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ABSTRACT
Data-driven persona generation can benefit from stakeholder inputs
while offloading the complexities of high-dimensional datasets. To
this end, we present Survey2Persona (S2P), an interactive web inter-
face for real-time persona generation from survey data. The users
of the web interface—the designers—can upload survey data and
have the interface automatically generate personas. Researchers
and practitioners can use S2P to explore different respondent types
in their survey datasets in a privacy-preserving manner, which
is akin to making the analytical journey more productive, enjoy-
able, and human-centered. We make the system publicly available
and provide argumentation about its novelty and value for user
modeling and human-computer interaction communities.

CCS CONCEPTS
• Human-centered computing→ Human computer interaction
(HCI).
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1 INTRODUCTION
Personas are fictitious people that represent real user groups [10],
with the purpose of helping designers put themselves in the position
of end-users of software systems, applications, and other tangible
or intangible offerings provided to society at large [33]. Personas
are, thus, a tool of user-centered design and a research topic within
human-computer interaction (HCI) and the broader field of user
modeling. In competitive markets, it is important that products
are human-centric, that is, that they solve real end-user needs and,
therefore, deliver concrete value to end-users [3, 16].

The gap between ‘what is possible’ in design and ‘what solves
user needs’ is what personas, as one design instrument among
many others [7], aim at mitigating. The strength of personas is
seen in their ability to enhance empathy [9, 12], which is rooted in

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
UMAP ’22 Adjunct, July 04–07, 2022, Barcelona, Spain
© 2022 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-9232-7/22/07.
https://doi.org/10.1145/3511047.3536403

the idea that designers are better able to empathize with the needs
realistic people types than nameless and faceless ‘user segments’ or
‘target groups’ [14]. Even though personas have traditionally been
created using qualitative data [32, 34, 35] and manual data analysis,
as data science technologies are rapidly becoming more broadly
available [30], automation of persona creation has increased its
feasibility. To this end, researchers have proposed methodologies
[1, 2] and systems [19, 20, 22] for automatic persona generation.
While these systems have contributed to data-driven personas [29]—
defined as personas created using quantitative techniques, usually
with the help of algorithms and evaluation metrics—most of these
automated persona systems rely on a massive amount of social
media or system log data, rather than survey data [18, 51].

This shortcoming matters for three main reasons. First, (1) sur-
vey data is the most popular source of data for persona generation,
with roughly half (47%) of the articles reviewed in previous work
[39] using surveys for persona generation. Second, (2) even though
the use of survey data for persona generation is highly prevalent
among researchers (e.g., [6, 25, 52]), the personas generated from
surveys tend to be static and not interactive, which hinders the way
designers interact with them for design purposes. Third, (3) de-
signers typically cannot participate in the process of quantitatively
creating personas from survey data, a process typically governed
by opaque data science algorithms [44], hindering empathy. These
limitations restrict the applicability of personas when deploying
survey data for persona creation.

Our motivating question in this work is: “How can we generate
personas automatically using survey data?” While previous per-
sona systems have focused on demographic and behavioral online
analytics [51] or social media analytics [2], there is a lack of repli-
cable, scalable, and interactive systems for designers to work with
personas using survey data. Additionally, purely computational
techniques have their advantages and drawbacks—at worst, quanti-
tative persona generation can be riddled with complex and opaque
generation methods that are both difficult to understand by design-
ers and whose decisions are hard to explain and justify [44]; e.g.,
Why this number of personas? Why this persona has this age? And so
on. These explainability concerns can be alleviated when designers
are provided a self-help tool for persona creation, making them
effectively take part in the process of persona generation instead
of simply consuming the “ready” personas created by data analysts
and algorithms. To this end, we propose Survey2Persona (S2P), an
interactive web system that enables the designer to upload survey
data about users and generate personas from this data without mak-
ing any complex technical choices (the system is available online at
https://s2p.qcri.org.. So, to summarize, the problem we address is:
despite the considerable progress in data science algorithms and as-
sociated technologies, as well as in data-driven persona generation,
there are no comparable tools for creating personas from survey
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data, despite the broad popularity of surveys as a data collection
method in HCI and social sciences.

2 CONCEPTUAL UNDERPINNINGS AND
RELATEDWORK

In terms of concepts, here we use ‘designer’ to refer to persona
users [32–34], but in reality, persona users can be any stakehold-
ers in whatever profession that deals with decision making about
end-users (e.g., content creators, marketers, advertisers, HR man-
agers, analysts, videogame developers, public health professionals,
etc.). This is because personas are a cross-sectional decision-making
support tool [17]; they can be broadly applied to any range of user-
related decision making (e.g., targeting, copywriting, and so on).
In contrast, ‘end-user’ refers to the people that personas repre-
sent. These can be, for example, social media audiences, customers,
product users, patients, and so on.

Personas have many benefits, including that they enable a higher
degree of user-centricity [9, 12] which, in turn, enables empathetic
design outcomes, manifesting in products that solve real user needs
in an effective manner [35]. Because of this tenet, understanding
how designers interact with personas is vital. Despite the benefits,
the potential of personas for enhancing user-centered design is
curbed by some challenges, for example, (a) leading designers to
stereotypical assumptions about the end-users [48, 49]; (b) personas
being perceived as abstract, misleading, or useless [28]; and (c)
unclear value of personas for design that may lead to (d) personas
being questioned in practice [13, 37].

In separated study lines, researchers have made progress, on
the one hand, with interactive persona systems [1, 19, 22] and, on
the other hand, with persona creation from survey data (e.g., [5, 15,
23, 26, 45]). However, no previous attempt, to our knowledge, has
combined these two attempts – therefore, the current state-of-the-
art is lacking an easy-to-use and practical interactive data-driven
persona system that would enable the designer to upload survey
data and, with low effort, generate personas using a quantitatively
principled approach in the back-end.

Research has also observed other issues relating to persona gen-
eration. Salminen et al. [38] conducted a literature review of 49
quantitative persona generation papers. They found that method-
ologically, the most common persona generation technique was
clustering (N=17, 34.6% of the reviewed papers), with other tech-
niques including principal component analysis (PCA) (n=5, 10.2%),
latent semantic analysis (LSA) (n=5, 10.2%), and non-negative ma-
trix factorization (NMF) (n=4, 8.2%). Why is there such a strong
dominance of using clustering or dimensionality reduction for per-
sona generation? We believe this stems from three main drivers:
first, (a) quantitative persona generation has traditionally been un-
derstood as a user segmentation or customer segmentation problem.
This means, methods addressing that type of problem have been
adopted, with the consequence of almost exclusively focusing on
data dimensionality and clustering. Second, (b) there is a lack of
precedent or alternatives not using these techniques for persona
generation – instead, it is customary to use a complex statistical
algorithm in the absence of other solutions.

Moreover, (c) there is a phenomenon called ‘mystique of num-
bers’ [47], meaning that complexity is seen as a virtue. We believe

that this tendency takes place both among persona creators that
prefer technically complex methods because these are easier to
publish than simpler solutions that are seen as uninteresting gener-
ally in academia [4]. This tendency is also among designers that
may think that a complex algorithm has superhuman accuracy and
capabilities, making the generated personas more valuable than
those created, for example, using simple qualitative analysis.

Our approach is based on the idea that, even though persona
generation is typically addressed using data dimensionality and
clustering algorithms, this need not be. Instead, personas can be
generated using a much simpler statistical heuristic approach that
still maintains the benefits of being data-driven and also enables
more flexibility using an interactive generation process that con-
siders designers’ information needs as a part of real-time persona
generation. In the following section, we discuss these aspects in
greater detail.

3 APPROACH
A crucial intuition behind the system is the analogy between sur-
vey items and personas’ quotes. What we mean by this is that
survey items typically contain a statement (e.g., “I trust Google”),
and the respondent chooses an option from a Likert scale (typically,
between “Strongly agree” and “Strongly disagree”). When construct-
ing personas, we can use these statements as quotes (quotes are an
essential part of a persona profile as they convey the attitudes of
the persona). Therefore, the group of respondents that is likely to
agree with “I trust Google” will have this statement shown as their
quote in the persona profile under “This persona agrees with” and
the group that is likely to disagree with the statement will have it
under their “This persona disagrees with” section (see Figure 1 for
illustration). The important intuition here is that surveys are a way
to organize information about people’s attitudes (the same applies
to personas!). Survey creation is an informative process that reveals
the organization’s / researchers’ information needs about users
[23]. Both of these premises are essential for generating personas
with high practical value.

3.1 Algorithm Design
We apply a simple intuition to construct the personas from survey
data in real-time: outlier detection. This means that whatever demo-
graphic or item a designer is interested in, we investigate the mean
scores of each demographic group in the sample and select those
that considerably deviate from the mean score of all demographic
groups. The idea is that if a demographic group’s mean score is
higher than s standard deviations (SD) from the mean of the whole
sample, the demographic group has a tendency of agreeing with
the statement more than other demographic groups. If the group’s
mean score for the statement is lower than s standard deviations
from the mean of the whole sample, then the group has a tendency
of disagreeing with the statement (relative to other groups).

The parameter s is the number of standard deviations that the
systems test, both for positive (+) and negative (-) respective to the
mean. The possible values of s stem for common values in outlier
detection literature (e.g., [11, 24, 36]), ranging from 1 to 3, with
0.5 increments (i.e., 1.0, 1.5, 2.0, 2.5, 3.0). For example, 99.87% of
normally distributed data are situated within the range of mean ±3
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(a) Maria agrees with 31 statements (b) Ewa agrees with 1 statement and
disagrees with 0

(c) Huy agrees with 3 statements and
disagrees with 3

Figure 1: A persona with toomuch information (a) and too little information (b). S2P’s approach can is a trade-off of satisfying
information needs (without information overload) and finding notable distance in a group’s answer to the general tendency
of the whole sample’s answers, which produces personas that have adequate but not too much information (c).

SD [27]. The system computes the deviations of each demographic
for each statement using these five values separately, and then
counts the number of deviations (either positive or negative) that
each demographic group has. In our experiments, we found that
setting a universal value for s that would always be used for all
datasets is not appropriate, because this results in a high number
of scenarios where the generated personas either have too many
statements they agree and disagree with (typically when the SD
value is on the low end), or there are no personas at all (typically
when the SD value is on the high end). Similarly, picking a value
from the midpoint also does not always produce personas that
would have adequate information. By ‘adequate,’ we mean that a
persona should, on the one hand, include enough information to be
useful but, on the other hand, it cannot have too much information.
These two extremes, as well as the balanced case, are illustrated in
Figure 1

A persona with too much information is not unique enough and
has too many statements for the designer to effectively make sense
of. In contrast, a persona with too little information presents the
designer with nothing to learn about. We solve this problem by
defining a range of statements (3-7) that the personas need to have.
In other words, each persona has at least three and at maximum
seven agree and disagree statements. In our experiments with the
test datasets, we found that this range both is able to generate
personas in the overwhelming majority of cases and also generates
personas that are not cognitively overloading to the system user
(see Figure 1c). Therefore, apart from this boundary heuristic that
we justify by the desire to keep the information in the personas
‘not too scarce, not too exhausting’, the persona generation process
in S2P is completely data-driven (i.e., we do not impose any manual
rules or decisions regarding the selection of information). We chose
3-7 as the range for three primary reasons. First, (a) from a visual
glance, it appears to generate personas that ‘not too little, not too
much’ information. Second, (b) it corresponds to typical persona
information content, as persona profiles typically have ∼5 quotes.

Third, (c) this range is close to the “magical number of seven plus
minus two”, introduced famously by Miller in 1956 [31]. In brief,
this magical number postulates that, on average, people can hold 7
± 2 items in their short-term memory.

3.2 System Design
Personas in S2P can be generated either by using demographic
characteristics or using survey items. This provides versatility in
the process. For example, a scenario where demographic generation
is appropriate could be a United Nations cross-country survey
about social matters. An analyst might want to know what kind of
answers young women in developing countries gave. To investigate
this Scenario 1, the analyst selects an age range and countries in S2P,
and the system generates personas representing distinct response
types from the corresponding demographics. Similarly, an analyst
might want to know what people in different countries think about
a particular issue. In this Scenario 2, the analyst uses the item-based
persona generation (see Figure 2) to select the specific item of
interest, and the system generates personas that either agree or
disagree with the item based on the analyst’s choice. Moreover, an
analyst might have a question, “I wonder what people in Finland
think about this matter?”. In this case, they can first select the
item(s) of interest, generate the personas, and then use filters to
narrow down the persona country to Finland. In our previous user
studies [41–43], we have discovered that these types of scenarios
are typical among stakeholders, as they often want to know about
a specific aspect/attitude or target group. If personas are static and
created without consideration to the varying information needs,
they risk falling short in practical use.

The actual persona profiles in S2P are simple. We wanted to
keep the personas simple purposefully, because a clean interface
helps designers focus on the essential information. As can be seen
from Figure 3, the included information corresponds to typical basic
information in persona templates [34, 40]. The name is obtained
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Figure 2: UI elements of S2P. User can select the dataset (1), thenwhether to generate personas based on demographic attributes
or survey items (2). When generating based on survey items, the user can select statements that persona agrees or disagrees
with (3). The algorithm then creates the personas in real-time based on these choices (4). The user also can generate a random
persona (5), in which case the system will automatically choose random values for the statements or demographics. The
generated personas appear on the right-hand side, and the user has the option to further narrow down the personas based on
demographic filters (6).

using GAN2Name [21], a social media -based algorithm that outputs
a person’s likely based on demographic attributes. The picture is
obtained from a proprietary database that contains thousands of
demographically tagged facial images [17]. Even though the current
persona layout is clean and simple, it is not out of the question
that its information content can be expanded in future work – this
depends on designers’ needs and wishes that we will investigate in
future user studies.

4 EVALUATION
We tested S2P with three datasets to ensure that the system could
actually generate personas out of different demographics and sur-
vey items. The datasets are: (1) the “COVID-19 Beliefs, Behaviors
& Norms Survey” (COVID-19) published by MIT in collaboration
with Facebook and the World Health Organization (retrieved us-
ing the API on the project’s website, https://covidsurvey.mit.edu/),
(2) the “American Trends Panel Data” (AMTRENDS) from Pew In-
ternet Research (available at https://www.pewresearch.org/social-
trends/dataset/american-trends-panel-wave-77/), (3) an artificial
dataset (ARTIFICIAL) that we created by randomly generating state-
ments using a text generator and then randomly assigning values
from the Likert range of 1-5 to 1708 unique demographic groups
(i.e., each group was assigned a random value for each statement).
The latter dataset enables us to test S2P with a high number of
demographic groups, whereas the two real datasets enable us to see
how the system works with real datasets in the wild. Table 1 shows
the number of personas generated using different demographic and
statement combinations, whereas Table 2 summarizes the dataset
properties and average numbers of personas generated.

When there is a medium or high number of demographic groups,
many personas are generated. In contrast, with few demographics,
only a few personas are generated. The number of demographic

groups is more important than the number of statements and re-
sponses; with only ten statements, with a high number of demo-
graphic groups, S2P still generates a high number of personas.
Symmetrically, a decent sample size of 10,169 is not adequate to
generate a high number of personas when there are only a few
statements and demographic groups. Overall, S2P’s ability to gen-
erate personas does not appear great when there is a small number
of statements or demographic groups. Future research is needed
to define the lower boundary conditions for meaningful persona
generation using S2P, but at this point, the data suggests that S2P
is the most useful for large-scale survey datasets with a variety of
statements (>10), demographic groups (>100), whereas the number
of responses seems less sensitive and could be assigned based on
general sampling rules (e.g., >250 [46]). These recommendations
match the general notion of data-driven personas being useful
for large datasets [18, 29], whereas creating personas from small
datasets is often more meaningful using manual means [33].

5 DISCUSSION
5.1 Strengths
The work-in-progress system we demonstrate here represents a
step towards a higher degree of designer-participation, while still
attempting to maintain the benefits of quantitative methods. S2P is
the first interactive persona system to our knowledge that gener-
ates personas truly in real-time. Previous approaches have either
generated the whole persona set before displaying it to designers
or only partially generated them in real-time by retrieving only
some persona information (e.g., quotes) in real-time [22]) based on
designers’ information needs. Also, previous systems rely on clus-
tering to generate a set of static personas that cannot be modified
by the designer once they have been created, or the only way to do
so is the repeat the whole generation process [2]). S2P provides a
fast and responsive interface for designers to generate the personas
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Figure 3: Bec, generated using an artificial test dataset. Upon clicking a persona in the generation view (see Figure 2), the full
persona profile is shown, with the persona’s picture, name, demographic and sociographic information, and the statements
persona agrees and disagrees with. There is also a possibility to print the persona profile in a picture file.

Table 1: Number of personas generated using the test datasets. Age groups in parentheses are for the COVID-19 dataset, age
groups not in parentheses are for the two other datasets.

COVID-19 AMTRENDS ARTIFICIAL

Age group: 18-24 (13-19) 12 1 12
Age group: 25-34 (20-30) 49 0 16
Age group: 35-44 (31-40) 39 0 16
Age group: 45-54 (41-50) 30 2 16
Age group: 55-64 (51-60) 30 N/A 17
Age group: 65+ (61-70) 24 N/A 14
Gender:Male 106 0 58
Gender: Female 90 1 45
Gender: Non-binary 2 2 N/A
Country: random among available 6 (Venezuela) 3 (United States) 1 (Lebanon)
1 random agree statement (over 5 iterations) M=110.2, SD= 15.9 M=1.8, SD=0.8 M=337.6, SD= 16.5
1 random disagree statement (over 5 iterations) M=102.4, SD=29.0 M=1.6, SD=0.5 M=352.4, SD= 20.1
2 random agree statements and 2 random disagree
statements

M=57.4, SD=9.7 M=1.4, SD=0.9 M=224, SD=25.2

Table 2: Test dataset properties. Colors indicate high level (green), medium level (yellow), and low level (red).

COVID-19 AMTRENDS ARTIFICIAL

Number of statements 140 5 10
Number of responses ∼2,000,000 10,169 51,240
Number of dem. groups with
responses

756 12 1,708

Avg. # of personas generated 50.6 1.3 92.4
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based on specific demographics or survey items in the dataset. This
also addresses one of the perennial issues of persona generation –
how many personas to generate [8]. Because the personas gener-
ated using S2P correspond directly to the designer’s information
needs, the number always falls in between a user-friendly range
[33] while still being based on the personas’ deviations from the
average response behaviors in the data.

5.2 Limitations and Future Work
Concerning limitations and future research, despite justification we
provided, our ‘three to seven statements’ condition is a heuristic
decision. This range could be 2-5, or 3-10, with varying ramifica-
tions. Thus, a good research topic is: what should be the optimal
range for information in persona profiles? We could vary this range
to a reasonable extent and observe effects on designers’ use of
the personas. Also, there are issues with using mean-based SD
for outlier detection, including poor performance with imbalanced
(non-normal) data and small sample sizes [50]. We are aware of
these issues and are working on addressing them, with one poten-
tial solution being MAD (mean absolute deviation) [27]. Finally,
there are other challenges we have observed across different sur-
vey datasets: (a) surveys that are split by some answer choice, (b)
binary or other categorical answers not following the Likert scale,
(c) open-ended answers, (d) items that do not include statements
or are formulated as questions, (e) latent constructs, i.e., multiple
items belong to the same measure. Addressing these challenges will
require further research and development. User studies are also
required for understanding how designers use interactive persona
systems such as S2P for data exploration and more user-centered
decision making. The current iteration of the system is available at
https://s2p.qcri.org.

6 CONCLUSION
This work presents the first step of automatically creating personas
from survey datasets and presenting these personas to designers
using an interactive online system. The core idea is when the de-
mographic group’s mean score in the characteristics of interest
is higher than the global mean, it is considered an outlier. In this
on-going work, we found that our approach for this goal works
as intended, generating personas from multiple test datasets. At
the same time, we also observed multiple further development
points that this work communicates to the computing community.
More development can increase the robustness of S2P for effective
persona creation from survey data.
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