverse engineering majors would also broaden the schools marketability, prestige,
and credibility. It would also likely lead to UCSC participating in those research areas where new programs are created, as well as allowing interdisciplinary research between computing and other
engineering fields. Having a more broad selection of courses would really help with going into the industry. | know that cloud computing and storage systems are skills that can have a huge benefit to
marketability when finding jobs and internships, and also allows students to learn about applicable skills that they'd use in the industry. The BS program doesn't do that good of a job at preparing
students to be software engineers. Of course, the CS BS is not a software engineering degree, but the reality is that the vast majority of students are aiming to be software engineers, and thus the
curriculum should support that goal.

The perspectives of people who ranked this cluster Higher than others (0)

Currently, there are no perspectives available on ranking this cluster highly.

The perspectives of people who ranked this cluster Lower than others (6)

I think making sure students are understanding their course material is more important than just career preparation because otherwise they won't be prepared to have a career anyways.

I acknowledge that career preparation resources are important, but | ranked them at #7 because | believe other issues are more pressing. Enhancing practical experiences and updating the curriculum with
current technologies will naturally improve career readiness. Therefore, while valuable, career preparation shouldn't be prioritized over these fundamental areas.

More course on leetcode practice.

Fig. 3. Screenshot from the Department Course Curriculum Survey showing details of the first cluster. It
includes a GPT-generated summary highlighting key insights shared by respondents, along with all original
responses, follow-up questions with answers, and explanations from respondents on why they ranked the
cluster higher or lower than others. Certain details have been obscured to maintain the anonymity required
for this paper.

rank something high because they believe its an important topic for a career workshop even if it’s
not something they have personally had questions about. Eliciting ordinal ranking data also has
the added benefit of forcing respondents to prioritize (e.g. in cases when everything is rated with
similar levels of importance).

3.5 Explaining Differences Between Personal and Aggregate Preferences

Finally, after submitting ranking preferences, respondents are shown a comparison of their ranking
with the aggregated ranking from other respondents and are asked to explain any significant
differences, i.e. "Below, we’ve listed areas for the topics that you ranked really high or low, but in
ways that differed from others. Can you share your experiences or contexts to help others understand
your reasons behind your rankings?" They are then shown clusters that they ranked high but others
ranked low, and vice versa, and given a chance to explain further. These questions provide an
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Table 1. Comparison of Dynamic Surveys and Other Methods

Method Time Insight Scalability | Required | Personali- | Interaction
Efficiency | Depth Expertise | zation

Closed-ended | High Low High Low None None

Survey

Open-ended | High Moderate High Moderate | None None

Survey

Interview Low High Low High High High

Focus Group | Low High Low High High High

Dynamic High Moderately | High Low Moderate | Moderate

Surveys high

opportunity for further reflection and for sharing unique lived experiences that might help others
to better understand minority perspectives.

3.6 The Reports Page: A Synthesized Summary and Cluster Details

These insights are aggregated together in a survey report page which can be viewed by both survey
creators and respondents. The report page starts with a summary view that displays clusters as
a ranked list, with their title, description, ranking score, and opinion distribution. This enables
viewers to easily see prioritized areas as well as points of agreement and divergence within the
data (Figure 2).

To compute the ranking score, we essentially used the Borda rule [13], one of the most prominent
voting rules, but with a slight modification of the score to de-emphasize themes that had not yet
been seen and ranked by many people yet. The modification can intuitively be understood as a
lower confidence bound of the score. If the theme has not been seen by many people, then there is
a wide range in the confidence interval, resulting in a low lower confidence bound. Highly ranked
clusters in the list should be understood as clusters for which we have high confidence in their
high ranking score. Low ranked clusters, on the other hand, could be truly low ranking, or just not
yet seen by enough people to have confidence in its ranking score.

The report also contains more detailed sections for each cluster underneath the summary view.
These sections include the individual responses, the follow-up questions, responses to follow-up
questions, and explanations from respondents whose rankings differed from the group (Figure 3).
We used GPT to generate a summary for each cluster.

3.7 Comparing Dynamic Surveys with Other Research Methods

Dynamic Surveys introduces a new approach to data collection that retains the scalability and
lightweight accessibility of conventional survey tools, while encouraging respondents to reflect,
elaborate, and engage with others’ perspectives. Traditional survey formats often present a tension
between structure and expressiveness. Closed-ended questions support statistical analysis but limit
elaboration, while open-ended responses offer nuance but result in unstructured data that is difficult
to interpret. Moreover, both formats typically collect responses in isolation, without mechanisms
for participants to build on others’ input. Dynamic Surveys illustrate how interactive survey-
based systems can support reflection and comparison in ways that offer some of the interpretive
affordances of interviews and focus groups, while requiring less time and analytical expertise (see
Table 1).
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Dynamic Surveys are particularly well suited for contexts where researchers or designers seek
to elicit feedback, experiences, or reflections that extend beyond what traditional surveys typically
afford and to understand how such themes resonate across a broader group. Rather than replacing
interviews or quantitative surveys, Dynamic Surveys offer a lightweight system for gathering
open-ended insight and assessing alignment or divergence among participants. They are especially
useful when time, resources, or expertise in qualitative interpretation or statistical analysis are
limited.

This makes them especially valuable for industry researchers and systems-focused practitioners
conducting small studies similar to focus groups. For example, they can be used to gather early
intuition on user needs during pilot stages or to collect post-use feedback on prototypes. They also
support educators, community organizers, and facilitators who seek to engage broader participation
without conducting full-scale qualitative analysis. Because surveys can be launched with a single
open-ended prompt and require no prior training in qualitative methods, the system is accessible
to users without formal research design experience. In participatory settings, the ability to cluster
and compare responses allows broader community voices to surface. Dynamic Surveys can also
assist expert researchers during early exploratory phases by helping to surface diverse perspectives,
guide subsequent research directions, and inform the design of more targeted qualitative research.

While Dynamic Surveys support reflection and comparison across participant input, they are not
designed to support the goals of interpretive qualitative paradigms such as grounded theory [14],
reflexive thematic analysis [10], participatory action research [3], or critical and hermeneutic
traditions [41]. These paradigms emphasize sustained researcher immersion, iterative sense-making,
and contextually grounded interpretation, which are often informed by researcher reflexivity,
collaboration with participants, and critical engagement with broader social structures. Dynamic
Surveys provide a practical tool for identifying patterns, surfacing perspectives, and provoking
further inquiry in contexts where deep interpretive work may not be feasible or necessary. By
organizing collective input and highlighting emergent themes, Dynamic Surveys also offer a novel
system-based approach to early-stage insight generation, which may support exploratory theorizing
in both academic and applied settings. While Dynamic Surveys provide some level of quantitative
signal to help surface themes across respondents, they are not intended for studies requiring
statistical generalization or experimental control.

4 METHODS

To understand participants’ experiences with completing the Dynamic Surveys and the value of the
data presented in the survey report, we conducted two field studies. A total of 97 participants were
involved, including 52 who completed one survey and 41 participants who completed a different
survey, with the 4 survey stakeholders (see Table 2) also participating in the study.

This study was approved by the Institutional Review Board of the first author’s university. The
IRB reviewed the study under standard exemption criteria and determined it posed minimal risk to
participants. Participation was voluntary and participants could withdraw from the study at any
time.

4.1 Study Procedures and Participants

We evaluated Dynamic Surveys in two settings, one focused on career workshop preparation and
the other on curriculum feedback. Both are examples of contexts where researchers or organizers

1We chose not to specify the exact roles of the three department administrators to maintain anonymity. However, all three
are actively involved in improving the academic experience within their department.
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Table 2. Interview participant demographics and background. !

ID Gender | Job Title Survey Name Expertise in
Qualitative
Research
nn Female Recruiter Career Workshop Survey | Intermediate
12 Female Department Department Course Expert
Administrator Curriculum Survey
I3 Female Department Department Course Expert
Administrator Curriculum Survey
14 Female Department Department Course Intermediate
Administrator Curriculum Survey

may want to elicit rich input grounded in lived experiences, without requiring intensive facilitation
or methodological expertise. These settings illustrate how Dynamic Surveys can support insight-
oriented data collection in ways that surface shared themes while preserving individual perspectives.

Our goal in these studies was not to evaluate consensus-building or decision-making processes.
Instead, we focused on how interactive survey dynamics can help surface insights that are mean-
ingful to the communities involved. In the Discussion (Section 6.1), we outline future directions
for evaluating the potential of Dynamic Surveys in more deliberative settings, where navigating
differing perspectives and fostering mutual understanding may play a more central role.

4.1.1 Study 1: Career Workshop Panel Questions. In the first study, we collected panel questions
for an upcoming workshop focused on providing career guidance to students pursuing tech in-
dustry jobs after graduation. The workshop was organized by a recruiter from a tech company in
collaboration with a university lab. After discussions with the workshop organizers, we created a
Dynamic Survey with the question, "What question would you love to ask a university recruiter in
tech?" We distributed the survey through the lab’s Slack channel and a related course’s Discord
server. A total of 52 students participated in the Dynamic Survey, and 18 of them later completed a
post-study survey via Google forms to provide feedback on their experience. These 18 participants
were entered into a lottery for a $20 Amazon gift card. After collecting responses to the Dynamic
Survey, we first surveyed the recruiter and then conducted a 30-minute semi-structured interview
to understand her views of the survey report.

4.1.2  Study 2: Engineering Curriculum Gaps. In the second study, we aimed to gather student
feedback on improvement areas within the courses and curriculum offered by the engineering
department at a university. We created a Dynamic Survey with the question, "What do you feel are
the gaps in the engineering courses/curriculum?" We shared recruitment information via social
media, and 41 students participated in the survey. Of these participants, 26 completed a post-study
survey and were entered into a lottery for a $20 Amazon gift card. We then surveyed and conducted
30-minute semi-structured interviews with 3 faculties from the department, who provided insights
on the survey findings.

4.2 Surveys

Our recruitment advertisement included both the Dynamic Survey and the post-study survey.
Participants who completed the Dynamic Survey could voluntarily choose whether to fill out
the post-study survey, incentivized by entry into a lottery for a gift card upon completion. The
post-study survey asked participants about their likes and dislikes regarding the use of Dynamic
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Surveys for sharing ideas, and how their experience compared to other survey tools in terms of the
overall survey process and the value of the report. All ratings of likelihood were done on a 5-point
Likert scale. Participants were asked to rate how strongly they agreed with appreciating follow-up
questions, rating and ranking others’ responses, sharing deeper thoughts than in other feedback
surveys, resonating with others’ responses, gaining new perspectives, finding the clusters clear
and coherent, and their experience with the length of the survey. Finally, participants were asked
how likely they were to recommend Dynamic Surveys to others for collecting data.

Alongside the participants’ post-study survey, we also surveyed the survey stakeholders before
conducting semi-structured interviews with them. This post-study survey focused on their views of
the survey report. We asked what they liked and disliked about using Dynamic Surveys to collect
feedback, how Dynamic Surveys helped them understand participants’ perspectives, and what
additional value it offered compared to other survey tools. They were also asked to rate, the clarity
and coherence of the clusters, the value gained from follow-up responses and rankings, the added
depth from rating and ranking clusters, and the ease of interpreting the generated report. At the
end of the survey, we asked how likely they were to recommend Dynamic Surveys to others for
collecting data.

4.3 Semi-Structured Interviews

Our semi-structured interviews lasted 30 minutes and were conducted virtually via Zoom video
conferencing. We began by asking the survey stakeholders about their prior experiences with
collecting and analyzing data using other survey tools, and how these compared to their experience
with Dynamic Surveys. We then asked them to elaborate on their responses to the Likert scale
statements from the post-study survey. Lastly, we explored the unique value Dynamic Surveys
offered in helping them understand participants’ insights compared to other tools.

4.4 Data Analysis

To evaluate the quality and value of the dynamic survey reports, we analyzed the accuracy of the
clusters and examined the relationship between cluster rankings and the percentage of participants
who selected "strongly agree" for the Likert question. Additionally, we used the GPT clustering
prompts applied in the Dynamic Surveys platform to explore whether follow-up responses and
ranking explanations could generate new themes from the original responses.

The interviews were recorded, transcribed, and analyzed along with the survey responses using
an inductive thematic analysis approach. The first author began by independently open-coding one
interview transcript and the first half of the post-study survey responses from the career workshop
study, developing a codebook in the process. The first author then discussed the initial codes and
codebook with another team member, making minor revisions to ensure a shared understanding
before proceeding. The two researchers then used this revised codebook to collaboratively code the
remaining transcripts and survey responses. The codes were discussed and grouped into themes,
after which the team conducted a second round of coding to refine the themes.

5 RESULTS

This section presents our study findings, supported by survey data. First, we show the survey results
collected from our field studies, along with the quantitative analysis of these results. Next, we
describe the value of the mixed-method data collected by Dynamic Surveys for survey stakeholders.
Following this, we present how Dynamic Surveys elicits deeper insights from both respondents
and stakeholders. Finally, we describe how Dynamic Surveys fosters community insights.
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5.1 Platform Data

5.1.1 Overview. In our field studies, we collected responses for two surveys, each conducted over
a one-week period. For the Career Workshop Survey, a total of 52 participants completed Dynamic
Surveys. The platform generated 6 clusters from these responses, with ranking scores ranging from
0 to 68 and an average cluster accuracy of 83.8 (on a 100-point scale) (Table 3). For the Department
Course Curriculum Survey, we received responses from 41 participants, resulting in the creation
of 9 clusters. These clusters had ranking scores ranging from 18 to 63, with an average cluster
accuracy of 92.7(Table 4).

5.1.2  Cluster quality. We evaluated cluster quality by assessing cluster accuracy, which measures
how closely responses align with the theme of each cluster (See Table 3 and Table 4). Responses
within each cluster were manually coded as follows: 1 point for a strong thematic fit, 0.5 points for
a weak fit, and 0 points for no fit. A response was considered a strong fit if it clearly aligned with
the key idea of the cluster summary, and a weak fit if it was only partially relevant or tangentially
related. For instance, in the Career Workshop Survey, “How well does course material actually
translate into the field (e.g., CS projects/lectures vs. CS job)?” was coded as 0 for the cluster “Interview
And Training Processes In Tech,” while “How to break into entry level roles. Where to find unpaid
work in tech.” was coded as 0.5. Cluster accuracy was then calculated by dividing the total assigned

25 |- (@
20
Strongly disagree
15 = Somewhat disagree
Neutral
10 - Somewhat agree
Strongly agree
5 Not applicable or unsure
0
| felt that the clusters were
clear, coherent, and distinct.
(b) ()
Total Agreement Strongly Agree Total Agreement Strongly Agree
100% 100%
75% | 75%
50% ‘ 50%
25% | 5%
0% ‘ 0%
0 20 10 60 20 30 40 50 60
Ranking Score Ranking Score
Career Workshop Survey Department Course Curriculum Survey

Fig. 4. (a) Respondents’ answers to the post-study survey question, “I felt that the clusters were clear, coherent,
and distinct” (b) The diagram shows the relationship between each cluster’s ranking score the percentage
of participants who selected “agree” (which includes ’somewhat agree’ and "strongly agree”) as well as the
percentage who specifically selected "strongly agree” in the Career Workshop Survey. (c) The diagram shows
the relationship between each cluster’s ranking score the percentage of participants who selected “agree”
(which includes ’somewhat agree’ and “strongly agree”) as well as the percentage who specifically selected
strongly agree” in the Department Course Curriculum Survey.
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Table 3. The clustering results of the Career Workshop Survey.

Ranking | Cluster Title Ranking | Cluster Number | Total
score Accuracy | of Agreement
responses

1 Interview And Training 68 83.3 9 100%
Processes In Tech

2 Qualities Of Top Tech 57 93.7 24 93%
Students

3 Strategies For Effective Self | 51 86.0 25 97%
Presentation

4 Career Pathways And 38 90.0 5 94%
Transitions In Tech

5 Work Environment And 13 100.0 1 88%
Culture In Tech Companies

6 Intersection Of Policy And | 0 50.0 2 67%
Technology

Table 4. The clustering results of the Department Course Curriculum Survey.

Ranking | Cluster Title Ranking | Cluster Number | Total
Score Accuracy | of Agreement
responses

1 Lack Of Career Preparation | 63 90.0 10 85%
Resources In Curriculum

2 Need For Job Market 59 95.0 20 83%
Alignment In Courses

3 Need For Skills Leveling In | 55 85.7 7 45%
Introductory Courses

4 Lack Of Interdisciplinary | 55 80.0 5 42%
Course Offerings

5 Lack Of Prerequisite 48 100.0 2 27%
Knowledge In Courses

6 Absence Of Required 36 100.0 1 64%
Networking Courses

7 Difficulty Progression In 36 100.0 7 46%
Programming Courses

8 Concerns About Discrimina- | 25 100.0 2 67%
tion And Bias In Curriculum

9 Unreasonable Course 18 83.3 3 27%
Workloads

points by the maximum possible points, resulting in a score on a 0-100 scale. Coding was performed
by multiple members of the research team, who independently coded responses and then discussed
differences to reach consensus. Across the two surveys, clusters reached an average accuracy of 88.9.
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Additionally, according to our post-study survey results, 70.8% of participants found the clusters to
be clear, coherent, and distinct (Figure 4 (a)).

5.1.3  Ratings and rankings. To assess the value of the rating and ranking results in each survey
report, we compared each cluster’s ranking score with the proportion of participants who agreed
with each cluster, including those who selected "somewhat agree" and "strongly agree" on the Likert
scale (Figure 4 (b) and (c)). In the Career Workshop Survey, we observed a positive correlation
between ranking scores and agreement proportions, suggesting that participants’ top-ranked topics
aligned with their perceived importance. In the Department Course Curriculum Survey, alignment
was observed in the top half of clusters but not in the lower-ranked ones. This difference is likely
due to the later formation of several clusters in the lower half, which meant fewer participants
rated and ranked them, potentially introducing bias.

5.1.4  Follow-up responses. To understand whether responses to follow-up questions could provide
new insights into the original questions, we applied the same clustering method to the follow-up
responses in both surveys. We found that these follow-up responses revealed additional themes
related to the survey topics in both surveys.

In the Career Workshop Survey, the newly identified clusters included:

e Perception of Competitive Job Market: Perception of Competitive Job Market: Focuses
on feelings of being outmatched by peers in a crowded and competitive job market.

e Truthfulness in Resume Submissions for Tech Jobs: Focuses on honesty and accuracy
in resume submissions, specifically regarding applicants’ experience and qualifications in the
tech industry.

In the Department Course Curriculum Survey, the newly identified clusters are the following:

e Mentorship And Research Guidance Improvement: Mentorship enhances student sup-
port and pathways for engaging in research.

e Enhancement Of Problem-Solving And Collaboration Skills: Emphasizes developing
problem-solving and teamwork abilities through experiential learning,.

To further assess the depth provided by follow-up responses compared to their corresponding
original responses, we conducted qualitative analysis on the survey results. We found that follow-up
responses often added three types of deeper information or insights: (1) further explanations, (2)
concrete examples, and (3) suggestions for improvements. Below are examples illustrating each
category:

e Further explanations

— Original: “CSE X is way harder than Y.

— Follow-up: “Compared to Y, CSE X often requires students to work more closely with
hardware, understanding memory management, pointers, and how the operating system
interacts with programs. The complexity of these low-level languages can be tough for
students more familiar with higher-level languages like Python or Java”

e Concrete examples

- Original: “We have some good courses that match the skills of today’s CS industry, but
some courses are outdated. We need more courses matching the industry”

— Follow-up: “Al and NLP courses are outdated. We should add topics like ChatGPT and other
current established Al models, or topics on creating our own chatbots”

e Suggestions for improvements

— Original: “Some courses have an unreasonable workload. .. making it difficult for students

to balance their academic and personal lives... It would be beneficial to adjust the course
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structure, set appropriate prerequisites, and balance the workload to improve the overall
learning experience”

— Follow-up: “Adjust core requirements for CS students: Removing non-essential components,
like electrical engineering in required classes (e.g., CSE X) for most computer science
students, could reduce unnecessary workload.”

5.2 Dynamic Surveys Offer Valuable Quantified Qualitative Insights

All four survey stakeholders we interviewed recognized the value of the results displayed in the
survey report. They noted that, in many scenarios, Dynamic Surveys could provide survey creators
with richer insights than traditional survey tools. As one stakeholder shared,

“T think especially in a classroom setting or for more academic-style questions, this is
probably a far better tool than anything I've seen for gaining a fuller picture of what
everyone’s thinking.” (I1)

5.2.1 Survey stakeholders found the cluster-based results valuable to them. Survey stakeholders
noted that Dynamic Surveys offered “a way of taking open-ended qualitative survey data and
imposing some mathematical or quantifiable analysis on it.” (14). They liked how the platform
provided them with “clear” (I13) and “more quantifiable and structured data” (I1). They appreciated
the cluster-based presentation of data, describing the survey report as “clean-looking and readable”
(I2) and highlighting the usefulness of “a good summary section that ... I could look into quickly
and be able to see what was going on” (I1). Participants found value in the rankings and ratings
provided for each cluster, which enabled them to “quickly go through, read the summary, and know
what’s top of mind” (I11). Additionally, the opinion distribution within each cluster “provides a very
unique presentation of data” (12), rather than “just yes or no or something very simple like that” (11).
Respondents also found the report layout effective, as one participant said, “The structure of the
report, I think, is really excellent... it helps you to understand, you know, what’s coming... and then it
goes into a deeper dive into each, so that the structure is great” (14).

5.2.2  Clusters generated by GPT provided meaningful insights but with certain limits for survey
stakeholders. All survey stakeholders indicated that GPT’s generated clusters exceeded their expec-
tations, though some noted there was still room for improvement. 14 highlighted GPT’s ability to
provide more “objective” analysis results, as she said, “Tt takes the emotion out, it takes the personal
perspective out, which I think is really important.” (14). She further explained, --If 'm the person [who
codes the data]... I might be in the back of my mind making excuses for the things that people com-
plained about... GPT doesn’t care. It’s not going to get its feelings hurt or feel defensive or angry about
this.” (14) Additionally, I3, with extensive expertise in qualitative research, was initially skeptical
about using GPT for data collection and analysis. However, after viewing the survey report, she
said, ‘T really appreciate it’s making me appreciate GPT.. like we’re still even beginning to understand
how GPT can help make our jobs richer and better, like this” (I3). She also pointed out the limitations
of the cluster-based results provided by Dynamic Surveys, suggesting that “understanding how these
things are related to each other” (I3) could provide valuable information in addition to the cluster
rankings. Similarly, 12 noted that a few clusters still lacked sufficient distinction for her purposes.

5.2.3 Dynamic Surveys provided a more efficient way of data collection for non-expert survey
creators. Dynamic Surveys makes data collection and insight extraction more accessible for survey
stakeholders with limited data analysis experience by offering structured reports. For instance,
I1, who is not an experienced qualitative researcher, compared Dynamic Surveys to a few other
survey tools she had used, noting that those tools provided only basic analytical features, such as
“counting keywords that everyone has used” (I11), and were “a little bit clunky” (I11) to use. Another
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stakeholder, 14, with limited experience in qualitative research in HCI, noted that she “could get good
at it (Dynamic Surveys), and create really useful surveys in 20 minutes... that’s amazing” (14). She also
expressed interest in using Dynamic Surveys to “put together a survey based on that workshop for the
participants next week” (I4). For experienced qualitative researchers like 12 and I3, Dynamic Surveys
was also seen as a “powerful” (I3) tool for “people who aren’t trained in analyzing data...because they
don’t maybe know where to start.” (12)

5.3 Dynamic Surveys Enable Respondents to Share Deeper Insights

Alongside providing valuable quantified qualitative data, both respondents and survey stakeholders
found that Dynamic Surveys effectively elicited in-depth insights. I3 noted, “you’re getting the
richness of an interview or a focus group interview... It’s somewhere in between an interview and a
survey” (I3). Similarly, one respondent said,

“It allowed me to provide more nuanced responses rather than just sticking to multiple-
choice questions. The option to expand on my thoughts added value to the feedback I could
give” (P16)

5.3.1 Follow-Up questions encourage more thoughtful responses. Participants liked the follow-up
question feature, as “it can help the creators understand my line of thinking more” (P28) (Figure 5
(a) and (c)). In contrast to the more general questions in other survey tools, many respondents
felt that Dynamic Surveys offered more tailored and “specific” follow-up questions, which enabled
them to “better describe my thoughts and opinions regarding the topics” (P29). This “personalized”
experience was a key reason for their preference for Dynamic Surveys.
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more about my views and rank, and react to others' Strongly disagree
experiences in follow-up questions. responses. )
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(c) (d) Somewhat agree
20 —
Strongly agree
15 Not applicable or unsure
10 —
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greater depth than other feedback some of the responses of others.
surveys.

Fig. 5. (a) Respondents’ answers to the post-study survey question, “I appreciated being asked to share more
about my views and experiences in follow-up questions.” (b) | appreciated being able to rate, rank, and react
to others’ responses.” (c) Respondents’ answers to the post-study survey question, “I shared thoughts and
opinions in a greater depth than other feedback surveys” (d) Respondents’ answers to the post-study survey
question, “I gained new perspectives from some of the responses of others.”
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In addition, survey stakeholders also found value in the follow-up questions, noting that “the
follow-up response is a much richer response than the first [response to the original question]” (13) and
that “this element of feedback can be very motivating” (12) for respondents. Additionally, respondents
also saw potential benefits in using Dynamic Surveys as survey creators themselves, as one said,

“For the class I'm TAing, which focuses on developing games in Twine, I gathered feedback
from students on what aspects of Twine they want to explore further. The responses I
received varied—some were quite specific, while others were broad. I think this tool could
help me follow up with those who provided more general ideas.” (P27)

5.3.2  Comparing rankings with others promotes self-reflection. Respondents appreciated the chance
to compare their rankings with others, encouraging reflection on their views relative to broader
trends (Figure 6 (b) and (d)). One participant noted that ‘It was interesting to see how my values
align with the peers in my group and how they do not. It makes me reconsider the options and evaluate
my values on a deeper level.” (P8) Respondents felt this comparison feature made Dynamic Surveys
“not just about me clicking and submitting; it actually makes me reflect on my responses.” (P8) and
even “prompted me to think more critically about my responses” (P5).

5.3.3  While Dynamic Surveys offer in-depth insights, they lack the depth of other qualitative methods.
Both 12 and I3, experienced qualitative researchers, viewed Dynamic Surveys as “unique and helpful”
(I2), yet still noted that it “lacks certain interactive depth compared to qualitative interviews” (12). I3
found value in the feature that allows respondents to compare rankings and provide explanations,
as it mirrors her focus group experience, where “people will say something, and it’ll give somebody
else an idea, and so it will lead to sort of a richer conversation.” (13). However, she also mentioned that
she prefers to “phrase questions in a way that encourages storytelling rather than asking respondents
to condense their whole experience” (13) to “get richer data.” (I3) She pointed out that Dynamic
Surveys offer limited opportunities for this kind of interaction, which is why she often prefers
other methods over surveys, as she has found herself “not happy with self-report data.” (13) Similarly,
while 12 appreciated that surveys “are good in a way because respondents might not get as defensive
as in interviews” (12), she noted that in interviews, “there’s something about being face-to-face or
in-depth that encourages participants to share more” (12).

5.4 Dynamic Surveys Increase Engagement and Foster a Sense of Community

One distinctive feature of Dynamic Surveys, compared to other survey tools, is that participants can
view others’ responses anonymously. Our findings show that participants found this experience
both novel and engaging, which enhanced their sense of involvement.

5.4.1 Follow-up questions and the ranking system make respondents feel engaged and involved. The
personalized open-ended questions and the ability to view others’ responses made participants feel
more engaged with Dynamic Surveys. Several participants mentioned that the tailored follow-up
questions “made me feel like the survey was listening to me” (P10). Participants also appreciated how
Dynamic Surveys presented others’ answers, as one said, ‘T liked it a lot, especially the feedback
since I don’t typically engage with the results of surveys I take” (P18). Others echoed this sentiment
and found it “interesting to see how my values align with the peers in my group and how they do not.”
(P8) They felt that “seeing how others interpret the same things makes me feel more involved” (P2)
and valued the chance “to rate and react to others’ responses for deeper engagement and gaining new
perspectives” (P44).

5.4.2  Dynamic surveys fostered community connection and collaborative engagement through shared
responses. Participants “liked being able to see and rank other people’s ideas, because I found ideas
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that I really resonated with” (P25), and it “assured me I share similar concerns with others and allowed
me to know what others are thinking” (P14) (Figure 6 (a)). Additionally, some felt more connected
to others in the community, as one noted, “Being able to see other people’s responses in an organized
format makes me feel closer to the needs and feelings of my peers” (P33). Rather than simply answering
questions individually, participants felt Dynamic Surveys provided “a really great way to share how
others within the community feel about these different topics” (P22) and “made me reflect on how
my views contributed to the overall results” (P8). Importantly, Dynamic Surveys made respondents
feel “collaborative” by allowing them to “give my opinion on other people’s responses... and mix the
responses together into a more cohesive answer to the overall question” (P13).

5.4.3 While people feel engaged, some found the survey too long. While respondents liked the
personalized experience of Dynamic Surveys, a few found the surveys lengthy (Figure 6 (b)). One
major factor was the increase in clusters, which led to feeling overwhelmed by the rating and
ranking tasks, particularly when there were “10+ options to rank amongst” (P44). One noted, “As
much as I liked the clusters, I did feel like there might be some overload on the eyes” (P3). Additionally,
the number of questions felt burdensome for some, making it harder for them to stay motivated to
complete the survey, as one explained, T felt like there were a lot of open-ended questions, which
made the process a bit tiring” (P12). One participant mentioned that they initially expected to answer
only the original open-ended question but then realized that “more questions were added as I was
completing it so it felt a bit frustrating” (P8).

6 DISCUSSION

Our findings revealed that Dynamic Surveys provided valuable quantitative insights for survey
creators, prompted deeper responses, and fostered connections within the community. We also
reported the limitations found by participants in using Dynamic Surveys. In this section, we explore
potential improvements for data accuracy in Dynamic Surveys and suggest two design directions:
centering LLM-powered personalization in survey design and developing community-based surveys
to encourage collaboration among respondents.

6.1 Advancing Personalized Mixed-Method Survey Design through LLMs

This study shows that personalized survey design enhances respondent engagement and encourages
deeper insights, helping survey creators better understand respondents’ perspectives and reasoning
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Fig. 6. (a) Respondents’ answers to the post-study survey question, “I resonated with many of the responses
of others” (b) Respondents’ answers to the post-study survey question, “I felt that the survey was too long”
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(Section 5.3 and Section 5.4). By leveraging the advanced language-processing capabilities of
LLMs, it enables survey to provide more adaptive and smart questions that can adjust dynamically
to capture subtle nuances in participants’ responses. This personalization supports a more efficient
and insightful data collection process.

Personalized questions centered on individual responses enable researchers to gain deeper
insights. In this study, follow-up questions were generated based on single responses, but future
designs could consider questions that draw connections across multiple responses from a participant,
approaching a level of comprehension similar to that of a human qualitative researcher.

Moreover, LLM-based questions have the potential to expand the diversity of insights by drawing
in a broader range of perspectives from respondents, as seen in Dynamic Surveys, where respondents
interact with others’ rankings. By designing personalized matching mechanisms, LLMs could tailor
questions by pairing respondents with specific themes or perspectives based on their previous
opinions, encouraging them to contribute diverse viewpoints to enrich data themes.

That is to say, personalized survey design could not only offer tailored questions for respondents
but also address the varied needs of survey creators. For instance, survey stakeholders in this study,
such as I3, valued descriptive, story-driven responses. In such cases, follow-up questions could
focus on eliciting more detailed personal experiences. In contrast, surveys intended for online
deliberation might emphasize collective consensus and divergence on the survey topic, exploring
potential connections within group responses.

In addition, future LLM-driven survey designs could also enhance the personalization experience
through multidimensional data. While some research has explored data-driven survey designs,
these surveys typically rely on raw, unprocessed data. Given LLMs’ ability to interpret data, they
could be applied to various data types beyond text and support diverse analytical techniques,
such as sentiment analysis for voice data, to create a more comprehensive survey experience. For
instance, in mental health research, follow-up questions could be adapted based on respondents’
contextual and emotional cues to gather more valuable data.

Our findings identify a key challenge in balancing question depth with respondent burden.
Personalized follow-up questions can increase survey length, potentially overwhelming respondents
and affecting response rates and data quality. Prior work has shown that the framing of survey
instructions can influence participants’ perceived burden [72]. Building on this, future designs could
explore how LLMs might tailor the wording of follow-up questions not only to elicit deeper insights
but also to reinforce the value of participants’ contributions, which may enhance engagement
and reduce fatigue. In addition, as the number of clusters increases during the rating phase of
Dynamic Surveys (Section 5.4.3), the repetitive format of the questions might lead to respondent
fatigue or disengagement [6]. Future iterations could explore presenting clusters in smaller sets or
across multiple pages to sustain attention and reduce cognitive load. Moreover, LLMs could serve
as facilitators in surveys, interpreting real-time feedback to monitor engagement levels. When
indicators of respondent strain, such as shorter or repetitive answers, are detected, LLMs could
dynamically adjust by simplifying subsequent questions or moderating depth, helping to sustain
respondents’ attention and maintain data quality.

Finally, the use of LLMs in survey workflows raises important ethical considerations. Because
responses are transmitted to third-party APIs for processing, researchers must consider risks
related to data privacy and external data handling. While our study focused on minimal-risk topics,
surveys involving sensitive information demand greater transparency about how data is used and
stored, and stronger safeguards to ensure informed consent. Additionally, while LLMs can support
personalized and adaptive survey experiences at scale, their outputs may still reflect biases or miss
contextual nuances in participants’ input. In such settings, human oversight remains essential to
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ensure that generated clusters and follow-up questions are appropriate, meaningful, and aligned
with research goals.

6.2 Designing Collaborative Surveys for Reflection and Collective Expression

While common survey tools don’t support respondents in viewing survey results, our study sug-
gests that offering respondents the opportunity to see and engage with others’ responses could
benefit both individuals and the community. It not only prompts personal reflection on the survey
topic (Section 5.3.2) but also fosters community-centered connection (Section 5.4.2), allowing
respondents to build on each other’s perspectives and develop shared insights. Such interaction can
enrich the collected data, providing survey creators with more nuanced and meaningful insights.

Collaborative surveys are not a novel concept in the literature. They have been explored for a
long time in participatory democracy, where surveys are used to support collective decision-making
to more accurately reflect the community’s needs. Our work is inspired by this research and, as
mentioned earlier, by Wikisurveys [61], which highlights a unique aspect of collaborative surveys
where each respondent contributes not as an isolated feedback provider but adds value to the
community’s shared understanding by building on others’ opinions. Extending this concept to
broader survey contexts could enable survey creators to gather continuously evolving datasets
that reflect diverse perspectives solely from the respondents’ viewpoints, reducing the influence of
researcher bias.

Our work represented a step toward creating surveys that blend both qualitative and quantitative
data collection to support collaborative participation. Although Dynamic Surveys enables partici-
pants to express their views on ranking differences, its collaborative interactions remain limited.
Providing respondents with an additional opportunity to share insights after reviewing survey
results with detailed data may lead to more deeper insights. Future work holds great potential for
designing surveys that foster meaningful collaboration in diverse formats, perhaps by integrating
personalized mechanisms discussed in Section 6.1 to support more interactive conversations, such
as through role-based matching and multi-round information exchanges.

Finally, further research could explore how collaborative survey methods impact community
building. One potential direction could be integrating these surveys with other activities to foster a
more connected and engaged community.

While this study did not aim to evaluate consensus-building, we see promising opportunities for
future research to explore how the collaborative dynamics of Dynamic Surveys might be applied in
more deliberative contexts. In settings such as participatory budgeting, community planning, or
stakeholder engagement, researchers are often not only interested in gathering diverse perspectives
but also in understanding how differing views can be negotiated or prioritized [22, 54, 62]. Although
our current work focuses on eliciting a broad range of insights rather than fostering agreement,
future adaptations of this approach may support processes where interaction among participants
contributes to shared understanding or collective decision-making. In particular, community-based
research often requires both the collection of input and the facilitation of meaningful dialogue [49,
52]. Designing survey tools that integrate these functions could help surface points of convergence
and divergence in a way that supports both reflection and collective sense-making. Exploring
this intersection represents a promising direction for extending the methodological potential of
Dynamic Surveys.

6.3 Designing User Interfaces to Support Interpretation and Survey Creation

In Section 5.1.3 we noted that the sequence in which clusters are generated and the number
of participants rating and ranking each cluster may affect the accuracy of the quantitative data.
If participants are presented with clusters created at different times, it may also influence their
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ratings and rankings, potentially resulting in noticeable discrepancies between later respondents’
responses and earlier cumulative results. However, survey creators might lack the abilities to assess
the reliability of these quantitative data. As a result, user interfaces that support data monitoring
and quality control are needed. A possible design solution is to include a dashboard within the
survey report that offers real-time statistics on cluster ratings, such as standard deviations to show
how much ratings have converged, helping creators estimate the additional responses needed for
more reliable data. Additionally, future work could focus on refining clustering methods to further
improve the accuracy of quantitative results.

In addition to improving the interpretability of cluster-based results, future research could explore
ways to support survey creators—especially those without technical backgrounds—in anticipating
how their inputs may influence the downstream interaction. While the survey creation process
is intentionally lightweight, requiring only a single open-ended question, some users may find it
difficult to envision how participants will engage with the system or how their prompt may shape
the flow of follow-up questions. One possible direction is to develop interfaces that simulate sample
responses and show how these would be clustered and reflected back to participants. For example,
creators could preview how a prompt might lead to particular follow-up phrasing or themes, helping
them adjust their wording to better align with their intent. This type of preview-based feedback
could enhance creators’ confidence in using the system and broaden its accessibility across domains
where formal research training is uncommon.

7 LIMITATIONS

Several limitations of our study should be acknowledged. First, our survey platform currently
focuses on a single topic per survey, which may not fully meet the needs of all survey creators. On
Dynamic Surveys, each survey is designed around one original open-ended question. If we enable
survey creators to add more core questions, might significantly increase the survey’s length and
reduce response rates. Although it limits the diversity of topics covered in Dynamic Surveys, it can
still be used in various contexts to collect data, such as classroom feedback, collective decision-
making, and crowdsourcing ideas. Future work could explore varied survey formats to address a
broader range of creator needs. Second, our study was conducted in two contexts, on a campus
within a narrow demographic group, and with a limited number of survey stakeholders, which
also constrained the number and diversity of survey stakeholders we were able to recruit. While
the stakeholders we interviewed had different qualitative research backgrounds, offering valuable
insights, this limited sample reflects the constraints of our study contexts rather than the full
range of potential users. Additional studies in more varied settings could further help us identify
the potential of LLM-based dynamic surveys and highlight new opportunities and challenges.
Third, our survey design might introduce certain biases. For example, asking whether clusters
are “clear, coherent, and distinct” conflates multiple dimensions, which might make participant
responses harder to interpret. Additionally, our use of agreement-based scales could be subject
to acquiescence bias, especially since respondents were evaluating a system developed by the
researchers. We acknowledge these limitations and suggest that future work explore alternative
wording and scale formats to reduce such effects.

8 CONCLUSION

In this paper, we explored the blend of qualitative and quantitative data analysis to create a dynamic
and interactive survey experience. We presented our design and development of Dynamic Surveys,
a platform that leverages LLMs for real-time clustering and allows respondents to rate, rank, and
engage with peers’ feedback. To evaluate Dynamic Surveys, we conducted two real-world studies
involving 97 participants across two settings to understand their user experience and views of the
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data presented in the survey reports. Our findings indicated that the platform provided valuable,
quantifiable qualitative data and deeper insights for survey stakeholders, while also increasing
engagement and fostering a sense of community. We concluded by discussing design implications
for creating LLM-based survey tools that integrate qualitative, quantitative and community-centered
data collection for future work.
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