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Summary

Recommender systems (RSs) have become a central part of daily digital life, shaping which items,
people, and opportunities users are exposed to at scale. Given that personal values are fundamental
to individual identity, decision-making, and consumer behavior, and that RSs learn from interaction data
that is itself shaped by these values, the question arises whether the recommendations produced by
standard RSs already reflect users’ personal values. To date, no prior work has empirically investigated
this question.

This thesis addresses that gap by examining the extent to which user values are reflected in recom-
mendation outcomes, and whether explicitly incorporating value information can improve this alignment.
Using Schwartz’s Theory of Basic Human Values as a theoretical framework, we conduct an offline ex-
periment on theGoodreads dataset. We construct value profiles for both users and recommended items
using the Personal Values Dictionary, which maps over a thousand English words to their correspond-
ing Schwartz value. These profiles are derived from user reviews and book descriptions respectively,
and are used to measure the alignment between a user’s personal values and the values embedded
in their recommendations.

Our results show that standard RSs exhibit a weak but positive degree of value alignment, suggesting
that interaction-based optimization procedures partially capture users’ values without explicitly model-
ing them. Furthermore, we find that explicitly incorporating user value profiles as features within the
RS increases this alignment. These findings carry important implications for the design of value-aware
recommender systems, and suggest that early integration of value information is a promising direction
for future research.
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1
Introduction

Recommender Systems (RSs) are intelligent software tools that leverage historical data, contextual
signals, and predictive modeling techniques to identify and prioritize items that are likely to be of interest
to specific users [178]. They are designed to mitigate information and choice overload by personalizing
content selection, filtering, and presentation.

These systems have become ubiquitous in the digital landscape, with their use vastly increasing in
recent years [149]. They are considered an integral part of daily life and personal routines, to the point
where it is now difficult to find an online service that does not employ some form of recommendation
algorithm [65]. Operating in the background of interactions across many of the world’s largest platforms
and apps, these systems select, filter, and personalize content [199]. By doing so, they help users find
entertainment [83, 92], romantic partners [209], news [49], products [216], holiday destinations [73], job
opportunities [52], and more. In this manner, these RSs shape which items, people, and opportunities
users are exposed to at scale. Given that such exposure directly influences an individual’s decisions
and lifestyle [132], recent research has stressed the need for aligning these systems with human values
to minimize their negative impacts [115, 97]. Consequently, understanding the relationship between
RSs and the values of the individuals they serve becomes a natural and pressing concern.

Values are among the most fundamental factors shaping human life, defining what individuals and
groups consider important and guiding their actions and decisions [37]. Following value-sensitive de-
sign literature, we define values as the things that individuals or groups consider to be important in
life [69]. Values determine the ideal version of how one should live [117]. By doing so, values are the
essential constituents of human well-being [133], and serve as the core of personhood [90]. In this
capacity, values influence and motivate the actions of an individual [61, 185]. They play an important
role in decision making and behavioral diversity [221], and impact consumer behavior [223, 130]. RSs,
in turn, learn from this consumption data to generate recommendations. This raises the question: to
what extent are the values of individual users reflected in the recommendations that RSs produce?

Given how central values are to individual identity and behavior, there are numerous ways in which they
may be reflected in recommender systems. As the core of personhood, values influence and motivate
individual action [61, 185], play an important role in decision-making and behavioral diversity [221],
and shape consumer behavior [223, 130]. Thus, the values an individual holds will influence what
they consume. Since RSs are built upon interaction data derived from this consumption behavior, the
interactions that drive these systems are themselves (partially) an result of an individual’s values. This
raises the possibility that such values may, in turn, influence the functioning of the RS.

Another way in which values might influence RSs is through the content that individuals interact with.
Prior research has identified strong correlations between specific value dimensions and content prefer-
ences [22, 117]. This means that when a standard system aligns a recommendation with a user’s past
ratings, it could inadvertently align these recommendations with the values that motivated those ratings.
Furthermore, because values are acquired through socialization and shared experience, users tend to
form behavioral clusters based on shared principles [82]. As a result, standard RS techniques could use

1
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these clusters to surface items that resonate with the collective values of similar user groups [195]. Fi-
nally, prior work has found that items that align with their values are more appealing to individuals [225].
Thus, users might interact more with items that are aligned with their values, and this might be noticed
by RSs.

Despite these myriad possible influences that values can have on RSs, to the best of our knowledge,
no prior work has investigated what values are present in the recommendations. Because of this,
it is unclear whether standard interaction-based optimization procedures may already capture users’
values, and reflect them in the recommendations. This creates an empirical gap in the literature: do
recommendations generated by traditional recommender systems already exhibit alignment with users’
values?

To address this gap, we investigate how user values are reflected in recommendation outcomes and
whether explicitly incorporating value information can improve alignment. Stated formally, we investi-
gate the following research questions:

• RQ1: To what extent do recommendations generated by a standard recommender system align
with users’ personal values?

• RQ2: Does incorporating user values as features within a recommender increase this alignment?

To empirically investigate value alignment in recommender systems, we must first operationalize the
concept of personal values using a robust and validated framework. Among existing frameworks,
Schwartz’s Theory of Basic HumanValues [185] offers themost extensively validated and cross-culturally
tested model. This theory defines values as concepts or beliefs about desirable end states that guide
the evaluation of events and people [146]. Based on samples from 20 countries, Schwartz identified
10 value types, which are both comprehensive (they cover all the types of values that people attach
importance to) and universal (they are present in all cultures). These values are organized according
to their relative importance for each individual in a value hierarchy, and differences between individuals
can be characterized by differences in these value hierarchies [185, 91].

Using this operationalization of values, we conduct an offline experiment using the Goodreads dataset
[226, 227], which consists of data scraped from the book review site goodreads.com in late 2017. Con-
ducting an offline experiment allows us to systematically compare baseline and value-aware recommen-
dations while controlling for confounding variables. We first establish a baseline for value alignment
in recommender systems by generating recommendations without incorporating value-based user fea-
tures. We then create a value profile for the user and recommendations using the Personal Values
Dictionary, introduced by Ponizovskiy et al. [169]. This validated dictionary links 1080 English words
with their corresponding Schwartz value. Through the use of this dictionary, we construct value pro-
files based on free-text reviews (user value profile) and book descriptions (recommendation list value
profile). We subsequently compare the alignment of the user value profiles and the recommendation
list value profiles. Building upon this baseline, we then integrate user value profiles as explicit features
within the RS, generate a new set of recommendations, and reassess the degree of value alignment.

By conducting this experiment, this thesis makes the following contributions:

• Empirical insight into value alignment in recommender systems: This thesis provides an
empirical investigation into the current state of value alignment in recommender systems by con-
ducting an offline experiment.

• Exploratory analysis of value-aware recommendations: Through a comparative analysis of
baseline and value-aware recommendations, this work explores how explicitly incorporating user
value profiles influences the alignment between recommendations and users’ personal values.

Together, these contributions advance understanding of the role personal values play in personalized
recommendations.

goodreads.com


2
Background

In this chapter, we present background information regarding recommenders systems and Schwartz’s
Theory of Basic Human Values, as these are the central elements of our exploration.

2.1. Recommender Systems
RSs are software designed to identify items (e.g., books, movies, songs, or news articles) likely to
be of interest to specific users based on historical data, contextual signals, and predictive modeling
techniques [178]. RSs play a critical role in mitigating information overload in large-scale digital envi-
ronments such as e-commerce platforms and media streaming services, where users must navigate
extensive catalogs of available content. By prioritizing relevant items, they reduce perceived effort and
improve user engagement and satisfaction [122]. RSs are broadly categorized into non-personalized
and personalized approaches.

Non-personalized recommenders operate independently of individual user preferences. An example
is the “Most Popular” recommender, which provides recommendations based on aggregate interaction
statistics such as purchase frequency or view counts [7]. Non-personalized methods are particularly
useful in settings where user-level data are unavailable.

While non-personalized recommenders serve as useful baselines in certain contexts, the majority of RS
research, focuses on personalized recommenders [178]. These recommenders generate user-specific
recommendations by modeling individual preferences. Formally, the personalized recommendation
task can be expressed as estimating a relevance function [5], shown in Equation (2.1).

f(u, i) = r̂ui (2.1)

where r̂ui denotes the predicted utility of item i for user u:

For this recommendation task, RSs typically use data associated with one of three types of objects:
users, items, and interactions of users with these items [178]. Though information such as user at-
tributes (e.g., age, gender, personality) and item features (e.g., genre, price, size) can enrich RS mod-
els, their acquisition is often impractical. User data is frequently unavailable or difficult to obtain, and
item features may require advanced techniques such as natural language processing or image anal-
ysis to extract. Consequently, the vast majority of RSs rely primarily on interaction data to infer user
preferences [7, 178], and any auxiliary data available to a RS beyond this data is referred to as “side
information” [244].

The interaction data that RSs utilize can take many forms, such as clicking, browsing, buying, or user
feedback. User feedback plays an important part in recommender systems research, since it is used
to determine user preferences [4]. User feedback can be divided into explicit and implicit feedback.
Explicit feedback consists of user-provided signals such as ratings, likes, or textual reviews. These
signals encode clear preference intensity and are typically of high quality [178]. However, users rarely

3



2.1. Recommender Systems 4

provide explicit feedback, leading to sparsity issues [94]. Therefore, implicit feedback has become
the main type of user feedback used in RSs [247]. Implicit feedback is inferred from user behavior,
including clicks, dwell time, browsing activity, and purchase history. Although abundant, implicit signals
are noisy and ambiguous [247], as interactions do not necessarily imply positive preference [94].

Different methods have been developed that use these data sources for the recommendation task.
These methods can be categorized into three general approaches based on how recommendations
are made: content-based, collaborative filtering, and hybrid [5, 30, 178]. A visual overview of the
different methods is shown in Figure 2.1, which is inspired by the classification of Ping et al. [168]; we
refer readers to Ricci et al. [178] for an excellent in-depth overview of these approaches. While we
acknowledge other recommendation approaches (e.g., content-based filtering) for completeness, this
work focuses on collaborative filtering and thus discusses it in depth.

Recommender
systems

Content-
based filtering

Collaborative
filtering Hybrid approach

Model-based
filtering

Memory-
based filtering

Latent fac-
tor models

Context-aware
approaches

Sequential
approaches

Item-based
approaches

User-based
approaches

Figure 2.1: An overview of the different types of recommender systems, categorized by algorithmic logic and model
representation. For model-based filtering, we only specify the approaches used in this thesis, due to space constraints.

2.1.1. Content-Based Filtering
Content-Based Filtering (CBF) recommenders suggest items whose attributes are similar to those pre-
viously preferred by the user [163]. As the name implies, these methods focus on the content of the
items. The system computes the similarity between candidate items and items the user previously
interacted with using feature representations derived from metadata (e.g., genre, textual descriptions,
tags). This reliance on the item’s attributes gives this method the advantages of interpretability and
independence from other users’ data.

The use of item attributes for recommendation also highlights a drawback of CBF: since performance
depends on the availability and richness of item features, limited content analysis is amajor constraint of
this method. When content analysis is limited, the resulting mathematical representation of items is sub-
optimal, which leads to inaccurate recommendations [95]. Furthermore, if no descriptive features are
available at all for an item, a content-based system cannot function or provide any suggestions [154].

Another limitation is the risk of overspecialization. Overspecialization occurs because CBF is designed
to find items as similar as possible to those a user has liked in the past. Consequently, these systems
tend to provide “obvious” recommendations because they rely onmatching specific keywords or content
features. Besides reducing the amount of novelty of these recommendations, this also limits the amount
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of serendipity, or the “lucky discovery” of surprisingly relevant items [74].

2.1.2. Collaborative Filtering
Collaborative Filtering (CF) operates under the assumption that users with similar historical preferences
will exhibit similar future preferences [183] and uses collective behavioral patterns to exploit this. Be-
cause thesemethods produce recommendations based on usage patterns, there is no need for external
information about either items or users. Due to this flexibility, CF has become the most popular method
in RS [178]. Below, we discuss the CF methods used in this thesis.

Neighborhood-Based Methods
Neighborhood-based methods use the relationships between users or items to suggest items. These
methods are typically categorized into item-based and user-based approaches. User-based approaches
predict item relevance by aggregating ratings from users with similar preferences, while item-based ap-
proaches use similarity among items previously rated by the target user. Similarity is typically computed
using cosine similarity, Pearson correlation, or adjusted cosine metrics [183].

Latent Factor Models
Latent factor models learn low-dimensional embeddings for users and items using techniques such
as matrix factorization [124]. These techniques decompose the user-item interaction matrix into two
lower-dimensional matrices, a user matrix and an item matrix, in a process called factorization [11].
The resulting matrices are called latent factors. “Factor” refers to the factorization process, and “latent”
refers to the fact that these factors are not directly observable in the data [142]. Instead, they are learned
during training to capture hidden patterns, such as user preferences (e.g., a user’s affinity for a specific
theme) and item attributes (e.g., a movie’s underlying themes) [7]. Factors can be seen as axes of
variation that define a shared, low-dimensional space where both users and items are represented [7].
These axes capture the underlying patterns and essential structure of the interaction data. These
methods use the user latent factor pu and the item latent vector qi for preference prediction via inner
products in latent space, such as in Equation (2.2).

r̂ui = p⊤u qi (2.2)

Context-Aware Recommender Systems
context-aware recommender systems (CARSs) are based on the insight that the context of recommen-
dation is important in many applications, and incorporating this information can increase the quality of
the recommendations [3]. These systems differ from traditional RSs by incorporating contextual infor-
mation. This term refers to any additional information that affects a user’s preferences besides user and
item characteristics [222]. These RSs include context in the recommendation task, therefore changing
the recommendation task expressed in Equation (2.1) into the equation seen in Equation (2.3) [3].

f(u, i, c) = r̂ui (2.3)

In addition to user information (u) and item information (i), this function takes contextual information
(c) as input. Factors that are often included as contextual information are: time [123], location [8],
and social information [195]. This last factor, social information, allows for a particularly wide area of
use cases. For example, this information can be used to recommend missing nodes in a network or
recommend products using social cues [7].

Sequential Recommender Systems
Many traditional recommendation algorithms are time-agnostic and ignore the chronological order of
user interactions [101]. These methods assume that every past user interaction carries equal weight
in determining their current preferences [230]. Breaking from this time-agnostic approach, sequential
recommender systems (SRSs) assume that the temporal order of actions is often as important as the
actions themselves [7]. For example, it makes sense to recommend coffee pods after a user buys a
coffee machine, but not the other way around. Therefore, SRSs view the user-item interaction data
as an interrelated sequence over time, instead of a series of isolated interactions [251]. A sequence
refers to an ordered set of objects [171].



2.1. Recommender Systems 6

SRSs are a specialized form of sequence-aware RSs, which refers to any RS that considers information
from sequentially ordered user-item interaction logs [171]. SRSs can be distinguished from the other
main group in sequence-aware RSs, session-based RSs, by the fact that in SRSs longer term user
histories are available, while session-based RSs rely on interaction sequence in a single session [101].
Based on this interaction sequence, SRSs attempt to predict the next item in the sequence [242]. This
identification of sequential patterns is not used in traditional matrix completion methods such as col-
laborative filtering [171]. This method can be formalized in the following way, based on Zhou et al.
[251]:

Let u ∈ U and i ∈ I denote a user and an item, where U and I are the sets of all users and items,
respectively. For each user u, we define an ordered interaction history as a tuple of n interactions:

Su = ⟨s1u, s2u, . . . , snu⟩, (2.4)

where n = |Su| denotes the number of observed interactions for user u. Each interaction at step k is
represented as a structured record:

sku = ⟨iku, tku, bku, . . .⟩, (2.5)

where iku is the item interacted with by user u at position k; tku is the timestamp of the interaction; bku is
the interaction type; and . . . denotes optional contextual information.

The primary objective of SRSs is to learn the underlying temporal dependencies and behavioral pat-
terns embedded in Su, in order to predict future user-item interactions [104]. Based on this objective,
the outcomes can be presented to the user in multiple ways, such as a ranked list or a sequence of
items [230].

Challenges
The specific nature of CF, with the reliance on users’ behavioral patterns, brings its own challenges.
Three challenges are most prominent for CF: the cold start problem, data sparsity, and scalability.

The cold start problem occurs when the system lacks sufficient information tomake accurate predictions
for new users or new items [131]. For example, when a new user joins, they do not have any interaction
data, which makes it impossible to calculate similarity with other users. Similarly, in item-based CF, the
new items do not have any interactions, so similarity to other items cannot be calculated.

Data sparsity arises because most users interact with only a tiny fraction of the available item catalog,
leaving the user-item interaction matrix mostly empty. This makes similarity measures between users
unreliable, because two users have few or no ratings in common. It also leads to neighbor transitivity,
where similar users cannot be connected because they have insufficient common interactions [10].

Another important problem for CF is scalability. Large interaction datasets increase computational cost,
because the cost of making recommendations often scales linearly with the data [7]. This makes user-
based methods unscalable, since the number of users typically exceeds the number of items, which
makes similarity calculations computationally expensive [178].

2.1.3. Hybrid Recommender Systems
RSs often face constraints when operating in isolation, particularly when diverse data sources are ac-
cessible [7]. Ideally, a RS uses all available knowledge from these sources and leverages the strengths
of various recommendation algorithms to generate more robust and reliable recommendations [178].
To achieve this, hybrid recommender systems combine multiple paradigms [29]. Common hybridization
strategies include (i) feature augmentation [211], where the output of one RS are used as input feature
for the next, (ii) weighted techniques [255], where a score for an item is calculated using the weighted ag-
gregates of the scores of the different RSs, and (iii) switching mechanisms [78], where the RS switches
between different algorithms depending on the needs of a user. There are three main designs of hy-
brid recommenders: ensemble designs, monolithic designs, and mixed designs [7]. Ensemble designs
combine results from existing algorithms into a single, more robust output, often using weighted av-
erages or sequential processes where one algorithm’s output informs another [7]. Monolithic designs
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create unified recommendation algorithms by integrating diverse data types, sometimes modifying ex-
isting methods and blurring the lines between collaborative and content-based components. [7] Mixed
systems present recommendations from multiple algorithms side by side, emphasizing the collective
value of combined items rather than isolated suggestions [7].

2.2. Schwartz's Theory of Basic Human Values
The most widely accepted, validated, and tested model of values within psychology is Schwartz’s The-
ory of Basic Human Values [185]. This theory defines values as universal motivational constructs
and posits that a value’s motivational goal is its defining feature. Values are seen as concepts or be-
liefs about desirable end states or behaviors that transcend specific situations, guide the evaluation of
events and people, and are ordered by relative importance [186, 187]. The relative ordering of values
by their importance to an individual or group is called a “value hierarchy”.

This value hierarchy consists of an ordering of the ten universal value types1. These types are based on
three fundamental human requirements: (i) biological needs, (ii) coordinated social interaction, and (iii)
the welfare needs of groups. Everyone attaches importance to these values, but people and groups
differ in how much importance they attach to each value, relative to other values [185]. Collectively,
these values provide a framework for understanding human motivations across personal, social, and
cultural contexts. Definitions for each value are given in Table 2.1

Table 2.1: Schwartz’s Basic Human Values and Definitions [185]

Schwartz Value Definition
Self-Direction The pursuit of independent thought and action, emphasizing creativity, choice, and

exploration.
Stimulation The desire for novelty and excitement to maintain an optimal level of engagement.
Hedonism The pursuit of personal pleasure and sensory gratification, prioritizing enjoyment

and life satisfaction.
Achievement The drive for personal success through demonstrating competence and meeting

socially accepted standards.
Power The pursuit of social influence, status, control over people or resources, and public

recognition.
Security Emphasizes safety, stability, and harmony within personal, relational, and societal

domains.
Conformity Involves restraining impulses and behavior to avoid harming others or violating so-

cial norms.
Tradition Respect for cultural and religious customs, with motivation to accept and uphold

inherited practices and beliefs.
Benevolence Enhancing the welfare of close relationships through loyalty, helpfulness, and care.
Universalism Commitment to understanding, appreciating, and protecting the welfare of all peo-

ple and the natural environment.

These ten values fit together in a circular structure of relationships, according to their motivational
compatibilities. This circular structure is called the circumplex. Values adjacent to each other express
similar goals and are compatible (e.g., Power and Achievement both emphasize social superiority),
while values on opposite sides of the circumplex represent conflicting motivations. An illustration of
this circumplex can be seen in Figure 2.2.

Empirical testing of this theory found that the ten value types appeared as distinct regions in nearly all
samples, with the circular structure of relations being replicated with high consistency across diverse
cultural, linguistic, and religious groups [189]. Furthermore, testing found that these ten values are
comprehensive, covering all the types of values that people attach importance to. It also indicated the
existence of two higher-order bipolar dimensions. The first, Openness to Change versus Conservation,

1The theory has since been extended to consist of 19 distinct values. For this study, we continue to use the 10 values initially
specified, as they have persisted through subsequent theoretical revisions
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Figure 2.2: Circular structure of relationships for the 10 basic human values as adapted from Srivastava et al. [195]

contrasts the pursuit of novelty, creativity, and personal growth (Self-Direction and Stimulation) with the
desire to maintain stability, predictability, and social order (Security, Conformity, and Tradition). The
second dimension, Self-Transcendence versus Self-Enhancement, contrasts concern for the welfare
of others and commitment to fairness and equality (Universalism and Benevolence) with the pursuit
of personal success, power, and social dominance (Achievement and Power). These higher-order
distinctions provide a conceptual framework for understanding the trade-offs and alignments among
individual motivational priorities.

To measure values, Schwartz’s Theory of Basic Human Values utilizes independent ratings of val-
ues [181], instead of directly asking individuals to rank the values by importance. Because individu-
als sometimes exhibit “scale use bias”, a tendency to rate all values highly [217, 181], these ratings
are standardized within an individual in a process called ipsatization. There are multiple techniques to
implement ipsatization, but Schwartz’s theory uses within-individual centering, in which an individual’s
mean rating is subtracted from their scores [185]. The ipsatized value scores are interdependent, so
every value score includes information about all the other values in a system [181], which ensures that
these ratings can be used to construct a value hierarchy. This creates a centered profile that accurately
reflects an individual’s unique motivational landscape.



3
Related Work

In this chapter we examine prior work that specifically addresses the integration of values in recom-
mender systems (Section 3.1), as well as studies that explore value acquisition from natural language
(Section 3.2). We only consider peer-reviewed articles written in English. These works either directly
inform the design and methodology of the present exploration, or they represent approaches with limi-
tations that motivate the contributions of this thesis.

3.1. Values in Recommender Systems
Historically, the majority of research into recommender systems has (implicitly) focused on system-
centered values, which are values that apply to the system as a whole [18]. System-centered values
reflect the strategic goals of the platform provider [113], the operational requirements of the algorithm,
or the broader societal mission of an organization [19]. Given the fact that these systems are being con-
structed by designers who are used to thinking about systems, this focus is natural. When practitioners
attempt to align these systems with user values, they frequently do so from this system perspective,
measuring the alignment between system-centered objectives and user preferences [68, 67, 107, 253].

The fundamental issue with this approach is that measuring user preferences for system-centered
values is not equivalent to measuring their actual values. Although they might have preferences about
these system-centered values, the actual values that motivate their behavior are personal values [42].
Therefore, we need to investigate these personal values in order to get a complete understanding of
value alignment in recommender systems. We summarize the existing work on this in Section 3.1.2.

3.1.1. System-centered Values
Examples of system-centered values are usefulness, fairness, and diversity [199]. These values are so
prevalent in RSs research that they are sometimes called “standard” values [18]. Despite their preva-
lence, only a few works ([18, 199]) explicitly label these dimensions as values. Instead, research often
refers to these values as “quality factors” [107], “performance metrics” [254], or simply “objectives” [10].
Notwithstanding the fact that they use different terms, all of these represent an entity that is a value.

Platforms believe that the primary reason users remain on a platform is the usefulness [199] of its recom-
mendations [39]. Users are often in a relatively disadvantaged position with little control over algorithmic
logic, so the platform’s objectives typically take precedence in the system’s design [128]. Therefore,
the value that is embedded in the system design is usefulness. However, the value “usefulness” is too
broad to be practical [19]. In order to optimize for this value, the designers of the RS specify what an
abstract human value means in the context of a system and then translate that value into measurable
objectives in a process called operationalization [56]. There are many ways to measure usefulness.
The primary method through which the literature operationalizes usefulness is through accuracy met-
rics [89]. These metrics have become the standard evaluation metrics in RSs research [20], and have
advanced research by providing a way to compare experiments. This has improved reproducibility [98],
and aided the development of general-purpose recommendation algorithms [98]. Despite these impor-

9
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tant achievements in accuracy metrics, it has long been recognized that accuracy on its own is often
not a sufficient indicator of recommendation quality [147, 247]. This has led to the development of
beyond-accuracy metrics, such as diversity [131] and novelty [33].

As a consequence of the realization that system-centered values might not reflect what users actually
experience while interacting with the system [39], a new branch of RS research has developed that
focuses on user-centric evaluation [170]. User-centric evaluations examine users’ perceptions of rec-
ommender systems [84]. However, these evaluations often remain restricted to perceived versions
of system-centered values, such as perceived fairness [192, 241]. The only difference with non user-
centric research is that they investigate to what extent the user perceives that these values are exhibited
by the system. However, they are still system-centered values in the sense that they are values about
the workings and outcomes of the system.

Users differ in their preferences about the recommendations they would like to receive [67], and there-
fore about the system-centered values a system should exhibit. Informed by this fact, there has been
research into aligning the amount of system-centered values a system exhibits with a user’s prefer-
ences about those values. Commonly, these works investigate one value, for example, matching a
user’s novelty preference with the amount of novelty a system exhibits [112], or diversifying recommen-
dations based on a user’s diversity preference [59].

A small body of work has recognized that aligning the recommendations on individual system-centered
values is not sufficient, since values relate to each other in the sense that increasing one value (i.e.,
usefulness) can decrease another value (i.e., diversity). To manage this trade-off, recent research
employs multi-objective optimization (MOO) to simultaneously optimize for multiple values. These
preference-based methods integrate individual user weights into the optimization process to ensure
the final solution minimizes the distance to a user’s unique preferences. Experimental results indicate
that these multi-objective approaches can maintain stable accuracy while significantly improving diver-
sity and novelty metrics [246, 76, 177, 237]. Furthermore, by effectively balancing these objectives,
MOO can address challenges such as promoting long-tail items [233] and alleviating the cold-start
problem for new users [234].

3.1.2. Personal Values
While system-centered values have been extensively studied, the role of personal values remains un-
derexplored. Given that personal values are central to user behavior and preferences [130], this is
a gap that needs to be addressed. Only a small body of research has investigated integrating per-
sonal values into recommender systems. These works use Schwartz’s Theory of Basic Human Values
(see Section 2.2) to operationalize values. Given that values are reflected in the language individuals
use [27, 43], most of these works use free-text data sources to acquire a user’s Schwartz values, such
as tweets [117] and Amazon reviews [195, 96]. To acquire Schwartz values from these sources, these
works use either a lexical approach [96], or the IBM Watson Personality Insights API [117, 195]1 The
resulting extracted values are used for different purposes, such as preference classification and rating
prediction [117, 96], identifying “gray sheep” users [195], and mitigating over-specialization [96]. While
results show that incorporating value information can improve the effectiveness of RSs, they also in-
dicate this improvement in effectiveness is only gained when value information is combined with user
ratings.

Alternatively, a user can be asked to specify their value hierarchy themselves [23], mirroring the meth-
ods of self-report methods such as the Schwartz Value Survey. Research in the music domain indicates
that incorporating user-specified value information in a RS increases engagement and improves self-
reported satisfaction relative to a non-value-based baseline [83]. A similar strategy has been used
by Jahanbakhsh et al. [97], who present an approach to value-aligning social media feeds. After
specifying their value hierarchies, the authors use a LLM to rerank the items in social media feeds.
Through two controlled studies, they demonstrate that users can effectively recognize and distinguish
value-aligned feeds from standard engagement feeds. Value-ranked feeds diverged substantially from
engagement feeds, with a near-zero rank correlation (mean Kendall’s τ of 0.06), indicating that engage-
ment metrics do not currently reflect what users actually want to see. Furthermore, while engagement

1The IBM Watson Personality Insights API has been discontinued in 2021 and is no longer available.
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feeds favor Self-Enhancement values, value-aligned feeds significantly amplified content related to
Self-Transcendence and Openness to Change.

3.2. Value Acquisition from Natural Language
Explicit value acquisition techniques such as surveys provide an accurate overview of a user’s values,
but they are time-consuming, intrusive, and prone to response biases [17]. As an unobtrusive way
to acquire user values, researchers have investigated extracting personal values from users’ written
texts, as evidence indicates that values are embedded in the language that people use [27, 43]. By
analyzing which words people use, these methods aim to gain insight into a user’s values without
explicitly asking them. The most common method for this is based on using a lexicon or dictionary that
links specific words with certain values. These methods are called psycholexical approaches [42], due
to their reliance on a lexicon. An early example of this approach is shown in Bardi et al. [17], where the
authors built a small value lexicon based on the items from the Schwartz Value Survey (SVS), consisting
of 3 words associated with each of the 10 values, which results in 30 words in total. Despite the small
size, the extracted values based on this lexicon correspond with the results of the self-reported SVS,
and with the behavior expected based on these values.

A much larger lexicon of 1068 words was constructed by Ponizovskiy et al. [169]. This “Personal Value
Dictionary” combines words from three sources: the SVS, a value thesaurus by Christen et al. [42],
and common unigrams. Based on five different single-authored, self-expressive text corpora2, the
authors refined and validated this dictionary. The dictionary is used to calculate scores for each of
the 10 Schwartz values, the so-called PVD scores. To calculate these scores, they determine the rate
at which words from each value type are used in a specific text. The correlation between these PVD
scores and SVS scores is moderate for 7 out of 10 values, but the authors argue that small effects can
still be important because they are visible in an intentionally inauspicious design.

2These five text corpora are: Corpus of Contemporary American English, Blog Authorship Corpus, CMU 2008 Political Blog
Corpus, Essays on values and behaviors, and Facebook status updates.



4
Validation of the

Personal Values Dictionary on the
Goodreads Dataset

In this chapter, we validate if the method we use for acquiring user values can be reliably applied to the
domain of our exploration, books. For value acquisition, we use the PVD by Ponizovskiy et al. [169].
This dictionary consists of 1080 English words, with their corresponding basic human value. This dictio-
nary has been experimentally tested to correspond with self-reported values from the Schwartz Value
Survey (SVS) in the domains of fiction, blog posts, essays, and Facebook status updates. However, in
our exploration, we rely on book reviews. While reviews share characteristics with the types of text that
the PVD has been tested on, they are not exactly the same. Therefore, we validate whether the PVD
can also be applied to the new domain of (book) reviews, before continuing with our actual exploration.

For this validation we conduct experiments using two datasets containing book reviews: the Goodreads
dataset from the University of California San Diego [226, 227], and the Amazon Reviews dataset [156].
We summarize the statistics of the two datasets in Table 4.1.

Table 4.1: Statistics of the Goodreads Poetry and Amazon Book Reviews datasets

Dataset # Users # Items # Reviews
Goodreads Poetry Subset 47,400 36,514 154,555
Amazon Book Reviews 1,856,344 704,093 27,164,983

Goodreads is a book review site owned by Amazon, where users can review and store books. One of
the ways to store the books is through the use of “shelves”, which are lists of books that a user has
categorized in a certain way. The Goodreads dataset contains data scraped from goodreads.com users’
public shelves in late 2017. The authors of the original paper have released (1) metadata of the books,
(2) user-book interactions (users’ public shelves), and (3) users’ detailed book reviews. Since the
complete dataset is very large, the authors of the original paper provide medium-sized subsets, where
the books are grouped by genre. We use the Poetry subset for this experiment, because this is the
smallest subset available in terms of file size. This manageable size provides us with an opportunity to
iterate through the experiments much faster, since we do not have to wait a long time for the experiment
to finish.

The Amazon Review Data dataset contains reviews, product metadata, and links to products on amazon.
com. The time frame of the review ranges from 1996 to 2018. The authors of the original paper pro-
vide smaller subsets for experimentation, which are organized per product category (e.g., “Fashion”,
“Books”, “Electronics”). Since the domain of this experiment is book reviews, we use the Books 5-core
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dataset, a subset of the Amazon Review dataset that includes data about book reviews that has been
reduced such that all users have written at least 5 reviews, and each item has at least 5 reviews.

4.1. Metrics
To validate whether the PVD can be applied to the book domain, we apply the same validation metrics
that the authors of the original paper used. An overview of these metrics can be seen in Table 4.2. We
give a detailed explanation of these metrics below.

Table 4.2: Metrics for Evaluating the Personal Values Dictionary (PVD)

Metric Definition
Temporal stability Stability of scores over time, measured by correlating a user’s value profile

across time points.
Internal Consistency Homogeneity within a test, ensuring items for the same construct are intercor-

related.
Convergent validity Positive correlation between measures of conceptually related constructs.
Discriminant validity Weak or negative correlation between measures of unrelated constructs.
Predictive validity Ability of a measure to forecast future outcomes or behaviors.
Concurrent validity Correlation between a new measure and an established standard for the same

individuals.

These metrics are temporal stability, internal consistency, convergent validity, discriminant validity, pre-
dictive validity, and concurrent validity. Temporal stability describes the stability of test scores over
occasions. This type of reliability is evaluated by correlating scores obtained for the same person at
multiple points in time. Internal consistency is a description of the homogeneity within a test. Internal
consistency is a description of the homogeneity within a test. For a hypothesized trait, such as domi-
nance, the theory requires that items inquiring about behaviors subsumed under that label be generally
intercorrelated.

Convergent validity and discriminant validity are different types of construct validity. Construct valid-
ity refers to the degree to which an operationalization actually measures the theoretical construct it is
intended to measure [47]. Convergent validity is demonstrated when measures of a construct corre-
late positively with measures of conceptually related constructs. In the original paper, this was done
by using Linguistic Inquiry and Word Count (LIWC) categories measuring constructs that are theoret-
ically associated with specific values. Discriminant validity is a component of construct validity that
measures whether the construct is easily discriminated from conceptually unrelated constructs. This
can be demonstrated if the measure of this construct shows weaker or negative correlations with those
conceptually unrelated constructs.

Predictive validity is a method for confirming that a psychological test or measure is useful because its
results can successfully forecast a future outcome or behavior. Socio-demographic data of the users
is required to test the predictive validity, which is not available in the dataset.

Concurrent validity tests whether a new test or measuring instrument is useful by comparing it against
an established standard. Investigators administer a test, obtain an independent measure of the criterion
on the same subjects, and then compute a correlation between the two. The Personal Values Dictionary
was evaluated for concurrent validity by correlating value scores derived from text (PVD) with self-
reported value scores obtained from the Schwartz Value Survey for the same individuals.

4.2. Experimental Setup
Due to the fact that we are conducting an offline evaluation, and no user-specific data is available in
the dataset that would be required for convergent validity, discriminant validity, predictive validity, and
concurrent validity, we focus on the temporal stability and construct validity metrics.

Similar to the original paper, we calculate the interrelations between the 10 values measured by the
Personal Values Dictionary as a test of construct validity. The authors of that paper used multidimen-
sional scaling to visually assess whether the spatial organization of the values replicated the value
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circumplex specified by Schwartz. Multidimensional scaling is a statistical visualization technique that
represents the similarities between objects as distances in a low-dimensional geometric space, typi-
cally two or three dimensions [129]. The goal is to produce a spatial configuration in which objects that
are more similar to one another are placed closer together, and objects that are more dissimilar are
placed further apart, thereby making the underlying structure of the data visually interpretable. In order
to test the validity of the PVD on our dataset, we use multidimensional scaling on the four higher order
values, similar to the original paper.

To calculate temporal stability, we construct a value profile for each user and compare the value profile
of one year to the value profile of another year. These years do not have to be consecutive, since values
are stable over time [93]. The value profile of a user is calculated by taking the mean of all the PVD
scores for all the reviews from that year. We use these value profiles to calculate Pearson’s correlation
coefficient. For each value, a single correlation is calculated using all the users’ value profiles. This
statistic quantifies the linear association between users’ values across the two years, ranging from 0
(no stability) to +1 (perfect stability across time).

4.3. Results & Discussion
The outcomes of the first experiment on the Goodreads dataset did not match the theoretical base. As
can be seen in Table 4.3, the values of r for the values were between 0.0 and 0.1, which indicates very
low stability. The mean of this experiment was 0.08, while the original paper reported a mean temporal
stability of 0.32.

Table 4.3: Pearson correlation coefficients for temporal stability of different values on the Goodreads Poetry dataset

Value Pearson r
Security 0.055529
Conformity 0.034052
Tradition 0.103561
Benevolence 0.119362
Universalism 0.093911
Self-direction 0.120609
Stimulation 0.056670
Hedonism 0.104838
Achievement 0.083107
Power 0.063748

The results of the multidimensional scaling we use for testing construct validity are visualized in Fig-
ure 4.1. In this figure, we plot the four higher order values (Openness to Change, Conservation, Self-
Enhancement, Self-Transcendence) on a two-dimensional scale.
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Figure 4.1: Outcomes of multidimensional scaling of the four
higher order values in the Goodreads Poetry dataset.

Universalism
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Power
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to Change
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Conservation

Self-
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Figure 4.2: Circular structure of relationships among the 10
basic human values and the four higher-order values,

adapted from Srivastava et al. [195].

The results of the multidimensional scaling show that the four higher order values form four different
poles, which is consistent with Schwartz’s circumplex. Since multidimensional scaling places objects
that are more dissimilar further apart, these results indicate that the PVD is able to clearly differenti-
ate between different values within the book domain. However, while the dissimilarity of the values
matches the theoretical construct, the two bipolar dimensions we see do not. In the figure we see a
Self-Transcendence and Openness to Change at opposite sites of the table, and a similar opposition
for Self-Enhancement and Conservation. This does not align with the theoretically expected pattern
visualized in Figure 4.2. According to that model, Self-Transcendence and Self-Enhancement should
be on opposite sides, and similarly for Openness to Change and Conservation. This cannot be seen in
our multidimensional scaling graph. We hypothesize that the lack of agreement with previous findings
might be a result of our use of the Poetry subset. Poetry is a genre where values may be unstable due
to the diverse and abstract nature of the writing. Therefore, we decided to use conduct results on an
additional dataset to test whether our results were due to the genre.

For this we use the Amazon Review dataset, specifically the Books 5-core subset. This subset contains
reviews of books for a wide variety of genres, instead of poetry exclusively. Using this dataset, the
initial results were similar to the results of the Goodreads dataset shown above. Therefore, these
results did not match the theoretical base as well. Upon reflection, we hypothesise that this might be
the result of the experimental setup. The original experimental setup filters users based on their total
number of reviews, with a minimum threshold of two. As explained in Section 4.1, value profiles are
constructed by averaging the Personal Values Dictionary scores across all reviews written in a given
year. A consequence of this setup was that users with only two reviews spread across different years
(e.g., one review in 2003 and one in 2008) were included in the temporal stability calculation. A single
review provides an insufficient basis for constructing a reliable value profile, since the PVD requires a
minimum of 200 words to be effective. As a result, users with only one review per year could introduce
considerable noise into the analysis and should probably not be considered meaningful data points for
assessing temporal stability.

We test the effect of excluding these users using a method that filters out users who did not have a
minimum number of reviews per year. We investigate different thresholds as the minimum number of
reviews, ranging from one to seven reviews. We use seven as our maximum threshold, as manual
inspection of the data indicates that the number of users who have more than seven reviews per year
is virtually identical to the number of users who have at least seven reviews per year. The results of
this can be seen in Figure 4.3.
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Figure 4.3: Box plot of Personal Value Dictionary scores and amount of users per review count for the Amazon Book 5-core
subset

As the figure illustrates, temporal stability increases substantially as theminimum review threshold rises,
suggesting that users with more reviews per year exhibit more consistent value profiles over time. This
indicates that applying a minimum review filter results in a more reliable estimate of temporal stability
for this dataset. Applying this filter reduces the noise introduced by users whose sparse interaction
histories may not provide a sufficient basis for constructing a stable value profile. Based on these
findings, we test whether the filtering would have a similar effect on the Goodreads Poetry subset. The
results of filtering on a minimum number of reviews per year can be seen in Figure 4.4

Figure 4.4: Box plot of Personal Value Dictionary scores and amount of users per review count for the Goodreads Poetry
subset

As can be seen in the table, the same increase in temporal stability occurs for the Goodreads Poetry
subset. The temporal stability reaches a mean that is comparable to the literature when filtering on
users who have at least four reviews per year. Manual inspection of these results indicated that words
from the title of the book were sometimes seen as value words. Since book titles frequently appear
in reviews (e.g., “I loved The Power of Now”), words such as ”power” or ”freedom” in a title could
artificially inflate certain value scores. Therefore, we test whether ignoring words from the title would
result in a change in temporal stability. To achieve this, we preprocess each book’s title by lowercasing
and removing all non-alphabetic characters, storing the resulting tokens in a lookup set keyed by book
identifier. When computing the ipsatized value scores for a given review, we retrieve the title tokens for
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the corresponding book and exclude any word that appears in both the PVD and the title token set. In
this way, words that are associated with values are not counted toward the user’s value profile when
they appear solely as part of a book title mentioned in the review. The results of this can be seen in
figure 4.5.

Figure 4.5: Box plot of Personal Value Dictionary scores and amount of users per review count for the Goodreads poetry
reviews dataset, with a comparison between the case where the titles have been filtered, and where they have not been

These results indicate that filtering out title words did not meaningfully change the temporal stability of
the value profiles. This suggests that, while title words can in principle inflate certain value scores, their
occurrence is not frequent enough across the dataset to have a substantial effect on the aggregate
temporal stability.

4.4. Conclusion
For construct validity, the clear separation of the four higher-order values into distinct poles demon-
strates that the PVD is capable of meaningfully differentiating between value dimensions, which is
consistent with the core structure of Schwartz’s circumplex model. The results from the temporal stabil-
ity analysis indicate that the temporal stability of users with at least four reviews is higher than for users
with fewer than four reviews, with a mean that is comparable to the one found in the literature. This
means that their value profiles are more stable. The way that this metric is calculated makes it logical
that this is the case, since the temporal stability metric takes the average Personal Values Dictionary
score for all the reviews of that year. Increasing the number of reviews likely results in a more accu-
rate reflection of the value profile of the users, which in turn results in higher temporal stability values.
Therefore, based on this exploration, we will filter users in our final experiment to have at least four
reviews per year, to ensure valid and reliable metrics. Based on these results, we conclude that the
PVD can be applied to the domain of book reviews.



5
Methodology

In this chapter, we outline the methodology we use to answer our research questions. Our research
objective is to explore value alignment within recommender systems. To operationalize values, we use
Schwartz’s theory of Basic Human Values [185]. This theory identifies 10 basic human values that
serve as motivational factors across all major cultures: Security, Conformity, Tradition, Benevolence,
Universalism, Self-direction, Stimulation, Hedonism, Achievement, and Power. For a detailed descrip-
tion of the Theory of Basic Human Values, and definitions for each of the personal values, we refer the
reader to Section 2.2.

Using this operationalization of values, we conduct an offline experiment using the Goodreads dataset
[226, 227], which consists of data scraped from the book review site goodreads.com in late 2017. This
public benchmark dataset [159] is commonly used in evaluating RSs [208, 145, 193]. Leveraging public
benchmark datasets such as Goodreads enables us to compare our findings against existing studies in
the field. This contributes to the development of a unified understanding of algorithmic performance and
quality [89, 242], which is important for advancing knowledge of RSs. We focus on the book domain,
because reading has been correlated with both personal values [15, 55] and overall life satisfaction [72].
We chose the Goodreads dataset over other book datasets (such as BookCrossing [252]) because it
includes the (meta)data needed to enable our exploration. In particular, our exploration requires text
written by a user and user-item interaction data to test whether a recommendation is relevant or not.

We start by generating recommendations from interaction data, without information about user values.
According to our knowledge, no datasets exist with ground truth labels on personal values. Thus, we
use the Personal Values Dictionary [169], a tool that maps 1080 English terms to their corresponding
Schwartz values, as a way to add value information to the dataset. Using the PVD, we generate value
profiles for both users and recommendations. These value profiles are used to assess the alignment be-
tween the values of the users and the values present in the recommendations. The resulting alignment
acts as our baseline. Following this baseline analysis, we extend the recommender model by explicitly
including user value profiles as features, produce a new set of recommendations, and re-evaluate the
extent of value alignment. We then compare the baseline results with the results of the RS that used
the value profile as features.

To ensure the reproducibility1 of this work, we provide a detailed description of the different aspects
of our methodology below. Following guidelines on reproducibility from prior work [21, 48], we report
information about the dataset (Section 5.1), how we construct value profiles (Section 5.2 & Section 5.3),
the algorithms we use (Section 5.4), the evaluation method (Section 5.5), and our implementation
(Section 5.6).

1Reproducibility refers to the ability to independently verify the outcomes of a previous study by employing the original mate-
rials and methods [79, 242], which is essential for accountability in RS research [21]
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5.1. Dataset
For our exploration, we leverage the Goodreads dataset from the University of California San Diego
[226, 227]. Goodreads is a social book review site owned by Amazon, where users can review and
store books. We summarize dataset statistics in Table 5.1.

Table 5.1: Statistics of the complete Goodreads dataset and the Goodreads English reviews subset, pre and post filtering

Dataset # Users # Items # Reviews Sparsity
Goodreads (multilingual) 876,145 2,360,655 15,739,967 99.98%

Goodreads English reviews 18,892 25,475 1,378,033 99.72%
Goodreads English reviews (filtered) 17,673 25,475 1,375,582 99.70%

The dataset contains data scraped from goodreads.com users’ public shelves in late 2017, covering
the period from January 2007 to November 2017 [213]. The core of the dataset consists of user-item
interactions, which are recorded both as explicit and implicit feedback. The explicit data consists of
ratings (ranging from 1 to 5) and users’ detailed textual book reviews. The implicit data includes infor-
mation about whether a book has been read, and whether a user has put this book on a “shelf”, which
is the site-specific terminology referring to a user-generated list. These shelves are used to organize,
track, and manage a reader’s book collection [205]. A shelf can encode implicit intent, since the most
commonly used shelf names are “to-read” and “currently-reading” [144]. Lastly, the interactions are
often associated with timestamps, recording when a user added, started, or finished a book.

The dataset also provides detailed (meta-)data on books. Next to basic identifiers such as titles, In-
ternational Standard Book Numbers (ISBNs), and language codes, the dataset includes publication
details such as publication year, release date, publisher, and the number of pages. The books in the
dataset are associated with one or more genres.2 These genres are derived from user-defined shelf
names rather than a fixed taxonomy [226]. Each book is associated with multiple user-assigned genres
and a count of how many users applied a particular genre label to that book.

To ensure methodological rigor and account for hardware constraints, we first conduct a preliminary
experiment using the Poetry subset. This initial phase is designed to validate the applicability of the
Personal Values Dictionary (PVD) to a new domain (book reviews) before conducting the full exploration.
Following our findings in the preliminary experiment that the PVD is also effective with book reviews,
we subsequently applied the method to the English review subset.

5.1.1. Data Filtering
We focus on the Goodreads English review subset, as the PVD was developed and validated only for
English texts. This dataset was originally collected for spoiler detection [227], and is also referred to
as the spoiler subset in the literature [194]. This is the only subset that consists exclusively of English
reviews. All other subsets are multilingual, thus making them unsuitable for our exploration, as applying
our extraction method to languages other than English would have unknown results.

The results of the preliminary experiment described in Chapter 4 indicate that the temporal stability of
users’ values reaches a comparable level to the literature when we filter on users who have at least
4 reviews per year. Therefore, we focus on this subset of users in our experiment. This aligns with
data filtering techniques in the literature, where researchers commonly filter on users with at least 3
interactions to ensure the quality of the dataset [86, 111, 174, 152]. Statistics of the original and filtered
Goodreads English review subset are shown in Table 5.1.

5.1.2. Data Imputation
The majority of the books in the dataset (∼ 80%) have an associated description, which acts as a
synopsis, summary, or “about” section for that book [144]. However, a large fraction of books is a
missing description (∼ 20%). Our method relies on book descriptions for constructing a value profile,
so we investigated imputing missing descriptions by querying OpenLibrary to maximize the number

2These genres are: (1) Children, (2) Comics & Graphic, (3) Fantasy & Paranormal, (4) History & Biography, (5) Mystery,
Thriller & Crime, (6) Poetry, (7) Romance and (8) Young Adult
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of books with descriptions. OpenLibrary is one of the largest online library catalogs [165] and has
been reported as an important book repository and a reputable website by prior work [166]. Using
OpenLibrary only increased the amount of books with a description by 0.85%. Given this minimal
increase in descriptions, we proceed without further imputation of missing descriptions.

A similar situation occurs with genre information. We use metrics that rely on genre information, and
∼ 40% of the books in the dataset are missing genre information. To impute genre information, we use
the Goodreads genre definitions by Thelwall [204] to extract genre information from the user-assigned
genre tags in the dataset. This method halves the number of books missing genre information (from
∼ 40% to roughly ∼ 20%), while improving the granularity of genre information, by using 37 instead of
8 genre labels. Therefore, we use these imputed genre labels in our exploration

5.1.3. Data Splitting
The choice of data splitting method can influence evaluation results [34]. We use a temporal split, as it is
generally considered a good simulation of a RS’s online behavior [148, 208]. Additionally, non-temporal
splits cause data leakage [105], and are therefore not suitable. Values stay stable over time [210],
meaning a temporal split does not negatively influence the validity of our experiment.

We use a 80% training set, 10% validation set, 10% test set. The validation set is necessary for hy-
perparameter tuning and to prevent overfitting [202]. This three-way split aligns with the splits used in
related work [36, 139]. We treat the “date updated” of the review as the timestamp of that review [228],
and select the most recent 10% of a user’s interactions for the test set, as recommended by Jannach
et al. [101]. We visualize this three-way split in Figure 5.1. Grouping by user ensures that the RSs are
able to generate recommendations for all users, even when they are not active in the same timeframe.
We illustrate our per-user splitting in Figure 5.2.

Training set 80% Val.
10%

Test
10%

Cutoff 1 Cutoff 2
Time

Figure 5.1: Temporal global split of the dataset into training (80%), validation (10%), and test (10%) sets. A single global cutoff
timestamp separates training from held-out interactions; a second cutoff separates the validation and test sets. The “date

updated” of each review is used as its timestamp.

User A

User B

User C

Time
Training (80%) Validation (10%) Test (10%)

Figure 5.2: Per-user grouping of interactions. Each user’s interactions are split such that the most recent 10% are assigned to
the test set, the preceding 10% to the validation set, and the remaining 80% to the training set. Users may be active across

different time windows; grouping by user ensures that recommendations can be generated for all users.

5.2. Constructing a Value Profile for a Text
To construct a value profile for a text we automatically assess mentions of personal values in a text
using the Personal Values Dictionary (PVD) introduced by Ponizovskiy et al. [169]. This dictionary con-
sists of 1080 English words, with their corresponding basic human value. Each word in the dictionary
is associated with exactly one Schwartz value. This dictionary has been experimentally tested to corre-
spond with self-reported values from the Schwartz Value Survey (SVS) [185], the validated self-report
instrument used as standard in the literature [27]. These experimental results correspond with previ-
ous research that indicates a reference to values in a text can be seen as behavioral expressions of
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corresponding values [17]. We use these extracted values as a ground truth about a user’s personal
values.

First, following common practice in text analysis, we preprocess the text by converting it to lowercase
and removing non-alphabetic characters. We then load the Personal Value Dictionary and extract the
value labels and word-to-value mappings. For each value category, we count word occurrences in the
text using strict dictionary matching only. We calculate the final value score as the frequency of words
representing the given value, minus the frequency of all value-related words in the text, formalized in
Equation (5.1). We refer to this score as an ipsatized score, because it is a score that is the result
of a process called ipsatization, where a score is standardized relative to an individual’s own mean
response across a set of items [181].

Sipsatized(t, v) = ft,v −
|V |∑
j=1

ft,j (5.1)

where ft,v: frequency of words associated with Schwartz value v in text t;
∑|V |

j=1 ft,j : total frequency of
all value-related words in text t; V : the set of all Schwartz values (|V | = 10).

By performing ipsatization, we ensure that the resulting data reflect an individual’s internal value hier-
archy rather than just their general tendency to use value-laden language [169]. This is necessary,
because individuals differ significantly in their general tendency to rate all items as highly (un)important
regardless of their specific content, known as “scale use bias” [185]. This bias is also present in an
individual’s use of value-related words [169]. A positive score for a value v indicates that the user uses
words associated with this value more frequently than their own overall value-language baseline, and
a negative score indicates the reverse.

Combining the ipsatized scores for each value yields a value profile for a text, which consists of the 10
basic human values and their corresponding ipsatized scores. The value profile is represented as a
vector, where each component aligns with the ipsatized score for one of the personal values considered
in our exploration. Because the ipsatized scores are interdependent [181], each score indicates the
relative emphasis of that value compared to other values in the text. Therefore, the value profile should
be interpreted as a relative emphasis of the 10 human values in the text, compared to each other. The
mean of each value profile is zero, as a consequence of the ipsatization process in which we center
the scores to ensure that the sum of the scores is 0. A positive score for a given value (e.g., +0.1 for
Self-Direction) indicates that this value is emphasized above the average level of value-laden language
expressed in the same text, whereas negative scores indicate relative de-emphasis.

5.3. Constructing a Value Profile for Users & Recommendation Lists
To allow for easy comparison between the value profiles, we use the same method for constructing the
User Value Profile (UVP) and the Recommendation List Value Profile (RLVP). We first aggregate all
the relevant texts per user. The definition of “relevant text” varies depending on the objective. If the
objective is to generate a user value profile, the relevant texts consist of all reviews authored by that user.
For a recommendation list value profile, the relevant texts are of the descriptions of the recommended
books. Subsequently, these relevant texts are concatenated into a single document. This approach
mirrors the methodology used in the study that introduced the Personal Values Dictionary, wherein
essay responses and Facebook data were pooled to form a unified corpus of behavioral samples [169].
Research indicates that profile correlations derived from short behavioral samples may exhibit low
reliability [180]. By concatenating the texts into one comprehensive document, we treat the collection of
texts as a single, substantial behavioral sample rather than as a series of short, isolated samples. This
improves the reliability of the resulting profile. In this way, concatenation ensures that the rank ordering
of values accurately reflects the user’s true value hierarchy. To get the value profile for this document we
apply the method described in Section 5.2. This results in the final User Value Profile/Recommendation
List Value Profile.
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Aggregate relevant texts

Collection of relevant texts
(Text1 + Text2 + · · · + Textn)

Concatenate texts into
a single document

Document of concate-
nated relevant texts

(Text1 + Text2 + · · · + Textn)
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Preprocessed document

Conduct dictionary lookup us-
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Figure 5.3: Pipeline for computing a value profile from text using the Personal Values Dictionary. Parallelograms denote data
artefacts; rectangles denote processing steps.

5.4. Algorithms
The importance of considering baselines from different algorithm families has been repeatedly stressed
in the literature [64, 63, 101]. Therefore, we use a set of algorithms that provides a representative
sample of different RS approaches. We chose these algorithms because they are widely used [105]
and provide competitive, strong baselines, which is important for assessing the performance of the
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value-aware RSs [242]. Our main focus is on collaborative filtering (CF) algorithms, as this is the most
popular and widely implemented technique in RS research [51]. In the following sections, we outline
our reasoning for including each of these families, and how we insert the UVP into these algorithms.
For background on each of these algorithm families, we refer the reader to Section 2.1.

We optimize these RSs through hyperparameter tuning, to avoid the issue of “phantom progress” [141,
242]. Phantom progress is a phenomenon where new recommender system models appear to outper-
form existing techniques, but these improvements are actually non-existent when the baseline methods
are optimized [100, 242] Accordingly, we conduct a full hyperparameters grid search for each of these
algorithms using all available hyperparameters provided by Recbole3 on a dedicated validation split
derived from the training set, with NDCG@10 as evaluation metric. We then use the best-performing
hyperparameter configuration to retrain each model (both the regular and UVP variant) on the full train-
ing set before the final evaluation on the test set. This aligns with similar strategies used by prior
work [152, 212]. We provide an overview of investigated hyperparameter values used in these searches
in Appendix C.

5.4.1. Neighborhood-Based
Despite being one of the oldest methods, neighborhood-basedmethods are still one of themost popular
methods for item recommendation [125]. This continued popularity can be explained by the fact that
these methods are simple to implement, computationally efficient, and stable [157]. As representative
of neighborhood-based methods we use User-based K-Nearest Neighbors (UserKNN) [175]. UserKNN
is the standard user-based collaborative filtering method [86], which enables us to compare our results
with prior work. We chose UserKNN over the item-based ItemKNN, as UserKNN allows us to utilize
the user value profile to compute similarity scores.

UVP variant
To insert the UVP into UserKNN, we change the similarity function to also take into account value-based
similarity between users. The resulting function (Equation (5.2)) is a linear combination of two similarity
scores to determine the total proximity (Sim) between two users u and v. Similar work using this kind
of combination in prior work on personality traits has shown promising results [158].

Sim(u, v) = α · Simrating(u, v) + (1− α) · Simvalues(u, v) (5.2)

where α: weight parameter that controls the contribution of value-based similarity in the overall similar-
ity measure; Simrating(u, v): rating similarity between users u and v; Simvalues(u, v): value similarity
between users u and v.

We use cosine similarity for both the rating similarity and value similarity scores, so that combining them
is meaningful. Combining similarity scores derived from different metrics (e.g., cosine and dot product)
would produce geometrically inconsistent results.

5.4.2. Latent Factor Models
Latent factor models have emerged as a dominant approach within CF, primarily because of their high
accuracy and scalability [190, 235, 142, 239]. Because of these advantages, prior work has also inves-
tigated enriching these models with psychometric side information. These methods treat psychometric
measures as additional user latent factors [207], and have been shown to improve recommendation
accuracy [62]. Similar to personality, personal values are psychometric constructs, so inspired by this
research we investigate the integration of personal values as latent factors in these models.

Among latent factor models, Matrix Factorization (MF) [124] stands out as one of the most widely rec-
ognized approaches. MF is a memory efficient method that excels at handling data sparsity [125].
The current state-of-the-art MF algorithm is Bayesian Personalized Ranking with Matrix Factoriza-
tion (BPRMF) [173]. As the state-of-the-art for personalized ranking based on implicit feedback [14],
BPRMF is one of the most cited papers in the field of recommender systems [87, 88, 213, 229, 152].

3Using the built in HyperTuning function in RecBole
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BPRMF uses a pairwise learning-to-rank method, considering pairs of items to approximate the optimal
ordering of a list, rather than predicting a single absolute score for an individual item [242]. Each pair
is encoded as a binary preference label, where +1 indicates that the first item is preferred over the
second, and −1 indicates the opposite. This transforms the problem into a binary classification task, in
which the system aims to minimize the number of pairwise inversions in the training data. Because it
focuses on the correct ordering of pairs, pairwise ranking loss is better suited for item recommendation
than pointwise loss functions [152]. According to the ‘missing not at random’ hypothesis [196], user-item
interactions are oftenmissing because users have no interest in those items, and have consequently not
interacted with them [140]. Pairwise ranking leverages this by treating unobserved items as “negatives”
signals, allowing the model to learn effectively even when explicit negative signals are missing. This
approach is valuable in sparse settings, where there are many unobserved interactions. Because
the Goodreads English reviews subset is very sparse (99.7% sparsity), BPRMF is well-suited for our
application. Therefore, we include BPRMF as representative of latent factor models.

UVP variant
To integrate information from the user value profile we use Equation (5.3), which is inspired by the
equation used in personality-aware recommendation by Fernández-Tobías et al. [62].

r̂ui = qi · (pu +Wvu) (5.3)

where r̂ui: the predicted rating of user u for item i; qi: item latent factor; pu: user latent factor; vu: vector
representation of the user value profile; Wvu: linear projection of the continuous value vector into the
latent space.

5.4.3. Context-aware
Context-aware recommender systems (CARS) are driven by the observation that user preferences are
not static, but depend upon the specific circumstances or situation under which a recommendation is
made [7]. By incorporating context as a third dimension alongside users and items, these systems
achieve significant gains in recommendation accuracy [3]. Many different types of context have been
considered in the literature, e.g., temporal context, social context, and spatial context. A context that
is especially relevant to our exploration is psychometric context. Prior work has shown that including
psychometric elements into CARSs can improve their performance [75]. For example, personality traits
can be coded into context-aware architectures to enhance their predictive power [58]. Psychometric
traits are used in CARS as a stable, long-term anchor that complements situational factors to refine
user modeling and alleviate data limitations [184].

As a representative of CARS, we use DeepFM [81], a state-of-the-art representative of the deep click-
through rate modeling paradigm [138] that combines deep neural networks (Deep) with Factorization
Machines (FM) [172]. DeepFM is specifically designed to learn both low-order and high-order feature
interactions simultaneously [81], leveraging deep neural networks to find non-linear patterns in user-
item interactions [243]. DeepFM provides a benchmark for ranking-based tasks that refine the order of
potential suggestions based on various contextual signals [245]. For these reasons, we chose DeepFM
above other high performing approaches such as Wide & Deep (WDL) [40], which is limited by its
reliance on expert feature engineering [81].

UVP variant
We integrate the value profiles as contextual factors in DeepFM. For this, we draw inspiration from
previous work that integrated psychometric data as a “foundational user-related context” in CARSs [75].
Since DeepFM is already able to handle contextual features, no separate UVP variant is required.

5.4.4. Sequential
Many traditional recommendation algorithms are time-agnostic and ignore the chronological order of
user interactions [101]. These methods assume that every past user interaction carries equal weight
in determining their current preferences [230]. Breaking from the time-agnostic approach, sequential
RSs assume that the temporal order of actions is often as important as the actions themselves [7].
For example, it makes sense to recommend coffee pods after a user buys a coffee machine, but not



5.5. Evaluation 25

the other way around. We include sequential models because these models are able to distinguish
between long-term preferences and noisy trends in the data [7]. This is important for investigating
personal values in recommenders, because these algorithms might capture these values as long-term
preferences [36].

As a representative of sequential models, we use the Self-Attention based Sequential Recommendation
model (SASRec) [111]. SASRec uses self-attention to adaptively find relevant items, leveraging the
combined strengths of Markov chains [174] and recurrent neural networks (RNNs) [104]. Self-attention
is a mechanism designed to capture internal relationships and dependencies within a sequence by
matching representations against themselves [87, 164]. The self-attention mechanism of SASRec
allows it to capture long-term and long-range dependencies within user interaction sequences, thereby
overcoming the problems of RNN-based models (problems with long sequences), and CNN-based
models (limited receptive fields) [220, 88]. SASRec has exhibited superior performance compared to
earlier RNN-based (e.g., GRU4Rec) and CNN-based (e.g., Caser) models [25]. Due to its superior
performance, it is a well-known representative of transformer-based sequential recommenders, which
is frequently reported in the literature as a sequential baseline (e.g. [87, 164, 231, 232, 71, 88, 136, 139,
138, 143, 234]). For these reasons, we use SASRec as our representative algorithm for sequential
recommendation.

UVP variant
Pure ID-based SRSs, such as SASRec, rely only on item ID and positional encodings [160]. While this
has led to state-of-the-art performance, these SRSs suffer from data sparsity problems. A common
way to mitigate this problem is to introduce side information into the SRS [41]. In our exploration, we
integrate the user value profile as side information. The UVP can be seen as a form of long-term
side-information, because personal values are stable over time [210].

We employ a late-fusion concatenation strategy [41] to integrate the static UVP with dynamic sequential
signals, inspired by prior work on using psychometrics in SRSs [36]. By merging these representations
at the prediction layer, we ensure a non-invasive [137] integration that prevents side information from
distorting the self-attention mechanism [119]. This allows the model to simultaneously capture long-
term stable preferences and short-term dynamic intents [36]

5.5. Evaluation
The main goal of our exploration is to measure the amount of value alignment of recommendations
of RSs with user values. To evaluate this we measure the extent to which the value profile of rec-
ommended items matches the value profile of the user receiving them. Besides value alignment, we
evaluate the RSs across a series of evaluation dimensions. Previous research has indicated that value-
based RSs surface completely different items than standard (engagement based) RSs [97]. Motivated
by these findings, we adopt a multi-metric evaluation framework in order to understand if and how
incorporating value information into RSs changes the recommendations that are generated.

We use offline evaluation, which assesses a recommender system’s performance using historical data
rather than real-time user interaction [178]. The benefit of this method is that it provides high repro-
ducibility, because researchers can use identical data, training/test splits, and statistical methods to
verify and build upon prior work [101]. This enables systematic comparison of algorithms and settings
without requiring real-time user interaction, allowing for controlled, quantitative analysis [242].

We treat the recommendation process as a ranking task. In ranking, the goal is to provide the user
with a user-specific ranking for a set of items [173]. This differs from rating prediction, which optimizes
for numerical accuracy in estimating user ratings [197]. Ranking is a more accurate proxy for user
preferences than rating prediction, because minimizing rating error does not necessarily capture what
users truly prefer or engage with [19], and because in real-life settings users are presented with ranked
lists instead of predicted ratings [7]. Since it has been demonstrated that sampled evaluation produces
inconsistent rankings [127], we use full-catalog evaluation, in which the RS is required to retrieve and
rank the most relevant items for a user from the full catalog of items.

To evaluate the algorithms using rank-basedmetrics, we transform the explicit 5-point ratings into binary
relevance labels by setting the rating threshold τ = 4. This means that all items that are given a



5.5. Evaluation 26

rating of 4 or 5 are classified as items that a user finds relevant, while items with a rating of 1, 2,
and 3 are considered non-relevant [242]. This choice is motivated by the fact that users use 5 star
scales in an ordinal4 instead of a cardinal5 manner [126]. While a rating of 5 stars always indicates a
higher relevance than 4 stars, the distance (and thus the difference in relevance) between the stars
is not equivalent. In particular, 4 and 5-star ratings are closer to each other than 3-star ratings are
to 4-star ratings [126]. This aligns with prior work that found that extreme ratings are more consistent
across different trials than mild opinions (such as 3 star ratings) [12], which further motivates our choice
to exclude ratings of 3 and lower. Besides these empirical reasons, using τ = 4 allows for easy
comparison with existing literature, as it is a frequently applied rating threshold when using data on
a 1–5 star scale [6, 214, 215].

5.5.1. Metrics
To explore value alignment within RSs, we use metrics that capture both value alignment and the broad
performance of the RS. For value alignment, we measure whether the value profile of recommended
items aligns with the user value profiles. To characterize the broad performance of the recommender
system, we include metrics that give us insights into different facets of the recommendation. This multi-
metrics evaluation is seen as good practice for comprehensive evaluations of RSs [242]. Besides value
alignment, we focus on the “key dimensions” [219] of the recommender system utility: accuracy, novelty
and diversity. We complement these with metrics for coverage, fairness and popularity.

We include accuracy metrics, because they serve as the primary objective property for assessing a
system’s performance in the literature [214]. They are considered the de facto standard for compar-
ing the performance of RSs, particularly in offline experimental settings [162]. This ubiquity is due
to the fact that accuracy metrics allow researchers to compare various algorithms and configurations
systematically at a relatively low cost, particularly in offline settings [242].

Furthermore, we report novelty and diversity metrics, because evidence suggest that users’ Schwartz
value profiles influence their preferences for novelty and diversity [96]. Specifically, prior research
suggests that individuals with higher scores on self-direction, stimulation, and hedonism tend to prefer
recommendations that are more novel [24]. Conversely, users who prioritize conservation or security
may prefer more familiar and homogeneous items.

In order to understand the characteristics of the items that the RS is recommending, we include pop-
ularity, coverage, and fairness metrics. Popularity metrics give us insight into the popularity of a sys-
tem’s recommendations. Coverage metrics provide important insights into a system’s reach and utility
across the entire item catalog [74]. While accuracy metrics focus on how well a system predicts known
interests, coverage evaluates the domain of items that the system is capable of exploring and recom-
mending [89].

Coverage metrics are closely related to fairness metrics, and can be used to measure fairness over
items, as they give us insight into the share of items or users that are served by the RS [242]. However,
they do not give us insight into how (un)equally the items are recommended. To acquire that information,
we use the Gini Index as our fairness over items metric.

Besides measuring fairness across items, it is also possible to compute fairness across users, such as
metrics for group fairness. These metrics are used to investigate whether certain groups get consis-
tently less relevant recommendations [242]. Because the Goodreads dataset lacks the data necessary
to compute these metrics (e.g., demographic attributes [57]), we cannot compute these metrics. There-
fore we do not consider them in our exploration.

Value alignment
The main focus of our exploration is the alignment between the ranking of values in the User Value
Profile (UVP) and the Recommendation List Value Profile (RLVP). A value profile represents the relative
ordering of the 10 basic human values. This relative ordering is a well-defined and comparable unit of
analysis, as each profile consists of the same set of 10 values, all computed using the same ipsatized
scale. This ipsatization standardizes the internal hierarchy, but removes information about the absolute

4Meaningful order, but the intervals between values are not consistent or measurable
5Meaningful order and consistent, quantifiable intervals
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use of value words by the user. As a result, analyses that focus on single value dimensions (e.g.
“Power”) in isolation may be misleading. Accordingly, we compute similarity between users or between
users and recommendation lists at the profile level, using a metric that compares the relative orderings
rather than absolute values.

To evaluate the alignment between the ranking of values in the UVP and RLVP, we employ Kendall’s
τb rank correlation coefficient. This metric directly assesses the amount of agreement between the two
rankings, which corresponds with our definition of value alignment.

Kendall’s τb Kendall’s τb rank correlation coefficient [114] measures the degree of agreement be-
tween two value orderings while explicitly accounting for ties.6 This characteristic makes Kendall’s τb
particularly suitable for our analysis, as it effectively handles tied ranks in the data. This is important,
because the value profiles frequently contain ties, as all the values that are not mentioned in the text
will have the same score.

Values for τb range from perfect disagreement (−1) to perfect agreement (+1) between rankings. There
is no universally accepted way to interpret the exact values of Kendall’s tau [116]. In this evaluation, we
use the following interpretation: values ranging from 0.00-0.10 indicate negligible agreement, 0.10–0.30
weak agreement, 0.30-0.50 moderate agreement, and values above 0.50 indicate strong agreement
between two rankings [9]. This aligns with the recommended guidelines specified by Cohen [44]. We
calculate the Kendall’s τb between two value profiles using Equation (5.4), which is based on the for-
mulation of Kendall [114].

τb =
P −Q√

(P +Q+ T )(P +Q+ U)
(5.4)

where P : #n concordant pairs; Q: #n discordant pairs; T : #n tied pairs in UV P ; U : #n tied pairs in
RLV P .

To calculate the agreement, Kendall’s τb relies on the notion of concordant and discordant pairs. In
our application of this metric to value profiles, a concordant pair is a pair in which the ordering of the
values in the RLVP corresponds with the ordering of the values in the UVP, while a discordant pair
is a pair in which the ordering of the RLVP does not correspond with that of the UVP. Kendall’s τb
compares all pairs of values in the two profiles, for example “Security” & “Conformity”, “Security” &
“Tradition”, . . ., “Achievement” & “Power”.7 In each comparison, it tracks how many pairs maintain the
same relative order (concordant, P ) versus reversed (discordant, Q). T indicates how many values
have the same score in the UVP, but not in the RLVP. U indicates how many values have the same
score in the Recommendation List Value Profile, but not in the User Value Profile. We visualize this
in Figure 5.4.

6We chose Kendall’s τb above other rank correlation coefficients, such as Spearman’s ρ, because it can explicitly account for
ties. While Spearman’s ρ handles ties via rank averaging, it does not explicitly model them at the pairwise level, which Kendall’s
τb does.

7This results in (
(10
2

)
=) 45 comparisons in total
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Concordant

Uni. Hed. Uni. Hed.

∆x > 0

∆y > 0

∆x · ∆y > 0
concordant

Discordant

Uni. Hed. Uni. Hed.

∆x > 0

∆y < 0

∆x · ∆y < 0
discordant

Tied

Uni. Hed. Uni. Hed.

∆x = 0

∆y ̸= 0

∆x = 0
tied

User Value Profile (UVP) Recommendation List Value Profile (RLVP)

Figure 5.4: Illustration of concordant, discordant, and tied pairs in the context of Kendall’s τ . Each panel shows a pair of
values (Universalism and Hedonism) in the User Value Profile (UVP) and the Recommendation List Value Profile (RLVP). A
pair is concordant when the relative ordering is preserved across profiles (∆x ·∆y > 0), discordant when it is reversed

(∆x ·∆y < 0), and tied when one profile assigns equal scores to both values (∆x = 0 or ∆y = 0).

Illustration Let vu = [vu,1, vu,2, . . . , vu,10] be the UVP of user u and vr = [vr,1, vr,2, . . . , vr,10] the
RLVP of recommendation list r, each representing ipsatized scores over the 10 Schwartz values. We
identify concordant and discordant pairs by comparing the relative ordering of pairs of values within
each profile, rather than by comparing value scores at the same index across profiles. Equation (5.5)
represents the ordering of a pair (i, j) in the UVP, and Equation (5.6) represents the ordering of the
same pair in the RLVP.

∆xi,j = vu,i − vu,j (5.5)

∆yi,j = vr,i − vr,j (5.6)

A pair (i, j) is concordant if the relative ordering of the two values is the same in both profiles: ∆xi,j ·
∆yi,j > 0. To illustrate, assume that Universalism (denoted by vu,i) is ranked higher than Hedonism
(denoted by vu,j) in the UVP. Since Universalism is ranked higher than Hedonism, vu,i > vu,j , and
therefore ∆xi,j will be positive.

If Universalism is also ranked higher than Hedonism in the RLVP, vr,i (Universalism) will similarly be
higher than vr,j (Hedonism), so∆y = vr,i−vr,j will be a positive number as well. Since∆x and∆y will
both be positive, ∆x×∆y > 0, which means that a pair is concordant. This aligns with the definition of
a concordant pair, since the relative ordering of Universalism and Hedonism is the same.

Alternatively, if Universalism is ranked lower than Hedonism in the RLVP, vr,i (Universalism) will be
smaller than vr,j (Hedonism), so ∆y = vr,i − vr,j will be a negative number. Calculating ∆x × ∆y
with ∆x being positive, and ∆y being negative results in a negative value, so ∆x × ∆y < 0. This
corresponds with the definition of a discordant pair, since the relative ordering of Universalism and
Hedonism is reversed.

Finally, a pair is tied in either the UVP or RLVP if one of the value profiles ranks Universalism as equal
to Hedonism, but the other value profile does not. This is the case if ∆x = 0 or ∆y = 0.

Accuracy
While investigating value alignment is our main goal, we also want to investigate the effect of value in-
formation on the accuracy of the RSs. To investigate how accuracy is affected by user values, we
complement our value-alignment analysis with two standard performance-oriented ranking metrics:



5.5. Evaluation 29

Normalized Discounted Cumulative Gain [108] and Mean Reciprocal Rank [224]. These metrics com-
plement each other: NDCG to assesses the amount of relevant items in the top of the ranking, and
MRR assesses where the first relevant result is located.

NormalizedDiscountedCumulativeGain NormalizedDiscountedCumulativeGain (NDCG) is widely
used in recommender system evaluation and is well-suited to settings in which recommendations are
presented as ranked lists rather than as explicit rating predictions. Prior work [214] has shown that
NDCG exhibits strong robustness and discriminative power when comparing ranking-based recom-
mender models, making it an appropriate choice for assessing overall system performance. We use
NDCG to capture the extent to which relevant items are ranked highly. It is important that relevant items
are ranked highly, because users exhibit position bias [45]. Position bias is the disposition of users to
interact with items on top of a list with a higher probability than with those in lower positions [106].
Therefore, these items should be relevant [108], and this is what NDCG captures.

The value of NDCG ranges from 0 to 1, where 1 indicates that the system ranks items exactly as they
would be in an ideal scenario, with all relevant items at the top of the list according to their relevance
scores. A value of 0 indicates that the system failed to recommend any relevant items, or that relevant
items were placed so far down the list that their value was entirely lost due to positional discounting.
We calculate NDCG using Equation (5.7).

NDCG =
DCG

IDCG
(5.7)

To calculate Discounted Cumulative Gain (DCG) we used Equation (5.8), where 2reli −1 represents the
gain value at position i, and log2 (i+ 1) implements the position-based discounting. The discounting
reflects the assumption that the utility of a relevant item decreases with its rank position. Consequently,
a model that fails to rank relevant items highly will receive a lower score. It should be noted that
there are many different formulations for calculating DCG. We chose the formulation by Parapar and
Radlinski [162], because this formulation uses a logarithm with base 2, which ensures all positions are
discounted [178].8

DCG =

N∑
i=1

2reli − 1

log2 (i+ 1)
(5.8)

We calculate Ideal Discounted Cumulative Gain (IDCG) using Equation (5.9). The Ideal Discounted
Cumulative Gain is the maximum possible DCG a system could achieve if all the relevant items were
ranked at the very top of the recommendation list. We approximate this by taking all items known to be
relevant to a user (i.e. items the user has interacted with) and sorting them in decreasing order of their
relevance grades. We assume that all relevant items are placed at the top N positions, and apply the
same logarithmic discount as in DCG.

IDCG =

N∑
i=1

1

log2 (i+ 1)
(5.9)

Mean Reciprocal Rank Mean Reciprocal Rank (MRR) [224] evaluates a recommender system’s
ability to place relevant items at the top of a recommendation list [215]. It is calculated as the average
of Reciprocal Ranks (RR) across all users in the system [10]. For an individual user, the RR is the
inverse (reciprocal) of the position (rank) of the first relevant item in their recommendation list [6]. The
value for MRR ranges from 0 to 1, where a score of 1 represents a perfect system that always places
a relevant item at the very first position [10]. We calculate MRR using Equation (5.10).

MRR =
1

|U |
∑
u∈U

1

rank∗u
(5.10)

8The logarithm base can be chosen, since it is a free parameter. Typical values in the literature range between 2 and 10 [178]
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where U : set of users; rank∗u: rank position of the first relevant item found by an algorithm for a user u.

Diversity
Diversity refers to the internal variations within components of an experience [178], in particular to a
collection of items and the degree of difference among them [110, 131, 219, 242]. It is important that
RSs give the users a diverse list of items, because it gives them a wider array of options to choose
from, thus increasing the chance that at least one of the recommended items will meet their needs [219].
Diversity can be measured from multiple perspectives. In our exploration, we focus on the user-level
perspective. The user-level metric, Intra-List Diversity, captures the perspective of a user by measuring
how similar or different items are within a single user’s recommendation list

Intra-List Diversity We measure diversity using Intra-List Diversity (ILD), which is computed using
the average pairwise distance of the items in the recommendations. ILD is a generally accepted metric
in the literature, that has been shown to be a valid proxy for user-perceived diversity [102]. However, it
should be noted that Jesse et al. [102] found that the specific implementation of the diversity metric is
important for the diversity perception. Previous research indicates that users associate diversity with
genre diversity [53, 218]. We therefore use the implementation that has been shown to exhibit the
best match with user perception of diversity: genre-wise ILD [54]. The formula for this metric is given
in Equation (5.11).

ILD =
1

|R|(|R| − 1)

∑
i∈R

∑
j∈R

d(i, j) (5.11)

where R: set of recommended items; i: first item of the comparison; j: second item of the comparison;
d(i, j): distance function.

As distance function, we use the genre information. Specifically, we use the complement of binary
Jaccard similarity (Equation (5.13)) on genre information. This method is commonly applied in the
literature [2, 102, 219], because genres can be treated as Boolean or binarized features, since an item
either belongs to a genre or it does not [85]. This applies to book genres as well [144]. Hence, we
use this similarity metric, instead of a similar metric such as cosine similarity, which is more suitable to
numeric item features [33].

d(i, j) = 1− J(i, j) (5.12)

J(i, j) =
Gi ∩Gj

Gi ∪Gj
(5.13)

where J(i, j): Jaccard similarity between i and j; Gi: set of genres that i belongs to; Gj : set of genres
that j belongs to.

Novelty
Novelty is an indispensable aspect of recommender systems, since the goal of a recommendation is
discovery [219]. Discovery requires novelty, since recommending items that the user already knows
defeats the purpose of the recommendation [2]. Following Castells et al. [33], we define novelty as
difference between a user’s present recommendations and their past experience. Therefore, we need
a way to measure if a recommender system is able to recommend items that are novel to the user. For
this, we use Unexpectedness, a user-dependent metric. We use a user-dependent metric, because
these metrics align with our working definition that the novelty of an item depends on a user’s previous
experience [191, 102]. User-independent and popularity-based metrics such as global long-tail novelty
do not align with that definition, and are therefore unsuitable for our exploration.
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Unexpectedness We operationalize novelty using Unexpectedness, a metric that measures how
surprising a recommended item is relative to a user’s prior interactions [178, 191]. Unexpectedness
reflects the difference between a user’s present recommendations and past experience. We compute
Unexpectedness using Equation (5.14), as formulated by Castells et al. [33]:

Unexp =
1

|R||Iu|
∑
i∈R

∑
j∈Iu

d(i, j) (5.14)

where R: set of recommended items; Iu: set of items user u has interacted with; i: first item of the
comparison; j: second item of the comparison; d(i, j): distance function.

For each recommended item i ∈ R, the metric considers all items j ∈ Iu that the user has previously
consumed or interacted with. For every such pair (i, j) the distance function d(i, j) measures how
dissimilar the recommended item is from the user’s past experience. Specifically, we compute d(i, j)
as the Jaccard similarity (see Equation (5.13)) between the genre information of items i and j. This
formulation captures novelty as the extent to which recommended items belong to different genres
than those previously encountered by the user, while remaining user-dependent through the incorpo-
ration of individual interaction histories. The choice to use genre information is supported by prior work
that shows that utilizing genre information in novelty metrics is effective [168], specifically in the book
domain [54].

Unexpectedness shares attributes with intra-list diversity (Section 5.5.1). Both use distance-based
models to measure how different items are, but they compare those items to different sets [219, 178].
Unexpectedness compares the recommendations against the set of items the user has already inter-
acted with, while ILD compares it against the set of recommendations itself. They thus capture different,
but equally relevant aspects of the user experience.

Coverage
Coverage metrics quantify domain reach, measuring the extent to which the RS is capable of making
recommendations over the available set of items [74]. This is important information, because a RS
might appear successful by only recommending easy-to-predict popular items while ignoring the “long
tail” of the catalog [89]. This in turn would prevent a user from discovering useful items they might not
have found on their own, which impacts their satisfaction with the RS [191].

Item Coverage We use item coverage [89] as our coverage metric. Item coverage is sometimes
also referred to as catalog coverage [99], since it measures how broadly the recommender system
covers the item catalog in its recommendations. With item coverage, we measure the percentage of
available items that are effectively ever recommended to at least one user over a specific period [74].
We calculate the item coverage using Equation (5.15). The values of this formula range from 0 to 1,
where a result of 1 means the system is capable of surfacing every single item in the catalog to at least
one person, while a score close to 0 indicates that the system’s recommendations are concentrated on
a small subset of the inventory [191].

ItemCoverage =

∣∣⋃
u∈U R(u)

∣∣
|I|

(5.15)

where U : set of users; R: set of recommended items; I: set of items.

Fairness
We include a fairness metric in our evaluation of recommender systems, because accuracy-based
metrics fail to capture the social impact of a system [18]. In particular, we investigate fairness over
items, which is also referred to as provider fairness [56]. Investigating fairness over items is important,
because recommender systems operate in multi-stakeholder environments [199] where the interests
of the providers of the items are just as relevant as those of the users [150]. While traditional metrics
focus on user satisfaction, they often ignore whether the system’s benefits are equitably distributed
among providers of that content. To measure this, we include a fairness over items metric.
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Gini Coefficient As a measure of fairness over items, we use the Gini coefficient [35]. The Gini
coefficient is frequently used as a fairness metric because it measures distributional inequality [242].
We use the Gini coefficient because it is effective at detecting concentration biases [1, 99], the tendency
of recommendation algorithms to focus their recommendations on a small part of the available item
spectrum.

The Gini coefficient measures how evenly items are distributed among users in the recommendation
list. It evaluates whether a recommender system over-recommends a subset of items or distributes
recommendations more evenly across the catalog. The value ranges from 0 to 1, where 0 indicates
perfect equality, in which all items are recommended equally often, and 1 indicates perfect inequality,
in which a single item is recommended exclusively, and all others are ignored. We calculate the Gini
Coefficient using Equation (5.16).

G =
1

n− 1

n∑
j=1

(2j − n− 1)p (ij) (5.16)

where n: total number of items; j:rank of the item; ij : list of items ordered according to increasing p(i).

Popularity
We include a popularity metric in our evaluation of recommender systems, because accuracy-based
metrics alone do not capture the degree to which a system’s recommendations are dominated by a small
subset of highly popular items [18]. This phenomenon, commonly referred to as popularity bias [176],
frequently occurs in CF methods [1]. Capturing this information is relevant for our exploration, as
incorporating user value profiles as explicit features may change the distribution of recommended items
in ways that are not reflected in accuracy metrics alone.

Average Popularity To measure popularity, we use the Average Popularity metric, defined in Equa-
tion (5.17), which computes the mean popularity of recommended items across all users.

AveragePopularity =
1

|U |
∑
u∈U

∑
i∈R ϕ(i)

|R|
(5.17)

where U : set of users; R: set of recommended items; ϕ(i): number of interaction of item i in training
data.

5.6. Implementation
The computational environment for the experiments consists of a high-performance Acer Aspire 7 work-
station. The CPU is a 12th Generation Intel Core i5-1240P, operating at a base frequency of 1.70
GHz, providing efficient multi-core processing for both general and specialized tasks. The system is
equipped with 16.0 GB of RAM, offering sufficient memory for handling moderate-sized datasets and
computational workloads. For accelerated computing, the workstation features a dedicated NVIDIA
GeForce RTX 3050 Laptop GPU with 4 GB of VRAM, alongside integrated Intel Iris Xe Graphics (128
MB), enabling support for machine learning tasks.

We use the RecBole recommendation framework [249, 240, 248], because it allows for full experiment
management, and has a clear configuration file that allows for experiments to be easily reproduced.
We use RecBole’s significant_test.py to run significance tests

For each recommender system, we select hyperparameters through systematic tuning. We report the
resulting optimal configurations below.

UserKNN We conduct tuning over the neighborhood size k and the normalization parameter shrink.
The optimal configuration was found to be k = 10 and shrink = 0.0.

BPRMF Tuning over the learning rate yielded an optimal value of λ = 0.001.
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DeepFM The optimal configuration consisted of a dropout probability of 0.1, a learning rate of 0.01,
and MLP hidden layer sizes of [512, 512, 512].

SASRec The optimal configuration consisted of an attention dropout probability of 0.2, a hidden state
dropout probability of 0.2, a learning rate of 0.001, 2 attention heads, and 1 transformer layer. The item
embedding dimensionality was set to 64, with an inner feed-forward dimensionality of 256. Weight
initialization followed a normal distribution with a standard deviation of 0.02, and a layer normalization
epsilon of 1 × 10−12 was applied for numerical stability. The gelu activation function was used in
the feed-forward layer, and model training was conducted using the BPR loss function. All remaining
parameters were kept at their default values.



6
Results

In this chapter, we report the empirical findings of our exploration, organized around the two central
research questions. We first establish a baseline by examining the degree to which standard recom-
mender systems already reflect users’ personal values in their outputs (Section 6.1). We then report the
effects of incorporating the User Value Profile across four recommender systems (UserKNN, BPRMF,
DeepFM, and SASRec) evaluated along seven dimensions: value alignment, accuracy, diversity, nov-
elty, coverage, fairness, and popularity (Section 6.2). In the remainder of this chapter, we discuss
the patterns that emerge from these results in greater depth, including an analysis of popularity bias
(Section 6.3), novelty (Section 6.4), fairness (Section 6.5), and the relationship between users’ value
profiles and the recommendations they receive (Section 6.8).

6.1. Baseline Value Alignment
Our first question aimed to gain insight into how user values are reflected in recommendation outcomes.
Formally, we investigated RQ1: To what extent do recommendations generated by a standard recom-
mender system align with users’ personal values? In order to assess this alignment, we calculated the
Kendall’s τb correlation coefficient between the user value profile and the recommendation list value
profile. The results of these calculations for each of the investigated models are shown in Table 6.1.

Table 6.1: Mean Kendall’s τb correlation coefficients for different recommendation models.

Model Mean Kendall’s τb

UserKNN 0.2688
BPRMF 0.2690
DeepFM 0.1329
SASRec 0.2891

Overall Mean 0.2400

Both the overall scores and the isolated scores for these RSs fall between 0.0 and 0.3. Values for
τb range from perfect disagreement (−1) to perfect agreement (+1), with values between 0.0 and 0.3
indicating weak alignment. Thus, the results indicate that recommendations of the standard RSs are
weakly positively aligned with users’ values.

6.2. Effect of Introducing the User Value Profile
Our next question investigated the effect of adding a user’s values as input to the recommender sys-
tems. This was guided by RQ2: Does incorporating user values as features within a recommender
increase this alignment? Besides measuring value alignment, we explore the broad performance of
our chosen RSs using a multi-metric evaluation [242]. Our evaluation strategy includes metrics for

34
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value alignment, accuracy, diversity, novelty, coverage, fairness, and popularity. These metrics cover
all the main dimensions of evaluation, and taken together provide a comprehensive evaluation of the
chosen RS. A detailed description of these metrics, our rationale for including them, and how they are
calculated can be found in Section 5.5.1.

6.2.1. UserKNN
A comparison of the results for running UserKNN and the UserKNN + UVP variant can be seen in Ta-
ble 6.2.

Table 6.2: Comparison of Evaluation Metrics: UserKNN vs. UserKNN + UVP
(∗ indicates statistically significant difference, p < 0.001).

Dimension Metric UserKNN UserKNN + UVP % Change
Alignment Mean Kendall’s τb 0.2688 0.3267 +21.54%∗

Accuracy NDCG@10 0.0177 0.0096 -45.76%
Accuracy NDCG@20 0.0231 0.0129 -44.16%
Accuracy MRR@10 0.0244 0.0154 -36.89%
Diversity Mean ILD 0.4741 0.5111 +7.80%
Novelty Mean Unexpectedness 0.1384 0.2207 +59.46%
Coverage Item Coverage@10 0.5803 0.3916 -32.52%
Fairness Gini Index@10 0.8594 0.9427 +9.70%
Popularity Average Popularity@10 349.9479 679.3777 +94.14%

The results, as shown in Table 6.2, indicate that the introduction of the UVP resulted in a significant
increase in the mean Kendall’s τb of 21.54%. We confirm this statistically via a paired t-test (t(17599) =
30.16, p < .001) and a Wilcoxon signed-rank test (W = 56,749,268.5, p < .001), both yielding a small
effect size (Cohen’s d = 0.23, 95% CI [0.054, 0.062]). We see an even greater absolute increase in
mean unexpectedness, which increased by 59.46%. We also note small increases in intra-list diversity
and the Gini index.

Besides a decrease in item coverage, we also note large decreases in the accuracy metrics MRR and
NDCG. Because the NDCGmetrics do not display a one-to-one correspondence with values previously
reported on this dataset by Paparella et al. [161] (0.0984), we ran an additional experiment using
the UserKNN implementation in the Elliot framework [13]. For that experiment, we used the same
parameter settings as found in the code for the original paper.1 A comparison between the results of
the Recbole and Elliot implementations of UserKNN on the Goodreads English Review subset is shown
in Table 6.3. We note that the NDCG scores from Elliot are similar to the metrics we found in running
our experiment in Recbole. Therefore, we conclude that the UserKNN implementation in RecBole is
not the cause of the lower NDCG.

Table 6.3: Comparison of Test Results for the UserKNN implementation of RecBole & Elliot on the Goodreads English Review
Subset

Metric UserKNN (RecBole) UserKNN (Elliot)
MRR@10 0.0244 0.0603
MRR@20 0.0279 0.0659
NDCG@10 0.0177 0.0258
NDCG@20 0.0231 0.0309
Item Coverage@10 0.5803 0.5602
Item Coverage@20 0.7710 0.7300

6.2.2. BPRMF
We compare the results for the regular and UVP variant of BPRMF in Table 6.4.

1This code can be found here: https://github.com/sisinflab/RecMOE

https://github.com/sisinflab/RecMOE
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Table 6.4: Comparison of Evaluation Metrics: BPRMF vs. BPRMF + UVP
(∗ indicates statistically significant difference, p < 0.001).

Dimension Metric BPRMF BPRMF + UVP Change (%)
Alignment Mean Kendall’s τb 0.2690 0.3524 +30.99%∗

Accuracy NDCG@10 0.0109 0.0104 -4.59%
Accuracy NDCG@20 0.0141 0.0144 +2.13%
Accuracy MRR@10 0.0178 0.0160 -10.11%
Diversity Mean ILD 0.4911 0.4889 -0.45%
Novelty Mean Unexpectedness 0.2195 0.2007 -8.57%
Coverage Item Coverage@10 0.0600 0.2658 +343.00%
Fairness Gini Index@10 0.9948 0.9647 -3.03%
Popularity Average Popularity@10 1097.5635 751.8069 -31.50%

Introducing the UVP results in a statistically significant increase in mean Kendall’s τb of 30.99%, con-
firmed by both a paired t-test (t(17599) = 5.70, p < .001) and a Wilcoxon signed-rank test (W =
70,428,328.5, p < .001), with a negligible effect size (Cohen’s d = 0.04, 95% CI [0.006, 0.013]). Surpris-
ingly, we see a decrease in accuracy metrics MRR@10 and NDCG@10, but an increase in NDCG@20.
Another very large increase worth noting is the increase in Item Coverage. Besides these increases,
we observe that unexpectedness and the Gini index decrease, and the intra-list diversity stays approx-
imately the same.

Closer inspection of these results revealed that training times of these RSs differed greatly due to early
stopping. BPRMF stopped after training for 20 epochs, while BPRMF + UVP ran for 70 epochs. To
ensure that the observed difference in performance was not due to these differences in training time,
we reran both RSs without early stopping. The results of this are seen in Table 6.5.

Table 6.5: Comparison of Evaluation Metrics: BPRMF vs. BPRMF + UVP
(∗ indicates statistically significant difference, p < 0.001).

Dimension Metric BPRMF BPRMF + UVP Change (%)
Alignment Mean Kendall’s τb 0.3359 0.3524 +4.92%∗

Accuracy NDCG@10 0.0105 0.0104 -0.95%
Accuracy NDCG@20 0.0147 0.0144 -2.04%
Accuracy MRR@10 0.0159 0.0160 +0.63%
Diversity Mean ILD 0.4830 0.4889 +1.22%
Novelty Mean Unexpectedness 0.1924 0.2007 +4.29%
Coverage Item Coverage@10 0.3009 0.2658 -11.67%
Fairness Gini Index@10 0.9565 0.9647 +0.86%
Popularity Average Popularity@10 699.4952 751.8069 +7.48%

Comparing these results to those in Table 6.4, controlling for training time substantially changes the
picture. The statistically significant increase in mean Kendall’s τb persists, though the magnitude is
considerably reduced from 30.99% to 4.92%, confirmed by both a paired t-test (t(17599) = 12.57,
p < .001) and a Wilcoxon signed-rank test (W = 65,195,001.5, p < .001). This suggests that much
of the alignment gain observed in the first comparison was an artifact of BPRMF + UVP receiving
substantially more training. The dramatic differences in accuracy, novelty, coverage, and popularity
metrics largely disappear when both models are trained for 70 epochs, with most metrics changing by
less than 2%. Notably, the large increase in ItemCoverage@10 reverses direction entirely, BPRMF now
achieves higher coverage than BPRMF + UVP, further suggesting that the earlier coverage difference
was driven by training time rather than the UVP component itself.

6.2.3. DeepFM
We compare the results of DeepFM and DeepFM + UVP in Table 6.6.
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Table 6.6: Comparison of Evaluation Metrics: DeepFM vs. DeepFM + UVP
(∗ indicates statistically significant difference, p < 0.001)

.

Dimension Metric DeepFM DeepFM + UVP Change (%)
Alignment Mean Kendall’s τb 0.1329 0.1284 -3.38%∗

Accuracy NDCG@10 0.0036 0.0020 -44.44%
Accuracy NDCG@20 0.0040 0.0032 -20.00%
Accuracy MRR@10 0.0082 0.0041 -50.00%
Diversity Mean ILD 0.6785 0.6525 -3.83%
Novelty Mean Unexpectedness 0.4009 0.3805 -5.09%
Coverage Item Coverage@10 0.0067 0.0060 -10.45%
Fairness Gini Index@10 0.9992 0.9993 +0.01%
Popularity Average Popularity@10 130.9624 98.1315 -24.99%

What stands out in the table is the fact that introducing the UVP into the recommender system de-
creased the values for all metrics except the Gini Index, which stayed the same. This includes a
statistically significant decrease in mean Kendall’s τb of 3.38%, confirmed by both a paired t-test
(t(17590) = −4.28, p < .001) and a Wilcoxon signed-rank test (W = 68,854,349.0, p < .001), with a
negligible effect size (Cohen’s d = −0.03, 95% CI [−0.007,−0.003]). Another notable aspect is the very
low accuracy scores in both the baseline and UVP variant. While surprising, prior work reports that in
extremely sparse datasets the only pattern that DeepFM is able to learn might be popularity bias [121],
which might explain these results.

6.2.4. SASRec
The resulting comparison between SASRec and SASRec + UVP can be seen in Table 6.7.

Table 6.7: Comparison of Evaluation Metrics: SASRec (136 epochs) vs. SASRec + UVP (127 epochs)
(∗ indicates statistically significant difference, p < 0.001).

Dimension Metric SASRec SASRec + UVP Change (%)
Alignment Mean Kendall’s τb 0.2891 0.3274 +13.26%∗

Accuracy NDCG@10 0.0250 0.0175 -29.96%
Accuracy NDCG@20 0.0316 0.0235 -25.63%
Accuracy MRR@10 0.0158 0.0121 -23.42%
Diversity Mean ILD 0.5128 0.5043 -1.66%
Novelty Mean Unexpectedness 0.3827 0.1876 -50.98%
Coverage Item Coverage@10 0.8920 0.4799 -46.18%
Fairness Gini Index@10 0.8570 0.9401 +9.70%
Popularity Average Popularity@10 154.4449 246.3237 +59.49%

We observed a statistically significant increase in mean Kendall’s τb of 13.26%, confirmed by both a
paired t-test (t(17599) = 16.70, p < .001) and a Wilcoxon signed-rank test (W = 65,183,127.0, p < .001),
with a small/negligible effect size (Cohen’s d = 0.13, 95% CI [0.034, 0.043]). Besides the increase in
Kendall’s τb, we saw an increase in the Gini Index and a very large increase in average popularity. Next
to a small decrease in intra-list diversity, we noted large decreases in the accuracy metrics NDCG and
MRR, and even larger decreases in unexpectedness and item coverage.

6.2.5. Summary
In Table 6.8 we give an overview of the effect introducing the UVP has on each metric. This table
shows that the significant gains in alignment are accompanied by systematic trade-offs in traditional
RS metrics. In particular, ranking performance metrics tend to decrease when value information is
introduced, while diversity- and novelty-related metrics show mixed shifts depending on the model.
This pattern suggests that value-aware recommendation changes the optimization objectives.
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Table 6.8: Comparison of Evaluation Metrics Across Models. Arrows pointing upwards indicate an increase, arrow pointing
downwards indicate a decrease. Double arrows indicate a large increase or decrease (more than 20%).

Metric UserKNN BPRMF DeepFM SASRec
Mean Kendall’s τb ↑ ↑ ↑ ↓ ↑
NDCG@10 ↓ ↓ ↓ ↓ ↓ ↓↓
NDCG@20 ↓ ↓ ↓ ↓ ↓ ↓↓
MRR@10 ↓ ↓ ↑ ↓ ↓ ↓↓
Mean ILD ↑ ↑ ↓ ↓
Mean Unexpectedness ↑↑ ↑ ↓ ↓↓
Item Coverage@10 ↓ ↓ ↓ ↓ ↓↓
Gini Index@10 ↑ ↑ ↑ ↑
Average Popularity@10 ↑↑ ↑ ↓↓ ↑↑

6.3. Popularity Analysis
Closer inspection of the data in Table 6.2 and Table 6.4 revealed a high popularity for UserKNN and
BPRMF compared to the results obtained from DeepFM and SASRec. To explore the mechanisms
behind this observation, we conducted further tests to identify the most frequently recommended items
for each recommender system and their corresponding popularity.

We examined the most popular books in the dataset to gain deeper insight into whether the books
that appear most frequently in the recommendation lists of the evaluated algorithms also correspond
to generally popular items. We focused on understanding the relationship between algorithmic recom-
mendation behavior and intrinsic item popularity. We defined a popular item as an item with a high
number of positive interaction, where we used the same τ = 4 as rating threshold for a positive interac-
tion. The top 20 most popular books according to this definition can be seen in Table 6.9. We focused
on the top 20 to focus on very popular books. Using this data, we analyzed the amount of overlap
between the most frequently recommended books for each of the RSs and these most popular books.

Table 6.9: Top 20 Books by Positive Interaction Count

Book Title Count
The Fault in Our Stars 2203
The Hunger Games 1909
Cinder 1736
Catching Fire 1353
The Martian 1336
Six of Crows 1298
Mockingjay 1276
Fangirl 1257
Scarlet 1255
A Court of Thorns and Roses 1231
Cress 1228
Eleanor & Park 1185
Daughter of Smoke & Bone 1129
Ready Player One 1104
Winter 1079
The Book Thief 1074
Insurgent 1055
Shadow and Bone 1054
Crown of Midnight 1029
A Court of Mist and Fury 1008
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Table 6.10: Top recommended books for UserKNN and UserKNN + UVP. Highlighted titles are among the top-20 books by
positive interaction count.

UserKNN UserKNN + UVP
Book Count Book Count

Catching Fire 993 The Fault in Our Stars 3466
Mockingjay 964 The Hunger Games 2840
Scarlet 873 Cinder 2573
The Hunger Games 772 Mockingjay 2356
Cress 760 Catching Fire 1873
Shadow and Bone 711 Insurgent 1579
Queen of Shadows 702 A Court of Thorns and Roses 1557
Winter 676 Scarlet 1426
The Fault in Our Stars 670 Eleanor & Park 1416
Fairest 670 City of Bones 1354

Table 6.11: Top recommended books for BPRMF and BPRMF + UVP. Highlighted titles are among the top-20 books by positive
interaction count.

BPRMF BPRMF + UVP
Book Count Book Count

The Fault in Our Stars 8033 The Fault in Our Stars 4865
The Hunger Games 6806 The Hunger Games 3766
Cinder 6619 Cinder 3550
The Martian 5445 Mockingjay 3130
Divergent 5134 The Martian 2860
Ready Player One 5080 Catching Fire 2676
Catching Fire 5027 The Book Thief 1940
The Book Thief 4721 Shadow and Bone 1995
The Ocean at the End of the Lane 4311 Fangirl 1918
Insurgent 4305 Insurgent 1784

Table 6.12: Top recommended books for DeepFM and DeepFM + UVP. Highlighted titles are among the top-20 books by
positive interaction count.

DeepFM DeepFM + UVP
Book Count Book Count

Okay for Now 16018 Words of Radiance 16422
Beard Science 14843 Okay for Now 14158
Lumberjanes, Vol. 4: Out of Time 14699 Beard Science 13871
Long Way Down 13542 The Hate U Give 13576
The King of Attolia 12900 Long Way Down 13099
Words of Radiance 12741 Roller Girl 12040
Harry Potter and the Prisoner of Azk-
aban

12639 The King of Attolia 11997

Harry Potter and the Philosopher’s
Stone

11627 Crooked Kingdom 11787

The Way of Kings 9285 Harry Potter and the Deathly Hallows 7497
Allure 7500 Nothing to Envy: Ordinary Lives in

North Korea
6824
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Table 6.13: Top recommended books for SASRec and SASRec + UVP. Highlighted titles are among the top-20 books by
positive interaction count.

SASRec SASRec + UVP
Book Count Book Count

Harry Potter and the Cursed Child 1573 Harry Potter and the Cursed Child 3671
When Dimple Met Rishi 1337 The Girl on the Train 3370
Dark Matter 1231 Six of Crows 2756
The Upside of Unrequited 1144 Crooked Kingdom 2508
The Inexplicable Logic of My Life 884 Uprooted 2243
It Ends with Us 859 A Court of Thorns and Roses 2131
Our Dark Duet 850 The Martian 2073
The Girl on the Train 847 It Ends with Us 2061
Illuminae 735 Caraval 1880
A Crown of Wishes 684 Wintersong 1689

Table 6.10 and Table 6.11 show that UserKNN and BPRMF, in both baseline and UVP variants, exhibit
substantial overlap between their most frequently recommended items and the top-20 most popular
books. This finding indicates a strong popularity bias and is consistent with the literature, which sug-
gests that neighborhood-based and matrix factorization methods often favor high-interaction items [99].
In contrast, DeepFM’s recommendations in Table 6.12 shows virtually no overlap with the popular items,
suggesting that its outputs are driven by learned feature interactions rather than raw item popularity. In-
terestingly, while these books are not very popular, DeepFM does recommend them to users extremely
frequently. SASRec (Table 6.13) occupied an intermediate position: while its baseline did not show any
popular items, the UVP variant recommends 3 more popular items. This observation may be taken to
indicate that the UVP shifts recommendations toward globally popular content, which aligns with the
rise in Average Popularity@10 seen in Table 6.7.

6.4. Novelty Analysis
Prior research suggests that personal values shape not only what users interact with, but how much
novelty they prefer in their recommendations. Blomstervik and Olsen [24] found that individuals scoring
higher on Self-Direction, Stimulation, and Hedonism tend to prefer more novel recommendations. To
examine whether certain values are associated with higher unexpectedness, we computed a mean un-
expectedness score per user by averaging across all items in that user’s recommendation list. We then
assessed the association between each Schwartz value dimension and this per-user mean unexpect-
edness using Spearman’s rank correlation coefficient (ρ). Spearman’s ρ was selected over Pearson’s r
for ordinal data because it measures monotonic relationships using ranks, avoiding the assumptions of
linearity, normality, and equal interval spacing that Pearson’s r requires but ordinal data violates. The
results of this analysis are seen in Table 6.14.

Table 6.14: Spearman ρ between user value dimension scores and mean unexpectedness of recommendations, across all
RSs. Cells marked n.s. indicate p ≥ 0.05; all other values are significant at p < 0.05 or lower.

.

Value dimension UserKNN +UVP BPRMF +UVP DeepFM +UVP SASRec +UVP

Stimulation 0.144 0.197 0.206 0.200 0.059 0.040 0.045 0.187
Achievement 0.075 0.106 0.117 0.094 0.098 0.089 0.071 0.084
Universalism 0.105 0.084 0.084 0.098 n.s. 0.014 0.013 0.102
Self-Direction 0.056 0.078 0.070 0.102 n.s. n.s. n.s. 0.074
Conformity 0.055 0.072 0.077 0.054 0.093 0.064 0.048 0.061
Power n.s. n.s. 0.019 n.s. 0.064 0.041 0.019 n.s.
Tradition -0.016 -0.019 n.s. -0.017 -0.017 -0.029 -0.030 -0.019
Security -0.029 -0.018 -0.025 -0.039 n.s. n.s. n.s. -0.019
Hedonism -0.085 -0.062 -0.082 -0.062 -0.050 -0.058 -0.050 -0.062
Benevolence -0.293 -0.436 -0.400 -0.393 -0.280 -0.242 -0.189 -0.378
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As can be seen from the table above, users who prioritized Stimulation, and Achievement received
more unexpected recommendations, while those who valued Hedonism and Benevolence tended to
receive less unexpected ones.

6.5. Fairness Analysis
The results of the fairness analysis showed that the overall mean Gini Index increased from 0.93 for
the standard models, to 0.96 for the UVP variants. An overview of the findings is shown in Table 6.15.

Table 6.15: The results for Gini Index@10, grouped by model.

Model Standard With UVP % Change
UserKNN 0.8594 0.9427 +9.70%
BPRMF 0.9948 0.9647 -3.03%
DeepFM 0.9992 0.9993 +0.01%
SASRec 0.8570 0.9401 +9.70%

Mean 0.9276 0.9617 +3.67%

Since a Gini Index closer to 1.00 indicates greater distributional inequality and concentration bias within
a recommender system [215], this means that the item fairness decreases as the UVP is introduced.
The reported values for the UVP variants are consistent with the results of Vaez Barenji et al. [213], who
reported Item Exposure Gini scores between 0.95 and 1.00 for neighborhood-based and latent factor
models.

6.6. Mean Value Scores in Recommendations
To get a better insight into the values expressed by the recommendation list value profiles, we calculate
the arithmetic mean value scores for both the standard models, and the UVP variants. This gives us
information about the average value profile of recommendations across the user population. Aggregat-
ing the ipsatized scores of multiple individuals to determine the overall relative emphasis for a group is
a common and theoretically grounded practice in value research [42, 70]. Table 6.16 and Table 6.17
show the results for the standard and UVP models respectively.

Table 6.16: Arithmetic mean value scores for standard models

Value BPR DeepFM SASRec UserKNN Overall
Benevolence 0.0925 0.1228 0.1153 0.0921 0.1057
Stimulation 0.0216 0.0434 0.0178 0.0216 0.0261
Self-Direction 0.0304 -0.0229 0.0330 0.0303 0.0177
Security 0.0044 0.0717 -0.0061 0.0049 0.0187
Power 0.0128 0.0271 -0.0009 0.0132 0.0130
Universalism -0.0247 -0.0035 -0.0195 -0.0248 -0.0181
Achievement -0.0192 -0.0351 -0.0185 -0.0192 -0.0230
Conformity -0.0180 -0.0394 -0.0322 -0.0178 -0.0268
Hedonism -0.0435 -0.0825 -0.0345 -0.0435 -0.0510
Tradition -0.0564 -0.0817 -0.0543 -0.0567 -0.0623
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Table 6.17: Arithmetic mean value scores for UVP variants

Value BPR+ UVP DeepFM + UVP SASRec + UVP UserKNN + UVP Overall
Benevolence 0.0941 0.1023 0.1019 0.0950 0.0983
Stimulation 0.0247 0.0583 0.0231 0.0246 0.0327
Self-Direction 0.0411 -0.0284 0.0427 0.0346 0.0225
Security -0.0110 0.1045 -0.0046 -0.0044 0.0211
Power 0.0089 -0.0151 0.0055 0.0122 0.0029
Universalism -0.0159 -0.0191 -0.0178 -0.0224 -0.0188
Achievement -0.0199 -0.0321 -0.0273 -0.0170 -0.0241
Conformity -0.0235 -0.0429 -0.0273 -0.0201 -0.0284
Hedonism -0.0362 -0.0616 -0.0393 -0.0413 -0.0446
Tradition -0.0624 -0.0659 -0.0568 -0.0612 -0.0616

6.7. Genre-level Analysis
We examine what drives the difference in unexpectedness and intra-list diversity between the baseline
and UVP variants of the selected models by conducting a genre-level analysis of the recommendations.
For this, we calculate the novel genre ratio and the genre coverage. The novel genre ratio is the
proportion of recommendation-list genres absent from the user’s history. Genre coverage is the number
of distinct genres in the recommendation list. The result of this analysis is shown in Table 6.18.

Table 6.18: Mean genre-level metrics per algorithm. Shaded rows indicate UVP variants

Algorithm Unexpectedness ILD Novel genre ratio Genre coverage

UserKNN 0.1384 0.4741 0.0444 18.31
UserKNN (UVP) 0.2207 0.5111 0.0762 19.73

BPRMF 0.2195 0.4911 0.0543 18.97
BPRMF (UVP) 0.2007 0.4889 0.0518 19.08

DeepFM 0.4009 0.6785 0.1748 22.89
DeepFM (UVP) 0.3805 0.6525 0.1705 21.56

SASRec 0.3827 0.5099 0.1295 18.77
SASRec (UVP) 0.1876 0.5043 0.0606 19.35
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Table 6.19: Top 20 Books by Positive Interaction Count with Genres

Book Title Count Genres

The Fault in Our Stars 2203 chick-lit, contemporary, fiction, humor, romance,
young-adult

The Hunger Games 1909 adventure, contemporary, fantasy, romance,
science-fiction, suspense, thriller, young-adult

Cinder 1736 adventure, fantasy, magic, paranormal, romance,
science-fiction, young-adult

Catching Fire 1353 adventure, contemporary, fantasy, romance,
science-fiction, suspense, thriller, young-adult

The Martian 1336 adventure, contemporary, fantasy, humor,
science-fiction, science

Six of Crows 1298 adventure, crime, fantasy, magic, mystery,
paranormal, romance, thriller, young-adult

Mockingjay 1276 adventure, fantasy, romance, science-fiction,
suspense, thriller, young-adult

Fangirl 1257 chick-lit, contemporary, fiction, humor, romance,
young-adult

Scarlet 1255 fantasy, magic, romance, science-fiction, young-adult
A Court of Thorns and Roses 1231 adventure, fantasy, magic, paranormal, romance,

young-adult
Cress 1228 adventure, fantasy, magic, paranormal, romance,

science-fiction, young-adult
Eleanor & Park 1185 chick-lit, contemporary, fiction, historical-fiction,

romance, young-adult
Daughter of Smoke & Bone 1129 adventure, contemporary, fantasy, magic, mystery,

paranormal, romance, young-adult
Ready Player One 1104 adventure, contemporary, fantasy, humor, mystery,

romance, science-fiction, thriller, young-adult
Winter 1079 adventure, fantasy, magic, paranormal, romance,

science-fiction, young-adult
The Book Thief 1074 classics, contemporary, fiction, historical-fiction,

history, literature, young-adult
Insurgent 1055 adventure, fantasy, romance, science-fiction,

young-adult
Shadow and Bone 1054 adventure, fantasy, magic, paranormal, romance,

science-fiction, young-adult
Crown of Midnight 1029 adventure, fantasy, magic, mystery, paranormal,

romance, young-adult
A Court of Mist and Fury 1008 adventure, erotica, fantasy, magic, paranormal,

romance, young-adult
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6.8. Cluster Analysis of User Value Profiles
Personal values differ between individuals, and can be used to explain the difference between indi-
viduals [185]. An individual’s value hierarchy differentiates them from other people. Presumably, a
variety of different value hierarchies are present in the Goodreads dataset. Because value hierarchies
are inherently individualistic, introducing value profiles into a recommender system need not benefit all
users equally. This raised the question of whether alignment improvements are consistent across the
user population, and whether users with different value profiles received systematically different recom-
mendations. To investigate this, we perform K-means cluster analysis on the Schwartz value profiles
of all users in the Goodreads English dataset. Following the methodology of Maslova et al. [146] and
Lee et al. [134], we determine the optimal number of clusters using three criteria: the gap statistic,
the silhouette coefficient, and the Calinski-Harabasz index (as a Python-equivalent of the Hubert index
used by Lee et al. [134]). All three criteria converged on k = 2 as the optimal solution, yielding two
clusters of comparable size (n1 = 9007; n2 = 9885). The value hierarchies of these clusters are shown
in Table 6.20 and Figure 6.1.

Table 6.20: Mean Schwartz value scores per cluster (standardized prior to clustering; raw scores shown). Dimensions ordered
by Schwartz circumplex position. Dominant values in bold.

Value Dimension Cluster 1 Cluster 2
(n = 9007) (n = 9885)

Self-Direction 0.090 0.114
Stimulation −0.003 0.056
Hedonism 0.037 0.019
Achievement −0.026 −0.008
Power −0.042 −0.032
Security −0.056 −0.059
Conformity −0.054 −0.042
Tradition −0.064 −0.065
Benevolence 0.155 0.039
Universalism −0.037 −0.022
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Figure 6.1: Mean Schwartz value profiles by cluster. Ipsatized scores are shown for each value dimension

We use these clusters to determine if the most dominant values in a user’s value hierarchy influence
the resulting alignment. We motivate this, by hypothesizing that, because the mean scores for Self-
Direction are increasing when we insert the UVP (see Section 6.6), and the Self-Direction cluster is
the biggest identified cluster, the alignment would increase, because all the scores are moved closer
to Self-Direction. To determine whether there were any differences in value alignment per user, we
investigated if there were any users for whom the alignment was always increasing, always declining,
or a mix of those two. The results of this analysis are shown in Table 6.21.

Table 6.21: Cluster composition of consistency groups relative to the overall user distribution. The ratio column shows
observed proportion divided by expected proportion under the null of no association

Group Cluster n Obs. Exp. Ratio

Overall 1 8,483 48.2% — —
2 9,108 51.8% — —

Always improve 1 629 46.4% 48.2% 0.96×
2 727 53.6% 51.8% 1.04×

Always decline 1 387 47.0% 48.2% 0.97×
2 437 53.0% 51.8% 1.02×

We found that neither the always improve nor always decline group deviates significantly from the
overall distribution, indicating that value-cluster membership does not influence whether a user benefits
from UVP.



7
Discussion

In this chapter, we discuss our exploration of how users’ personal values are reflected in recommen-
dation outcomes and whether the explicit incorporation of value information can improve alignment
between these personal values and the values present in the recommendations. We compare our out-
comes to the related work, highlighting consistent as well as contradicting findings. We also discuss
societal and research-related implications of our findings.

7.1. Weak Alignment in Standard RSs
With respect to the first research question, we found that recommendations generated by standard RSs
exhibit a weak degree of alignment with users’ personal values. There are several factors that could
contribute to this indirect alignment, most of which concern the relationship between Schwartz values
and the interactions on which interaction data is based.

First, because values influence the actions of an individual [185], the explicit interactions captured by a
RS can be seen as decisions driven by these personal values [82]. Based on this interaction data, the
RSs might implicitly learn to optimize for these values, since they are associated with what a user inter-
acts with. Second, prior research has identified strong correlations between specific value dimensions
and content preferences [22, 117]. This means that when a standard RS aligns a recommendation with
a user’s past ratings, it could inadvertently align these recommendations with the values that motivated
those ratings. Third, because values are acquired through socialization and shared experience, users
tend to form behavioral clusters based on shared principles [82]. Standard CF might use these clus-
ters to surface items that resonate with the collective values of similar user groups [195]. Finally, items
sometimes contain linguistic and thematic features that correlate with specific values [117]. When a
user engages with content that has these features, the system learns these features as preferences,
though they reflect value-driven interests. In summary, while standard recommender systems do not
explicitly model values, they may partially capture the behavioral effects of values embedded in the
data. This could explain why their recommendations show a small positive alignment with the values
that originally drove user interactions.

While standard RSs exhibit some positive alignment, the overall alignment is still weak. This lack
of alignment indicates that the values of the recommendations do not reflect the user’s values. We
argue that this misalignment can have negative consequences for the users of RSs. RSs have a
non-trivial influence on our behavior [77] through their central role on online platforms, where RSs
structure the environment in which choices are presented to the user in many aspects of their daily
life [151]. Through the recommendation process, RSs shape which options are visible and how they are
prioritized [60]. Because there is no neutral way to present information [203], the resulting presentation
of the recommendations nudges users toward certain behaviors [77, 103]. As a consequence, RSs
shapewhat users see and how they experience the world [32], thereby embedding certain values [26]. If
these embedded values diverge from the values of the individuals receiving them, the resulting behavior
may similarly diverge from what individuals would choose for themselves [26, 31, 128]. As a result, their
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behavior will not align with their values.

According to philosophical [179] and psychological accounts, such as Self-Determination Theory [167],
living according to one’s values is an essential requirement for well-being. Well-being is often con-
sidered the highest human goal [118], and promoting well-being is often seen as an ideal for technol-
ogy [28]. Well-being is broadly understood as a condition in which individuals experience happiness
and flourishing, such that their lives are going well for them [28]. If RSs nudge us into behavior that does
not correspond with our values, this will negatively affect our well-being. Therefore, it is problematic
that standard RSs do not align with our values.

Value alignment is also of critical importance for its own sake, as well as being necessary to ensure that
RSs do not harm our well-being. It is essential that technology acts in line with our values, because
that ensures that individuals can live according to the reasons and motives that they reflectively take
as their own [50]. These reasons and motives were decided upon after a process of reflection where
the individual recognized those values as a valid expression of their personal identity [50]. As such,
personal values provide amuch clearer image of what individuals really care about than the preferences
that current RSs try to infer from interaction data [120]. Therefore, RSs should take these values into
account.

7.2. Significant Increase in Value Alignment After Incorporating
User Values

With respect to the second research question, the data revealed a significant increase in alignment
when incorporating user values as features for three of the four RSs. This means that incorporating
user values as features within a RS increases alignment of the recommendations with user values.

The only model that does not align with this general trend is DeepFM. Instead of increasing, the intro-
duction of value information significantly decreases the value alignment between the recommendations
and the users’ values. There are several possible explanations for this result. First, DeepFM is known
to underperform in extremely sparse datasets [121]. Since Goodreads is an extremely sparse dataset,
this might be a possible explanation.

An alternative explanation for this result is that it is due to insufficient training times, which may have
led to underfitting. Prior studies have noted the importance of sufficient training times for DeepFM [38].
Because the model has not yet learned personalized interactions it will recommend the same small
subset of items to almost every user. This explanation is supported by the extremely low item coverage
we see in the results, and by manual inspection of the results, which show that DeepFM recommends
a small amount of books much more frequently than the other RSs.

Finally, integrating static value information might not be suitable for use in CARSs. While static psycho-
metric information has been integrated into CARSs previously, prior work has stressed that contextual
information should be a characteristic of that context, instead of a static user characteristic [3]. An im-
portant characteristic of personal values is that they are context-independent. While this makes them
applicable to every context, it also means information about these values is not a characteristic of that
specific context. Thus, it is possible that personal values are used as static user characteristics in
DeepFM. This might explain the declining performance in the UVP variant of DeepFM. Based on these
explanations we conclude that the decrease in value alignment for DeepFM, while significant, is not
indicative of the general effect that introducing user values has on RSs.

The significant change in value alignment, coupled with the weak value alignment for standard RSs,
shows that while standard RSs implicitly incorporate information about values, these values are not
modeled as an explicit optimization target. This might result from the fact that standard RSs are eval-
uated and optimized according to metrics that have no relationship with personal values. This is sup-
ported by prior work that found that value-based rankings are uncorrelated with engagement based
rankings [97].
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7.3. Trade-Offs between Value Alignment and Other Metrics
Coupled with increasing value alignment, we found that incorporating value information into RSs af-
fects the other metrics in a variety of ways. This means that while incorporating information about
values significantly increases value alignment, it also comes with corresponding trade-offs across the
other evaluation dimensions. Below we discuss the findings per dimension, since the exact effect that
introducing value information has differs.

We found a consistent trade-off between value alignment and accuracy. When alignment improved, ac-
curacy metrics decreased across all models. A possible explanation is that the inclusion of value-based
signals introduces a separate optimization objective that cannot be fully aligned with the interaction-
based ranking goals within typical model frameworks. This finding is contrary to previous studies which
have suggested that using information about personal values can improve the accuracy of the recom-
mendations [117, 96]. This discrepancy can be partially be explained by the fact that previous work
determined accuracy using error-prediction metrics, while our work used ranking metrics. These met-
rics are based on different underlying assumptions [215], and high performance in error-based metrics
does not guarantee similar performance in ranking-oriented evaluation [46]. Thus, an improvement in
error-prediction metrics is compatible with a decline in ranking-based metrics [6]. If we shift the compar-
ison to focus on ranking-based metrics only, we find that our results are consistent with the literature.
Using the ranking-basedmetric Mean Average Precision, prior work found that combining psychometric
information with rating information decreased accuracy [96]. This aligns with the decrease we found.

The results for diversity and novelty are mixed: UserKNN and BPRMF show improvements on both
dimensions following the introduction of the UVP, while DeepFM and SASRec show declines. With
respect to diversity, the decreases observed in DeepFM and SASRec are consistent with prior work
finding that adding personal value information increases intra-list similarity and thus reduces intra-list
diversity [96]. The improvements in UserKNN and BPRMF suggest that simpler CF approaches may
respond differently to value information. In the case of UserKNN in particular, the UVP may have
surfaced items from adjacent value clusters within the user neighborhood, thereby increasing variety
rather than narrowing it. Notably, the overall change in intra-list diversity across all models was small,
which suggests that value integration does not dramatically reshape the diversity of recommendation
lists.

We see a similar pattern for novelty, with UserKNN and BPRMF showing increases in unexpectedness
and DeepFM and SASRec showing decreases. For the latter two models, the introduction of value
profiles appears to pull recommendations closer to a user’s established preferences, thereby reducing
novelty. The clearest example of this is the large decrease in unexpectedness for SASRec. At baseline,
this model already achieved high unexpectedness, presumably by capturing long-range sequential
patterns in user interactions. The introduction of the UVP may have introduced a persistent signal
that overrode the model’s exploratory tendencies. This tension is consistent with prior work: sequential
models like SASRec are designed to capture dynamic preferences and long-range dependencies [238],
while value profiles represent stable, long-term anchors [206]. The stable, context-independent nature
of the UVP may therefore act as a static constraint on the dynamic recommendation process. This
explanation is supported by prior findings of Xie et al. [238], who noted that the method of integrating
psychometric information in sequential recommenders has a significant effect on the resulting system’s
performance.

Interestingly, we found that for UserKNN using the value profile as an additional input feature resulted
in a large increase in unexpectedness. This increase might be a consequence of implementation of
integrating the UVP into UserKNN. We integrated the UVP into UserKNN by replacing the rating-based
similarity with a linear combination of rating similarity and value profile cosine similarity [236]. This
means that two users can now be considered neighbors not only because they have rated the same
items similarly, but also because their value profiles are similar. Importantly, users with similar value
profiles need not have overlapping consumption histories [16]: a user who strongly values Stimulation
may share that orientation with users whose reading histories are quite different from their own [250].
When recommendations are generated from such neighborhoods, items from outside the user’s imme-
diate consumption cluster can enter the list, increasing the distance between recommended items and
the user’s own history. The increase in unexpectedness is therefore probably a direct consequence of
the similarity function modification.
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The introduction of user value profiles has consistent effects on coverage, fairness, and popularity,
suggesting that value-aware recommendations come at a cost to distributional diversity. With respect
to coverage, we found that incorporating the UVP generally reduces the range of items recommended
across users. This indicates a degree of overspecialization in which the recommendation focus narrows
to a smaller subset of the item catalog. This narrowing is accompanied by a reduction in fairness
over items: both our fairness metric and manual inspection of the recommendation lists reveal greater
distributional inequality and a stronger concentration bias following the introduction of value information.
This aligns with prior research that also found an decrease in fairness after introducing psychometric
information [96]. Combined with this pattern, we found that average popularity of recommendations
increases after introducing the UVP. Taken together with the increase in the Gini coefficient this suggest
an increase in popularity bias. A possible explanation for this consistent pattern across all three metrics
is that when an algorithm is tasked with aligning recommendations with a specific user value profile, it
may converge on a limited set of high-interaction items that represent safe matches for that profile [89].
Popular items might be more likely to contain sufficient value-relevant signal to satisfy the alignment
objective, causing the system to favor them at the expense of less prominent items.

Overall, these results indicate that the impact of value integration depends upon the model’s underlying
mechanism, and that this effect is not uniform across evaluation dimensions. We observe consistent
trends across all four RSs for accuracy, item coverage, fairness, and popularity, suggesting that incorpo-
rating the UVP influences these dimensions regardless of the underlying architecture. By contrast, the
results for diversity and novelty are mixed, with no consistent direction of effect across models. Since
these two dimensions are related, both conceptually and in the way we have implemented them in our
exploration, these results suggest that the relationship between value integration and item discovery is
more architecture-dependent.

Besides indicating that values and traditional metrics exhibit a trade-off, we argue that these results
show that the values that RSs are traditionally optimized on, are conceptually completely distinct from
personal values. RSs are evaluated and trained according to a wide variety of traditional metrics.
These metrics operationalize concepts such as usefulness, fairness, and diversity [199]. Research
often refers to these concepts as “quality factors” [107], “performance metrics” [254] or simply “objec-
tives” [10]. Notwithstanding the fact that they use different terms, we argue that all of these concepts
represent values. This perspective is also taken by recent work investigating the role of values in RSs
(e.g., [18, 199]). We contend that these values should be seen as the values that RS practitioners have
identified as relevant values in the design of RSs. When constructing and designing RSs, practitioners
decide which values to prioritize and how to operationalize these values into technical requirements [39].
Although correlations between personal values and the values prioritized by RS researchers, designers,
and practitioners exist [24], the two remain conceptually distinct. Values that are important in designing
RSs do not need to have any relationship with the personal values that motivate who a person is and
what they do. This distinction carries practical consequences. When recommender systems are opti-
mized for such metrics, there is a real risk that they are optimizing for the wrong things. In optimizing
for traditional metrics, these RS are aligning with “top-down” defined notions of value rather than the
values that actually matter to the people they are designed to serve.

In order to ensure that RSs are aligned with personal values, these systems should explicitly incorporate
personal values as an optimization target [120], with corresponding operationalizations. The current
metrics used in RS research are operationalizations of a completely different value system. As long as
personal values are not an optimization target, evaluating and training RSs with traditional RS metrics
will not bring us closer to aligning the recommendations with user values.

In our exploration, we have used Kendall’s τb as evaluation metric to measure value alignment between
the value hierarchy of the user, and the value hierarchy of the recommendations. By doing so, we have
shown one possible operationalization of value alignment that future researchers could use as an opti-
mization target. We do not claim this is the only or optimal metric for measuring value alignment. Our
research only shows that it is possible to use such a metric, and implement it in popular RS models.
Fortunately, the psychological literature on personal values provides many options to measure values.
These metrics have been extensively empirically validated. Herlocker et al. [89] identified key consid-
erations that RS practitioners should keep in mind when selecting metrics for their evaluation. These
include the comparability of results with other published research, the validity of underlying assumptions,
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sensitivity to detect real differences, and the threshold for statistical significance. A substantial portion
of metrics currently used in RSs research fails to meet these requirements [46, 242]. For personal
values, RSs researchers can draw from the extensive insights in psychology to meet these require-
ments. The validity of underlying assumptions [185], sensitivity to detect real differences [182, 188],
and threshold for statistical significance [66, 153] have all been extensively studied within psychology.
Therefore, future researchers would not have to conduct additional research to answer these ques-
tions, but can use these insights from psychology. Additionally, this helps RSs researchers ground and
contextualize the results more broadly than traditionally possible, since they can compare their work to
both published research in RSs, and published research in psychology.

7.4. Schwartz Value Clusters in the Goodreads Dataset
Through cluster analysis, we identified two clusters in the Goodreads dataset, broadly characterized by
Benevolence-oriented and Self-Direction-oriented value profiles. This clustering differs from previously
reported four- and three-cluster solutions in general population studies [146, 134]. This divergence can
be explained by the nature of our dataset. Goodreads users constitute a self-selected population of
heavy readers [205], and prior research indicates that such populations exhibit different value hierar-
chies than the general population, with stronger emphasis on self-direction, universalism, and benevo-
lence [55, 109]. This corresponds with the clusters that we have identified. Therefore, we suggest that
the identified clusters are a consequence of this self-selection process.

Interestingly, we found that even in the standard RSs, recommendation behavior differs across clusters.
Self-Direction-oriented users tend to receive more diverse and unexpected recommendations, whereas
Benevolence-oriented users exhibit higher baseline alignment. A possible explanation of these findings
is that since CF uses the relationship between users to make recommendations, standard CF might
use these clusters to surface items that resonate with the collective values of similar user groups [195].
These results further indicate that values are already partially encoded in interaction patterns, which is
consistent with our finding of weak positive value alignment.

Concerning value alignment, we found no clear difference between clusters, with neither cluster having
a significantly higher proportion of users for whom alignment increases or decreases. This suggests
that membership of a specific value cluster is not the reason for the individual-level gains in alignment.
Instead, the improvements are more likely due to the RS responding to individual differences in user
profiles. This is corroborated by closer inspection of the data. This inspection revealed that users with
high scores on the Power value were more likely to experience a decline in value alignment, which
indicates systematic misalignment when value profiles are introduced. The reason for this might be
that Power is more difficult to infer reliably from behavioral or textual signals [169]. In our experiment,
noisy or weakly grounded value estimates may shift the recommendations further away from the user’s
actual values. In contrast, users who score higher on Stimulation, Universalism, and Hedonism tend to
consistently benefit from value integration. It seems probable that these results stem from the fact that
these value dimensions are better captured by the PVD and thus generate more reliable value signals.

Closer inspection of individual values showed that the values Stimulation, Achievement, Universalism,
Self-Direction, and Conformity are associated with higher novelty. Users who have value hierarchies
that promote these values tend to receive more novel recommendations. This finding is mostly consis-
tent with that of Blomstervik and Olsen [24], who found that individuals scoring higher on Self-Direction,
Stimulation, and Hedonism tend to prefer more novel recommendations. For Self-Direction and Stimu-
lation, we find the same pattern. However, for Hedonism, we find the opposite: the value of Hedonism
is associated with less novelty. A possible explanation for this might be that the users who value He-
donism in this dataset also value values that are associated with low unexpectedness.

7.5. Research Implications
Prior work has outlined three necessary stages to align intelligent systems, such as RSs, with human
values [120]. These three stages are (i) value acquisition, (ii) turning values into an optimization target,
and (iii) training a model to optimize for this target. In our exploration, we have implemented each of
these stages, thereby illustrating one possible way in which value alignment can be achieved. Future
researchers can use these insights in the design of value aligned RSs.
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For value acquisition, we have shown that psycholexical analysis can be successfully applied to the
free-text book reviews. This extends the literature by indicating that these reviews can be seen as
self-authored texts that contain information about personal values. Through our implementation, we
have shown that the PVD can be successfully applied to the new domain of book reviews.

Based on the acquired values, we have empirically demonstrated that user values can be incorporated
into RSs at an early stage of the recommendation process. Previous research into incorporating infor-
mation about personal values has mostly relied upon reranking [96, 97] and matching methods [82, 83].
Since reranking methods only apply to the recommendations generated by a RS earlier in the pipeline,
these methods are limited in the extent in which they can surface certain values. If the recommenda-
tions generated by the pipeline do not contain any items with values that a user attaches importance
to, these methods are unable to value-align the recommendations. As a consequence, the effect of
incorporating values at an early stage of the recommendation process was unclear. Our findings show
that incorporating this information at an early stage is possible, and can lead to significant improve-
ments in alignment. This is important for future researchers, as it shows that values can be used as an
optimization target within RSs.

This exploration further extends the existing literature by demonstrating four distinct approaches to
achieving early value integration, each tailored to a different family of recommendation algorithms. It
is important to note that these approaches represent only one possible realization of early integration.
We do not claim that these methods constitute the optimal or only means by which such integration
can be achieved. Nevertheless, the fact that early integration is both feasible and yields encouraging
results carries meaningful implications for future research on incorporating values into recommender
systems.

7.6. Societal Impact
While our findings are limited to the book domain, we believe that they havemany important implications
for society and the role of RSs in that society. Both the weak amount of value alignment in standard
RSs, as well as the increase in value alignment after incorporating value information are instructive in
this regard. Furthermore, the relationship between value alignment and the metrics we have used also
give us important insight into both the way values influence recommendations, and about the metrics
themselves.

We argue that the identified disconnect between personal values and the values that traditional metrics
are based upon also applies to other ways that have been proposed to include human values in RSs.
All of these efforts are very valuable, and could improve the way that RSs and individuals interact.
However, these methods still apply a collection of values that might not align with the values of an
individual.

The fundamental problem with these approaches is that they take a “one-size fits all” approach to inte-
grating values into RSs. A small part of existing research recognizes that users value different things,
instead of being a homogeneous group with identical values. This research tries to match the values
a system exhibits with a user’s preferences about those values. In their most basic form, these works
investigate one value, for example matching a user’s novelty preference with the amount of novelty
a system exhibits [112], or diversifying recommendations based on a user’s diversity preference [59].
Other works investigate matching multiple values to user preferences simultaneously, since values
relate to each other in the sense that increasing one value (i.e., usefulness) can decrease another
value (i.e., diversity). These methods use multi-objective optimization to simultaneously optimize for
multiple values [246, 76, 177, 237]. This is usually achieved by integrating individual user weights
into the optimization process, to ensure the final solution minimizes the distance to a user’s unique
preferences [233].

However, this research still suffers from the problem that these values have been defined from a “top-
down” perspective: RSs practitioners have identified that diversity is an important value that RSs should
exhibit, and they correspondingly try to infer the diversity preference of users. While increasing diversity
might be relevant for RSs practitioners, and for the multi-stakeholder systems in which RSs interact, it
is no guarantee that a specific user values fairness.
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Moving beyond the book domain, there are other domains in which RSs are applied, which might
be more closely connected to the core of who an individual is. An important domain in which RSs
are used is online dating. Values directly and indirectly influence partner preferences [80, 201]. For
example, individuals are drawn to partners with similar levels of Universalism, Tradition, Hedonism,
and Conformity [135]. In such cases a lack of value alignment might be more problematic than a lack
of value alignment in the book domain. Our findings show that it is possible to significantly increase
value alignment by incorporating information about values, thereby providing a possible way to improve
value alignment in domains that are more closely connected to the core of an individual.

7.7. Ethical Statement
Using personal values in RSs raises ethical concerns that researchers must carefully consider. Since
personal values are the core of one’s personal identity [90], data about values is among the most
sensitive psychometric information that can be collected. This is compounded by the fact that value
profiles can be inferred from behavioral traces, meaning users can be profiled without their awareness
or consent. Beyond privacy, values-based profiling can be used for manipulation: as demonstrated
by incidents such as the Cambridge Analytica scandal, psychometric data can be exploited at scale
to influence behavior and public opinion [200]. These concerns do not argue against the use of per-
sonal values in recommender systems, but they do underscore the need for transparency, and careful
governance of how value information is acquired, stored, and applied.

7.8. Limitations
While this study provides meaningful insights into value alignment in recommender systems, we ac-
knowledge several methodological limitations. These limitations relate primarily to the setup of our
exploration.

The analysis relies exclusively on offline evaluation, which constrains our ability to capture long-term
behavioral adaptation and real-world user perception. Although offline metrics offer controlled com-
parability across models, they only provide an approximate of the actual effectiveness in deployment.
Consequently, the impact of explicitly incorporating value information into a recommender system re-
mains unknown outside of this controlled setting.

A further limitation concerns the extraction and representation of personal values. This study was
constrained by the absence of ground truth labels for user values; to the best of our knowledge, no
publicly available dataset includes explicit personal value annotations. We therefore relied on lexical
analysis to derive value signals from textual content. Although prior work supports this as a valid and
robust approach [17, 27], dependence on textual sources introduces noise. In particular, value profiles
were inferred from book descriptions, and while most items in the dataset have such descriptions, a
substantial portion does not, potentially reducing the accuracy of the inferred profiles for those items.

Our reliance on the PVD also comes with certain limitations. While this dictionary has been empirically
proven to correspond with self-reported scores on the SVS (the “gold standard” self-reported survey
used in most psychological research into values), the correlation between these PVD scores and SVS
scores is moderate for seven out of ten values. Both the strength of the correlation, and the fact that the
researchers did not find correspondence for the values Security, Conformity, and Power [169], might
have influenced our findings.

The text preprocessing pipeline presents a potential area for improvement. During tokenization, non-
alphanumeric characters were removed, which in some cases caused adjacent tokens to be concate-
nated erroneously. As the value acquisition relies on exact lexical matching against the dictionary, such
concatenations result in valid value-related words failing to be detected. To assess the impact of this
preprocessing artifact, a targeted experiment was conducted comparing UserKNN and UserKNNUVP
under corrected and uncorrected preprocessing conditions. The results indicate that this issue does
not substantially affect model performance. Nevertheless, we do acknowledge that using the corrected
preprocessing condition might results in a more complete view of the value hierarchy present in the text.

Connected to this, our method relied on exact matching, since this is what the PVD was built upon.
However, when writing reviews, users might make spelling mistakes or use alternative spellings for
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words, and in such cases exact matching would not return any results. While exact matching mirrors
the method used when empirically testing the PVD, this might have limited the results.

Finally, the novelty and diversity metrics employed in this study rely primarily on genre information.
While prior work has shown that users associate diversity and novelty with genre information [53, 218,
168], it may be insufficient to fully capture user perceptions of those concepts. As noted in related work,
richer feature representations, such as plot summaries combined with genre labels [102], could result
in more nuanced measurements.



8
Conclusion

This thesis provides insights into how user values are reflected in recommendation outcomes and
whether incorporating explicit value profiles improves the alignment between users and recommender
systems. Specifically, we investigate the following research questions:

• RQ1: To what extent do recommendations generated by a standard recommender system align
with users’ personal values?

• RQ2: Does incorporating user values as features within a recommender increase this alignment?

AddressingRQ1, we observe that across all evaluated models recommendations exhibit a weak degree
of alignment with user value structures in the baseline setting. This indicates that value signals are
implicitly present in interaction-driven recommendation data, even without explicit value modeling.

An important finding of our exploration considering RQ2 is that introducing user value profiles as ad-
ditional input significantly increases alignment across models. While the magnitude of improvement
varies between models, the direction of effect is stable: introducing the UVP shifts recommendation
outputs closer to users’ value orientations. At the same time, this improvement is not uniform across
all users, suggesting that value integration interacts with both model architecture and individual user
profiles.

The increase in value alignment also comes with a series of trade-offs. The increased alignment is asso-
ciated with decreased accuracy, and with mixed effects on the other metrics. The results highlight that
creating value-aligned recommender systems is possible, but comes with certain caveats that should
be taken into account. In particular, the trade-offs between value-alignment and other dimensions of
recommendations need to be addressed. Beyond these considerations, we conclude that investigating
value alignment is an effective way to increase autonomy in RSs, and encourage researchers to further
investigate methods for early integration of value information.

8.1. Future Work
While the current investigation provides important insights into how personal values are reflected in
recommendation outcomes, several questions remain unanswered at present. Future studies on the
current topic are therefore recommended in the following areas.

Future work could investigate online evaluation methodologies to better assess the impact of value-
aware recommendations. For example, it would be interesting to investigate whether users notice the
effect of the increase in value-alignment. Related work has indicated that users are able to distinguish
between non-aligned and aligned recommendations [97], but that work focuses on reranking. More
research is needed to investigate whether this observation also holds for the early integration methods
that we explored.

Furthermore, the experiment could be replicated in an altered for, using the SVS instead of implicit
value acquisition. Certain work in this field has been done by [83], but those authors did not investigate
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ranking metrics, nor did they ask users whether they thought that the recommendations were more
value aligned.

Future research could improve value modeling by incorporating full-text analysis of book content or
author-level value inference. Additionally, improving robustness in value extraction for difficult dimen-
sions such as Power, Security, and Conformity remains an open challenge, as these constructs are
less reliably captured in textual proxies.

A natural progression of this exploration would be to investigate value-alignment in other domains. For
example, future work could investigate the impact of value-alignment in domains where the role of per-
sonal values might be greater, such as online dating. Besides being a natural fit for value-alignment,
such an exploration would also extend knowledge of the effect of applying these methods in a recom-
mendation technique, namely reciprocal recommender systems [209].

More broadly, research into integrating personal values into RSs would benefit from a dataset that
includes ground truth personal values information, similar to personality datasets such as myPerson-
ality [198], and Personality2018 [155]. These datasets have helped increase the effectiveness of
personality-aware RSs, and we expect creating these datasets would cause similar improvements for
research into value-aligned recommender systems.
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A
Value Profile Construction Examples

A.1. Definition of Schwartz's basic human values
For the user value modeling, we used the theory of basic human values, developed by Shalom H.
Schwartz [185]. This cross-cultural theory identified 10 basic human values, which can be organized
in five higher-order groups.1 These values, grouped by their higher-order category, are defined below.
All definitions are derived from Schwartz [185].

A.1.1. Openness to change
• Self-direction: “The defining goal of this value type is independent thought and action - choosing,
creating, exploring”

• Stimulation: “Stimulation values derive from the presumed organismic need for variety and stim-
ulation in order to maintain an optimal level of activation”

A.1.2. Conservation
• Conformity: “The defining goal of this value type is restraint of actions, inclinations, and impulses
likely to upset or harm others and violate social expectations or norms.”

• Security: “The motivational goal of this value type is safety, harmony, and stability of society, of
relationships, and of self.”

• Tradition: “The motivational goal of tradition values is respect, commitment, and acceptance of
the customs and ideas that one’s culture or religion impose on the individual (respect for tradition,
humble, devout, accepting my portion in life, moderate).”

A.1.3. Self-enhancement
• Achievement: “The defining goal of this value type is personal success through demonstrating
competence according to social standards”

• Power: “We view the central goal of power values as attainment of social status and prestige,
and control or dominance over people and resources (authority, wealth, social power, preserving
my public image, social recognition).”

A.1.4. Self-transcendence
• Benevolence: “The motivational goal of benevolence values is preservation and enhancement
of the welfare of people with whom one is in frequent personal contact (helpful, loyal, forgiving,
honest, responsible, true friendship, mature love).”

• Universalism: “The motivational goal of universalism is understanding, appreciation, tolerance,
and protection for the welfare of all people and for nature.”

1Note that Hedonism is sometimes included in the higher-order group of self-enhancement, but according to the original paper,
it should be its own group.
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A.1.5. Hedonism
Hedonism: “we can define the motivational goal of this type more sharply as pleasure or sensuous
gratification for oneself (pleasure, enjoying life)” [185]

A.2. Text Value Profile Example (Review/Book Description)
We will use the following review2 to illustrate the construction of a Value Profile for a Text:

Jack’s budding (god, i hate that i just used that word) appreciation for poetry, and confidence
in his own writing grows at a believable pace, and his excitement about what he reads and
his shyness concerning his own words are both achingly sweet (and familiar) sentiments.
Relatable read for kids, sweet/funny read for adults, like reading a journal you wrote in
elementary school; a little embarassing but at moments striking in its simplicity (in this case:
When Jack delikes a poem because he doesn’t understand it, then decides that maybe it
doesn’t have to make sense. Maybe the author was just trying to make a picture with words.
Simple. Perfect. Made me say “Oh, right. Exactly.” to myself.

jacks budding god i hate that i just used that word appreciation for poetry and confidence in
his own writing grows at a believable pace and his excitement about what he reads and his
shyness concerning his ownwords are both achingly sweet and familiar sentiments relatable
read for kids sweetfunny read for adults like reading a journal you wrote in elementary school
a little embarassing but at moments striking in its simplicity in this case when jack delikes
a poem because he doesnt understand it then decides that maybe it doesnt have to make
sense maybe the author was just trying to make a picture with words simple perfect made
me say oh right exactly to myself

The value words are color coded in the review below, and Table A.1 gives the counts for each value.

jacks budding god i hate that i just used that word appreciation for poetry and confidence in
his own writing grows at a believable pace and his excitement about what he reads and his
shyness concerning his ownwords are both achingly sweet and familiar sentiments relatable
read for kids sweetfunny read for adults like reading a journal you wrote in elementary school
a little embarassing but at moments striking in its simplicity in this case when jack delikes
a poem because he doesnt understand it then decides that maybe it doesnt have to make
sense maybe the author was just trying to make a picture with words simple perfect made
me say oh right exactly to myself

Table A.1: Count of value words in the review

Basic Human Value Words in Text Count
Security - 0

Conformity ’shyness’, ’familiar’ 2
Tradition ’god’ 1

Benevolence ’confidence’ 1
Universalism ’understand’ 1
Self-Direction - 0
Stimulation ’excitement’ 1
Hedonism - 0

Achievement ’appreciation’ 1
Power - 0

The total number of value-related words is calculated as the sum of the counts, which is 7 in this case.
Therefore, we divide all the counts by 7, which gives us the normalized count shown in Table A.2.

2review_id 7f8034f2b7218a8b8ce1b48997db2c3d
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Table A.2: Normalized count (frequency) of value words in the review

Basic Human Value Normalized Count
Security 0

Conformity 2/7
Tradition 1/7

Benevolence 1/7
Universalism 1/7
Self-Direction 0
Stimulation 1/7
Hedonism 0

Achievement 1/7
Power 0

This matches the paper’s description: ”The final value score is calculated as the frequency of the
words representing the given value, minus the frequency of all value-related words in the text.” [169].
We calculate the mean frequency with Equation A.1, and subtract this from the normalized counts from
Table A.2.

Mean frequency =
0 + 2

7 + 1
7 + 1

7 + 1
7 + 0 + 1

7 + 0 + 1
7 + 0

10
=

1

10
= 0.1 (A.1)

Table A.3 shows the resulting Review Value Profile of the review. To better understand the differences
in frequency between the values, we visualize this Review Value Profile as a bar plot in Figure A.1. We
can see that words related to the value Conformity are more frequent than other value-related words
in the text.

Table A.3: Review Value Profile for review

Value Ipsatized score
Security -0.1
Conformity 0.185
Tradition 0.042
Benevolence 0.042
Universalism 0.042
Self-direction -0.1
Stimulation 0.042
Hedonism -0.1
Achievement 0.042
Power -0.1
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Figure A.1: Bar plot of the Review Value Profile for review

A.3. User/Recommendation List Value Profile Example
Building on the example given in section 5.2, we focus on the user that the review3 discussed above
belongs to4. The User Value Profile for this user can be seen in Table A.4, with a bar plot representation
in Figure A.2.

Table A.4: Value profile for example user from the Goodreads Poetry dataset

Value Ipsatized score
Security -0.079
Conformity -0.031
Tradition -0.076
Benevolence 0.250
Universalism -0.020
Self-direction -0.037
Stimulation -0.020
Hedonism 0.066
Achievement 0.048
Power -0.099

3review_id 28423ff309bc896c071a8d9df4a10e8a
4user with user_id 008ffafc7ea81f88131f5a254a8cef89
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Figure A.2: Bar plot of the Review Value Profile for review
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Figure A.3: Review value profiles for a user from the Goodreads Poetry dataset

Se
cu
rity

Co
nfo
rm
ity

Tra
dit
ion

Be
ne
vo
len
ce

Un
ive
rsa
lism

Se
lf-d
ire
cti
on

Sti
mu
lat
ion

He
do
nis
m

Ac
hie
ve
me
nt

Po
we
r

−0.5

0

0.5

1

2
.5

·1
0
−
2

2
.5

·1
0
−
2

−
0
.1

2
.5

·1
0
−
2

−
0
.1

0
.2
8

−
0
.1

0
.1
5

−
0
.1

−
0
.1Ip
sa
tiz
ed

sc
or
e

Review 1

Se
cu
rity

Co
nfo
rm
ity

Tra
dit
ion

Be
ne
vo
len
ce

Un
ive
rsa
lism

Se
lf-d
ire
cti
on

Sti
mu
lat
ion

He
do
nis
m

Ac
hie
ve
me
nt

Po
we
r

−0.5

0

0.5

1

−
0
.1

−
0
.1

−
0
.1

0
.2
3

0
.2
3

−
0
.1

0
.2
3

−
0
.1

−
0
.1

−
0
.1Ip
sa
tiz
ed

sc
or
e

Review 2

Se
cu
rity

Co
nfo
rm
ity

Tra
dit
ion

Be
ne
vo
len
ce

Un
ive
rsa
lism

Se
lf-d
ire
cti
on

Sti
mu
lat
ion

He
do
nis
m

Ac
hie
ve
me
nt

Po
we
r

−0.5

0

0.5

1

−
0
.1

−
0
.1

−
0
.1

−
0
.1

−
0
.1

−
0
.1

−
0
.1

0
.6
5

0
.1
5

−
0
.1Ip
sa
tiz
ed

sc
or
e

Review 3

Se
cu
rity

Co
nfo
rm
ity

Tra
dit
ion

Be
ne
vo
len
ce

Un
ive
rsa
lism

Se
lf-d
ire
cti
on

Sti
mu
lat
ion

He
do
nis
m

Ac
hie
ve
me
nt

Po
we
r

−0.5

0

0.5

1

−
0
.1

−
0
.1

−
0
.1

0
.9

−
0
.1

−
0
.1

−
0
.1

−
0
.1

−
0
.1

−
0
.1Ip
sa
tiz
ed

sc
or
e

Review 4

Se
cu
rity

Co
nfo
rm
ity

Tra
dit
ion

Be
ne
vo
len
ce

Un
ive
rsa
lism

Se
lf-d
ire
cti
on

Sti
mu
lat
ion

He
do
nis
m

Ac
hie
ve
me
nt

Po
we
r

−0.5

0

0.5

1

−
0
.1

−
0
.1

−
0
.1

0
.4

−
0
.1

−
0
.1

−
0
.1

−
0
.1

0
.4

−
0
.1Ip
sa
tiz
ed

sc
or
e

Review 5

Se
cu
rity

Co
nfo
rm
ity

Tra
dit
ion

Be
ne
vo
len
ce

Un
ive
rsa
lism

Se
lf-d
ire
cti
on

Sti
mu
lat
ion

He
do
nis
m

Ac
hie
ve
me
nt

Po
we
r

−0.5

0

0.5

1

−
0
.1

0
.1
9

4
.2
9
·1

0
−
2

4
.2
9
·1

0
−
2

4
.2
9
·1

0
−
2

−
0
.1

4
.2
9
·1

0
−
2

−
0
.1

4
.2
9
·1

0
−
2

−
0
.1Ip
sa
tiz
ed

sc
or
e

Review 6



A.3. User/Recommendation List Value Profile Example 81

The resulting distributions of ipsatization reflect relative value preferences indicated in that review, not
absolute levels. This ipsatization is necessarily to reflect the theoretical basis of the theory of basic hu-
man values, namely that values are ordered by importance relative to each other. Without ipsatization,
raw scores might reflect a tendency to use more value-related words overall. Ipsatization removes this
bias, focusing on the pattern of values rather than their absolute frequency. Thus, the values with a
higher positive score are predicted to be more important to a user.



B
Configuration files

B.1. Finding the number of epochs experiment (fm_goodreads_uvp.yaml
SER_ID_FIELD: user_id
ITEM_ID_FIELD: item_id
RATING_FIELD: rating

load_col:
inter: [user_id, item_id, rating]
user: [user_id, Security, Conformity, Tradition, Benevolence, Universalism, Self-Direction, Stimulation, Hedonism, Achievement, Power]

numerical_features: ['Security', 'Conformity', 'Tradition', 'Benevolence', 'Universalism', 'Self-Direction', 'Stimulation', 'Hedonism', 'Achievement', 'Power']

# Filter users who have at least 4 interactions (based on exploratory experiment)
user_inter_num_interval: "[4,inf)"

# ======================
# General
# ======================
use_gpu: True
distributed: True
worker: 24
seed: 2020
reproducibility: True
state: INFO
show_progress: True
save_model: False
load_best_model: False

save_dataset: True
enable_amp: True
enable_scaler: True

# ======================
# Training
# ======================
epochs: 10
train_batch_size: 262144
eval_batch_size: 262144
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embedding_size: 32

train_neg_sample_args:
distribution: uniform
sample_num: 1
alpha: 1.0
dynamic: False
candidate_num: 0

eval_step: 1
stopping_step: 5
learning_rate: 0.02 # Recommended for FM

# ======================
# Evaluation
# ======================

eval_args:
split: {'RS': [8,1,1]}
group_by: user
order: RO
mode:

valid: uni100
test: uni100

metrics: ['NDCG']
topk: [10]
valid_metric: NDCG@10
metric_decimal_place: 4



C
Investigated Hyperparameters

C.1. UserKNN
k choice [10,50,100,200,250,300,400,500,1000,1500,2000,2500]
shrink choice [0.0,1.0]

C.2. BPRMF
learning_rate choice [0.01,0.005,0.001,0.0005,0.0001]

C.3. DeepFM
learning_rate choice [0.01,0.005,0.001,0.0005,0.0001]
dropout_prob choice [0.0,0.1,0.2,0.3,0.4,0.5]
mlp_hidden_size choice ['[64,64,64]','[128,128,128]','[256,256,256]','[512,512,512]']

C.4. SASRec
learning_rate choice [0.01,0.005,0.001,0.0005,0.0001]
attn_dropout_prob choice [0.2, 0.5]
hidden_dropout_prob choice [0.2, 0.5]
n_heads choice [1, 2]
n_layers choice [1,2,3]
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