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Abstract 
Personas, which represent user groups with specific needs 
and behaviors, are crucial in user experience design. High-
quality personas are based on robust user data; otherwise, 
they may cause more problems than they solve. Generative 
AI, like ChatGPT, shows potential in enhancing persona 
development by integrating diverse user data sources. 
However, its reliability is questionable due to its lack of 
human contextual understanding and real-life experience. 
This paper introduces the concept of vector personas, a 
method that combines AI with traditional qualitative 
techniques to develop user personas. Our UX team tested 
our approach by comparing personas created through 
traditional methods with those personas generated using AI. 
We employed a structured comparison and triangulated data 
from user feedback. Our study highlights the benefits and 
limitations of using AI in persona development. Although AI 
can enhance efficiency and offer new insights, it cannot 
replace the depth of understanding provided by real-life 
user-driven research. The vector persona process optimizes 
persona development by balancing time investment and 
information quality through integrating AI outputs with 
human insights to create comprehensive and accurate user 
representations. 
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Introduction 
Personas are carefully crafted representations of user groups that UX professionals design to 
help visualize the users as real individuals with unique needs, preferences, goals, skills, and 
contexts of use (Blomquist & Arvola, 2002; Matthews et al., 2012; Nielsen, 2013; Pruitt & 
Grudin, 2003). The effectiveness of personas depends on reliable user data; poorly researched 
or assumption-based personas can exacerbate issues instead of solving them (Brumberger & 
Lauer, 2020).  

Generative artificial intelligence (AI) tools like OpenAI™ ChatGPT, Anthropic® Claude™, and 
Google® Gemini™ offer potential for improving persona creation by leveraging user data from a 
broader range of sources, such as the internet and social media. However, their reliability as 
accurate data sources remains uncertain (Walters & Wilder, 2023) because generative AI lacks 
the ability to fully understand context or provide authentic examples of human experiences.  

This paper introduces the concept of vector personas as both a methodology and an end 
product of integrating ChatGPT and other large language models into the persona development 
process. This methodology draws inspiration from the vector databases underlying GPT 
technology, which emphasizes a staged approach to leveraging the strengths of both AI and 
traditional qualitative approaches into persona development. Our UX team designed the vector 
persona process to create more holistic representations of users by combining the extensive 
knowledge base of GPT (Nißen et al., 2022) with human insights, contexts, constraints, and 
priorities. 

This paper discusses the results of our empirical study, in which we: 

• interviewed members of two target audiences and developed two personas based on 
those interviews, 

• replicated those human interviews by querying generative AI systems with the same 
questions and built a second set of personas based on the AI interviews,  

• triangulated our assessment of the quality of the interview responses by asking 
members of our target audiences to assess the authenticity of both the human-
informed and AI-informed personas (without revealing that either had been built using 
AI-supplied data), and 

• integrated the target audience feedback with both the human-informed and AI-based 
personas to develop our final vector personas that capitalized on the strengths of each. 

Throughout this paper, we present the key elements of our vector persona development 
process, provide examples of vector personas as end products, and provide empirical evidence 
highlighting the benefits and limitations of using AI to augment traditional persona 
development. 

Literature Review 
As researchers have investigated the role of AI in research processes (Hedquist et al., 2024; 
Morgan, 2023; Stige et al., 2024), AI-informed personas have become a promising 
methodological innovation. AI can support persona development by integrating vast amounts of 
data, such as social media activity, online behavior, academic studies, polling data, and 
demographic details (Hariri, 2023; De Paoli, 2023). For example, Hariri highlighted that 
leveraging generative AI in persona development can improve efficiency and scalability by 
automating the creation of descriptive attributes and profile information. Although current 
research has focused on how AI can support thematic analysis, qualitative analysis, and so forth 
(Christou et al., 2024; Nguyen-Trung, 2025), persona development has been another 
underexplored area of qualitative research wherein AI can be leveraged. Ideally, this approach 
would minimize the need for labor-intensive qualitative research while providing valuable 
insights into the target consumer demographic (Hariri, 2023). 

However, the complete replacement of researcher-generated personas with fully artificial 
counterparts has posed its own drawbacks (Chapman & Milham, 2006). AI systems such as 
ChatGPT were designed to generate replies that closely mimic human-like behavior (Godesky, 
2023), but it has become crucial to recognize that these systems are inherently non-human 
entities and have limited ability (Salminen et al., 2020) to convey real-life examples of human 
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experiences and behaviors. The particular behaviors and experiences of target users are central 
to effective persona development. 

Illustrating these limits further, an exploratory study (Goel et al., 2023) found that human-
computer interaction students scored their AI-generated personas lower than their interview-
derived personas based on categories such as consistency, completeness, willingness to use, 
credibility, clarity, empathy, and memorability (Canossa & Drachen, 2009). However, the 
researchers did identify five ways in which GPT-3™ helped students develop personas, including 
elaboration, increased realism, increased creativity, increased coherency, and stimulation.  

While Goel et al.’s (2023) study was limited to a small number of students scoring their own 
personas, our study extends Goel’s findings by attempting to achieve an integrated process that 
triangulates between interviews, AI, and researcher scoring that can be applied across multiple 
types of personas. Specifically, in our study, we examined two categories of personas: simpler 
personas, that is, personas with high levels of agreement across interviews and high feature 
consistency across real-life (RL) subjects; and more complex personas, which have much higher 
variability and complexity across interviews and subjects. Bifurcated, the personas helped us 
assess where in the process we can leverage AI versus where more human input is necessary. 
Although Goel et al.’s categories are useful, we found that we were able to develop a vector 
persona process that prioritizes achieving an optimal balance of time investment and quality of 
information. We qualitatively assessed the interviews of RL versus AI respondents in addition to 
collecting qualitative feedback on personas we developed from subject-matter experts who 
were included in the target user group categories.  

Methods 
Vector personas represent a process and an end product that achieves an optimal balance 
between AI and human-generated research, time, and information quality. To assess how to 
achieve this balance, we designed a study in which we compared personas developed from 
interviews with seven real-life users, who represented two target user types, with personas 
developed from interviews with AI chatbots that were asked the same questions (De Winter et 
al., 2023). We focused on two specific user types for this study because one represented a high 
level of feature agreement across users, whereas the other represented a high level of feature 
variability and complexity across users. We focused on these user types to demonstrate what 
UX practitioners should pay particular attention to during the vector persona process, 
depending on the kinds of users they are working with.  

Project Background 
This study originated from a project aimed at evaluating the effectiveness of a Colorado River 
water forecasting tool. This tool allowed stakeholders to explore data visualizations depicting 
potential changes in Colorado River water levels under nine different future scenarios. The 
primary user group for the tool included water professionals and policymakers responsible for 
shaping water policies in Arizona. The secondary user group included professionals such as 
realtors and journalists, who communicated the implications of water availability data to the 
public. 

User Interviews and Development of Initial Personas 
As part of our research, we interviewed four municipal water managers for our primary user 
group, who would be able to use the tool to recommend various courses of action to their city 
councils and other government agencies. And, we interviewed three realtors for our secondary 
user group, who would be able to use the tool to stay informed about water availability trends, 
which they could communicate to their clients, many of whom were moving to Arizona for the 
first time. 

To prepare for our interviews, we developed lists of questions to assess users’ interest in the 
scenarios that the tool provided, the likelihood that they would use the tool, and the extent to 
which they would find its predictive models trustworthy. After interviewing our primary and 
secondary users, we analyzed their user transcripts and developed several personas that we 
presented to the tool developers (Figure 1). 
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Figure 1. Realtor and water manager personas developed after interviews with human realtors 
and water managers. 

 

AI Interviews 
Just before we commenced our UX research for this tool, OpenAI released ChatGPT-3.5. 
Because the UX development of our tool continued throughout 2024, we decided to check if we 
could generate the same level of useful responses to our original interview questions from 
ChatGPT as we did from our human interview respondents. As expected, our interviews with 
three human realtors yielded consensus across many responses in a way that made persona 
development easier. However, our experience interviewing human water managers yielded 
much more varied responses because of their differing experiences with city size, water supply, 
and the water department structure in which each worked. For the realtor persona, we wanted 
to check what responses ChatGPT would provide to our interview questions and whether those 
responses would prove as consistent as those we collected from the three human realtors we 
spoke with. For the water manager persona, we wanted to see if ChatGPT could be used to 
augment our original interviews to provide additional context-specific responses representing 
water managers from more regions around the state.  

We decided to interact with GPT as though we were researchers who did not have the time nor 
resources to talk to actual users and thus would rely on GPT to provide the bulk of our 
perspective about user habits, priorities, and values. We queried both OpenAI ChatGPT and 
Anthropic Claude using the original list of interview questions we had developed. We asked each 
bot to respond to our questions as though it were one of our users. For instance, we would 
query, “Imagine you are answering as a water manager from [name of city], Arizona […],” and 
we would then ask one of the questions, which were typically about where they got their data 
about water, how they made decisions at the municipal level about water policy, and what tools 
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they currently used. For the realtor we would query, “Imagine you are a realtor from [name of 
city], Arizona […],” and then we asked questions about what they knew about water and 
drought in the state, where they currently got their information, what their clients asked them 
about water, what websites they used to find information, and so on. We included a job title 
and geographical location to see the extent to which GPT modified its response if the geographic 
location changed. We asked about several different locations around the state that we knew 
would typically engender different responses. This was especially important for the water 
manager interviews because of how much variation there can be between where municipalities 
get their water and how drought affects how they manage it. During our initial exploration, 
through this process, we found that there were no discernible differences in length, subject 
matter, or the overall quality of the feedback provided by Claude versus GPT. Thus, we decided 
to continue with GPT only due to our familiarity with the software from prior projects. 

In our study, one author oversaw the water manager interviews, and one author oversaw the 
realtor interviews. As we queried GPT, we asked follow-up questions for more context or 
specificity. For instance, we might have asked, “Can you be more specific about [...]” or “Can 
you tell me more about [...].” We also asked follow-up questions to help us prioritize the topics 
or information GPT provided because GPT tended to blanket us with long-form responses. Table 
1 shows examples of our queries to human subjects and GPT. 

Table 1: Realtor Interview Questions and AI Realtor Follow-up Questions 

Realtor Interview Questions AI Realtor Follow-up Questions 

What do you know about the Colorado River 
Crisis in Arizona? 

Can you be more specific? 

Where do you typically find information about 
water in Arizona? 

Provide more specific examples. 

Do your clients ask you about the water 
shortage? What specifically do they ask you? 

What is the most frequent concern you get asked 
from your clients about water? 

What do you tell them? What is your biggest concern about water and how 
does it affect your job? [these last two were our 
attempt to see if GPT could prioritize] 

Is the water situation affecting property 
values? 

 

* Both human and AI realtors were asked the same realtor interview questions. To clarify AI 
responses, we asked AI realtors the AI realtor follow-up questions as well. Questions and follow-ups 
are both listed in the table. 
 
After interviewing our AI realtor and AI water manager, we analyzed their user transcripts and 
developed corresponding personas (Figure 2). We asked GPT to respond to questions as if it 
was a realtor and a water manager in Arizona. 
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Figure 2. Realtor and water manager personas developed after interviews with OpenAI 
ChatGPT. 

AI Personas and Subject-Matter Expert Evaluation 
To validate our representations of our users, we provided both the interview-based personas 
and the AI-based personas to at least two members of each user group (other human realtors 
or other human water managers/professionals). We asked them to evaluate each persona using 
the following instructions. 

In the context of making sure developers design as effective and user-friendly a 
water forecasting tool as possible: 

1. What elements about each persona do you think are accurate? 
Inaccurate? Helpful? Unhelpful?  

2. What might you add, remove, or change?  

3. If you had to score each persona on a scale of 1-10, what score would 
you give and why? 

4. Any additional comments? 

Concurrently, each member of the research team recorded their descriptive impressions of all 
responses provided by both human participants and AI output. We met as a team to discuss 
and summarize those impressions.  

After our own analysis of each interview, and after collecting feedback from subject-matter 
experts (SMEs), we revised both the human-informed and AI-informed personas into their final 
vector personas. By working with SMEs, we uncovered any potential inaccuracies or 
hallucinations, which is a frequently cited concern when working with AI tools (Bender et al., 
2021; Omizo, 2024; Sun et al., 2024). 
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Results 
Research Team Analysis of Human and AI Interviews 
The research team unanimously agreed on the following summary characterizations of both 
human and AI interview output. First, we agreed that the human responses, with all their 
meandering tangents and highly localized examples, simply felt more real than what we got 
from GPT, which felt more like idealized responses that one might find in a textbook. More 
significantly, our experiences across both water manager and realtor categories of responses 
showed that the more that the human responses varied from one another, the less GPT was 
able to capture that variability. For example, our human water managers from highly variable 
regions responded much differently from each other about many conditions specific to their 
regions. Conversely, because the human realtor interviewees provided responses that were 
more in agreement with each other, the lack of variation was not as noticeable between the 
human and GPT responses. 

Our team also observed that human respondents often use more specialized (and often more 
tangential) examples to explain their initial response to a question. When asked a question they 
did not seem to be able to answer easily, our human respondents often relied on anecdotes and 
name-dropping to bolster their credibility and demonstrate their expertise. 

Alternately, GPT always had an excessively comprehensive answer, and it often resorted to 
providing what seemed like all the possible answers that might be true for a given question. But 
GPT didn’t provide specific examples to illustrate anything in particular, nor a prioritization of 
which parts of the answer were most important. There were several other examples of how GPT 
fell short of the kinds of contextualized insight our human respondents provided, including the 
following: 

• For realtors, the GPT persona misrepresented an average realtor’s insight into the 
water and drought situation in Arizona. The persona suggested that realtors were well-
versed in the Colorado River shortage. However, the realtors we interviewed did not 
feel knowledgeable about the situation. GPT responses produced an idealistic 
representation of a realtor with ample time to educate themselves on water. We know 
from our interactions with human realtors that their time for reading and researching is 
limited because time is monopolized by communication with clients and colleagues. This 
communication is typically not water-related. 

• For both water managers and realtors, GPT claims knowledge of a comprehensive and 
broad set of resources, but the reality in real life is quite different. Realtors attested to 
getting their information about water from a single annual meeting and were otherwise 
left to follow developments for themselves as they were reported in popular news 
outlets. Water managers spoke of how their municipalities are understaffed and that 
they rely on their peers in the industry to provide them with information to inform 
decisions related to water policy. One water manager explained this: 
“[…] We have a limited staff, and we have expertise in certain areas and less so 
in other areas; so, we try to lean on our peers, particularly through the Arizona 
Municipal Water Users Association. If somebody has expertise in groundwater 
modeling, maybe they help us out, if we have expertise in Colorado River 
understanding, we might help them out, and so we exchange information that 
way. Internally, we have a number of, you know, tools—they are spreadsheets. 
We have many spreadsheets that compile historical information, then we do 
some pretty rudimentary projections.” 

In contrast to this, ChatGPT makes its water management team sound like a powerhouse of 
perfect planning and execution. GPT’s response confidently stated this:  

“Our team employs a collaborative and data-driven approach to plan and make 
decisions related to water policy. Here’s how our process typically works: 

Data Collection and Analysis: We gather relevant data on water availability, 
usage, infrastructure, regulations, and environmental factors from various 
sources, including government agencies, utilities, research institutions, and 
stakeholders. This data is then analyzed to assess the current state of our water 
resources and identify key challenges, trends, and opportunities.  
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Stakeholder Engagement: We engage with a wide range of stakeholders, 
including city officials, water utilities, community organizations, businesses, 
residents, and experts, to gather input, feedback, and perspectives on water-
related issues and policies. Stakeholder input helps us understand diverse 
viewpoints, priorities, and concerns, and [it] ensures that our decisions are 
informed by community needs and values.  

Policy Development: Based on data analysis and stakeholder input, our team 
develops water policies, strategies, and action plans aimed at addressing key 
challenges, promoting water conservation, enhancing water quality, and 
ensuring the sustainable management of our water resources. Policy 
development may involve conducting research, benchmarking best practices, 
evaluating policy options, and drafting policy documents.  

Decision Making: Our team engages in collaborative decision-making processes 
to review and prioritize water policy proposals, assess their potential impacts, 
benefits, and trade-offs, and make informed decisions based on available 
evidence, analysis, and stakeholder input. Decisions may be made through 
formal meetings, workshops, public hearings, or consultations with relevant 
stakeholders and decision-makers.  

Implementation and Monitoring: Once water policies are adopted, our team 
oversees their implementation, working closely with city departments, agencies, 
and partners to ensure effective execution and compliance. We also establish 
monitoring and evaluation mechanisms to track progress, measure outcomes, 
and adjust policies as needed based on feedback, performance data, and 
changing circumstances.  

By following this comprehensive approach, our team strives to develop and 
implement water policies that are evidence-based, inclusive, and responsive to 
the needs and priorities of our community, while promoting the long-term 
sustainability and resilience of [our] water resources.”  

This response might be something someone prepares for a job interview, but it doesn’t reflect 
real-life reality. The number one theme that water managers expressed when talking about the 
future was uncertainty: They were uncertain about how much water there will be and how it will 
be allocated. Because the seven states, tribal communities, and Mexico are currently 
negotiating a deal to reallocate the Colorado River, there will be no certainty until that deal is 
finished, likely near the end of 2026. Yet, this response sounded like the water manager has 
everything in order and under control.  

Our interviews showed that humans not only prioritize more authentically by what they decide 
to say and when they decide to say it, but often, their inability to respond to a question in and 
of itself can reflect important information for a persona developer to consider when deciding 
just how technical to make an experience (Hwang et al., 2019). This important information 
affects whether members of a target audience would even feel inclined to use the product at all. 
Not being able to get GPT to admit any struggle in developing a response hampered our ability 
to identify how we should architect the availability of content in the tool. This phenomenon has 
been written about recently as a problem developers are trying to solve (Fritz, 2025).  

In another example that would have been detrimental to our ability to generate effective 
personas, GPT failed to effectively prioritize the most important source of data that water 
managers use in their decision-making. When asked what data a water manager would want to 
be able to access to make decisions about water policy, GPT responded with a long list of data 
sources. All the water managers we spoke to referenced the twice-yearly Bureau of Reclamation 
report on the Colorado River as the most important source of data about the river, and 
sometimes even the only source that really matters. More than one water manager stated that 
“the Bureau is the law of the river,” meaning that they give the final word on any policy that is 
enacted, including any cuts or changes to the river’s allocation. Although GPT described the 
Bureau of Reclamation as an “authoritative” data source, it contradicted our human water 
managers by indicating, “We do not necessarily prioritize it [Bureau data] over all other data 
sources,” which is unequivocally wrong. 
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Examples of Robust Artificial Intelligence Outputs 
Although GPT’s excessively comprehensive responses and failure to effectively prioritize were 
counter-productive to our persona building, sometimes AI provided more useful answers to our 
questions than the human counterparts. For instance, because GPT can mine thousands of 
resources pertaining to Colorado River data, its response to our realtor question, “If you want to 
access data about the Colorado River Shortage, what kinds of graphs or visualizations can you 
anticipate wanting to see with that data?” added more value to the research process than any 
of our interviews did. GPT responded in this way:  

“When accessing data about the Colorado River shortage, several types of graphs 
and visualizations can provide valuable insights into the situation. Here are some 
anticipated graphs and visualizations that realtors and other stakeholders might 
find useful:  

Historical Water Levels: A time series graph showing historical water levels in 
the Colorado River basin can help visualize long-term trends and fluctuations. 
This graph could display water levels over several decades, highlighting periods 
of abundance and scarcity, as well as any notable changes in flow patterns.  

Reservoir Levels: Bar charts or line graphs depicting current reservoir levels in 
major Colorado River reservoirs, such as Lake Mead and Lake Powell, can 
illustrate the impact of drought and water usage on storage capacity. Comparing 
current levels to historical averages or capacity thresholds can provide context 
for the severity of the shortage.  

Water Usage Trends: Pie charts or stacked bar graphs showing water usage by 
sector (e.g., agriculture, municipal, industrial) can illustrate how water resources 
are allocated and highlight areas of high demand. These visualizations can help 
identify sectors that may be contributing disproportionately to water scarcity or 
where conservation efforts could be targeted.  

Drought Severity Index: Heatmaps or choropleth maps depicting drought 
severity indices across the Colorado River basin can provide a spatial 
understanding of areas most affected by drought conditions. These visualizations 
can highlight regions experiencing extreme drought, moderate drought, or 
normal conditions, helping stakeholders prioritize resource allocation and 
mitigation efforts.  

Precipitation Patterns: Line graphs or area charts showing historical precipitation 
patterns in the Colorado River watershed can help identify trends in rainfall and 
snowpack levels. Understanding precipitation patterns is essential for predicting 
water availability and planning drought response strategies.  

Population Growth vs. Water Demand: Scatter plots or dual-axis line graphs 
comparing population growth rates with water demand projections can illustrate 
the relationship between demographic trends and water usage. These 
visualizations can help policymakers and stakeholders anticipate future water 
needs and develop sustainable water management policies.  

Climate Change Impact: Overlaying historical temperature data or climate 
change projections on relevant graphs can highlight the impact of climate change 
on water resources in the Colorado River basin. Visualizing temperature trends, 
shifts in precipitation patterns, and changes in snowpack accumulation can 
inform adaptation strategies and resilience planning.” 

In contrast to this detailed response, our realtor interviewees responded to this more technical 
question with vague answers. One of our realtors responded, “Honestly, I love data, and the 
more the better for me. So, I’d be interested in anything.” Another responded, “Well it would be 
cool if there was a way to show an overlay on a map for areas that are impacted, and I know 
that’s not a graph, but it would be cool to show a visual presentation to show what areas are 
going to be cut, or what districts they might be in.” These responses revealed that realtors were 
not well-equipped to respond specifically to questions about data visualization types because 
identifying types of visualizations by name, out of context of their day-to-day work, proved 
difficult. 
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However, recognizing this gap between human and AI responses was critical to the 
development of our vector persona process. As part of our process, we decided to return to our 
realtor interviewees with the list of data visualizations provided by GPT. When we did so, 
prompting with that list made it easy for our realtors to immediately prioritize which 
visualizations on the list they would appreciate having incorporated into the tool. Thus, asking 
our interviewees to prioritize GPT response data yielded the most comprehensive and accurate 
information we might have hoped to gather. 

Subject-Matter Expert Feedback of Human Interviews Versus AI Interviews  
The experience of showing realtors the list of GPT-generated visualization types, which then 
facilitated their ability to prioritize which types they use most in their work, demonstrated how 
using AI outputs can augment and guide conversations with users. But what further 
represented how a vector persona process can embody the iterative relationship between AI 
and human input was our decision to loop SMEs back into our persona development at the end 
of the process. We opted to ask SMEs (water managers and realtors) to evaluate how authentic 
they found each of our personas to be (without telling them which was AI-informed and which 
was human-informed). We hypothesized that they would prefer the human-informed personas. 
However, the results were more complicated.  

Regarding the feedback provided by realtors about the realtor persona, our two respondents 
generally preferred the human-informed persona, saying, “Overall this persona is really good… I 
would pass data information along to my clients exactly as stated in the tool you are building,” 
and, “The job features and pain points section on this persona are great!”  

And, while both thought the AI-informed persona was an acceptable representation of a realtor, 
they questioned a few features and phrases we included in the persona which were taken 
directly from our GPT interview. For instance, the first respondent said, “I would be surprised if 
any AZ realtor started off their bio with a line about being an expert in the water crisis. I could 
see some realtors adopting the sustainability approach as one of their differentiators, but 
maybe not leading as a water expert.” The second respondent replied similarly, saying, “Very 
few realtors want to be experts on water […]. Water knowledge is important to them only to the 
extent that they want to minimize buyer objections and communicate it as a non-issue because 
municipalit[ies] and governments are doing the needed things to ensure quality, quantity, and 
affordability.”  

And, while the AI-informed persona was the persona our realtor respondents found fault with, it 
was still considered acceptable because it was able to reliably corroborate the highly consistent 
features and habits revealed through our human interviews.   

In contrast to this, the responses to our water manager personas, built from interviews that 
revealed high feature variability and complexity among subjects, resulted in a smattering of 
incongruent feedback among our water manager SMEs. Each SME suggested additional entities 
and data sources that water managers typically interact with, which neither persona seemed to 
capture in full. Our first water professional SME suggested that the human persona “has too 
much detail, and particularly, detail that is incorrect, so this will send developers down a rabbit 
hole.” Our third water professional, while not entirely satisfied with either persona, suggested 
that, "I found [the AI-informed] persona more appealing, not so much as an individual, but 
more so as the manner in which the content was provided. This is complex subject matter, and 
I appreciated the longer form and descriptive sentence structure, especially with the pain points 
and job features sections.” 

Our second SME respondent suggested that, for both personas, “The list of job duties is 
incomplete,” and she proceeded to list a dozen more responsibilities that a water manager had 
that were not included in either persona. She also suggested discrepancies in education and 
pain points with staffing. However, the breadth of her feedback suggested that she was not just 
considering the more limited scope for which we had designed these personas (to create a 
water forecasting tool) and was, instead, imagining that the persona needed to encompass 
every last detail of a water manager’s job.  

Finally, the third respondent also added, “I see two middle-aged males and, based on my 
experience, believe this is not representative of the regional workforce. It would be my guess 
that women make up more than half of water professionals in the region.” 
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To some extent, we had to agree with the criticisms of our SMEs about the personas. Our 
human interviewees had provided such varied feedback that our attempt to capture that variety 
resulted in our human-informed persona presenting exhaustive details that were less cohesive 
than the AI persona. We agreed that our AI-informed persona provided a more appealing target 
audience for a developer precisely because of the tidier response it offered.  

This feedback resulted in the final stage of our vector persona process. We revised our personas 
based on an amalgamation of the human-based and AI-based interview data, and we 
incorporated the additional data we received from our interviewees when we returned to them 
with AI-generated options. That is, we incorporated the feedback from our SMEs in response to 
the personas we developed (Figure 3). 

 
 

Figure 3. Realtor and water manager vector personas developed after consulting with human 
realtors and water managers who assessed both the human- and AI-informed personas. The 
revisions we made, based on SME feedback, are shown in blue. 

Discussion 
These examples illustrate the affordances and limitations of integrating GPT technology into the 
persona development process and suggest the need for a structured approach to integrate and 
capitalize on the strengths of both. In summary, these are the limitations of our GPT responses: 

1. GPT could not differentiate its answers according to the various locations we specified 
in our questions, despite there being significant differences between those locations, 
including with geography, sources of water, uses for water (residential, agricultural, 
and industrial, etc.), and the stability of each location’s water supply. The responses 
GPT provided were almost identical regardless of location, which foreshadowed the 
issues we will discuss later about the problems with relying on GPT to compose 
personas with more variable populations.  
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2. No matter how much we requested that GPT narrow and prioritize the information that 
it provided in its lengthy responses to our questions, GPT seemed unable to do so 
regardless of the follow-up prompts we used.  

3. GPT was unable to admit difficulty or limitation when asked, which ends up severely 
limiting its usefulness as an exclusive source of data from which to build a persona. 

Yet, GPT was comprehensive and holistic in its responses, demonstrating a breadth of 
perspective. If we were to capture this as a persona headshot, we would imagine an 
overconfident, idealized Superman-like character—muscled and polished, flawless and 
unbounded—totally unaware of their own limitations. 

Conversely, our human respondents were limited in what they could recall and often unfocused 
in their responses. They seemed to externally process their responses while they were 
responding, which sometimes led to meandering stories and tangents, the importance or 
significance of which was not immediately apparent.  

Yet, they were readily able to identify who and what they prioritized, as well as what their 
limitations were. They were able to contextualize their responses in ways that more 
authentically reflected actual experience. If we were to capture this as a persona headshot, we 
would imagine a Lois Lane or Clark Kent foil to our AI Superman as a modest-looking, 
unassuming, bespectacled person navigating a busy city street trying to hold a conversation as 
they are distracted by all that surrounds them.  

To capitalize on the strengths and limitations between humans and AI, we developed the 
concept of a vector persona, which is both a product and a process. As a product, a vector 
persona is what we think of when we imagine our most inspired persona development efforts. 
Ideal personas are well-rounded and authentic with a compelling backstory and clear 
motivations. These personas remind development teams what is important and why through 
well-defined priorities and detailed contexts. Figure 4 shows a headshot we generated of a 
vector persona using human prompt engineering and ChatGPT. 

 

Figure 4: An image of a vector persona generated collaboratively using human prompt 
engineering and GPT illustration abilities. The persona is intended to symbolize the confidence 
and computing power of a superhero with the insight, experience, and wisdom of a human. 

But a vector persona is also a recursive process that synergizes GPT’s breadth of knowledge 
with human context and prioritization to create comprehensive personas that increase accuracy 
and relevance while saving development time. Because vector databases are defined by a 
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dimensionality that draws upon varied sources and ultimately develops a response in less time, 
we have identified 10 dimensions that comprise the process of creating a vector persona (Figure 
5).  

 

Figure 5: The vector persona process comprises 10 recursive dimensions that UX professionals 
can use when developing personas. 

The vector persona process includes these recursive dimensions:  

• Dimension 1: Brainstorm interview questions 
• Dimension 2: Conduct exploratory research using GPT to educate on the users’ context 
• Dimension 3: Revise interview questions 
• Dimension 4: Conduct one or two in-person interviews 
• Dimension 5: Establish human-centered priorities and limitations 
• Dimension 6: Query ChatGPT with similar prompting to see what has been missed 
• Dimension 7: Return to the original or second round of users with broad GPT 

perspectives 
• Dimension 8: Develop personas 
• Dimension 9: Review personas with SMEs 
• Dimension 10: Iterate into a final persona, fusing the AI data and human data 

These dimensions show how a researcher can develop personas that combine the best of both 
GPT and human contributions in less time. For instance, after interviewing four different water 
managers, each interview yielded very different outcomes (Chapman et al., 2023), partially due 
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to the organization and water portfolio differences between the municipal organizations. Had we 
utilized ChatGPT to develop a persona simultaneously to these interviews, the research team 
could have validated the GPT data with the human interviewees, showing the water managers 
the exhaustive list of data sources and asking them to confirm which sources (for example, the 
Bureau of Reclamation) are the most important and why (for example, because of the Bureau’s 
status as “the law of the river”). Similarly, we could have used AI outputs of data visualization 
types to prompt human realtors when we asked them to prioritize the types of data 
visualizations they prefer. By querying AI to prepare a list of visualization types for these 
interviews, we could guide the conversation with concrete examples when an interviewee has 
trouble recalling or naming this kind of information. 

Affordances of Vector Personas 
Vector personas offer a more nuanced and comprehensive representation of user behaviors and 
needs, capitalizing on the best of what humans and AI can offer. They capture the breadth of 
AI-generated options and—fact-checked against the direct engagement of SMEs and target 
users—vector personas ensure that expert insights and real-life experiences are prioritized. 

Given the affordances of vector personas, researchers might scale this process for larger 
datasets with diverse groups. Scaling this process will involve the same dimensions, although 
that may require the researcher to conduct more interviews in the fourth dimension to capture 
more nuanced priorities, frustrations, and limitations. Scaling may ultimately result in a greater 
number of personas that capture the greater variety of more diverse groups. Because of AI's 
ability to capture the breadth of possibilities (but not prioritize or limit them), applying vector 
personas to larger, more variable groups of users can save time and leverage the strengths of 
both human and AI personas for development efforts.  

Limitations 
This paper proposes an emergent approach to integrating AI into persona development for user 
research. Though we engaged multiple methods and data sources, such as user interviews and 
feedback from SMEs, our sample size was small and focused on a specific population. We invite 
future scholars to implement vector personas, report on their experiences, and propose 
alterations to the dimensions as appropriate. In turn, we can continue to adapt our UX research 
toolkit in response to opportunities to leverage emerging and evolving technologies such as AI. 

Conclusion 
Artificial intelligence can collect a vast amount of potential user data and expand UX 
professionals’ ability to query audiences with whom we do not have direct or easy access. 
However, the AI responses our team collected felt unrealistic and didn’t help us learn how to 
best prioritize the vast amounts of potential data about the users and their habits. Our human 
interviewees often meandered through their responses, eventually arriving at the aspects of 
their experience that contributed the most meaning to our attempts to understand them. But 
our human participants also had trouble recalling and remembering elements of their 
experience that ChatGPT readily supplied. The purpose of a vector persona process, resulting in 
a useful and impactful vector persona, is to improve persona development and make a more 
efficient process that often gets truncated in the interest of time and resources.  

Each iteration of our user personas presented a valuable, insightful experience for the research 
team, from developing exclusively human-informed personas to exclusively AI-informed 
personas, and triangulating those with subject-matter expert feedback, to help us fuse our data 
collection into one reigning vector persona. Knowing how to effectively utilize the strengths of 
AI in conjunction with human interview respondents, while recognizing the limitations of each, 
is fundamental to integrating this technology into our process as UX professionals, designers, 
researchers, and developers.   
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