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ABSTRACT

Personalized adaptation technology has been adopted in a wide

range of digital applications such as health, training and education,

e-commerce and entertainment. Personalization systems typically

build a user model, aiming to characterize the user at hand, and then

use this model to personalize the interaction. Personalization and

user modeling, however, are often intrinsically at odds with each

other (a fact some times referred to as the personalization paradox).

In this paper, we take a closer look at this personalization paradox,

and identify two ways in which it might manifest: feedback loops

and moving targets. To illustrate these issues, we report results in

the domain of personalized exergames (videogames for physical

exercise), and describe our early steps to address some of the issues

arisen by the personalization paradox.

CCS CONCEPTS

• Human-centered computing → Collaborative and social

computing systems and tools;

KEYWORDS

personalization, user modeling, adaptive systems

ACM Reference Format:

Santiago Ontañón and Jichen Zhu. 2021. The Personalization Paradox: the

Conflict between Accurate User Models and Personalized Adaptive Systems.

In 26th International Conference on Intelligent User Interfaces (IUI ’21 Com-

panion), April 14ś17, 2021, College Station, TX, USA. ACM, New York, NY,

USA, 3 pages. https://doi.org/10.1145/3397482.3450734

1 INTRODUCTION

Personalized adaptation is the idea of designing systems that auto-

matically adapt the user experience to the current user. This idea

has been adopted in a wide range of digital applications such as

health, training and education, e-commerce, and entertainment [30].

By using artificial intelligence (AI) to tailor themselves to individ-

ual users’ needs and preferences, adaptive digital applications have
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shown to improve learnability [8], usability [15] or user enjoy-

ment [28]. Moreover, personalization technology has also risen a

number of open challenges (such as interpretability or controllabil-

ity [16]). This paper focuses on an inherent problem of personalized

systems which we refer to as the personalization paradox 1. The

term was first used by Jarno Koponen, who, in a 2015 TechCrunch

article2, described it as:

łthere lies a more general paradox at the very heart

of personalization. Personalization promises to modify

your digital experience based on your personal inter-

ests and preferences. Simultaneously, personalization

is used to shape you, to influence you and guide your

everyday choices and actions. Inaccessible and incom-

prehensible algorithms make autonomous decisions on

your behalf. They reduce the amount of visible choices,

thus restricting your personal agency.ž

While this is an insightful observation, the discussion around the

personalization paradox has so far remained abstract. Reflecting

on existing work on personalization, we argue that the personal-

ization paradox is a result of the fundamental conflict between

user modeling and personalized adaptation. We use this an-

gle to analyze the paradox deeper and identify two main ways in

which the paradox can manifest when integrating user modeling

and personalization, namely: feedback loops and moving targets.

In the remainder of this paper, we first briefly introduce some

background on user modeling and personalization, then present

our analysis of the personalization paradox, and conclude by illus-

trating the issues we identified within the context of a personalized

system in the domain of exergames [5], aiming at behavioral change

to promote physical activity. For more details on our work on per-

sonalized exergames, and how the personalization challenge arose

in our experiments, the reader is referred to [29].

1.1 Background

A significant amount of research exists in personalized adaptation,

especially in Internet applications. This ranges from just offering

customization options that users themselves configure to complex

automatic customization using machine-learned models of user

preferences, needs and behavior [20]. These systems are typically

composed of two subsystems [30]: user modeling and adaptation.

1The term łpersonalization paradoxž is some times also used to refer to the łprivacy-
personalization paradoxž [1] (personalization creates users’ sense of vulnerability and
lower adoption rates), which is different from the use in this paper.
2Retrieved from https://techcrunch.com/2015/06/25/the-future-of-algorithmic-
personalization/, Oct 1, 2020.
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when a user increases her PA, will she compare upwards more

often? Currently, psychology literature does not have a definitive

answer. If so, the moving target problem of the changing user in

our case may be exacerbated by the targeted behavior change, in

addition to the adapted digital environment.

To mitigate this Moving Target problem, we used two strategies.

First, our user modeling does not try to model user behavior based

on their comparison choice, but tries to model the expected amount

of physical activity a user will be expected to do in each of the

contexts our personalization system can choose from. Second, we

designed the app to be as neutral as possible Ð we intentionally

left out the design elements (e.g., competition) which are known to

increase engagement and PA but risk pushing users towards upward

comparison and penalizing downward comparison. However, this

may have significantly reduced the app’s ability tomotivate changes

in PA. Conversely, if we had decided to incorporate features known

to motivate PA effectively, we risk skewing users’ preferences and

thus jeopardizing the accuracy of the user model.

Our project shows that the tension created by the personalization

paradox is especially prominent when combining personalization

with behavioral change. To accurately capture and model users’

innate social comparison preferences and reactions, we designed

the app to be as neutral as possible. By removing design elements

such as competition and goals, we aimed to avoid incentivizing

upward comparison and penalize downward comparison, and thus

to allow users to express their łinnatež preference for social com-

parison. However, this may have significantly reduced the app’s

ability to motivate changes in PA. Conversely, if we had decided

to incorporate features known to motivate PA effectively, we risk

skewing users’ preferences and thus jeopardizing the foundation of

personalization. For more details on these experiments, the reader

is referred to [29].

Another approach that is worth studying is to further separate

the user modeling and adaptation stages of personalization. For

example, our app could first, during a period of time, stay neutral

as it is in our study to collect accurate user data on their social

comparison tendencies. Once it has a robust model, then the app

could unlock other design features to explicitly motivate PA. How-

ever, more research is needed to see if users’ social comparison

tendencies modeled in a neutral environment can be transferred

into a different context with new features that may reward upward

comparison. As this research matures, we may want to strike a

different balance to have stronger behavioral outcomes. As per-

sonalization becomes increasingly used in areas associated with

behavior change further research is needed to balance personaliza-

tion model accuracy and behavioral change effectiveness.
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