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ABSTRACT 

  In this work, we build on research on data-driven personas to present what 
might be “wrong with them”. From wrong assumptions by the client and wrong 
applications of methods to imbalanced, messy, or superficial data; a lack of 
communication regarding how these personas are created; and issues with usability, 
there are a plethora of issues that plague data-driven personas. We conclude by 
contemplating whether data-driven personas are even worthwhile and, if they are, 
then what are some of the immediate remedies required from the human-computer 
interaction community to make data-driven personas a viable tool for user 
understanding. 

KEY WORDS 

Personas, Data-Driven Personas, Harm 

 

INTRODUCTION 

Persona is a user-centred design (UCD) technique applied in HCI, user experience (UX), and 

other fields such as business and marketing. Personas, in these contexts, are defined as 

archetypes of user groups that share similar traits or behaviours (e.g., goals), and they are 

typically portrayed in the form of user profiles (Cooper 1999; Nielsen et al. 2015). 

Data-driven personas, supposedly, elevate manually created personas from low-tech 

design artefacts to high-tech user representations (Jansen et al. 2020). While data-driven 

personas can be defined in several ways (Jansen et al. 2020; McGinn & Kotamraju 2008; 

Miaskiewicz & Luxmoore 2017; Mijač et al. 2018; Zhang et al. 2016), we crystallize the 

contemporary definition as follows: a data-driven persona is a complete persona profile, created 

in a persona template using quantitative data about a given user population which is analysed 

using statistical techniques, including data science, and machine learning algorithms. This 

definition, as can be seen, is heavily rooted in “quantitative data” and “algorithms,” to which we 

will return later. 

It is standard that the research articles on data-driven personas (An, Kwak, Jung, et al. 

2018; An, Kwak, Salminen, et al. 2018; Chapman et al. 2008; Goodman-Deane et al. 2018; 

Miaskiewicz & Luxmoore 2017; Mijač et al, 2018; Zhu et al. 2019) start out by criticizing manual 
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(“traditional”) persona creation methods, proposing data-driven personas as a remedy to 

shortcomings that include, inter alia, slowness, unreliability or risk of human analyst bias, small 

sample sizes and lack of representativeness, as well as un-reactiveness of the static personas 

created to the constant and dynamic changes in user behaviours, preferences, and 

characteristics (Chapman & Milham 2006; Howard 2015; Jansen et al. 2020; Salminen, Jansen, 

An, Kwak, et al. 2018).  

Therefore, advocates of data-driven personas see these personas as superior to 

manually created personas, and as offering a solution to the problems of manual persona 

creation. Their argument is that personas are “fixed” when using “data” and “algorithms”. This 

kind of thinking poses hidden dangers. First, the goal of personas as “data-driven” (i.e., based on 

real user data, albeit often qualitative) was always present in the original conceptualization of 

Cooper (1999) and the further development of other HCI scholars (Anvari & Tran 2013; Nielsen 

2019b; Pruitt & Grudin 2003; Turner & Turner 2011). Second, it is becoming increasingly clear 

from gained experience in the field as well as from the accumulated knowledge on over-reliance 

on “data” and “algorithms” that both the use and development of data driven personas are 

marred with challenges. These challenges logically evoke a variation of Dijkstra’s classic 

(Dijkstra 1968) question: Are data-driven personas considered harmful? In other words, should 

the research community pursue data-driven personas or are data-driven personas a dead end? 

The purpose of this article is to highlight the variety and scope of challenges pertaining 

to data-driven personas. We not only consider the challenges with the development and 

evaluation of data-driven personas, as typically done in previous works (An, Kwak, Jung, et al. 

2018; An, Kwak, Salminen, et al. 2018; Chapman et al. 2008) – where it is presumed that data-

driven personas, as statistical creations, are primarily technical artefacts that should be judged 

by technical merits and metrics – but we also consider the larger schemes and ramifications of 

data-driven persona lifecycles, including how they fit into the HCI research community (which is 

predominantly qualitatively oriented when it comes to personas) and how they fit into 

organizations that, on one hand, tend to admire “data” and “algorithms” and, on the other hand, 

struggle to capture real value using data-driven personas. 

We adopt the lifecycle view of personas (Adlin & Pruitt 2010), discussing challenges 

pertaining to different stages of the data-driven persona project, including its initiation, persona 

adoption, support, and general impediments that data-driven personas “inherit” from the 

essential nature of personas. Many observations in this manuscript are based on the authors’ 

encounters with HCI reviewers, especially those expressing scepticism towards data-driven 

personas. Due to anonymity, we cannot know the backgrounds of those reviewers, but based on 

their comments, it is often logical to assume that they come from a different tradition of creating 

and using personas and might, in some cases, be threatened by “data” and “algorithms” (we are 

basing this argument on the tone of some the reviews we have received over the years). In our 

opinion, it is important to make these points of criticism visible and put them forward to 

critically assess the current state and the future of the research on data-driven personas. 

RELATED LITERATURE 

Conceptually, persona criticism can be divided into three types. First, there is criticism towards 

personas as a design technique in general. This form of criticism applies to all types of personas, 

including manually created personas, data-driven personas, and mixed-method personas. 

Second, there is approach-specific criticism, e.g., that manually created personas are often based 

on low sample sizes (Chapman & Milham 2006). Third, there is method-specific criticism within 
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a specific approach, e.g., that K-means clustering would not be optimal for data-driven personas 

because it assigns each demographic group only to a single cluster (Kwak et al. 2017). 

The literature does not always explicitly state the level of criticism it is engaged in. 

Hence, when reviewing the challenges related to data-driven personas, we need to consider if 

the specific points of criticism are valid for data-driven personas. In this brief literature review, 

we summarize well-cited articles presenting persona criticism, and relate that criticism to data-

driven personas. The following section will dig deeper into this criticism. Additional resources 

for the reader include a literature review of quantitative persona creation (Salminen, Guan, 

Jung, et al. 2020) and a textbook focused on data-driven personas (Jansen et al. 2021). 

One of the most cited persona critiques was put forth by Chapman and Milham (2006). 

While their criticism focused on several aspects that data-driven personas claim as benefits over 

manual personas (e.g., low sample size, staling), some of the concerns apply to data-driven 

personas as well. These include, at least, the inconsistency problem (one part of persona profile 

information can be from Source A and another from Source B and these may or may not refer to 

the same users) and the granularity problem (increasing the number of persona attributes 

requires more personas to be created in order to cover all possible segments).  

Salminen, Jung, and Jansen (2020) mentioned ‘three Es’ as general challenges of 

personas: Envision (personas have no direct relationship to real user data), Execution (quality of 

the generated personas is low or unknown), and Evaluation (the success of personas is based on 

anecdotal feedback). The latter two can be considered as relevant concerns for data-driven and 

manual personas alike. In addition, Salminen, Guan, Jung, et al. (2020) mention the following 

challenges of quantitative persona creation: (1) lack of standards and best practices, (2) lack of 

ethical considerations, and (3) loss of immersion. These are critical issues that we expand on in 

the following section. 

Multiple authors discuss the political challenges of persona use, particularly 

stereotyping (Marsden & Haag 2016; Rönkkö et al. 2004; Turner & Turner 2011). These 

concerns do not magically disappear with “data” and “algorithms” but can, in fact, become even 

more accentuated if the persona generation is done precariously or the results taken at face 

value. Therefore, these issues remain relevant for data-driven personas. 

Howard (2015) posed the overarching question, “Are personas really usable?”. The crux 

of his criticism is that, although personas were originally introduced to facilitate communication 

among team members in UCD, in reality, personas do not solve the communication problems, 

but may even lead to further misunderstandings. A similar conclusion was made by Friess 

(2012) who, based on an ethnographic study, reported that designers rarely evoke or mention 

personas in their daily jobs, and by Matthews et al. (2012) whose participants found personas 

as abstract and misleading. Finally, De Voil (2010) raises several key issues regarding the 

concept of personas, proposing that personas are artificial thinking aids with severe limitations. 

These concerns remain topical for data-driven personas, and we will expand on them in the 

following section. 

None of the criticism for data-driven personas in the past literature is comprehensive. 

Instead, the levels of criticism are often mixed, and most often the criticism focuses either on 

manually created personas or on personas as a user-centric design technique. While we do not 

claim to unveil all the challenges of data-driven personas in this article, we nonetheless make an 

analysis of how the central challenges regarding personas in general manifest in data-driven 

personas.  
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The challenges of data-driven personas are both theoretical and painstakingly practical, 

and the HCI community should be aware of them. It is our purpose to summarize the main ones 

and raise some novel ones that touch upon the transition of data-driven personas from “one-off 

exercises” into interactive persona systems (Jung et al. 2017, 2020; Jung, Salminen, Kwak, et al. 

2018; Jung, Salminen, An, et al. 2018). This transition of personas moving from “static” 

layouts/templates/posters to interactive persona systems imposes some novel challenges 

regarding user experience (UX), user interfaces (UI), and interaction techniques) that the 

previous literature has not made explicit. This article opens discussion on those challenges, 

further expanding the list of “grand challenges” faced by data-driven personas. 

APPROACH 

We organize this work by themes, which represent central issues with data-driven personas. 
These are derived from authors’ prior experience with data-driven persona research (more 

than a dozen published papers, including several CHI publications) and with helping more than 

half a dozen client organizations in industries such as news and media, telecommunications, 

airline, e-commerce, and design/UX research, to apply data-driven personas. Drawing from this 

experience-based knowledge, we formulate central arguments as to why data-driven personas 

could be considered harmful. In deference to alternative views, we also solicitated comments 

from two external researchers known to have extensive experience in persona research (one in 

qualitative personas and the other in quantitative personas). Their comments were 

incorporated in honing the arguments made in this manuscript. Finally, our work is based on 

perusing a large body of literature on data-driven personas (e.g., Adlin & Pruitt 2009; Goodman-

Deane et al. 2018; Guo & Razikin 2015; McGinn & Kotamraju 2008; Miaskiewicz & Luxmoore 

2017; Mijač et al. 2018; Watanabe et al. 2017; Zhang et al. 2016; Zhu et al. 2019 and many 

others) over a period of multiple years. 

WHY ARE DATA-DRIVEN PERSONAS HARMFUL? 

Starting from project definition and extending to persona data collection, creation, evaluation, 

and their eventual adoption in organizations, many things can go wrong with data-driven 

personas. We adopt a “lifecycle view” (cf. Adlin & Pruitt 2009, 2010) to inspect these challenges 

that have an adverse effect on the decision to undertake a data-driven persona project. In other 

words, the following challenges consider the data-driven persona project’s (a) initiation 

(expectations, objectivity, standards), (b) adoption (user perceptions and use), and (c) support 

(training, maintenance), as well as (d) general impediments (superficiality, aggregation, 

averages, and relevance). 

Challenge 1: Inflated Expectations from Stakeholders 

A common, yet often discarded aspect of applying algorithms for persona creation, is that the 

average stakeholder in a company attributes mythical properties and capabilities to these 

technological inventions, so that the mere mentioning of “data”, “algorithms”, or “non-negative 

matrix factorization” evokes positive qualities such as trustworthiness, efficiency, and 

transcendence of human capabilities. This effect, dubbed the “mystique of numbers” by Siegel 

(2010, p. 4721), refers to the phenomenon wherein stakeholders have unrealistic expectations 

from data-driven personas. As soon as stakeholders are informed that data-driven personas are 

based on “real data” and “millions of user interactions” which are analysed by (the implicitly 

objective) “algorithms”, they abandon their critical attitudes and become willing to take 

personas seriously. While this effect is beneficial for persona adoption, which is typically 

hindered by the lack of credibility, stakeholder commitment, and trust in the personas (Friess 
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2012; Jensen et al. 2017; Matthews et al. 2012; Nielsen 2019a; Rönkkö 2005; Rönkkö et al. 

2004; Seidelin et al. 2014), it comes with the negative side-effect of hyperbolic expectations. 

In the long run, the stakeholders’ unrealistic expectations may result in various adverse 

outcomes. These include, e.g., disappointment in the fact that data-driven personas did not solve 

all analytics problems despite the superhuman capabilities of the algorithms. Similarly, there is 

a risk that hidden errors in the data, algorithms, or simply the misunderstandings of what 

certain data is and how it is created in the persona profile, skew the stakeholders’ decision-

making process thus defeating the original purpose of data-driven personas which is to provide 

valid, correct, and accurate information for stakeholders to consider real user needs, wants, 

interests, and goals. 

Stakeholders may believe that statistical methods may simply be selected and applied to 

get “the answer,” i.e., the immutable truth of their users (whereas, in reality, the truth is much 

more nuanced than what algorithms reveal). This is paired with a strong, but almost always 

unstated assumption that distinct types of people must exist. The contrary assumption, that 

people are approximately multivariate, normally distributed, and do not fall into neatly 

separable groups, is typically rejected from the outset. An analogy is slicing a pizza: there are 

infinite ways to do it, and none is correct or incorrect; it all depends on one’s goal (Chapman & 

Feit 2019). As such, the data analysis efforts involved in data-driven persona creation can be 

more or less successful, but none of them is the only and perfect solution. 

Furthermore, a predominant focus on statistical significance in data-driven persona 

creation may overlook the personas’ practical significance, as these two concepts do not always 

equate in the real world. For example, there may be a statistically significant difference between 

two user groups with a low magnitude (Jansen et al. 2019), rendering this difference 

unimportant for decision making. Technically-oriented persona creators may want to optimize 

the accuracy or validity of the personas based on some metric to minimize or maximize, 

whereas stakeholders would want to optimize the usefulness of the personas, regardless of how 

they are created. A crucial question for the purpose of usefulness maximization is: are the 

similarities and differences among the personas truly so important that they matter for decision 

making? Such considerations are often omitted when reporting data-driven personas in 

academic literature. Consequently, data-driven personas may end up being abstract and esoteric 

⎯ i.e., technically complex and difficult to communicate to stakeholders in ways that are both 

truthful and easy to understand (Salminen, Jung, & Jansen 2020).  

In summary, the present ability to generate data-driven personas does not match the 

expected perfection, meaning that there may be a gap of what the stakeholders think they get and 

what they actually get with data-driven personas. 

Challenge 2: Algorithms are Biased Too 

Data-driven personas can be seen as design artefacts created by algorithms. As such, they are 

susceptible to what is known as algorithmic bias (Friedman & Nissenbaum 1996; Hajian et al. 

2016), a tendency of algorithms to accentuate the properties of the data while ignoring fairness 

or legality of the outcomes. An example would be an algorithm repeatedly picking African-

American names for criminal personas created from the data (Salminen, Froneman, Jung, et al. 

2020).  

In general, there are three sources of bias in algorithmic systems: (1) 

imbalanced/skewed datasets that “favour” one user group over another; (2) mathematics of the 

algorithm that accentuate the differences among the groups by “picking” certain groups over 

others; and (3) cultural assumptions that are encoded in datasets and systems, leading to 
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systematic discrimination by structural design (Hajian et al. 2016). Data-driven personas are 

not immune to these concerns. In fact, “data-driven,” when blindly applied, can unintentionally 

become “bias-driven”. Therefore, following the on-going research in the ethical analysis of 

algorithms (Eslami et al. 2018), an ethical review of data-driven persona development is 

necessary.  

While research papers may claim that data-driven persona development increases 

objectivity (Jansen et al. 2020; Mijač et al. 2018), the deployment of algorithms for data analysis 

may present new sources of prejudice and lack of transparency (Salminen, Santos, Jung, et al. 

2019). Additional ethical challenges include safeguarding the privacy of online users and giving 

stakeholders information and tools to assess how reliable and trustworthy the data-driven 

personas are (which is a non-trivial problem as the technical sophistication of end-users of 

personas greatly varies). Thus far, research on ethics in data-driven personas is scarce, with the 

exception of a couple of studies (Goodman-Deane et al. 2018; Salminen, Froneman, Jung, et al. 

2020). It is uncertain if data-driven persona advocates recognise these ethical issues in their 

work, as most studies simply lack the discussion. For example, replacing the persona generation 

algorithm can have a drastic effect on the generated personas, even when the underlying data is 

the same (Brickey et al. 2012) and yet, there is virtually no work comparing what kind of 

personas different algorithms generate from the same user data. Thus, it is uncertain if data-

driven personas can become biased and if they can, how can the issue be effectively addressed? 

Challenge 3: Where are the Standards? 

Data-driven personas paradoxically suffer from a lack of standards. The lack of standards is 

paradoxical because, being the result of quantitative data and objective/replicable processes, 

data-driven personas are, in theory, in a perfect position for standards to emerge. Yet, there are 

no standards or metrics even for measuring such a basic concept as persona quality, which 

would be fundamental for comparing and ranking different data-driven methods.  

Unlike in computer science where researchers run experiments on baseline datasets 

that are the same for everyone, no baseline datasets exist for persona creation. Unlike in fields 

like psychology, where there are studies on norms of perception – e.g., how certain groups by 

age, gender, or culture view the world (Gosling et al. 2003) – data-driven persona studies 

propose no such norms or even discuss them. Hence, it is difficult to understand what features 

and expectations users have for data-driven persona systems. The lack of standardization also 

makes it difficult to obtain strong guidelines for persona creation that would be derived from 

empirical research. There are no empirically validated guidelines, for example, as to how many 

personas should be created, what metrics should be used to evaluate the personas, what ethical 

considerations should be made when collecting and processing data for persona generation, and 

so on.  

Also, although data-driven personas could be generated from many alternative metrics 
to describe different behaviours (e.g., clicking behaviour, viewing behaviour, purchase 

behaviour), typically, studies use only one behavioural interaction metric at a time (An, Kwak, 

Salminen, et al. 2018). Which metric(s) to choose, then? This issue is akin to that in the field of 

analytics, where stakeholders need to define their questions well to avoid getting lost in the 

dozens of reports afforded by the analytics systems. For data-driven personas, there exists 

virtually no guidance for this metrics selection problem, but researchers and practitioners carry 

out the selection in an ad-hoc manner.  

The lack of standards hinders data-driven persona creation (the choice of methods is 

unclear, as is the mutual comparison of methods), use (what are the standard use cases for data-
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driven personas?), and understanding of the data-driven persona user behaviour (how many 

personas do user view? How long they spend, on average, on persona profiles? What 

information is the most crucial for decision making?). Apart from limited exploratory work on 

these matters (Salminen, Kathleen Guan, Jung, Chowdhury, et al., 2020; Salminen, Nielsen, Jung, 

An, et al., 2018; Salminen, Willemien Froneman, Jung, Chowdhury, et al., 2020; Salminen, Ying-

Hsang Liu, Sengun, Santos, et al., 2020), no convincing standards for data-driven persona user 

behaviour have been developed to date.  

Challenge 4: Mess, Confusing, and Difficult to Use 

User studies report many issues with data-driven persona UX and UI (Salminen, Jung, An, et al. 

2019; Salminen, Jansen, An, Jung, et al. 2018; Salminen, Jung, An, Kwak, et al. 2018; Salminen, 

Sengun, Jung, et al. 2019). These issues include, at least, confusion over what the information in 

persona profiles is and how it is generated (lack of transparency), how to get more information 

about a specific persona, questions about the reliability and trustworthiness of the information, 

and – the most vital question of all – “Now what? How can I use this persona?”.  

According to our experience, stakeholders struggle to make use of persona systems, 

even when they are provided with multiple features, such as interest prediction, gap analysis, 

and search and navigation (Jansen et al. 2020). These features may appear unfamiliar to 

persona users, and it may be that it is more important for design outcomes that personas are 

inspirational and memorable rather than numerical and accurate. In this light, the definite proof 

of value for data-driven personas remains elusive. Moreover, at this stage, research on effective 

UIs for data-driven personas is still in its infancy (Salminen, Liu, Sengun, et al. 2020), and there 

is little empirical evidence about how stakeholders interact with these systems, what features 

are requested, and so on. It is fairly easy to generate proof-of-concepts (Mijač et al. 2018), but 

the leap from these prototypes into full-fledged production systems with an active user base is 

still in the horizon. Therefore, making data-driven personas user friendly and useful remains an 

obstacle for their wider application. 

Challenge 5: Superficial and Unsurprising 

It can be said there is a consensus among qualitative persona researchers that, even if not 

always obtained, the goal and purpose of personas is to provide in-depth understanding of 

different user types, that is to facilitate the sense of empathy (Blomquist & Arvola 2002; Haag & 

Marsden 2019; Nielsen et al. 2017; Nielsen & Storgaard Hansen 2014; Wright & McCarthy 

2008). These insights are, on one hand, the result of the creation process itself; by immersing 

oneself into the user data, one achieves a thorough understanding of the user’s circumstances. 

On the other hand, gaining such insights relies on the innate ability of humans to understand 

other humans (Grudin 2006). Algorithms cannot think and, hence, they cannot compete with 

this ability.  

Thus, a major concern with data driven personas is that the algorithms behind their 

generation often lack the ability to interpret, decipher, and encode common sense meanings. 

Cultural meanings and (tacit) distinctions are difficult even for untrained humans, and a data-

driven persona algorithm is completely oblivious to them unless – with some method that has 

not been created yet – trained to classify information based on its cultural meaning. Cultural 

factors are lacking in the data-driven persona literature, despite an extensive body of literature 

on culture-cognizant application of manually created personas (Anvari et al. 2019; Jensen et al. 

2017; Nielsen 2010). While data-driven persona profiles can include social media comments 

(Salminen, Şengün, Kwak, Jansen, et al. 2018), they cannot disambiguate their meanings or 

make any complex interpretations from these comments.  
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Finally, persona enrichment poses an issue since it tends to require using independent 

datasets (Mijač et al. 2018), evoking the consistency problem (see p. 1). Yet, without in-depth 

insights, data-driven personas risks remaining shallow alternative UIs for website analytics 

data, having little actionable information. 

Challenge 6: Aggregation Makes Things Worse 

Chapman and Milham (2006) were first to articulate the aggregation problem of personas. 

Later, other researchers have observed this issue (Bødker et al. 2012; Matthews et al. 2012; 

Salminen, Jansen, An, Kwak, et al. 2018); yet, no definitive solutions have been proposed. 

Personas are, by definition, aggregates:  they group individual users to one user representation. 

Yet, each user is unique and different from others (sometimes referred to as segment of one 

[Lingel 2012]).  

Chapman et al. (2008) analysed data-driven personas and found that the more granular 

representations of users we want, the more personas are needed. For example, if we want to 

represent users by gender, two personas (male and female) may be sufficient. However, if we 

want to represent both gender and age, assuming two age categories, we now need twice the 

number of personas: male-young, male-mature, female-young, and female-mature. The issue is 

that the selection of granularity of personas is arbitrary and there are no rules for deciding this 

granularity. 

Another issue of data-driven personas is their potential weakness against the argument 

often mentioned by practitioners, “With individualized data, I can target the individual users, so 

why would I need personas/segments/clusters/etc.?”. This question is valid, as in use cases 

such as personalization and recommendation systems, the unit of analysis is the individual and 

the decision-maker is an algorithm (albeit, it is also true that many of such algorithms rely on 

dimensionality reduction, which is a form of grouping [Huang et al. 2019]). As the world moves 

towards automated decision-making, is there room for data-driven personas? 

Challenge 7: The Average Persona Does Not Exist 

The typical definition of personas is that they describe typical users (Marsden & Haag 2016; 

Sakata et al. 2014). Therefore, creating an average persona is the conceptual and practical 

default of many persona-creation projects. Its challenges relate, firstly, to stereotyping when 

focusing on the mean/average user (Marsden & Haag 2016; Marsden & Pröbster 2019; Turner 

& Turner 2011) and, secondly, to the focus of data-driven algorithms on the central tendency in 

the data.  

What we mean by this can be illustrated with a simple example. Assume two datapoints 

about users, with numerical values of “1” and “5”. Their average is “3” which is equally far from 

both observations and thus does not well represent either datapoint. This “flaw of averages” is 

well documented in a classic study conducted by the United States Air Force in 1950, finding 

that, among 4,000 measured pilots, no pilots matched all the average attributes of height, 

weight, etc. (Hertzberg et al. 1954).  The problem with mean-centred personas (i.e., those that 

describe average, typical users) is the general problem with the mean: if half of your users are 

right-handed and half are left-handed, should your persona be middle-handed? Obviously not. 

Instead, you need personas for both left- and right-handed users. This is what we mean we talk 

about diversity of personas – a good persona set is one that covers various user types, not only 

their hypothetical amalgamation. 

Yet, by picking “representative” behaviours and characteristics for the data-driven 

personas, we tend to overlook the extremes. These extremes, anomalies, deviations, minorities, 
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and fringe groups are, therefore, not considered by the stakeholders using the data-driven 

personas, as these segments are hidden; they do not exist, as far as the stakeholder is 

considered (Salminen, Froneman, Jung, et al. 2020). This rounding up of characteristics may end 

up with eliminating everything that makes a user unique, resulting in bland and unimaginative 

user profiles that feed rather than curb stereotypes. Therefore, representativeness comes at the 

cost of diversity. 

Challenge 8: Maintenance Cost 

Unlike traditional personas that are created once and then used for some time, data-driven 

personas require constant nurturing, care, and maintenance. This maintenance is costly and 

time-consuming. The reason for maintenance stems from the reliance on live datasets (Jung, 

Salminen, An, et al. 2018). As platforms such as YouTube and Facebook repeatedly change their 

terms of service and APIs, often without proper documentation or notifications for developers, 

persona systems reliant on these data sources are “broken” until the necessary updates are 

made. 

Similarly, software packages and algorithms are frequently updated, requiring the data-

driven persona developers to monitor and implement these updates to ensure the continued 

functionality of the system. Thus, unlike traditional personas that are independent and 

contained, data-driven personas tend to have complex linkages to sub-systems, data science 

libraries, and Web technologies that come with a built-in technical debt (Thomas et al. 2018).  

Related problems are missing data, unknown measurement errors in data exports, 

sampling/thresholds that limit the data collection speed and may skew the data distributions, 

and the adding/removing of data variables and classes by the online platforms without 

providing any say to researchers on these decisions. When personas are built around data 

sources owned by multi-national corporations such as Facebook and Google, the dependence on 

the goodwill of these organizations to continue sharing user data is high. If these platforms were 

to consider it strategically unwise to continue sharing data via their APIs, data-driven personas 

would be quickly broken.  

Finally, privacy issues such as the General Data Protection Regulation (GDPR) in the 

European Union and similar legislative initiatives in other economic areas may further limit the 

availability of user data for applications such as data-driven persona generation in the future. 

While the benefits of data-driven personas can be seen in the abundance of online user data and 

the effect of democratizing personas for even smaller organizations that can have access to this 

data, a future scenario where the data becomes less accessible and perhaps only accessible for 

large corporations against payment can be envisioned. Future developments bring forth this 

cloud of uncertainty for data-driven applications such as online user personas. 

Challenge 9: Personas are Passé! 

 A compelling argument against data-driven personas that one often reads in some reviews and 

online discussions among UX professionals is that personas are not relevant anymore and 

organisations are using other methods. Blažica (2014) surveyed start-up companies about their 

use of UX techniques and observed that personas ranked the fourth last (out of eight 

techniques) in terms of stakeholder familiarity and also fourth last in terms of regular use. 

While ten respondents indicated that they had used personas “a few times”, only one 

respondent reported regular use. This, indeed, warrants concern as personas did relatively 

poorly compared to other methods.  
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If there is general redundancy for personas among HCI professionals, then this 

sentiment is inherited to data-driven personas that, after all, are personas. Indeed, multiple 

alternative techniques for UCD exist ⎯ e.g., interviews, focus groups, surveys, participant 

observation, user narratives, jobs-to-be-done, scenarios, customer journeys, and so on (Blažica 

2014; Carroll 1997; Goodman et al. 2013; Kliman-Silver et al. 2020). Similarly, there are a 

plethora of analytics tools that provide numerical information about users in the form of charts, 

numbers, and tables (e.g., YouTube Analytics, Google Analytics, Facebook Insights, IBM 

Analytics, etc.). So, why are data-driven personas needed? 

 

 Applies to… 

Challenge Data-driven personas All personas (also ones 

created manually) 

C1: Inflated expectations x  

C2: Algorithmic bias x  

C3: Lack of standards x x 

C4: User perceptions and 

difficulty of use 

x x 

C5: Superficiality x  

C6: Problem of aggregation x x 

C7: Problem of averages x x 

C8: Maintenance cost x  

C9: Irrelevance x x 

Table 1: Data-driven personas inherit challenges from the concept of personas but there are 

also challenges unique to them. 

DISCUSSION 

We presented nine challenges (see Table 1) that might imply that data-driven personas are 

harmful. These challenges are far more serious than generally believed. They start with wrong 

assumptions from the stakeholders, and extend to precarious application of methods, 

imbalanced or messy data, access to superficial data only, lack of communication how they were 

created, too complex UIs, unclear or lacking definitions of persona content, and omission of 

ethical considerations. The crucial message of our work is that the state-of-the-art of data-

driven personas does not create perfect personas, despite the somewhat illusionary and 

impressive use of technical jargon such as “data”, “algorithms”, and so on. 

Are data-driven personas worthwhile, then? Indeed, at first glance, the challenges may 

seem overwhelming. It is, in any case, certain that no single paper or research project can solve 

them. For the discovery of solutions, researchers within the persona domain need to work in 

unison. Probabilistic methods can assist with the aggregation problem (Chapman et al. 2015). 

Other potential solutions involve developing standards for the choice process for 

hyperparameters (most importantly, the number of personas) and for evaluation metrics that 

need to be consistent among the numerous data-driven persona methodologies. 
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It can also be said that ‘no persona is an island’, meaning that data-driven personas co-

exist and co-evolve together with computer science, HCI, and other related fields. For example, 

studies in algorithmic bias (Diaz et al. 2018; Hajian et al. 2016; Salminen, Jung, & Jansen 2019) 

apply to data-driven personas, for example, through the process of selecting persona name, 

persona’s demographic traits, and interpreting persona’s sentiment by using tools of Natural 

Language Processing (NLP). Data-driven personas lay on a foundation of algorithmic and 

technological work, implying that their future is intertwined with the progress in these fields 

that support and enable the technical back-end of data-driven personas. 

CONCLUSION 

Data-driven personas may provide many benefits relative to manually created personas. 

However, the implicit assumption that data-driven personas would be “perfect” or “easy” is not 
correct. On the other hand, organizations show a continuous interest in data-driven personas, 

albeit often with unrealistic expectations. Hence, the research efforts in this space are valuable 

and worthwhile. The future will reveal if data-driven personas remain at the level of perpetual 

promise or, if at some point, they redeem the high expectations that their (small but persistent) 

group of advocates claim. 
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