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ABSTRACT
A number of ways exist in which a recommender system can have
an impact on users and business. However, only a small number
of them can be reasonably addressed with today’s predominant
and narrow research approach based on offline experimentation
and accuracy measures. It sometimes even stands to question if
small increases in prediction accuracy will actually lead to a better
systems in any of the ways in which a recommender system can
impact users and create value. We therefore argue for a more impactoriented approach to research in the field of recommender systems.
With such a refocused lens, we hope that the corresponding research
results are also more impactful and relevant in reality. To foster
such research, we present in this work a first taxonomy describing
the various facets to consider when developing impact-oriented
research, ranging from the expected value of a recommender for
different stakeholders to the potential risks that come with such
applications.

CCS CONCEPTS
• Information systems → Recommender systems; • Social
and professional topics → Socio-technical systems.
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INTRODUCTION

In the field of Computer Science, academic research on recommender systems is dominated by the hunt for algorithmic improvements. The main goal of most research works in this context is to
demonstrate that the newly proposed technical approach is better
than previous works at predicting held-out user preferences for
unseen items. The underlying, implicit assumption of researchers
is that when we can estimate the relevance of an item more reliably,
the actually relevant items will be placed higher in the recommendation lists presented to the users. As a result, users can be positively
impacted by the recommender system, e.g., as they can more easily
find what they are looking for.
Framing the recommendation task as a “curve-fitting” problem is
attractive for researchers for different reasons, for example, because
it helps us to abstract from domain specifics. More importantly,
however, it also relieves us from the hassle of creating and arguing
for a specific experimental design for our research. As long we
rely on our implicit assumption described above, it is considered
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sufficient to show that a new algorithm is better, by a few percent, in an experimental configuration of (i) baselines, (ii) datasets,
and (iii) evaluation procedure and (iv) performance measure.The
experimental configuration can be chosen by the researcher with
some degrees of freedom. Since, for example, our techniques are
usually domain-agnostic, the choice if the dataset—as one part of
the experiment setup–can almost be done arbitrarily.
Generally, there is no doubt that the choice and the design of
the recommendation algorithm matters a lot in practice. In [10],
various reports on practical deployments of recommender systems
are summarized. These reports show that recommender systems
impact users in different ways, e.g., regarding which choices they
make or how engaged they are with the site. This, in turn, can lead
to a number of effects that are desirable from the perspective of the
business, e.g., in terms of increased sales or customer retention.
However, in almost all of these results that were observed in
A/B tests, the comparison was made between algorithms that were
quite different, e.g., a simple popularity-based method vs. a machine
learning approach, or a purchase-based vs. a view-based collaborative filtering technique [14]. This is quite some contrast to the
academic world, where we often compare algorithm variants of
very similar types (e.g., two matrix factorization techniques that
were trained on the same data). Since the differences are often small,
it remains to question if small increases will actually make a difference with respect to the users’ perception of the recommendations.
A number of user studies could in fact not show that higher offline
accuracy led to a better quality perception by users [2, 4, 6, 21]. At
the same time, Gomez-Uribe and Hunt mention in [7] that in the
case of the Netflix recommender system the outcomes of offline
experiments were not too predictive of online “success” either.
Generally, focusing only on one measure, in our case prediction
accuracy, is well known to be “not enough” [18] and might actually hamper progress in the field of recommender systems. Various
additional quality factors were discussed over the past ten years,
e.g., with respect to diversity, novelty or serendipity. However, as
long as these aspects are only investigated through offline experiments and computational measures, it remains unclear if users
actually like more diversified recommendation lists or if they will
lead to more business value. In some ways, with the predominant
algorithm-centric approach, a certain stagnation in certain subfields
of recommender systems research can be identified. Rendle et al.,
for example, recently found that—even in the traditional core area
of making better rating predictions—the techniques published in
the last few years were actually not better than what we had years
ago. Similar phenomena were found in the area of information
retrieval recently [15] and ten years ago [1].
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Figure 1: Conceptual Model of Aspects of Impact-Oriented Research in Recommender Systems.
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With this position paper and with the 1st Workshop on the Impact
of Recommender Systems at the ACM Conference on Recommender
Systems, our goal is to raise the awareness among researchers
regarding the importance of impact-oriented research. Specifically,
we fear that certain parts of today’s academic research might have
very limited impact in practice. To outline possible areas of future
research, we present a first taxonomy of impact-oriented research
in the next section.
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ASPECTS OF IMPACT-ORIENTED
RECOMMENDER SYSTEMS RESEARCH

The limitations of almost mono-thematic, algorithms- and accuracycentric “leaderboard chasing” research on recommender systems
in the field of Computer Science has been discussed previously in
the literature, see, e.g., [13], a paper which in particular focuses on
the user experience or [11], where the authors argue for a systemsoriented research approach. The Information Systems literature
is much richer in this respect, see e.g., the conceptual framework
proposed in [24], where the algorithms are only one of many ingredients to consider when designing recommender systems.
In the spirit of this latter work, we propose in this present work
a taxonomy (see Figure 1) as a conceptual model of relevant aspects
to consider for impact-oriented, and thus hopefully more impactful,
research on recommender systems.
Value and Purpose. Research today often focuses on a small set of
potential ways in which a recommender system can create value for
the consumer. A recommender system can, however, serve various
purposes and, furthermore, be beneficial for various stakeholders,
including and service providers, online retailers or manufacturers
[8, 22]. This value can be created directly, e.g., through increased
sales, or more indirectly, e.g., through increased engagement and
customer trust. In our networked society, recommendations can

furthermore create value through referral, e.g., on social media.
Another differentiation is related to the longevity of the value, i.e.,
if it is a short-term or a lasting long-term effect. Overall, to be more
impactful, it is important that researchers consider such details of
such value-related aspects and also investigate potential trade-offs
between stakeholder goals in more depth in the future.
Risks and Responsible Recommendations. Recommender systems
can also have undesired impacts and risks. An obvious one is that
individual users might be dissatisfied with the quality of the recommendations and stop using the service. But also on the organizational or even societal level recommenders can have an effect.
They can, for example, can lead to actually decreased diversity and
popularity reinforcement effects [14] for an e-commerce site or
create filter bubbles [19] and echo chambers in a social network or
society. Other risks include discrimination or the lack of fairness
[5], topics which received increased interest in recent years, and
which require novel mechanisms for responsible recommendation.
Research Methods and Measurements. Today’s methodological
repertoire can sometimes appear very narrow, mostly consisting
of offline experiments as mentioned above, which can tell us little
about impact. Given the many limitations of such a research approach, more user-centric research is needed, and many tools for
this type of research are readily available [12, 20]. In some areas,
e.g., in conversational recommendation, even more foundational
research is needed to understand how humans interact and how
an effective computerized recommendation dialog should be designed. Here, observational studies or Wizard-of-Oz experiments
are promising means for future research.
But there is also potential for better offline evaluation. Alternative approaches, e.g., based on the simulation of long-term effects
on user behavior, could for instance be explored to obtain a better
understanding of the effects of recommenders without the need
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for a field test, see e.g., [9, 17, 25]. Recently, also techniques like
off-policy evaluation [3] and counterfactual reasoning were investigated as a means to obtain a more realistic assessment of effects
from offline data. While having solid theoretical justification, offpolicy evaluation is focus on accuracy and hence lack the ability to
predict various additional forms of impact. One possible future line
of work could for example line in the extension of such approaches
to also consider the phenomena of diversity.
Impact-Oriented Algorithms. As emphasized in the introduction,
the majority of the algorithmic proposals that are published today
focus solely on offline accuracy and do not take any of the discussed
value perspectives directly into account. To be impactful, future
research should focus more on the intended purpose of a system and
its expected impact [8]. These could be, for example, algorithms that
are able to consider business goals together with consumer value
[16], persuasive or explanatory approaches that help users make
better-informed decisions or increase their choice satisfaction, or
approaches which better understand the user’s current contextual
situation (e.g., the phase in the decision process) when generating
item suggestions.
Applications. Last but not least, domain-specific and applicationspecific aspects are far too often not taken into account. Ultimately,
recommender systems research is mostly very applied, i.e., there
mostly are no theories or hypotheses in algorithms-related research.
The search for the “best” model across domains appears mostly
futile, because many aspects are depending on the intended purpose
of the system. Recommending items that are already popular can,
for example, be desirable in one domain to increase revenue, and
not desirable in another, where discovery support is the main goal.
Generally, the hunt for the best model, see also [23], can lead
to a “leaderboard chasing” research approach where already tiny
improvements are considered as a publishable result, and where
the underlying reasons for the improvements become secondary.
Furthermore, it can be assumed that there actually is no “best model”
across domains as algorithm rankings typically depend on a variety of factors, including baselines, datasets, data pre-processing,
optimization procedures, evaluation protocols and metrics.
Impact-oriented research therefore has to take these domainspecifics into account, both in the way the algorithms are designed
and in the way the effects are evaluated. This, of course, does not
mean that researchers should only focus on individual domains
and not strive for generalizable approaches. It remains important
that researchers develop techniques that generalize and are useful
beyond the individual case.
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SUMMARY

Current research is mostly focused on a very specific technical part
of a recommender system. It furthermore often relies on a very
abstract problem formulation and evaluation approaches, which
make it difficult to judge if the obtained improvements are actually
relevant in the real work. With this position paper and the workshop
on the impact of recommender systems, we hope to raise awareness
that more encompassing research approach is required to achieve
insights that matter.
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