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Abstract

Personalized systems increasingly shape what people consume, watch, learn, and purchase at global scale, yet
they are typically optimized for engagement and short-term user satisfaction while their broader environmental
and societal effects are rarely accounted for. This creates a structural tension: systems designed to increase
interaction are incentivized to drive activity and consumption, while sustainability goals often require reduction,
moderation, and efficiency. In this paper, we argue that this tension is not incidental, but follows from how
personalization systems are conceived, optimized, and evaluated. We structure this tension into a set of recurring
conflicts, including objective misalignment, efficiency-impact trade-offs, system-level externalities, and ecosystem
blindness, and show how they manifest in real-world settings. Rather than proposing a single solution, we argue
for a shift in perspective. Instead of optimizing isolated metrics, personalization systems need to be understood
in terms of how they interact with the systems around them and the behaviors they induce. Our goal is to make
these interactions visible and to provide a basis for developing systems that better account for their broader
impact.
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1. Introduction

Recommender systems are no longer just ranking algorithms. They are embedded in nearly every
large-scale digital platform and increasingly function as decision-making infrastructures that shape
what users see, buy, learn, and consume. This influence is not marginal. It operates at the scale of billions
of interactions per day across domains such as media, e-commerce, education, and communication. As
a result, recommender systems do not merely reflect user preferences; they actively shape behavioral
patterns over time.

Despite this central role, the dominant optimization paradigm in recommender systems remains
narrowly defined. Systems are typically designed to maximize engagement metrics such as clicks,
watch time, and conversion rates [1]. These metrics work well as proxies for platform success, but they
are fundamentally incomplete. They capture short-term interaction rather than long-term outcomes,
emphasize individual utility over system-level effects, and remain largely agnostic to environmental
impact.

At the same time, sustainability has moved from a peripheral concern to a central constraint across
technological domains [2]. Machine learning systems contribute to environmental impact both directly,
through computation, and indirectly, through the behaviors they induce [3, 4]. This creates a structural
tension. Systems optimized for engagement are incentivized to increase activity and consumption,
while sustainability goals often require the opposite: reduction, moderation, and efficiency.

This tension becomes concrete in practice. In fashion e-commerce, systems designed to increase
conversion can encourage behaviors such as bracketing [5], where users order multiple variants of a
product and return most of them. From the user’s perspective, this is a rational response to uncertainty.
At the system level, it translates into increased return volumes, transportation, and waste.

In this paper, we argue that this misalignment is not the result of isolated design decisions. It follows
from the objectives and evaluation practices that define modern personalization systems. To make
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this explicit, we introduce a taxonomy of recurring conflicts that link personalization objectives to
system-level sustainability outcomes. Our goal is not to propose a single solution, but to make these
interactions visible and to provide a basis for developing systems that better account for their broader
impact.

2. Background and Related Work

Over the past decade, recommender systems have become increasingly complex, often driven by
advances in deep learning. These models deliver measurable improvements in predictive accuracy,
but the gains are frequently small relative to the computational cost required to achieve them. Prior
work has shown that training modern machine learning models can result in substantial energy
consumption and associated carbon emissions [3, 4]. In recommender systems, this creates a persistent
asymmetry: the field rewards incremental improvements in accuracy, while largely ignoring the
resources required to obtain them. Recent work has begun to make this trade-off explicit, showing
that even modest performance gains can incur non-trivial carbon costs [6, 7]. Empirical studies
further suggest that increasing model complexity often leads to diminishing returns, while substantially
increasing environmental impact [8]. Yet, these considerations remain largely absent from standard
evaluation protocols.

At the same time, the impact of recommender systems cannot be understood purely in terms of
model training or inference. Their effects are amplified by scale. Users spend multiple hours per day
interacting with personalized content streams, and even small shifts in recommendation policies can
translate into large aggregate changes in behavior. What appears as a minor improvement at the model
level can therefore have significant downstream consequences. This makes recommender systems
impactful not only because of their computational footprint, but because of the behaviors they shape.
A growing body of work has begun to examine the relationship between recommender systems and
sustainability, typically from two perspectives: systems that promote sustainable behavior, and systems
that aim to reduce the environmental and societal impact of the recommendation process itself [9].
While both perspectives are important, they are often addressed in isolation. As a result, the connection
between personalization objectives and system-level sustainability outcomes remains only partially
understood.

This becomes particularly visible in fashion e-commerce, where return behavior represents both an
economic and environmental challenge. Product returns are widespread, with estimates suggesting
that more than half of ordered fashion items are returned in some settings [10]. These returns carry
substantial environmental costs, including transportation emissions and, in many cases, disposal of
unsold goods. Returned items are frequently not resold due to processing costs, leading to additional
waste streams and CO, emissions [10]. A key driver of this phenomenon is bracketing, where users
purchase several types of the same item, keep one, and return the rest. This behavior emerges as a
reasonable response to uncertainty in online shopping [5], but it is also shaped by system design choices,
such as lenient return policies and interfaces that surface similar or adjacent items. It is therefore not
an edge case, but a predictable outcome of how uncertainty is managed in online retail.

Importantly, bracketing is not marginal. It is widely observed in practice and explicitly identified as
a common behavior in fashion e-commerce [11]. This points to a broader dynamic: personalization
systems do not only influence what users choose, but how they choose under uncertainty. In doing so,
they can amplify behaviors that are locally suitable for users but globally inefficient, increasing return
volumes, logistical overhead, and environmental impact.

Taken together, these strands of work highlight a gap in how recommender and personalization
systems are currently studied and evaluated. Research has examined model efficiency, environmental
impact, and return behavior largely in isolation. What is still missing is a perspective that connects
these dimensions and treats them as part of the same system.



3. A Taxonomy of Conflicts

The misalignment between personalization and sustainability does not take a single form. It emerges
through a set of recurring tensions that cut across model design, evaluation, and deployment. We
structure these tensions into four categories that make explicit how personalization objectives translate
into system-level sustainability outcomes.

These categories are not independent. They describe different aspects of the same underlying pattern:
systems optimized for engagement produce effects that remain largely unaccounted for at the system
level.

3.1. Objective Misalignment

Modern personalization systems are built around a simple objective: increase engagement. More clicks,
longer sessions, more purchases. This objective is rarely questioned. It aligns with platform incentives
and is easy to measure.

From a sustainability perspective, however, it is difficult to justify. Sustainability often implies doing
less, not more. Reducing unnecessary consumption, limiting waste, and encouraging efficient behavior
are fundamentally at odds with maximizing interaction. A streaming platform that increases watch
time also increases energy consumption associated with data transfer and device usage. An e-commerce
system that increases conversions may also increase returns, packaging, and transportation.

This becomes particularly visible in domains such as fashion e-commerce. Systems designed to
increase conversion can encourage, e.g., bracketing. From the user’s perspective, this is a reasonable
response to uncertainty. From the system’s perspective, it is a success. At the system level, however, it
results in increased activity that is inherently inefficient.

This is not a side effect. It follows directly from the objective. As long as engagement remains the
dominant metric, these outcomes are expected.

3.2. Efficiency-Impact Trade-offs

A related tension concerns how progress is measured. Improvements in recommender systems are
typically reported in terms of accuracy, often at the level of small percentage gains. Achieving these
gains frequently requires more complex models, larger datasets, and increased computational resources.

The implicit assumption is that higher accuracy is always desirable. In isolation, this is reasonable.
In context, it becomes less convincing. Training and evaluating recommender systems can generate
significant carbon emissions [6], and these costs increase rapidly with model complexity.

From a user perspective, the benefit of a 2-3% improvement in recommendation accuracy is often
negligible [12]. From an environmental perspective, the cost is cumulative and very real [13]. The
result is a familiar asymmetry: we optimize aggressively for improvements that are barely perceptible,
while largely ignoring the resources required to achieve them.

This does not make accuracy irrelevant. It does make it incomplete [14, 15]. When improvements
are evaluated without considering their cost, the system is only partially optimized.

3.3. System-Level Externalities

The most consequential effects of recommender systems often lie outside the system itself. Recommen-
dations influence behavior, and behavior drives real-world processes such as logistics, manufacturing,
and resource consumption [16]. These downstream effects are rarely captured in evaluation metrics,
yet they often dominate the overall impact.

Fashion e-commerce provides a clear example. Return rates can exceed 40% [17], with a substantial
share driven by bracketing. Each return involves transportation, handling, and often disposal. Even
when items are resold, they rarely follow the same path as the original purchase, introducing additional
overhead at every step.



Conflict Optimizes Ignores

Objective Misalignment Engagement Resource use,
e.g., clicks, views long-term outcomes
Efficiency—Impact Accuracy gains Energy, carbon cost
Trade-offs
System-Level Externalities User actions Logistics, waste,
e.g., purchases emissions
Ecosystem Blindness Model System behavior,
performance downstream impact

Table 1
Four recurring ways in which personalization objectives conflict with sustainability outcomes at the system level.

At scale, these effects accumulate quickly. Reducing returns by even a small percentage can lead
to substantial carbon savings [18, 19]. Conversely, small increases can have disproportionately large
consequences. What appears as a minor shift in recommendation output can trigger a cascade of
physical processes.

Recommendation outputs are therefore not just informational. They are operational. They initiate
actions that propagate through supply chains and infrastructure, with consequences that extend far
beyond the system itself.

3.4. Ecosystem Blindness

A final tension concerns how recommender systems are evaluated. They are typically treated as self-
contained algorithms, rather than as components of larger socio-technical systems [20, 21]. This leads
to a form of ecosystem blindness.

In practice, recommender systems are embedded in complex environments that include data pipelines,
cloud infrastructure, business processes, and user behavior. Their effects propagate through these
systems in ways that are difficult to capture with traditional evaluation methods. Optimizing a recom-
mender system in isolation can therefore lead to suboptimal, or even harmful, outcomes at the system
level.

There is an important distinction here. System-level externalities describe what happens as a result
of recommendations. Ecosystem blindness describes our failure to account for those effects. The
issue is not only that these impacts exist, but that they are systematically excluded from evaluation.
Addressing this requires a shift in perspective. What is typically measured is model performance; what
ultimately matters is system behavior.

Combined, the categories summarized in Table 1 describe a consistent pattern rather than a set of
isolated issues. Objective misalignment captures what systems are designed to optimize. Efficiency-
impact trade-offs describe how improvements are pursued. System-level externalities make visible
how these choices propagate beyond the system, while ecosystem blindness explains why these effects
remain largely unaccounted for.

The result is not a single problem, but a way of building and assessing recommender systems. The
misalignment with sustainability is therefore not incidental, but a consequence of how these systems
are currently conceived, optimized, and evaluated in practice.

4. Where These Conflicts Appear

The tensions described above are not abstract. They become visible in concrete settings where rec-
ommender systems are deployed, often in ways that are easy to miss when focusing on model-level
performance.



One recurring pattern is the pursuit of marginal improvements at disproportionate cost. Recent
analyses show that training recommender systems, particularly deep learning models, can have a
substantial environmental footprint [6, 7]. At the same time, the performance gains are often modest.
This raises a straightforward question: do we need these improvements? Under standard evaluation
metrics, the answer is typically yes. From a system-level perspective, the answer is less clear [22, 13].
What counts as progress at the model level may, in practice, be a poor trade-off once resource use is
taken into account.

A more direct example can be found in fashion e-commerce, where the interaction between recom-
mendation, user behavior, and logistics becomes visible. High return rates are not merely a side effect
of online retail, but are closely tied to how products are presented and recommended. Behaviors such
as ordering multiple variants of the same item with the intention of returning most of them emerge
as a rational response to uncertainty, but are also reinforced by system design. From the perspective
of the recommender system, these are successful interactions. At the system level, they translate into
transportation, handling, repackaging, and, in many cases, disposal. The gap between these perspectives
is where the environmental impact arises.

Similar patterns appear in media consumption. Personalization systems are designed to maximize
engagement, often by encouraging longer sessions and continuous interaction. While this increases
user retention, it also increases the energy required to deliver and consume content. Given that users
already spend several hours per day interacting with digital media, further increases offer diminishing
returns in terms of user value, while continuing to increase resource use. In this setting, engagement is
treated as a proxy for value, even when that relationship becomes increasingly weak.

5. Rethinking Personalization Systems

The tensions outlined above are structural. Addressing them requires rethinking how personalization
systems are built, evaluated, and understood.

Model choice is typically framed as a question of performance. The default assumption is that more
complex models are preferable, as long as they improve accuracy. The taxonomy in Table 1 makes this
assumption difficult to sustain. Once efficiency—impact trade-offs are taken seriously, model selection
becomes a question of balance rather than maximization. Energy consumption and carbon cost are no
longer external concerns, but part of the decision itself. In many cases, simpler models provide a more
reasonable trade-off, particularly when performance differences are small. Complexity should be used
where it adds value, and its cost should be visible when it does not [4].

The same shift applies to evaluation. Current frameworks focus almost exclusively on short-term
metrics such as accuracy and engagement [20]. This reinforces objective misalignment and ecosystem
blindness. Expanding evaluation to include environmental and system-level effects would change
what counts as a good system. This is challenging. Long-term outcomes are difficult to measure, and
system-level effects are often indirect. Without such measures, however, systems will continue to
optimize for what is easy to observe rather than what actually matters.

Personalization systems already function as behavioral interventions. They do not simply reflect
preferences; they shape how decisions are made. This becomes visible in settings such as e-commerce,
where recommendation can encourage users to consider multiple similar options, reinforcing bracketing
and similar behaviors. From the perspective of the system, this increases interaction and conversion.
At the system level, it increases returns, handling, and waste.

Once this role is taken seriously, different design choices become possible. This may involve reducing
the number of options presented, prioritizing alternatives with lower downstream impact, or, in some
cases, not recommending additional items at all. These are not standard optimization targets, but they
follow directly from a system-level perspective.

This does not point to a single solution. It changes how the problem is framed. The focus shifts away
from optimizing isolated metrics and toward understanding how personalization interacts with the
systems around it.



From this perspective, recommender systems are components of larger systems with real-world con-
sequences. Improving accuracy remains important, but it is only one dimension of system performance.
Efficiency, long-term impact, and system-level effects need to be considered alongside it.

This also raises broader questions about responsibility. If personalization systems shape behavior
at scale, their design choices have consequences beyond individual interactions. Addressing these
questions likely requires approaches that extend beyond traditional optimization, including perspectives
from economics, sustainability, and policy.

6. Conclusion

This paper has argued that the tension between personalization and sustainability is not incidental, but
follows from how these systems are conceived, optimized, and evaluated. By structuring this tension
into a set of recurring conflicts and grounding it in concrete examples, we have aimed to make this
pattern more explicit.

The implication is not that personalization systems are inherently unsustainable. It is that current
objectives and evaluation practices systematically favor outcomes that are difficult to reconcile with
sustainability goals. As long as engagement remains the dominant metric, and system-level effects
remain outside the scope of evaluation, these tensions are likely to persist.

Addressing this does not require a single new method. It requires a shift in perspective. Instead of
optimizing isolated metrics, personalization systems need to be understood as components of larger
systems with real-world consequences.

Future work should focus on making these system-level interactions visible, both in how systems are
evaluated and how they are designed. This includes developing methods that account for environmental
and downstream effects, as well as exploring alternative objectives that better reflect long-term and
system-level considerations.
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