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Abstract

Research on Recommender Systems (RSs) has evolved across disciplines, from a focus on technical optimization
to a broader interest in these systems’ societal role and impact. In this paper, we distinguish between two broad
research orientations—technical and social—and identify three research waves that reflect shifting assumptions
and research questions of both orientations. We discuss how assumptions within each research orientation
have influenced the other over time, shaped by RSs becoming more deeply embedded in real-world, multi-sided
applications. We argue that this evolving interplay has led to growing convergence around the central question:
why do recommenders recommend? Addressing this question requires perspectives that span both technical
and social domains, underscoring the importance of interdisciplinary collaboration. By charting this research
evolution, this paper aims to support interdisciplinary exchange and collaboration in the field. It encourages
researchers to explicitly acknowledge and revisit the assumptions that drive their research, and identifies which
research questions arise more naturally and which may require additional effort.
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1. Introduction

The ever-increasing popularity of Recommender Systems (RSs) is commonly attributed to two primary
value propositions. First, RSs assist end-users in managing information overload. Second, platform
providers can leverage these systems to achieve business objectives such as increased sales, heightened
engagement, and enhanced user retention [1, 2]. Although these value propositions are sometimes
perceived as “diametrically opposed” [1], they share a commonality: the intended outcomes of RSs
are framed in terms of their social implications, while achieving these goals often involves technical
aspects, such as optimizing recommender algorithms. Over time, the relative emphasis on technical
versus social aspects in RSs research has shifted. While much of the field has traditionally focused on
technical developments, growing attention to social dimensions reflects RSs’ increasing integration into
everyday life. This shift has spurred research questioning the role and impact of RSs in domains such
as online news [3, 4], creative industries [5, 6], tourism [7, 8], recruitment [9, 10], e-commerce [11, 12],
health [13, 14], and many more. This growing societal relevance is also reflected in recent policy efforts,
such as the EU’s Digital Services Act, which explicitly addresses systemic risks linked to RSs [15].

These developments underscore the need to understand RSs not only as technical artifacts, but as
systems with significant social consequences. As such, understanding RSs’ real-world impact calls
for approaches that move beyond disciplinary boundaries, combining technical and social research
orientations [16, 17]. However, establishing such an interdisciplinary research agenda is challenging, as
it requires a shared understanding of the diverse research traditions and assumptions.

In this paper, we distinguish between two broad orientations in RSs research: a technical and social
orientation, encompassing disciplines such as computer science, psychology, media studies, economics,
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and political science'. This distinction provides a useful lens to examine how different disciplinary
assumptions have informed the questions, methods, and interpretations that shape RSs research. Rather
than offering an exhaustive review, the paper identifies recurring patterns of how different orientations
have approached RSs over time, structured along three broad research waves. The discussion sheds light
on how these research perspectives have influenced one another, often implicitly, and how they have
co-evolved with how RSs are deployed in real-world contexts. In doing so, the paper provides a basis
for a deliberate reflection on how interdisciplinary research in this field can be framed and advanced.

2. Research Perspectives on Recommender Systems

Through an interpretative reading of how RSs research has evolved across technical and social orien-
tations, we observe three broad waves of research. We use the term waves * deliberately: rather than
clearly demarcated phases, they constitute overlapping currents of thought that continue to evolve and
interact. One strand of research, characterized by a strong technical orientation, focuses primarily on
optimizing RSs to narrowly defined performance metrics. Central to this line of work is the question:
what is a good recommendation, a question that has led to diverse answers across different research
perspectives. In contrast, research with a social orientation emphasizes the need to understand the
role and impact of RSs. This line of work raises questions such as what do recommenders recommend,
what should recommenders recommend, and why do recommenders recommend.

Table 1 presents an overview of the three research waves, indicating the interplay between RSs in
real-world applications and the emerging research perspectives.

Table 1

Overview of three broad waves in RSs research, each associated with real-world application contexts
and underlying research perspectives. The technical orientation outlines the evolving assumptions about
what constitutes a good recommendation. The social orientation presents key questions that guide
research regarding RSs’ role and impact.

Research Wave Applications Technical Orientation Social Orientation
What is a good Understanding the role and
recommendation? impact of RSs
Accuracy Small pilots and first An accurate What do recommenders
commercial applications  recommendation recommend?
Beyond-Accuracy Large-scale commercial  Depends on the user’s What should recommenders
applications context recommend?
Multistakeholder  Embedded in Depends on the Why do recommenders
multi-sided markets stakeholder recommend?

2.1. Early Days

In 1979, computer scientist Elaine Rich described the first RS in her doctoral research [18]. This system,
known as ‘Grundy the computer librarian’, grouped users according to stereotypes and used this
information to recommend relevant books. By the 1990s, RSs had emerged as a distinct research field,
making it relatively new compared to the study of other information systems [19, 20].

During this first wave, taking a technical orientation, the primary focus was set on developing
algorithmic techniques to improve recommendation accuracy; more specifically, addressing the question
“how closely the recommender’s predicted ratings are to the users’ true ratings” [21]. The guiding

'While this distinction often aligns with disciplinary boundaries (i.e., technical research typically emerging from computer
science and social research from the social sciences), we acknowledge that the boundary is not clear-cut. We aim to capture
broad patterns rather than impose rigid categories.

*In this work, waves refers to epistemological shifts in research, not to commercial adoption cycles as in Martin et al. [1].



assumption was that the best recommendation is the most accurate one. This view aligned well with
‘Grundy the computer librarian’ and the first applications developed in the 1990s, such as GroupLens [22],
Tapestry [23], or Siteseer [24]. As a result, this research was characterized by a dominant single-user-
focused paradigm, where RSs aimed to optimize outcomes for individual end-users—often based on
assumed preferences rather than involving end-users directly in the research process. In this paradigm,
systems attempt to predict which items end-users will like most and rank them accordingly, thereby
assisting end-users in finding what they are looking for. It has been argued that this accuracy-oriented
approach has led to a “hunt for algorithmic improvements” [25] with researchers abstracting away
from domain-specific features and adopting a narrow focus on quantitative measures—particularly
accuracy—without considering the broader impact of RSs on consumers, businesses, and society [26].

In socially-oriented research, the latter was the primary focus of the initial research strand on
RSs that questioned what recommenders recommend. For example, in economics and e-commerce,
scholars studied the impact of algorithmic recommendations on sales diversity and concentration [27].
Hypothesizing that RSs reduce consumer search costs, empirical results suggest that online channels
exhibit a significantly less concentrated sales distribution—implying that RSs may recommend items
from the long tail of the popularity curve. Another extensively studied domain is online media, where
researchers have investigated how algorithmic recommendations influence user exposure to content.
Interest in this topic surged following concerns regarding the filter bubble problem, popularized by
Pariser [28], assuming that RSs would mainly expose users to content resembling their prior consump-
tion. Despite sustained criticism and conflicting empirical findings, this hypothesis remains central to
many socially-oriented research inquiries to this day [4].

A recurring pattern in these lines of study is that socially-oriented research is often grounded in
the assumption that RSs optimize for accuracy, and hence, are likely to recommend items the user has
interacted with in the past, or steer users toward items other users have interacted with (e.g., popular
items). While it is crucial to acknowledge the discrepancy between “general tendencies of algorithm
families” and “what recommenders recommend” in practice [29], it is not surprising that most socially-
oriented research has operated on assumptions about these ‘general tendencies’. Social scientists have
frequently criticized the “black-box nature” [30] of these algorithmic systems and therefore (had to) base
their assumptions on the available literature at that time, which was highly dominated by the accuracy
paradigm in research with a technical orientation. For example, academic literature has documented
that content-based RSs are inclined to over-specialize and recommend items similar to those users have
already interacted with [31] or collaborative filtering approaches to over-promote popular items [32].

This first wave, thus, reveals a notable tension when these two research orientations are considered to-
gether. Technically-oriented research was frequently seeking domain-agnostic approaches, representing
an “academic abstraction” that neither sufficiently accounts for real-world implications nor accurately
reflects real-world RS implementations [32, 26, 29]. Moreover, although it adopts a single-user-focused
perspective, it typically relies on a narrow conception of the end-user: as a predictable individual whose
preferences can be inferred from past behavior, without involving the user directly [33, 34]. However, it
is precisely this paradigm that has informed many foundational hypotheses and assumptions in this
first wave of socially-oriented research. By implicitly adopting technical framings of what RSs do and
who the end-user is, this line of work risks building its critique on the same narrow premises it seeks
to challenge. While a detailed discussion goes beyond the scope of this paper, it could be argued that
this may (in part) account for the lack of empirical evidence supporting numerous socially-oriented
research hypotheses about what recommenders recommend (e.g., the filter bubble hypothesis).

2.2. Large-Scale Commercial Applications

In the late 1990s to early 2000s, RSs experienced growing adoption in real-world (commercial) applica-
tions [35, 1]. In 1998, Amazon.com was the first to implement item-to-item collaborative filtering at
a scale of millions of customers and catalog items [36], establishing itself as a pioneer in recognizing
the commercial value of RSs. In 2006, the one-million-dollar Netflix Prize marked another significant
milestone, cementing the role of RSs for commercial success.



In that period, a second research wave with a technical orientation began to move beyond the
dominant accuracy paradigm. In 2006, McNee et al. [37] famously stated that “being accurate is not
enough”. They argued that the most accurate recommendations are not necessarily the most useful to
end-users, and other quality indicators should also be considered. For example, recommending movies
someone has already watched may be technically accurate, but it fails to consider that people generally
do not wish to watch the same movie repeatedly. Consequently, these recommendations hold minimal
value for the end-user, potentially leading to decreased user satisfaction with the service over time.

This has spurred a whole strand of research on “beyond-accuracy” objectives such as diversity, cover-
age, novelty, and serendipity [21]. These objectives better reflect the quality of the recommendations
for the end-user. Thus, this research strand remains a highly single-user-focused paradigm. The main
difference from the accuracy-focused paradigm (first wave) is that the user’s context is now considered
more relevant. For instance, while recommending a movie the user has already watched may be an
accurate preference prediction, it is unhelpful [38, 26]; in other contexts, such as recurring online
purchases, in contrast, recommending previously purchased items might align perfectly with the user’s
expectations [26]. This shift toward a more nuanced view reflects a growing recognition that the
best recommendation depends on the user’s context. As a result, a greater focus on user-centered
evaluation methods has emerged, involving users more directly in the research process and drawing
partly on social science approaches to better understand user needs and behavior [39].

In socially-oriented research, shortly after the first surge in research assessing what recommenders
recommend, a strong call echoed the importance of these beyond-accuracy objectives. For example,
in the (news) media domain, a line of work emerged proposing “alternative recommender strategies”
that reflect established media and democratic theories with a strong emphasis on beyond-accuracy
metrics, particularly diversity [40, 41, 42]. By doing so, this line of work closely engages with policy and
regulatory concerns, for example, by addressing ongoing discussions on network regulation and cultural
policy for audiovisual content [43]. In other words, next to the descriptive line of research examining
what recommenders recommend, this emerging line of academic work takes a more normative, often
ethically grounded angle, discussing what recommenders should recommend.

In this second wave, we observe both technical and socially-oriented research adopting a broader
perspective on the recommendation problem, realizing that it is not just about predicting what items
users will like the most. However, both fields continue to rely on a highly single-user-focused perspective,
which neglects an important aspect: most RSs operate within multi-sided markets.

2.3. Embedding in Multi-Sided Markets

The peak of the platform economy (mid-2010s) marks a new paradigm shift, emphasizing that RSs operate
in multi-sided markets; thus, more stakeholders are involved than solely the end-user [2, 44]. This
period has been characterized by companies such as Booking.com, Facebook (now Meta), and Spotify,
acquiring large market shares. These companies have in common that they act as an intermediary (or
‘platform’) between two or more stakeholder groups, facilitating interactions, transactions, or exchanges
between them [45]. These groups may include stakeholders like platform owners, content providers,
advertisers, and end-users. This configuration introduces new complexities in the design and evaluation
of RSs. For example, the optimal outcome for the end-user may be at odds with the interests of other
stakeholders [46], whose influence may be more decisive in the final design decisions.

As previously stated, the prevailing single-user-focused perspective in research with a technical
orientation has faced criticism by scholars arguing that it represents an “academic abstraction” that
fails to capture the complexity of real-world RSs in multi-sided markets [32, 47, 26]. In line with
this critique, RSs have been redefined as a “multistakeholder environment” that moves beyond the
dominant single-user-focused approach [44]. This paradigm considers the utility of all stakeholders
involved in the recommendation process, defined as “any group or individual that can affect, or is
affected by, the delivery of recommendations to users” [32]. This shift was largely inspired by social
sciences, where economists have long discussed this shift from one-sided to multi-sided markets [48, 49].
This multistakeholder paradigm explicitly accounts for the various ‘purposes’ of a RS [2], such as



showing relevant items to end-users while simultaneously increasing sales or time spent on a platform,
which is of interest to platform owners. Consequently, in this paradigm, what constitutes the best
recommendation depends on which stakeholder you ask.

In real-world scenarios, balancing these varied interests poses computational challenges that re-
searchers actively address through ongoing research efforts. For instance, researchers explore the use
of contextual bandits in a multi-objective framework to drive recommendations in multistakeholder
platforms [50, 51]. Moreover, scholars increasingly call for more extensive evaluation in RSs research,
both in terms of evaluation methods (e.g., multi-method evaluations) and more informative metrics that
capture the utility for diverse stakeholders and account for the different purposes of RSs [26, 52, 46].
This also includes considering RSs’ long-term impacts and indirect effects, such as bias or fairness [9, 25].

In socially-oriented research, this platform pivot has led scholars to turn to the political economy
of RSs to ask questions about which factors influence the development, operation, and impact of these
systems in (online) markets [53]. This includes analyzing the power dynamics between the different
RS stakeholders, as well as the implications for competition, market structure, and societal outcomes.
Acknowledging the political economy of RSs increasingly informs the research hypotheses about the
‘logics’ of the RSs themselves, previously perceived as ‘black boxes’ [54]. This is evidenced by the fact
that, in contrast to previous paradigms, socially-oriented research appears to be moving away from
relying on these ‘general tendencies’ of algorithms, such as over-specialization. Instead, they question
whether platforms’ business models might stimulate certain tendencies. For example, a body of research
examines how platforms engage in self-preferencing behavior [55]. For instance, empirical evidence
suggests that products by Amazon’s own brand receive significantly more ‘frequently-bought-together’
recommendations than third-party products on Amazon.com [56]. This type of self-preferencing
behavior is considered an unfair practice under Europe’s Digital Markets Act (DMA), which targets
“gatekeeper platforms” with significant market power [57]. Although the DMA does not explicitly
address RSs, its provisions on fairness, transparency, and competition could influence their deployment.

For socially-oriented research, this implies that the question is no longer just about understanding
what recommenders recommend or what they should recommend, but also why do recommenders
recommend. This central question aligns closely with inquiries into the ‘purpose’ of RSs in technically-
oriented research [2]. It inherently involves ethical considerations (e.g., fairness) and examines for whom
recommendations are made (i.e., which stakeholder groups benefit or do not benefit) and with what
intended purpose. While technically-oriented researchers focus on developing metrics and techniques
to better capture, balance and evaluate these purposes, social scientists are primarily concerned with
understanding these purposes and their relationship to platform ecosystems.

In this third wave, given the complexity of the systems studied and the markets they are embedded
in, it is not surprising that we observe a greater convergence of these research orientations. However,
this also means that researchers must be even more explicit about their assumptions, as these may cause
a ripple effect across disciplines, shaping research questions, methods, and interpretations beyond their
original context. Simultaneously, it offers excellent opportunities for a shared research agenda.

3. Discussion and Conclusions

In this paper, we explored how different research perspectives have shaped RSs research across technical
and social orientations, aiming to foster reflection on interdisciplinary work in this field. In both
orientations, we observe a shift from a single-user-focused perspective toward a more comprehensive
view acknowledging RSs’ embedding in multi-sided markets. Our discussion also highlights interplay
between both orientations, showing how underlying assumptions have influenced one another over
time. Initially, the accuracy-based, single-user-focused perspective rooted in technically-oriented
research shaped assumptions and questions in socially-oriented work. More recently, however, the
social orientation’s view of RSs in multi-sided markets has begun to influence technically-oriented
research. These transitions were partly driven by real-world applications, which for both research
orientations sharpened the need to understand the complexities of contemporary RSs.



We observe that this leads to a growing convergence of both research orientations, with an increasing
focus on the question of why do recommenders recommend. Embracing a technical orientation, this
question reflects the purpose of RSs and informs the design and evaluation of these systems, while for
socially-oriented research, it helps unpack RSs’ role in mediating user interactions and their real-world
impact. This convergence underscores the value of interdisciplinary engagement, as addressing this
central question would benefit from insights drawn from both technical and social perspectives. By
charting this evolution, this paper aims to contribute to such an interdisciplinary research agenda in at
least two ways. First, it aims to demonstrate the importance of being explicit about the assumptions
underpinning research paradigms and encourage researchers to revisit these assumptions, even across
research orientations and disciplines. Second, it seeks to identify these research orientations’ ‘natural
tendencies’ and indicate which questions may need additional effort.

First, highlighting how assumptions influence research paradigms in various disciplines underscores
the need to acknowledge these assumptions explicitly. In that regard, it is important to note that
each wave has a continued relevance, regardless of the emergence of a new one. Taking a technical
orientation, the academic hunt for algorithmic improvements on accuracy metrics remains a relevant
topic for scientific progress in this field. However, one should realize that in this first wave, there is
a widening gap between theory and contemporary practice, where state-of-the-art algorithms may
underperform in real-world settings. Similarly, in socially-oriented research, understanding the political
economy of RSs does not make concerns about what recommenders recommend obsolete. However,
approaching this from a ‘first wave understanding of RSs’ may result in significant abstraction from
reality, impacting research hypotheses and interpretations of findings. Consequently, researchers should
transparently outline the assumptions that guide their research design and hypotheses to invite critical
evaluation and adaptability to evolving contexts. Moreover, it presents the opportunity to revisit certain
assumptions in light of more recent findings or real-world applications.

Although making underlying assumptions explicit may seem straightforward, some of the most
fundamental premises are frequently taken for granted. This is often because they are deeply ingrained
within the dominant research paradigm of a particular discipline. There are various ways to promote
transparency around these assumptions, such as pre-registering experiments [58]. Pre-registration
involves publicly sharing the research plan, including hypotheses, methods, and analysis, before
conducting the study. Journals such as ACM Transactions on Recommender Systems (TORS) support this
through their registered reports format, where study protocols are peer-reviewed in principle before
data collection. By encouraging pre-registration and similar practices, researchers can emphasize the
importance of communicating about the fundamental premises that underpin their work.

Second, by delineating these research paradigms, this discussion may help the community identify
which research questions emerge less naturally and thus need additional effort. Although growing,
many research questions in this ‘third wave’ are pursued by only a few researchers. One reason could
be the need for methodological innovation, which may face reviewer resistance and lead to difficulties
publishing findings [26]. Consequently, conferences and journals should continue efforts recruiting
diverse reviewers and actively promote research exploring innovative methodological approaches and
perspectives. Another challenge is that the nature of these questions may require access to real-world
data and/or online evaluations. Given their increasing impact on markets and societies, governance
bodies have taken steps to facilitate research by allowing “vetted researchers” to request data from very
large online platforms [15, 59]. However, it remains unclear to what extent this will be sufficient to
address the critical inquiries that researchers seek to explore. To this end, researchers should familiarize
themselves with the procedures and engage in open dialogue to share challenges and best practices.

The evolution sketched in this paper illustrates the potential for RSs research to move toward a more
comprehensive understanding of RSs and their real-world impact. While the field has grown substantially
and demonstrated its versatility through contributions from diverse disciplines and application domains,
true integration requires deliberate engagement with both technical and social orientations. Each brings
distinct strengths—whether in system development and evaluation or in examining social context,
purpose, and impact. Moving forward, sustained collaboration is essential to bridge assumptions,
methods, and priorities to foster shared ground for interdisciplinary research.
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