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ABSTRACT
Recommender systems are essential tools to support human decision-
making in online information spaces. Many state-of-the-art recom-
mender systems adopt advanced machine learning techniques to
model and predict user preferences from behavioral data. While
such systems can provide useful and effective recommendations,
their algorithmic design commonly neglects underlying psycho-
logical mechanisms that shape user preferences and behavior. In
this tutorial, we offer a comprehensive review of the state of the
art and progress in psychology-informed recommender systems, i.e.,
recommender systems that incorporate human cognitive processes,
personality, and affective cues into recommendation models, along
with definitions, strengths and weaknesses. We show how such
systems can improve the recommendation process in a user-centric
fashion. With this tutorial, we aim to stimulate more ideas and
discussion with the audience on core issues of this topic such as
the identification of suitable psychological models, availability of
datasets, or the suitability of existing performance metrics to eval-
uate the efficacy of psychology-informed recommender systems.
Besides, we present takeaways to recommender systems practi-
tioners how to build psychology-informed recommender systems.
Previous versions of this tutorial were presented, among others, at
The ACMWeb Conference 2022 and the ACM SIGIR Conference
on Human Information Interaction and Retrieval (CHIIR) 2022.
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1 MOTIVATION AND TOPIC IMPORTANCE
The increasing availability of online social networks and online
marketplaces has resulted in an abundance of information and
items. Recommender systems (RSs) have been introduced to guide
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users in their decisions in this overloaded information space. Cor-
respondingly, research on RSs has been a very active and growing
field for the past twenty years.

Most of today’s RSs are data-driven and use advanced machine
learning algorithms to model and predict user preferences. While
these RSs can generate useful recommendations, they often lack
interpretability and are black-box models, which do not incorpo-
rate psychological mechanisms that shape user preferences and
behavior. With this tutorial on psychology-informed recommender
systems, we aim at bridging this gap in computer science and psy-
chology. We provide the attendees with an overview of recent work
that leverages psychological constructs and theories to model and
predict user behavior and improve the recommendation process.
We follow an interdisciplinary direction, aiming to connect the
research communities of recommender systems and psychology.

The tutorial is based on a recent long survey article published
by the tutorial presenters in the Foundations and Trends in Infor-
mation Retrieval journal [14]. Similar to this article, in the tutorial,
we discuss three categories of psychology-informed RSs: cognition-
inspired, personality-aware, and affect-aware RSs. Since RSs are
fundamental tools to support human decision-making, in the tu-
torial, we also outline the relationship between human decision-
making and RSs, as well as decision biases that shape the users’
interactions with a RS.

We hope that our tutorial inspires a discussion on our vision
for future RSs research: "to draw from the decent knowledge of psy-
chology and the social sciences in the entire workflow of creating and
evaluating RSs to adopt a genuinely human-centric perspective" [14].

2 SUBJECT MATTERS
• Overviewof traditional recommender systems:Content-
based, collaborative filtering, context-aware, and hybrid RSs.

• Taxonomyof psychology-informed recommender sys-
tems: Categorization of recommendation approaches that
utilize psychological models to improve the recommenda-
tion process into cognition-inspired, personality-aware, and
attention-aware RSs.

• Cognition-inspired recommender systems: Cognitive
models and architectures, and how to exploit cognitive mod-
els of memory, stereotypes, and attention for RSs.

• Personality-aware recommender systems:Modeling per-
sonality, acquiring personality traits, relation between per-
sonality and item preferences, approaches that leverage per-
sonality traits for recommendation.

• Affect-aware recommender systems:Definition of major
affective concepts (mood and emotion), modeling mood and
emotion, acquiring affective cues, approaches that leverage
affective cues for recommendation.
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2.1 Cognition-inspired Recommender Systems
Cognition-inspired RSs leverage cognitive models from cognitive
psychology to create and improve recommendations. Cognitive
psychology is a subfield within psychology that investigates the hu-
man mind and human mental processes such as memory, attention,
or learning. Previous work on human decision making and RSs
has shown that such mental processes strongly influence a user’s
preferences and interaction with a recommender system [11].

Most related works utilize cognitive models of human memory,
attention, and competence; in addition, case-based reasoning (CBR)
RSs are early forms of cognition-inspired RSs. Works that leverage
cognitive models of human memory to model and predict user pref-
erences show that human memory decay functions are effective
models of user preference shifts and help improve personalization
(e.g. [12, 24, 30]). Other works incorporate cognitive models of atten-
tion into the recommendation process to rerank recommendations
based on the user’s current attentional focus [28]. While numerous
works investigate attention mechanisms in deep learning-based
architectures, to the best of our knowledge, these works do not
relate their experiments to psychological theory. Other types of
cognition-inspired recommender systems include case-based rea-
soning RSs [13] - which mimic how humans base their reasoning
on previous learning episodes when solving new problems, as well
as competence-based recommender systems, which are typically
utilized in learning scenarios [20], or to recommend activities and
resources [5].

Overall, cognitive models of human mental processes are incor-
porated into the recommendation process to give further insights
into user behavior grounded in human cognition. Also, resulting
algorithms allow for improved personalization. Furthermore, the
algorithms are typically interpretable and transparent.

2.2 Personality-aware Recommender Systems
Personality is a fundamental psychological concept that has been
studied for decades in psychology research. Unlike affective cues
such as mood or emotion, personality traits are human characteris-
tics that are largely stable over a human’s lifetime.

As such, they are independent of a particular context or stim-
ulus. In addition, several studies have revealed that personality
traits are correlated with user-specific information that RSs exploit
(e.g., preferences for movies [9], music [8], or books [25]. Further
correlations have been identified between personality and users’
preferences for recommendation diversity, popularity, and serendip-
ity (e.g. [3, 17, 29]). All of these characteristics make personality
traits particularly suited for personalization purposes in RSs.

While there exist various models to describe personality traits,
the most commonly adopted one in RSs research is the OCEAN (or
Big Five)model [15], which describes an individual along five dimen-
sions: Openness to experience (conventional vs. creative thinking),
Conscientiousness (disorganized vs. organized behavior), Extraver-
sion (engagement with the external world), Agreeableness (need for
social harmony), and Neuroticism (emotional stability). To charac-
terize a user’s personality, each dimension of OCEAN can be quan-
tified either by well-established psychological instruments such as
questionnaires (e.g., the International Personality Item Pool1), or
1https://ipip.ori.org

by applying machine learning techniques to user-generated data
(e.g. [2, 7, 10]).

The main reasons why personality traits are incorporated into
the recommendation process are to mitigate cold start for new users
(e.g. [1, 29]), to improve personalization, for instance, by adjusting
diversity of recommendation lists (e.g. [29]), and in group recom-
mendation scenarios to improve the quality of group decisions and
increase user satisfaction (e.g. [16, 21, 23]).

2.3 Affect-aware Recommender Systems
Affective cues, such as emotion and mood, play an important role
in everyone’s life. While the former is an affective response to a par-
ticular stimulus and lasts only for a short time (typically minutes),
the latter is an affective experience of lower intensity but longer
duration (commonly hours). Similar to personality, emotion and
mood are fundamental human features that have been researched
intensely in the field of psychology. They correlate with human
preferences, as shown for instance in the domains of music [8],
video [18], movies [9], fashion [19], and books [25]. Moreover, they
impact how much diversity in recommendation lists users pre-
fer [3, 29]. Due to their more dynamic behavior than personality,
mood and emotion have been used as a contextual attribute in
context-aware RSs.

To describe a user’s affective state, three categories of models
exist: categorical, dimensional, and hybrid. Categorical models de-
scribe affect using a fixed vocabulary of terms, for instance, Ekman’s
universal emotions [6], i.e., anger, surprise, disgust, enjoyment, fear,
sadness, and contempt.2 Dimensional models delineate affect along
a continuous scale, most commonly defined in two dimensions:
valence and arousal, where valence refers to pleasantness (posi-
tive vs. negative) while arousal refers to intensity (high vs. low).
A prominent example is Russell’s Circumplex model [26]. Hybrid
models combine both approaches by describing affect on a con-
tinuous scale, but instead of using the two dimensions valence
and arousal, such models leverage a set of basic affects, e.g., in the
Geneva Emotion Wheel [27].

Compared to personality, affect has been less frequently ad-
dressed in the RSs literature. When it is used, the common reason is
to tailor recommendations to a particular context. Typically, users
and items are both described in a fixed dimensional affect space in
which they are matched, as for instance demonstrated for point-of-
interest recommendation [22] and music recommendation [4].

3 TARGET AUDIENCE
We target an audience of researchers and practitioners who are
interested to delve into psychological aspects of RSs. Particular
prerequisite knowledge or skills are not required from the audi-
ence, except for a basic understanding of the main concepts in RSs,
user modeling, and machine learning. The purpose of this tutorial
is to provide the attendees with an overview of recent work on
psychology-informed RSs and hands-on knowledge on how to de-
sign, improve, and evaluate RSs based on a variety of psychological
models and theory. After attending this tutorial, the participants
will know how to: (1) create RSs based on cognitive models, (2)
model personality and mood according to psychological theories
2https://www.paulekman.com/universal-emotions
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and results of empirical studies, (3) acquire personality- and affect-
related user traits from user-generated data and questionnaires,
and (4) integrate personality and affective information into RSs.

4 TUTORIAL PRESENTERS
Elisabeth Lex (https://elisabethlex.info) is an associate professor
at Graz University of Technology, Austria. Besides, she is the head of
the Recommender Systems and Social Computing Lab. Her research
focuses on applied machine learning, in particular, recommender
systems, user modeling, information retrieval and computational
social science, with a particular focus on cognition-inspired recom-
mender systems, quantifying and mitigating bias in recommender
systems, human decision making and recommender systems, pri-
vacy in recommender systems, and music consumption behavior.
Elisabeth has (co-)authored more than 120 peer-reviewed publica-
tions and has served as a co-organizer of theWorkshop on Interfaces
and Human Decision Making for Recommender Systems (IntRS),
co-located with ACM RecSys 2021, and as a track chair at The ACM
Web Conference 2023 for user modeling and personalization, at
ACM UMAP 2022 for intelligent user interfaces, and at ACM Hy-
pertext and Social Media 2020 for recommender systems and social
media. She has been senior PC member of ACM RecSys, The ACM
Web Conference, ACM IUI, or Social Informatics. She has given
tutorials, among others, at the Web Conference 2022, CHIIR 2022,
and SIGIR 2022.
Markus Schedl (http://www.mschedl.eu) is a full professor at the
Johannes Kepler University Linz, affiliatedwith the Institute of Com-
putational Perception, leading the Multimedia Mining and Search
group. In addition, he is head of the Human-centered AI group
at the Linz Institute of Technology, AI Lab. His main research in-
terests include recommender systems, user modeling, information
retrieval, machine learning, multimedia processing, and trustwor-
thy AI, with a particular focus on detecting and mitigating bias
in retrieval and recommendation algorithms and on psychological
models for recommendation. He (co-)authored more than 250 ref-
ereed conference papers, journal articles, and book chapters, and
served as a program co-chair for the International Society for Music
Information Retrieval (ISMIR) conference in 2020. He has given
numerous tutorials in top venues, including ACM Recommender
Systems (2018), ACM Multimedia (2013), SIGIR (2013, 2015, 2022),
CHIIR (2022), and the Web Conference (2022).

5 TUTORIAL MATERIALS
The tutorial is supported by a GitHub repository.3 The repository
contains the tutorial slides with references to all relevant works,
software, and datasets. Furthermore, we share with attendees the
long survey article published in the Foundations and Trends in
Information Retrieval journal [14].
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