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A B S T R A C T
Grey sheep users (GSUs), characterized by weak or unstable alignment with the broader user
population, remain a challenge in collaborative filtering-based recommender systems. Despite
extensive efforts devoted to their detection and treatment, a clear and consistent understanding
of GSUs is still lacking. Existing studies typically adopt model-dependent definitions and often
assume that GSUs necessarily reduce recommendation quality. This paper presents a systematic
and critical review of GSUs, covering their definition, detection strategies, modeling paradigms,
and evaluation practices. We revisit the classical similarity-based interpretation and show that
the effect of GSUs depends on model design rather than being inherently harmful. Based
on this observation, we introduce a refined conceptual perspective that describes GSUs as
users with consistently misaligned preference patterns, and further propose a dynamic view
that distinguishes between short-term irregular behavior and stable preference differences. We
then provide a comprehensive taxonomy of existing approaches, including detection-dependent
methods and detection-free strategies, and analyze their underlying assumptions and limitations.
We further show that the form in which a detection result is expressed constrains which handling
strategies are available, and that this correspondence is rarely exploited in practice. A key finding
of this study is that current research is limited by weak evaluation practices. In particular, the
absence of ground truth, inconsistent definitions, and dependency on aggregate performance
metrics lead to circular reasoning and unreliable conclusions. Finally, we outline future research
directions toward more robust modeling frameworks and user-centered evaluation protocols, with
the aim of establishing a clearer conceptual foundation and guiding the development of more
reliable and inclusive recommender systems.

1. Introduction
Recommender systems have become an essential component in a wide range of online platforms, where they support
users in navigating large volumes of information by providing personalized suggestions. Among various recommenda-
tion paradigms, collaborative filtering (CF) remains one of the most widely adopted approaches due to its simplicity and
effectiveness [27, 52, 20, 60]. CF methods typically rely on the assumption that users with similar historical preferences
will exhibit similar future consumption behaviors, and therefore leverage user–user or item–item similarities to generate
recommendations [48, 43]. Despite their success, CF continues to face several well-known challenges, including data
sparsity, the cold-start problem, and the presence of grey sheep users (GSUs) [15, 65]. Current literature includes
several reviews addressing rating sparsity [21, 8, 49, 63] and cold-start problems [28, 38, 58, 29] in recommender
systems, whereas dedicated reviews focusing specifically on grey sheep user problems remain absent.

The concept of “grey sheep users” (also spelled “gray sheep users” in the community) was introduced to describe
users whose preferences are unusual or weakly correlated with those of the broader user population [9]. GSUs actively
engage with the system but do not consistently align with any major user groups [15]. In contrast, “white sheep” users
demonstrate strong correlations with many others, and “black sheep” users exhibit minimal interaction history and
unusual tastes. Consequently, neighborhood-based CF often fails to identify reliable neighbors for these users. Prior
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studies commonly argue that the presence of GSUs leads to reduced recommendation accuracy for these individuals
and may introduce noise that degrades the overall system performance [65, 2]. Although early discussions of GSUs are
often framed around neighborhood-based CF, the problem is not limited to this setting. Latent-factor based models,
such as matrix factorization (MF) [26], also exhibit degraded performance for GSUs, because global optimization
objectives tend to capture dominant preference structures and may underrepresent minority or unusual users. Gras et
al. show that standard MF still provides inaccurate recommendations for GSUs [18]. Their results indicate that MF can
improve GSU recommendation accuracy when training is adapted to these users, but standard MF alone does not fully
resolve the problem. More recent work further shows that latent-factor vectors provide a more effective representation
for detecting GSUs, suggesting that latent-factor models can help characterize GSUs while still requiring explicit
mechanisms for identification or adaptation [62]. Therefore, the GSU issue is a general challenge in the family of
collaborative filtering methods, including both neighborhood-based approaches and latent-factor based models.

The most common approach to address this involves detecting GSUs within the user population, excluding them
from CF, and applying alternative recommendation strategies, such as content-based methods [32, 1], specifically for
these users. Despite more than two decades of research on the detection and handling of GSUs, spanning clustering
techniques [15, 45], outlier detection [17, 62], classifications [2, 24], a unified and rigorous understanding of this user
group remains limited. Existing work reveals several fundamental issues. First, definitions of GSUs are typically model-
dependent and fragmented, relying on similarity thresholds, clustering structures, or anomaly detection outcomes,
without a consistent conceptual basis. Second, it is often implicitly assumed that GSUs exhibit consistently low
similarity with the rest of the user population, resulting in the absence of highly correlated neighbors. Under this
condition, GSUs are expected to degrade recommendation quality. However, this assumption does not fully consider
the internal mechanisms of modern CF models. For example, in the user-based 𝐾-nearest neighbor CF (UBCF)
method [43], the influence of low-similarity users can be reduced by applying similarity thresholds during neighbor
selection [18]. This observation raises a critical question regarding whether GSUs are inherently problematic or whether
their impact depends on specific modeling choices. In addition, current research is further limited by the absence of
ground truth labels and standardized evaluation protocols for GSUs. Recently, Boualaoui et al. [6] also recognized the
limitations of existing evaluation practices and proposed a dedicated evaluation protocol for grey sheep user detection,
further highlighting the growing need for more rigorous and standardized assessment frameworks. Existing studies
often rely on model-dependent definitions and indirect performance comparisons, which do not provide definitive
evidence that the identified users are genuinely grey sheep users.

To address these limitations, this paper presents a systematic review and critical analysis of grey sheep users, with
the objective of re-examining their definition, modeling, and evaluation. Relevant studies were collected by searching
major academic platforms, including Google Scholar, ACM Digital Library, IEEE Xplore, and ScienceDirect, using
the keywords “grey sheep”, “gray sheep” and “recommender system”, covering publications up to early 2026. A total
of 35 papers were identified, among which 5 focus on conceptual discussions without experimental validation, while
the remaining 30 propose concrete methodologies with experimental evaluation.

To the best of our knowledge, our work presents the first comprehensive review of grey sheep users in recommender
systems. The contributions of this work are threefold:

• A refined conceptual and dynamic perspective: This study revisits the conventional static definition of GSUs
and argues that grey sheep behavior is contingent on model design. A dynamic perspective is further introduced
to capture the evolution of user behavior over time and its interaction with cold-start and sparsity effects.

• A comprehensive taxonomy of existing approaches: Existing methodologies are systematically categorized
into detection-dependent strategies (e.g., clustering-based approaches, outlier detection, classification methods)
and detection-free strategies (e.g., neighborhood augmentation, representation learning, semantic decoupling),
with an analysis of their underlying assumptions and limitations, and of how the form of a detection output
constrains the handling strategies available.

• A critical analysis of evaluation challenges: This work examines fundamental issues in current evaluation
practices, including the absence of ground truth, inconsistent and model-dependent definitions, and the depen-
dency on aggregate prediction metrics. It highlights how these factors lead to circular reasoning and unreliable
conclusions, and discusses directions for developing more rigorous, user-centric, and standardized evaluation
frameworks.
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The remainder of this paper is organized as follows. Section 2 revisits the definition of grey sheep users
and introduces a refined conceptual framework. Section 3 reviews strategies for handling grey sheep users in
recommendation tasks. Section 4 presents current evaluation protocols and provides a critical analysis of evaluation
challenges. Section 5 outlines future research directions. Finally, Section 6 concludes the paper.

2. Understanding Grey Sheep Users
A clear and consistent understanding of GSUs is essential for both theoretical analysis and practical modeling in
recommender systems. This section revisits the classical definition of GSUs and examines its underlying assumptions,
particularly the dependence on user-user similarities. It further analyzes the relationship between GSUs and other
commonly discussed user types, including black sheep and cold-start users, and highlights the limitations of existing
categorizations. Finally, this section introduces a dynamic perspective and a refined conceptual definition to provide a
more comprehensive foundation for subsequent analysis.
2.1. Classical Definition of Grey Sheep Users
The concept of GSUs was originally introduced to describe a subset of users whose preferences do not consistently
align with those of the broader user population [9]. Within the framework of CF, user preferences are typically inferred
from similarity relationships derived from historical interactions, based on the assumption that users with similar
past behaviors will exhibit similar future interests [43]. Under this assumption, prior studies classify users into three
groups: white sheep, grey sheep, and black sheep [35]. White sheep users exhibit strong and stable correlations with
many others, which enables reliable neighbor identification, whereas black sheep users are characterized by extremely
limited interaction data and are commonly associated with cold-start scenarios. In contrast, grey sheep users actively
interact with the system but neither consistently agree nor disagree with any particular user groups, resulting in weak
or low similarity relationships with other users [15, 65]. Consequently, neighborhood-based CF often fails to identify
reliable neighbors for these users, which may reduce recommendation accuracy. Latent-factor based models, such as
matrix factorization (MF) [26], also exhibit degraded performance for GSUs, as global optimization objectives tend to
capture dominant preference patterns and underrepresent users with unusual tastes. Empirical studies show that while
MF can be adapted to improve GSU recommendations, standard MF alone does not fully resolve the issue, indicating
that the GSU problem persists across both neighborhood-based and latent-factor based CF methods [18, 62].

Existing literature further characterizes GSUs from two complementary perspectives. The first perspective
emphasizes behavioral inconsistency, where grey sheep users exhibit opinions that do not systematically align with
those of any identifiable user group and are often located near the boundaries of user clusters [15]. The second
perspective focuses on similarity structure, where GSUs tend to have low correlations with many users and only
a few highly correlated neighbors [65]. These characteristics are closely associated with the distribution of user-
user similarities, where grey sheep users typically exhibit predominantly low similarity values and highly skewed
distributions compared to typical users. These observations indicate that the classical definition of GSUs is primarily
descriptive and remains dependent on similarity structures, motivating further examination of their practical impact
and underlying assumptions.

The formation of grey sheep behavior can be related to multiple factors. First, some users may have genuinely
unique or niche preferences that are not shared by the majority, resulting in inherently low similarity with others.
Second, inconsistency or noise in user behavior may lead to unstable similarity relationships across different items.
Third, data-related factors such as sparsity or limited interaction history may cause users to appear as grey sheep,
even when their underlying preferences are not fundamentally unusual. These observations suggest that the classical
definition of GSUs is influenced not only by intrinsic user characteristics but also by data properties and modeling
assumptions, which may lead to inconsistencies across different systems and studies.
2.2. Are Grey Sheep Users Inherently Problematic?
A widely held assumption in the recommender systems literature is that GSUs are inherently problematic. Prior studies
commonly argue that users with unusual preferences and weak correlations with the majority not only receive inferior
personalized recommendations but also introduce noise that degrades overall system accuracy [9, 15, 65].

A closer examination of CF mechanisms provides a more nuanced perspective. Consider the standard UBCF, which
is frequently adopted to analyze the grey sheep problem [17, 62]. In this setting, rating prediction is derived from
pairwise similarity computations, such as Pearson correlation or cosine similarity, followed by aggregation over the
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top-𝐾 most similar users. In practice, neighbor selection can be further constrained by similarity thresholds to exclude
weakly related or negatively correlated users [65]. Under such conditions, if grey sheep users consistently exhibit low
or negative similarity with others, they are unlikely to be selected during neighbor formation. Consequently, these users
behave as isolated nodes rather than sources of interference, and their impact on the broader community is structurally
limited.

Beyond their potential impact on other users, GSUs face inherent difficulties in obtaining accurate recommen-
dations for themselves. User-based CF relies on the identification of highly similar neighbors, and the presence of
unusual or inconsistent preferences makes it challenging to construct reliable neighborhoods for these users. Even
when neighbors are identified, their relevance may be limited, which leads to unstable or low-quality predictions. As
a result, the performance of UBCF for GSUs is often substantially lower than that for typical users, consistent with
empirical observations reported in prior work [65].

The interpretations above, however, rely on the assumption that grey sheep users exhibit uniformly low similarity
with others, which may not hold in practice. GSUs may display distinct patterns in terms of the local similarity (i.e.,
similarities based on a subset or a cluster of the items [44]), where they align with other users on a subset of items,
particularly popular ones, but remaining globally inconsistent. In such cases, they may still be selected as neighbors in
specific contexts, which can introduce instability into the prediction process. Therefore, the extent to which grey sheep
users influence others depends on the interaction between similarity distributions and neighbor selection mechanisms,
rather than solely on their overall similarity levels. Moreover, prior work on the magic barrier suggests that a portion
of prediction error cannot be eliminated due to noise and inconsistency in user ratings, implying that some behaviors
attributed to GSUs may reflect inherent uncertainty rather than a distinct user category [4]. Consistent with this view,
Gras et al. [17] report a correlation of only −0.68 between their likelihood-based greyness measure and per-user
prediction error, which indicates that a substantial portion of the error observed for these users is not accounted for by
their position in the similarity structure.

The discussion above concerns neighborhood-based CF, but the question of whether GSUs are inherently prob-
lematic can also be examined empirically across model families. Gras et al. [18] compare several matrix factorization
variants that differ only in how the ratings of GSUs are used during training. A model trained exclusively on GSU
ratings raises the median RMSE by approximately 8% relative to a model trained on the full population, and a model
built for an individual GSU still requires a subset of normal users in order to estimate the latent factors. Retaining GSUs
in the shared user–item matrix and increasing the weight assigned to their prediction errors performs better than either
alternative. These results indicate that the difficulty faced by GSUs in matrix factorization arises from the estimation
of global latent factors, which requires interaction data beyond that available within the group itself, and they align
with the neighborhood-based finding that inconsistent users cannot be served using information drawn only from users
similar to them [4]. The same conclusion therefore holds in two model families that rely on different mechanisms,
which suggests that it reflects a property of how preferences are estimated rather than a property of the users.

More recent neural models, including neural collaborative filtering [20] and graph-based architectures [55], share
the same optimization structure as matrix factorization in one important respect, since they minimize a global objective
in which a minority group contributes few training signals. Samir et al. [45] report that NCF [20], LightGCN [19] and
an autoencoder variant all perform worse on an identified GSU subset than on the population as a whole, and attribute
this to the absence of any mechanism that treats high-uncertainty users differently during optimization. Direct evidence
remains limited, however, because studies that adopt neural architectures typically evaluate at the aggregate level and
do not report results for this subgroup separately (Section 3.2.2). It therefore remains unclear whether greater model
expressiveness reduces the problem or leaves it undetected in aggregate metrics, and this uncertainty follows directly
from the evaluation practices discussed in Section 4.

This conclusion is nevertheless conditional on the information available to the model. Sánchez-Moreno et al.
[46] combine rating-based similarity with the structural position of users in a social network, and report the opposite
pattern: when their models are trained on the full population and evaluated on the subset of users with unusual tastes,
performance is worse than when training is restricted to that subset. A plausible explanation is that their similarity
function draws on an additional source of information that is independent of the rating matrix, so that neighbors can still
be identified within a small group of users whose ratings alone would not support reliable similarity estimates. Under
these conditions the mainstream population contributes less, and may introduce neighbors whose apparent similarity
derives from popular items rather than from shared preferences. We note that the two studies also differ in domain,
feedback type and in how unusual users are defined, so the comparison cannot be attributed to model family alone.
Taken together, however, these results support the view that isolation is neither uniformly harmful nor uniformly
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beneficial, and that its effect depends on whether the model in question can estimate preferences from the information
contained within the isolated group.

These observations suggest that the grey sheep problem should not be interpreted solely in terms of its impact
on the broader user community. Instead, it reflects two distinct challenges: the conditional influence of GSUs on
others, which depends on model design and similarity structures, and the inherent difficulty of modeling these users
within similarity-based frameworks. This perspective indicates that the grey sheep problem is fundamentally model-
dependent. Whether GSUs affect others, and whether isolating them helps or harms, both follow from the way a given
model estimates preferences rather than from any intrinsic property of the users themselves. Section 3.1.4 examines
how this dependence plays out in the handling strategies adopted in practice.
2.3. Grey Sheep vs Cold-Start vs Black Sheep
The recommender systems literature commonly distinguishes among grey sheep, cold-start, and black sheep users to
explain variations in recommendation performance. Cold-start users are defined as users with no interaction history
(i.e., strict cold-start) or with very limited interactions (i.e., practical cold-start), which hinders reliable estimation of
their preferences [28, 38, 58]. Black sheep users are typically described as individuals whose preferences are highly
inconsistent with others, often leading to very low similarity with the broader population; however, such low similarity
may also arise from sparse or unreliable interaction data, which complicates its interpretation in practice. Namely,
black sheep users are usually those with very low or even zero user-user similarities with others due to noise in
limited interactions [65, 64]. GSUs are generally positioned between these two extremes, exhibiting partial or unstable
similarity relationships with other users [15, 65].

Although these distinctions are widely adopted, they are primarily derived from user-user similarity patterns, which
depend on model assumptions and data representations. As discussed in Section 2.2, similarity-based measures may
not fully capture the structure of user preferences, and their interpretation can vary across algorithms. Consequently,
the boundaries among grey sheep, cold-start, and black sheep users are often ambiguous in practice. For instance,
users with sparse interaction histories may display low or unstable user-user similarities due to insufficient user-item
interactions, which can lead to their misclassification as GSUs. Likewise, the distinction between grey sheep and black
sheep users is not always clear, as both groups may exhibit weak correlations with others, differing mainly in magnitude
rather than in nature.

These observations suggest that conventional categorizations should be interpreted with caution. Rather than
representing distinct and fixed user types, grey sheep, cold-start, and black sheep behaviors may correspond to different
manifestations of underlying factors, including data sparsity, preference diversity, and behavioral inconsistency. From
this perspective, user categories are better viewed as context-dependent constructs that arise from the interaction
between user behavior and the modeling framework, rather than the static definitions above. To the best of our
knowledge, existing research on GSU detection has largely overlooked this temporal perspective on user classification.
2.4. A Dynamic View of Grey Sheep Users
The limitations of static user categorizations motivate a dynamic perspective on GSUs. Conventional definitions
implicitly treat user types, including grey sheep, cold-start, and black sheep, as fixed attributes. In practice, user
behavior evolves over time as additional interaction data is accumulated and preferences change [25, 40, 47]. As a
result, users initially characterized by sparse or unstable interactions may later exhibit more consistent patterns, whereas
previously stable users may develop more diverse or less predictable preferences.

From this perspective, grey sheep behavior should not be regarded as an inherent and permanent attribute, but rather
as a transient state arising from the interaction among data availability, preference evolution, and model representation.
As illustrated in Figure 1, users typically evolve from a cold-start phase with no interaction history to stages with
increasing amounts of data, during which their observed preferences may appear unstable or misleading. In early stages
with limited interactions, users may be tentatively classified as grey sheep or even black sheep due to apparent deviation
from others; however, such classifications are highly uncertain and prone to misjudgment. As more interactions are
observed, some users gradually align with common preference patterns, while others continue to exhibit persistent
deviation, eventually forming more stable behavioral identities.

This dynamic view further indicates that the identification of GSUs depends on the temporal context in which user
data is analyzed. Similarity patterns, which are commonly employed for classification, may vary across time as user
interests evolve or as new items are introduced. Consequently, a user may transit across different behavioral states, such

DOI: 10.1016/j.cosrev.2026.101078 Page 5 of 22



Understanding Grey Sheep Users in Recommender Systems

Figure 1: An illustrative example of dynamic user evolution in recommender systems

as from cold-start to an uncertain classification region, and subsequently toward either stable alignment with others or
consistent deviation from the majority.

Adopting a dynamic perspective provides a more flexible and realistic foundation for understanding grey sheep
behavior. It suggests that effective modeling should explicitly account for temporal evolution and uncertainty, rather
than relying on static classifications. This perspective not only refines the interpretation of GSUs but also informs the
design of recommendation models that can adapt to evolving user characteristics.
2.5. A Refined Conceptual Definition
Building on the limitations of existing definitions and the dynamic perspective discussed above, we propose a refined
conceptual definition of GSUs. Instead of defining GSUs solely by low or unstable similarity to others, we characterize
them as users whose preference patterns exhibit persistent structural misalignment with the broader population, even
when sufficient interaction data is available. This formulation shifts the emphasis from absolute similarity values to
the consistency and temporal stability of deviation.

This refinement resolves several ambiguities in prior work. First, it differentiates GSUs from cold-start users by
requiring sufficient interaction history, which reduces misclassification caused by data sparsity. Second, it separates
GSUs from transient behaviors observed in early interaction stages, where apparent inconsistency may arise from
limited evidence. Third, it sharpens the distinction between GSUs and black sheep users by focusing on persistence
and structural characteristics, rather than on extreme or isolated similarity values.

Under this definition, GSUs are not identified from a single snapshot of similarity, but from temporal behavior and
the stability of deviation from common preference patterns. A user is regarded as a GSU only when such deviation
remains consistent across interactions and over time, indicating genuine preference divergence rather than noise or
estimation uncertainty. This interpretation is consistent with the dynamic view illustrated in Figure 1, where only users
who consistently exhibit unusual tastes in later stages are considered true grey sheep.
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The proposed definition has direct implications for modeling and evaluation. It indicates that GSU detection should
incorporate temporal signals, robustness to sparsity, and measures of preference stability, rather than relying exclusively
on static similarity thresholds or clustering outcomes. By offering a more precise and principled characterization, this
definition provides a foundation for more consistent analysis and comparison across studies.

3. Handling Grey Sheep Users: Paradigms
Traditionally, the handling of GSUs in collaborative filtering has followed a two-stage pipeline: systems first explicitly
identify these users and subsequently apply customized interventions to mitigate their negative effects. Under this
conventional view, GSUs are often perceived as anomalous entities or system burdens that require strict isolation,
alternative algorithmic treatment, or even complete removal. However, recent advancements in recommender systems
reflect a profound paradigm shift in how their preferences are managed. Rather than relying on explicit detection and
isolation, recent approaches increasingly emphasize integrating such users directly into the recommendation process.
By leveraging techniques such as global data augmentation and non-linear deep representation learning, modern end-to-
end systems can implicitly accommodate unusual preferences without the need for isolation. Based on this evolution,
this section categorizes the existing handling strategies into the following two fundamental paradigms: Detection-
Dependent Strategies, which rely on prior discrete identification of GSUs, and Detection-Free Strategies, which
integrate and address GSU issues within unified architectures without any form of explicit or implicit identification.
3.1. Detection-Dependent Strategies
The defining characteristic of detection-dependent strategies is their dependence on a structured, typically two-
stage pipeline. In the first stage, GSUs are explicitly identified and labeled using dedicated detection mechanisms.
Subsequently, different handling strategies, such as isolating GSUs to use switched recommendation models [15, 3, 45]
or adapting models to different types of users without isolation [18, 2], are applied to generate recommendations.

Table 1 summarizes these approaches, with the last three columns defined as follows. We use greyness to refer
to the degree to which a user deviates from the broader population. The greyness signal refers to the quantity from
which the degree of deviation is computed, such as the distance between a user and a cluster centroid, the likelihood
of a rating profile under a population-level distribution, or a set of features describing a user’s similarity relationships.
The detection output refers to the form in which the result of detection is expressed, which may be a hard partition,
a continuous score, a degree of membership, or a decision function defined over user features. The handling strategy
refers to the treatment subsequently applied to the identified users. The first two dimensions are examined in the
following subsections, and their relationship with the handling strategies is discussed in Section 3.1.4.
3.1.1. Clustering-Based Detection
The earliest and most intuitive approach to managing GSUs is to isolate them through clustering algorithms, followed
by a complete switch of the recommendation models. In this paradigm, GSUs are identified based on their distance
from mainstream clusters. Specifically, these users either cannot be reliably assigned to any cluster or are located near
cluster boundaries, and may therefore be separated as a distinct group. Ghazanfar et al. [14, 15] introduced this idea by
adapting the K-Means++ algorithm, where users with large distances to their nearest cluster centroid are isolated and
assigned to a separate cluster. Malik et al. proposed an enhanced clustering-based approach, termed PowKMeans++,
which extends earlier power-user weighting schemes to improve centroid initialization and clustering quality [33].
Based on the resulting clusters, GSUs are explicitly isolated and subsequently served using a hybrid recommendation
framework. Ghorbani et al. also explored clustering-based separation strategies, where users are partitioned into groups
based on similarity structures, and those not fitting well into any cluster are treated as grey sheep users [16], but
they did not explore handling strategies after GSU detection. Recognizing that preference-based distance alone may
be insufficient, Bejaoui and Ayachi [3] extended this framework by incorporating social trust information, such as
TidalTrust, into the clustering process, grouping users who are distant from others in both preference and trust spaces
into a GSU cluster. More recently, Samir et al. [45] introduced a neutrosophic 𝑘-means approach, in which each user
is associated with degrees of truth, indeterminacy, and falsity with respect to cluster membership. In this framework,
GSUs are characterized by higher levels of indeterminacy or unstable cluster assignments, reflecting the uncertainty
in their preference patterns.

A fundamental theoretical issue arises regarding the interpretation of clustering-based isolation as outlier detection.
Although early work [15] framed the problem in this manner, subsequent studies challenge this view [17]. As noted by
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Table 1

Detection-dependent approaches: detection mechanisms, output forms, and handling strategies

Detection
Approach

Greyness Signal Detection Output Handling Strategy

Clustering:
centroid distance

Distance to cluster centroid in
preference (or preference�trust)
space

Hard partition (𝐾+1 cluster) Isolate + switch to content-based
or hybrid models [14, 15, 22, 33];
isolate + within-cluster
prediction [3]; isolate to improve
accuracy for mainstream users
[41, 42, 57]; detection only [16]

Clustering:
soft membership

Indeterminacy degree derived
from user�centroid proximity

Soft membership;
highest-indeterminacy cluster

Isolate + item-based CF [45]

Clustering:
local community

Centrality, reciprocity, neighbor
frequency

Continuous greyness score +
threshold

Detection only [7]

Clustering:
cluster weighting

Agreement with collective
signals; cluster power

Cluster-level label Detection only [5]

Outlier detection:
distribution-based

Likelihood that a user's ratings
were generated by the
population-level rating
distribution

Continuous score + cuto�;
decision intrinsic to the score

Detection only [17]; model
adaptation without isolation [18]

Outlier detection:
representation-based

Per-user feature vectors: statistics
of the user's own similarity
distribution, or latent factors

Anomaly score from an external
detector (LOF, ABOD, etc.)

Detection only; isolation with
alternative models assumed
[65, 64, 61, 62]; isolate +
content-based switching [53]

Classi�cation:
constructed labels

Pseudo-labels from clustering +
IQR, personality traits, or
heuristic rules

Inductive decision boundary Remove GSUs [51, 24]; uni�ed
modeling [2]; detection only [37]

Gras et al. [17], classical clustering-based outlier detection identifies instances in sparse or marginal clusters. However,
when users are grouped into a single GSU cluster, they are, by construction, similar to each other, which contradicts
the assumption that GSUs exhibit uncorrelated preferences. This observation indicates that clustering-based methods
impose an artificial structure that may not reflect the true nature of grey sheep behavior. Accordingly, these clustering-
based approaches can be treated as spatial partitioning methods guided by heuristic criteria rather than formal outlier
detection techniques.

Regardless of this theoretical concern, most clustering-based methods continue to locate greyness by measuring
the distance between a user and a cluster centroid, and much of the subsequent work refines this measurement rather
than replacing it. Comparative analyses of clustering techniques for GSU identification have also been reported [23],
although they lack empirical validation. Jindal et al. [22] introduced power-user weighting into centroid initialization,
later extended by [33], while Rashidi et al. [41, 42] examined which features of the rating matrix support separation and
combined enhanced K-Means variants with meta-heuristic search, an approach further developed by Yu and Rashidi
[57]. More recent work questions the centroid assumption itself. Boualaoui et al. [7] argue that a single distance to a
centroid, which is often not a real user, ignores how a candidate interacts with its local community, and instead combine
centrality, reciprocity and neighbor frequency into a continuous greyness score. The same authors subsequently shifted
the decision from the user level to the cluster level, weighting each cluster by how strongly it exhibits grey sheep
characteristics and labeling the least influential clusters accordingly [5].

Once GSUs are detected or isolated by these clustering-based approaches, the handling stage diverges considerably
across studies, ranging from switching to content-based or demographic models [14, 15, 22, 33, 50], to restricting
collaborative filtering to the isolated cluster itself [45, 3], to providing no recommendation at all when isolation
serves only to protect the accuracy of mainstream users [41, 42, 57]. These strategies are systematically discussed
in Section 3.1.4.
3.1.2. Outlier Detection Approaches
Early work on GSUs focused on isolating them from mainstream users and applying alternative recommendation
models. Building on this line of work, subsequent research has increasingly focused on improving the detection stage
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itself. One popular category of the work formulates GSU identification as an outlier detection problem. Existing
approaches differ in the location of the normality model. Some evaluate users directly against a population-level
distribution, whereas others first construct a user-specific representation and subsequently use a separate anomaly
detection algorithm for identification.

Early distribution-based approaches formulate the identification of GSUs by modeling the global rating patterns
rather than extracting user-specific statistical features. Specifically, Gras et al. [17] estimate a global, non-parametric
probability density distribution for each item across the entire user population. Instead of representing users as low-
dimensional feature vectors, their approach directly evaluates a user’s raw rating profile against these global item
distributions to compute a single Likelihood score (e.g., DILikelihood). This score inherently quantifies the probability
that a user’s unusual tastes were generated by the mainstream preference model, while also accounting for individual
rating bias and rating imprecision through dynamic intervals. In this framework, the likelihood calculation itself serves
as the outlier detection mechanism; users with the lowest likelihood scores are directly flagged as GSUs via a simple
cutoff threshold, entirely eliminating the dependence on external or complex machine learning-based outlier detection
algorithms.

In contrast, subsequent studies place greater emphasis on constructing informative user representations before
applying anomaly detection techniques. Zheng et al. [65] proposed to represent each user by the distribution of
similarities between that user and all other users. Instead of relying on raw similarity values, this approach extracts
statistical features from the similarity distribution, such as the descriptive statistics of the similarity distributions
including min, max, mean, q1, q2, q3, standard deviation and skewness, to characterize the overall structure of user–user
relationships. They observed that mainstream users typically exhibit left-skewed similarity distributions, indicating
the presence of several relatively similar neighbors, whereas GSUs tend to have distributions dominated by low
similarity values, reflecting weak connections to the rest of the population. Based on this representation, standard
outlier detection methods, such as Local Outlier Factor (LOF), can be applied to identify users whose similarity
distributions deviate significantly from the dominant pattern. In addition, Zheng et al. further extended this framework
by employing histogram intersection [64] to measure the similarity between users’ similarity distributions, enabling a
more robust comparison of distributional shapes and improving the discrimination between GSUs and mainstream
users. Tennakoon et al. [53] adopted the same representation in the context of news recommendation, using the
skewness and mean of each user’s similarity distribution to pre-select candidate GSUs and mainstream users, followed
by the application of standard outlier detection algorithms to the combined sample. Their results indicated that ABOD
and KNN performed best among the evaluated detectors, supporting the observation that performance is primarily
driven by the representation rather than the detector.

More recent work highlights the limitations of using raw rating data, which is often sparse and noisy. The reliability
of similarity calculations depends on the number of co-rated items between two users. When the number of co-
rated items is limited, the resulting similarity values and their distributions may not accurately reflect underlying
user characteristics. To address this issue, latent-factor-based representations have been introduced, where users are
embedded into a dense vector space learned through matrix factorization or related models. Zheng [62] demonstrated
that such latent representations yield more stable and discriminative features for identifying GSUs compared to sparse
rating-based statistics. This effect was attributed to latent factors capturing underlying preference structures while
mitigating sparsity and noise.

Once an appropriate user representation is obtained, the detection of GSUs can be formulated as a standard
anomaly detection task. A broad scope of existing outlier detection methods can then be applied to identify users
whose representations deviate from the dominant population. These include density-based approaches such as LOF,
angle-based methods such as Angle-Based Outlier Detection (ABOD), as well as proximity-based methods that rely
on distance or neighborhood structures. In addition, Zheng [61, 62] also explore neural-network-based approaches that
learn decision boundaries for distinguishing GSUs in the representation space. Empirical results indicate that, across
these diverse detection techniques, the choice of user representation has a more significant impact on performance than
the specific anomaly detection algorithm employed.

These studies [65, 64, 61, 62] do not address the handling stage directly and instead assume that established
solutions from earlier work, such as the isolate-and-switch strategy [14, 15], can be applied after detection. A notable
exception adapts matrix factorization to retain GSUs in the shared user–item matrix rather than isolate them [18], an
alternative discussed in Section 3.1.4.
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3.1.3. Classification Approaches with Constructed Labels
A major challenge in applying supervised learning to GSU identification is the absence of ground truth labels,
as datasets do not inherently distinguish between different user types. To address this issue, recent studies adopt
offline label construction, where heuristic rules or auxiliary information are used to generate labels prior to training
classification models for GSU identification and handling.

In the label construction phase, researchers partition the training data using derived criteria. Alabdulrahman et
al. [2] generate labels through a combination of unsupervised learning and statistical thresholds. They first apply
Expectation-Maximization clustering to group users based on rating and demographic features, and then use the
interquartile range (IQR) method within each cluster to identify extreme cases. Users falling outside predefined
statistical bounds are labeled as GSUs, while the remaining users are treated as normal. In contrast, Srivastava et
al. [51] and Kaur et al. [24] construct labels using psychographic features rather than rating data alone. Based on the
Big Five personality model, they derive user similarity matrices from behavioral profiles and assign the GSU label to
users exhibiting consistently low similarity or correlation in these personality-driven representations.

After pseudo-labels are constructed, the resulting dataset is used to train classification models. User features paired
with their corresponding labels are partitioned using standard protocols, such as hold-out splits or cross-validation,
to train supervised models including neural networks, boosted decision trees, and decision forests. These models
approximate the decision boundaries defined by the offline labeling process, enabling efficient identification of GSUs
for new users based solely on their features during online deployment, without requiring recomputation of global
clustering or similarity structures.

Despite relying on the same form of detection output, these studies adopt divergent handling strategies. More
specifically, some remove identified GSUs from the CF process altogether [51, 24], others report classification accuracy
without addressing recommendation at all [37], while the GSOR framework [2] retains GSUs and generates preference
estimates through its internal probabilistic mechanisms.

Although classification-based approaches provide an automated pipeline, the dependence on constructed labels
introduces a fundamental limitation. The labels are derived from heuristic criteria, such as clustering boundaries or
statistical thresholds, rather than independently validated annotations. As a result, the classification models effectively
learn to reproduce the assumptions embedded in the label construction process. This dependency may propagate biases
or errors present in the initial labeling stage, which can affect both identification and evaluation of GSUs.
3.1.4. From Detection Outputs to Handling Strategies
The preceding subsections describe detection methods that use different types of signals, but the handling strategies
used after detection are relatively limited. Table 1 highlights this asymmetry. This subsection first clarifies the
distinctions among the three detection families beyond their choice of heuristic, then consolidates the handling
strategies reported in the literature, and finally examines the extent to which particular detection outputs support
corresponding strategies.

A recurring ambiguity concerns the boundary between detection and label construction. Classification approaches
derive training labels from clustering structures or statistical thresholds, which are also used by clustering-based
detectors. The distinction therefore lies not in the heuristic itself, but in the output of the procedure. Clustering and
outlier detection assign a status to each user in the population under analysis, and this assignment does not directly
extend to users outside that population. Classification transforms the same heuristic into a decision function defined
over user features, which can subsequently be applied to a new user without recomputing global cluster structures or
similarity matrices. The label construction stage is thus better understood as a means of transferring a transductive
criterion into an inductive form rather than as an independent detection mechanism. This interpretation also explains
why classification approaches inherit the assumptions embedded in the labeling stage, an issue further discussed in
Section 4.2.1.

There are four handling strategies that recur across the three detection families (i.e., clustering, outlier detection,
classification-based approaches). The first isolates the identified users and serves them with a different recommendation
paradigm, typically content-based or demographic filtering [14, 15, 22, 33, 50]. The second isolates the users but
continues to apply collaborative filtering within the separated group, either through item-based prediction [45] or
by averaging over the cluster [3]. The third isolates the users without serving them, treating separation as a means of
improving accuracy for the remaining population [41, 42, 57, 51, 24]. The fourth retains the users within a single model
and adjusts the learning procedure to accommodate them [18, 2]. The first three require multiple recommendation
models to be maintained and coordinated, while the third leaves the identified users without any recommendation.
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Table 2

Detection-free approaches: mechanisms, added signals, and evidence of their e�ect on GSUs

Approach Mechanism Added signal E�ect on GSUs Evaluation
scope

Neighborhood
augmentation:
synthetic
[13, 12]

Virtual users from inverted
ratings

Synthetic pro�les derived
from the rating matrix

Larger pool of candidate
neighbors

Aggregate only

Neighborhood
augmentation:
exogenous
[46]

Similarity combining ratings
and network position

Social ties, independent of
ratings

Second similarity channel
when ratings are
uninformative

Aggregate and
per user group

Deep
representation
learning
[11]

Augmented matrix fed to an
autoencoder

Synthetic pro�les Neighborhood absorbed into
latent space

Aggregate only

Semantic
decoupling
[31]

User and item attributes
matched directly

Demographic, health and
item properties

No neighbor construction
required

Aggregate,
application-
speci�c

These strategies are not equally compatible with the detection outputs listed in Table 1. A hard partition records
only group membership and therefore directly supports the isolation-based strategies, but it provides no quantity that
a downstream model can consume. Continuous scores retain more information, which Gras et al. exploit by assigning
penalty weights during stochastic gradient descent in proportion to user status, allowing GSUs to remain in the shared
user–item matrix while receiving greater emphasis during optimization [18]. Their comparison also indicates the cost
of the alternative. GSUOnly, trained exclusively on the ratings of GSUs, raises the median RMSE by approximately
8% relative to a model trained on all users, while SingleGSU, constructed for an individual GSU, still requires a
subset of normal users during training and deliberately excludes other GSUs [18]. Both results are consistent with
earlier neighbor-based evidence that inconsistent users require information from outside their own cluster [4]. Soft
membership degrees provide comparable information, although existing work reduces them to a hard assignment by
selecting the cluster with the highest average indeterminacy [45]. Inductive decision boundaries yield a class posterior
rather than a partition, which the GSOR framework uses to generate preference estimates for identified users within a
unified probabilistic model [2].

In practice, this correspondence is rarely exploited. Most studies that compute a continuous score apply a cutoff
and proceed as though a hard partition had been obtained, thereby discarding the graded information that distinguishes
their detection stage from clustering. Several recent clustering-based methods stop at detection and report no handling
procedure [16, 7, 5]. The apparent interchangeability of handling strategies across detection families is therefore a
consequence of this reduction rather than evidence that the choice of detector is immaterial. Detection outputs differ in
the information they preserve, and a handling strategy that ignores this information forfeits the advantage the detector
provides.
3.2. Detection-Free Strategies
In contrast to detection-dependent strategies, detection-free approaches do not explicitly identify GSUs prior to
recommendation. Instead, these methods acknowledge the presence of GSUs and aim to mitigate their impact by
modifying the underlying recommendation process. The key idea is to design models that are inherently robust to
unusual or weakly correlated user preferences, thereby reducing the dependence on explicit user categorization.

Rather than separating GSUs from the general population, detection-free strategies reformulate CF through
mechanisms such as neighborhood augmentation, representation learning, and semantic decoupling. Neighborhood
augmentation takes two distinct forms (i.e., the synthetic and exogenous approaches), depending on whether the
additional signal is synthesized from the rating matrix itself or drawn from a source outside it. These approaches
enhance the availability of informative signals or restructure the similarity space, enabling the system to generate
reliable recommendations even when traditional user-user correlations are weak or inconsistent.

Table 2 summarizes these approaches. The column of added signal refers to the information that a method
introduces into the recommendation process beyond the original rating matrix, such as synthetic user profiles, social
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ties, or descriptive attributes of users and items. The effect on GSUs refers to the mechanism through which this
additional information is expected to benefit users with unusual preferences, given that these users are never identified
explicitly. The evaluation scope column records the population over which the reported improvements are measured,
which in most cases is the full user base rather than the users the method is intended to help. While this paradigm
avoids the complexity and potential errors associated with explicit detection, it also introduces challenges in directly
quantifying its impact on GSUs. In the following, we review representative detection-free approaches and analyze how
they address the grey sheep problem without relying on explicit identification.
3.2.1. Neighborhood Augmentation
A primary reason GSUs receive inaccurate recommendations in UBCF is the limited availability of highly correlated
neighbors. Two lines of work (i.e., the synthetic and exogenous approaches) address this without explicit detection,
differing in where the additional neighbors come from. The synthetic approach generates new profiles from the rating
matrix itself. El Fazziki et al. [13] proposed a collaborative method based on opposite user inference. The main idea
is that if a user 𝑋 exhibits a strong negative correlation with a target user 𝑌 , then a virtual user ¬𝑋, constructed by
inverting the ratings of 𝑋, will exhibit a high positive correlation with 𝑌 [13]. By augmenting the rating matrix with
such virtual neighbors, the method increases neighborhood density and enlarges the set of candidate neighbors for all
users [13, 12].

The exogenous approach instead draws the additional signal from outside the rating matrix. Sánchez-Moreno et
al. [46] combine rating-based similarity with the structural position of users in a social network, so that two users
may be treated as neighbors on the basis of their network relations even when their rating overlap is insufficient to
estimate similarity reliably. The mechanism differs from opposite user inference in an important respect. Synthetic
profiles are constructed from the same data whose limitations they are intended to overcome, whereas exogenous signals
constitute an independent source of evidence. This distinction also affects what can be verified, since the contribution
of a synthetic neighbor cannot be traced back to any observed behavior.

Neither approach identifies GSUs explicitly. Instead, both restructure the neighborhood space so that users with
unusual preferences can obtain sufficient informative neighbors. Consequently, users who would otherwise exhibit
weak or unstable correlations can benefit from the enriched interaction structure. The effectiveness of these approaches
is typically assessed through improvements in global evaluation metrics such as MAE or RMSE, compared with
standard CF as baselines, so that the mitigation of the GSU problem is inferred indirectly from overall performance
gains. One exception is the work of Sánchez-Moreno et al. [46], which reports results separately for users with the lowest
popularity scores at several thresholds, allowing the effect on this subgroup to be observed directly. As summarized
in the last column of Table 2, the remaining methods report improvements only over the full user base, so it remains
unclear whether the underlying datasets contain substantial GSU effects or whether the reported gains arise primarily
for GSUs or for the general user population.
3.2.2. Deep Representation Learning
Recent advances in neural collaborative filtering enable detection-free accommodation of GSUs by combining data
augmentation with deep representation learning. El Youbi El Idrissi et al. [11] propose a hybrid framework that
integrates opposite user inference with an Autoencoder-based prediction model. The overall pipeline consists of two
sequential stages. In the first stage, the original rating matrix is enriched through opposite user inference, where
virtual users are generated by inverting the ratings of existing users. This augmentation increases matrix density and
expands the diversity of interaction patterns. From the perspective of GSUs, the enriched matrix enlarges the pool
of potential neighbors, allowing users with unusual preferences to establish meaningful relationships with generated
profiles without requiring explicit identification.

In the second stage, the augmented rating matrix (i.e., the rating matrix with virtual users or neighbors) is fed into
an Autoencoder, which learns a non-linear mapping from high-dimensional rating vectors to a compact latent space
through encoding and decoding processes. Unlike traditional factorization methods, the Autoencoder captures complex,
non-linear user-item interactions and reconstructs missing ratings based on both observed and augmented signals.
The combination of data enrichment and deep representation learning is critical. The augmented matrix provides
sufficient data coverage, particularly for users with sparse or irregular behavior, while the Autoencoder leverages this
enriched input to learn more expressive latent representations. Although this framework adopts the same opposite user
inference mechanism for data augmentation, it fundamentally differs from neighborhood-based methods mentioned in
Section 3.2.1. In particular, virtual users are not used for explicit neighbor selection or similarity computation. Instead,
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they are incorporated as additional training samples in the augmented rating matrix, and their influence is learned
implicitly through the Autoencoder. As a result, the notion of neighborhood is no longer explicitly defined, but is
absorbed into the learned latent representations, which justifies categorizing this approach as representation learning
rather than neighborhood augmentation.

The effectiveness of this framework is demonstrated through improvements in global evaluation metrics, such as
RMSE and MAE, compared with traditional CF and standalone Autoencoder models [11]. These results suggest that
enhancing both data density and representation capacity can mitigate the challenges associated with GSUs without
requiring explicit detection. However, similar to other detection-free approaches, the evaluation is conducted at the
aggregate level, and it remains unclear to what extent the observed gains specifically benefit GSUs as opposed to the
general user population.
3.2.3. Semantic Decoupling
Another detection-free approach reformulates the notion of similarity in recommender systems. López-Nores et al.
[31] observed that traditional CF is less effective for GSUs because it depends heavily on user-user or item-item rating
overlap to construct neighborhoods. To address this limitation, they proposed Property-Based Collaborative Filtering
(PBCF), which represents users and items through their underlying semantic properties, including demographic
attributes, health conditions, and item features [31].

Rather than identifying globally similar users, PBCF constructs an explicit mapping between user attributes and
item attributes in a shared semantic space. In practice, each user is represented by a set of descriptive properties,
such as demographic characteristics or health-related conditions, while each item is described by a corresponding
set of features. A matrix is then defined to quantify the relationships between user properties and item properties,
where each entry reflects the relevance or compatibility between a specific pair of attributes. Based on this matrix, the
system computes an “appeal vector” for a given user by aggregating the contributions of matched attributes, which is
subsequently used to estimate the preference score of each item [31]. This process replaces similarity-based neighbor
search with attribute-level matching, thereby reducing dependence on shared rating patterns and eliminating the need
for explicit neighbor construction.

By operating on individual attributes, the model can produce recommendations even when users exhibit rare or
unusual preferences. Consequently, users who would be weakly connected in traditional CF can still be effectively
represented without requiring explicit GSU identification. However, the effectiveness of this approach is primarily
demonstrated through improvements in application-specific or overall performance metrics, and it remains unclear to
what extent these improvements specifically benefit GSUs relative to the general user population.
3.2.4. Critical Insights
The detection-free strategies discussed above share the common objective of mitigating the GSU problem without
explicit identification, although they differ in the signal each introduces and in the mechanism through which that
signal is expected to help, as indicated in Table 2. Neighborhood augmentation increases the availability of informative
signals, either by synthesizing additional profiles from the rating matrix or by introducing relations observed outside it.
Deep representation learning extends this idea by combining data augmentation with non-linear modeling, enabling the
capture of complex user–item interactions in a latent space. In contrast, semantic decoupling replaces similarity-based
reasoning with feature-level matching, reformulating recommendation as a mapping between user and item attributes.
Despite these differences, all approaches shift the emphasis from identifying specific users to improving the robustness
of the recommendation process.

An important observation from this paradigm is that GSUs are not treated as a distinct category requiring explicit
handling. Instead, they are viewed as a consequence of sparsity, unusual preferences, or weak correlation structures
in the data. By enhancing data density, representation capacity, or semantic expressiveness, these methods reduce the
conditions under which GSUs adversely affect recommendation performance. This perspective indicates that the grey
sheep problem can be addressed through model design rather than through dedicated detection procedures.

Nevertheless, a key limitation remains. With one exception [46], the effectiveness of detection-free strategies is
assessed using aggregate performance metrics, and improvements are interpreted as indirect evidence of mitigating
GSU-related issues. This evaluation approach does not establish whether the observed gains are specifically associated
with GSUs or are driven by improvements for the general user population. As a result, although detection-free methods
provide an appealing alternative to explicit detection, their impact on GSUs remains difficult to quantify precisely.
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4. Evaluation Protocols and Challenges
In this section, we first give a summary of evaluation protocols in existing research related to alleviating GSU issues,
and then point out the drawbacks and underlying challenges.
4.1. Existing Evaluation Protocols
Before examining the methodological limitations of GSU research, it is necessary to clarify how existing studies design
their evaluation protocols. The literature generally follows two distinct paradigms, depending on whether GSUs are
explicitly identified or implicitly handled within the model.
4.1.1. Detection-Dependent Approaches
In detection-dependent approaches, evaluation is commonly organized as a two-stage process consisting of detection
and handling. However, the literature reveals substantial inconsistency in how the detection stage is assessed. Because
real-world datasets do not provide ground truth labels for GSUs, evaluation protocols vary significantly across different
methodological families. In clustering-based approaches, detection quality is typically evaluated indirectly through
downstream performance. For example, Ghazanfar and Prügel-Bennett [15] determine the optimal similarity threshold
by identifying the point at which the MAE of the remaining users is minimized, thereby using the performance of the
mainstream population as a proxy for validating the detection boundary. In outlier detection approaches, evaluation
is often grounded in statistical reasoning. Gras et al. [17] define pseudo-ground truth by identifying users whose
prediction errors exceed a predefined quantile, while more recent studies such as Zheng [62] employ hypothesis testing
to verify that detected outliers exhibit significantly higher prediction errors than regular users. In classification-based
approaches, researchers construct labels using heuristic or statistical rules and evaluate detection performance using
standard metrics such as accuracy, precision, recall, and F1-score, as demonstrated by Alabdulrahman and Viktor [2].

Once detection is completed, the handling stage is evaluated using standard recommendation metrics, including
MAE, RMSE, and coverage. More rigorous studies adopt segmented evaluation protocols, reporting performance
separately for GSUs and for the general user population [15, 2]. Despite this practice, the separation between detection
and handling evaluation introduces a conceptual limitation, as improvements in detection accuracy or outlier ranking
do not necessarily imply improved recommendation quality for GSUs.

To address the limitations of global evaluation, Zheng et al. [65, 64] proposed a segmented evaluation protocol that
explicitly analyzes performance across different user groups. In this framework, the dataset is partitioned into three
subsets: the complete dataset, the subset containing only identified GSUs, and the subset containing only non-GSUs.
A standard UBCF model is then applied independently to each subset. By comparing prediction errors across these
partitions, the protocol enables two forms of validation. First, it allows for statistical verification that the detected GSUs
exhibit significantly higher prediction errors than non-GSUs, thereby providing indirect evidence for the validity of
the detection process without relying on predefined labels. Second, it quantifies the impact of GSUs on the overall
system by comparing the performance of the full dataset with that of the dataset after removing GSUs. Studies such
as Tennakoon et al. [53] demonstrate that removing GSUs can improve accuracy for the remaining users, although
they also report that this effect reverses on smaller datasets, which indicates that the benefit of removal depends on the
setting rather than holding generally.

This segmented evaluation protocol provides a more transparent assessment of GSU-related phenomena by
explicitly examining performance differences across user groups. Nevertheless, it still depends on the initial detection
results and does not fully resolve the challenges associated with defining and evaluating GSUs in the absence of ground
truth.
4.1.2. Detection-Free Approaches
In contrast, detection-free approaches bypass the identification stage entirely. Methods such as opposite user inference
[13] and Autoencoder-based representation learning [11] do not produce GSU labels or isolate users, and their
effectiveness is assessed through global recommendation metrics, such as MAE or RMSE, computed over the entire
dataset. The underlying assumption is that a reduction in overall error indicates improved robustness to users with
unusual tastes. Because GSUs are never identified, however, such evaluations cannot verify whether the observed
improvements are attributable to this subgroup.

Detection and evaluation need not be coupled in this way. Sánchez-Moreno et al. [46] construct an explicit subset
of users with unusual tastes for evaluation purposes only, leaving the recommendation model itself detection-free,
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and report performance separately for that subset. Segmented evaluation is therefore available to any method, and its
absence in most detection-free work reflects a choice rather than a constraint imposed by the paradigm.
4.2. Evaluation Challenges
Despite the widespread adoption of these evaluation paradigms, their validity remains limited. The dependency on
constructed labels, the separation between detection and recommendation evaluation, and the absence of user-level
analysis introduce significant methodological concerns. Recent studies have also recognized the limitations of current
evaluation practices specifically designed for GSU detection, further highlighting the need for more reliable and
standardized evaluation frameworks [6]. The following subsections analyze these issues in detail, focusing on the
lack of ground truth, inconsistencies in definitions, limitations of evaluation protocols, and biases in commonly used
datasets.
4.2.1. Lack of Ground Truth
A crucial limitation in GSU research is the absence of ground truth, i.e., we do not have true labels to indicate real
GSUs. In real-world datasets such as MovieLens, FilmTrust, or Amazon, no user is inherently labeled as a GSU. This
limitation has also been acknowledged by recent work, which notes that commonly used datasets such as MovieLens
and FilmTrust do not provide ground-truth labels for GSUs, making objective evaluation particularly challenging [6].

To facilitate evaluation, researchers construct pseudo labels based on heuristic or statistical rules. For instance,
Alabdulrahman et al. [2] apply Expectation-Maximization clustering combined with interquartile range thresholds,
whereas Kaur and Rani [24] derive labels from similarity matrices based on personality features. This practice
introduces the pseudo-labeling problem. Labels generated through predefined rules are subsequently used to train
supervised models and are then employed for evaluation. As a result, high detection accuracy often reflects the ability
of a model to reproduce the underlying heuristics rather than to identify genuinely unusual user behavior. This creates
a circular evaluation process in which the definition and validation of GSUs are not independent.
4.2.2. Inconsistent Definitions Across Studies
The lack of ground truth is further compounded by inconsistencies in how GSUs are defined across studies. The criteria
adopted differ in the source of evidence from which unusualness is inferred. Some are derived from the structure of
user–user similarity, either through the statistical characteristics of a user’s similarity distribution [65] or through the
position of a user relative to cluster boundaries [15]. Others draw on information external to the rating matrix, such
as psychographic attributes derived from personality models [51]. A further criterion has emerged in domains where
explicit ratings are unavailable, defining unusual users through the popularity of the items they consume rather than
through their relations to other users [46]. These criteria are not equivalent, and need not select the same users. Listeners
who share an interest in the same niche items may be highly similar to one another while all having low popularity
scores, whereas a user with idiosyncratic preferences across both popular and obscure items may not be identified by a
popularity-based criterion at all. As a consequence, the classification of a user as a GSU may vary significantly across
methods.

A particularly problematic case arises when GSUs are defined through performance-based criteria. Some studies
associate GSUs with users exhibiting high prediction error, such as elevated RMSE [17]. This definition introduces
a dependence on the underlying model. When a more expressive model is applied, such as a non-linear Autoencoder
[11], prediction error for these users may decrease, leading to a change in classification. In this context, the notion of
GSUs becomes model-dependent rather than reflecting intrinsic user characteristics.
4.2.3. Limitations in Evaluation Protocols
Evaluation protocols in GSU research often exhibit a mismatch between detection and recommendation objectives.
Some studies report detection metrics such as precision, recall, or F1-score when pseudo labels are available, while
others focus on recommendation metrics such as MAE or RMSE. These two aspects are frequently confused, even
though accurate detection does not necessarily lead to improved recommendation quality. A recent study by Boualaoui
et al. [6] summarizes the dominant evaluation practices in GSU research, including MAE, RMSE, coverage, and user-
group-specific metrics such as Inc(MAE) and Imp(MAE), originally introduced by Rashidi et al. [41] to quantify,
respectively, the MAE increase for GSUs and the MAE improvement for the remaining users. Their analysis further
shows that most studies evaluate GSU detection indirectly through recommendation performance rather than through
independent validation of user labels.
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Another concern arises from the use of global evaluation metrics to assess methods that remove GSUs. Some
approaches report improvements in overall RMSE after excluding identified GSUs from the dataset [51]. Although
such results indicate reduced average error, they do not reflect system performance for the excluded users. From both
practical and application perspectives, removing challenging users to improve aggregate metrics is inconsistent with the
goal of providing personalized recommendations for all users. More appropriate protocols should report performance
separately for GSUs and for the general user population.
4.2.4. Dataset Bias
Empirical evaluation in GSU research is also influenced by dataset bias. Most studies rely on a limited set of benchmark
datasets, such as MovieLens and FilmTrust [15, 65]. While these datasets are widely used, they may not adequately
capture the diversity and complexity of user preferences present in other domains, including health-aware systems [31],
music domains or specialized e-commerce applications.

In addition, these datasets represent static snapshots of user behaviors. In practical settings, user preferences evolve
over time. A user with sparse initial interactions may temporarily exhibit unusual tastes due to limited data, but may
later develop stable preference patterns as more interactions are observed, as depicted by Figure 1. Static evaluation fails
to capture such temporal dynamics and may incorrectly treat transient behavior as persistent grey sheep characteristics.
As a result, the absence of temporal modeling limits the ability of current evaluation frameworks to distinguish between
short-term irregularity and long-term preference divergence.

5. Future Research Directions
Building on the limitations identified in existing detection and evaluation frameworks, future research on GSUs should
move beyond static, rating-centric paradigms toward more dynamic, data-rich, and user-aware modeling strategies.
The following directions outline key opportunities for advancing the understanding and handling of GSUs in modern
recommender systems.
5.1. Benchmark Datasets and Domain Diversity
A critical bottleneck in GSU research is the lack of standardized benchmark datasets specifically designed for evaluating
users with unusual tastes. Existing datasets, such as MovieLens and FilmTrust, are not constructed with GSU analysis
in mind and do not provide reliable annotations or sufficient diversity in user behavior. Future work should focus on
developing benchmark datasets that explicitly capture unusual preference patterns, either through controlled simulation
or curated real-world data. Such datasets should support consistent evaluation protocols, enable reproducibility, and
facilitate fair comparison across methods.

Extending this effort beyond entertainment is not simply a matter of collecting data from more areas, since domains
differ in the aspect of behavior through which greyness is expressed. The literature reviewed in this survey already spans
e-commerce [51, 24], music [46], news [53] and health-aware recommendation [31], yet in each case the domain is
treated as an incidental property of the dataset rather than as something that shapes what a GSU is. Table 3 summarizes
how the characteristics of GSUs differ across these domains, why detection methods developed on movie ratings do
not transfer directly, and which research directions follow.

The requirements listed in Table 3 are not compatible with one another. A benchmark that preserves session
boundaries for music serves little purpose in news, and one that records product hierarchies for e-commerce says
nothing about clinical constraints. Healthcare differs further in that the cost of an unsuitable recommendation is
asymmetric, which makes the strategy of isolating GSUs without serving them, identified in Section 3.1.4, difficult to
justify in that setting. This suggests that a single benchmark for GSU research is unlikely to be adequate, and that a
small family of domain-specific benchmarks, each recording the signals that make greyness observable in that domain,
would be more appropriate.
5.2. Local Similarity Modeling
Existing GSU research commonly assumes that GSUs exhibit uniformly low similarity with the rest of the population,
leading to the absence of reliable neighbors. However, this assumption may oversimplify real-world user behavior. In
practice, GSUs may align with other users on a subset of items, such as the most popular or widely consumed items,
while diverging significantly on less common or niche items. This results in heterogeneous similarity patterns, where
users agree on some items but differ overall.
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Table 3

Domain-speci�c characteristics of GSUs and corresponding research directions

Domain Characteristics of GSUs Why standard detection fails Research directions

E-commerce
[51, 24]

Fine-grained interests; marked
preference for long-tail products

Purchases are sparse and
non-repeating, so item overlap is
near zero even for similar users

Local similarity de�ned over
product hierarchies and attributes;
sequential modeling of purchase
behavior

Music
[46]

Preferences span multiple genres;
strong temporal and session-level
dynamics

Aggregating repeated plays into a
static pro�le removes the sequence
in which deviation is expressed

Time-aware and session-level
modeling; separating long-tail
consumption from genuine
preference divergence

News
[53]

Rapidly shifting interests; strong
recency e�ects

Items expire within hours, so two
users rarely interact with the same
article

Deviation de�ned over topics or
entities rather than items; shorter
windows for assessing preference
stability

Healthcare
[31]

Preferences constrained by
conditions, health status and risk

Deviation may re�ect medical
necessity rather than unusual taste

Semantic and demographic
representations; privacy-aware
detection; risk-sensitive evaluation

Such observations suggest that modeling GSUs through global similarity [56] measures may be insufficient. Future
research should explore localized similarity modeling, where user similarity is analyzed within specific item subsets,
contexts, or interaction patterns [44]. For example, segmenting items into popular and niche groups, or modeling
similarity as a function of item characteristics, may provide a more accurate representation of user relationships. This
perspective enables identifying situations in which GSUs behave similarly to the mainstream and when they deviate,
offering a more fine-grained understanding of their impact on recommendation quality.

Incorporating local similarity into recommendation models may also improve robustness by allowing systems to
selectively rely on reliable signals while discounting inconsistent interactions. Despite its potential, this direction has
only begun to be explored [7, 5], and it represents a promising avenue for developing more realistic and effective
modeling strategies.
5.3. Temporal Modeling of User Behavior
Current GSU research treats user behaviors or characteristics as static ones, ignoring the temporal evolution of
preferences as illustrated by Figure 1. In practice, user interests change over time, and behaviors that appear unusual at
one stage may become consistent as more interactions are observed [25, 40, 47]. This suggests that GSUs should
be modeled as a dynamic state rather than a fixed user category. Future research should incorporate temporal
modeling techniques, such as sequential recommendation models or time-aware embeddings, to capture the evolution
of user preferences. This perspective enables distinguishing between temporary anomalies caused by data sparsity and
persistent preference divergence, leading to more accurate and adaptive recommendation strategies.
5.4. GSUs in Specialized Recommender Systems
Most existing studies on GSUs are grounded in traditional recommender systems with explicit ratings, where greyness
is expressed as a single scalar summarizing a user’s relationship to the rest of the population. This formulation
already becomes difficult to apply when only implicit feedback is available, since most detection methods reviewed in
Section 3.1 rely on pairwise correlations that cannot be computed in the absence of ratings. Studies in such domains
have consequently adopted alternative criteria, as when Sánchez-Moreno et al. [46] identify users with unusual tastes
in a music setting through the average popularity of the artists they listen to, which is a popularity-based rather than
a similarity-based criterion, and one that does not necessarily select the same users as similarity-based criteria do,
as indicated in Section 4.2.2. Modern recommender systems present further conditions under which the standard
formulation is inadequate. The following discussion considers three such settings and, in each case, examines how
the notion of a GSU changes and which existing detection methods cease to apply.

One promising application lies in multi-criteria recommendations [36, 68, 70], where users rate items along several
aspects of the items, such as location, room cleanliness, room size, value for money in the context of hotel bookings.
Greyness is no longer a scalar property, since a user may agree with the majority on some criteria while diverging
sharply on others. A traveler who shares mainstream opinions about location and cleanliness but consistently assigns
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unusually low importance to room size would be averaged into the mainstream by any method operating on overall
ratings, yet is precisely the kind of user whose recommendations are difficult to produce. This suggests representing
greyness as a vector defined over criteria and detecting users whose deviation is concentrated in particular dimensions.
It also raises the question of whether such users require an alternative model or only a re-weighting of the criteria
used to compute similarity, which cannot be answered within the single-rating formulation. An alternative is to rank
items across criteria without aggregating them into a single score [67], which would locate greyness in the ranking
behavior rather than in the aggregation weights. Recent work on multi-criteria recommendation distinguishes two
architectural paradigms [70]. Multi-stage architectures separate criteria-level prediction from preference aggregation,
whereas single-stage architectures model the criteria jointly. This distinction suggests that greyness may reside in either
stage, since a user may rate individual criteria in an entirely conventional manner while combining them through an
unusual aggregation, a pattern that overall ratings cannot reveal.

Context-aware recommender systems introduce a different scenario. These systems assume that user preferences
vary across contextual situations (e.g., time, location, weather, companion, etc.), so that the same user may make
different choices depending on the context in which a decision is made [66, 34]. A viewer who watches action films
alone, for instance, may prefer animated titles when watching with children. Greyness then becomes a property of the
user-context pair rather than of the user alone, since a user may align with others in one context and deviate in another.
A viewer whose choices are conventional when watching with family but unusual when watching alone would appear
moderately atypical once contexts are pooled, which is an artifact of aggregation rather than a description of behavior.
Detection therefore needs to operate on contextual similarity [60], and the appropriate handling strategy may be to
switch models only in those contexts where the user deviates, rather than to isolate the user permanently.

By contrast, multi-objective recommendations raise a further question. These systems optimize several objectives
at once, such as accuracy, diversity, novelty and coverage, and typically select a single compromise solution along the
Pareto frontier [69]. Whether a user counts as problematic then depends on which objective is being considered. A
listener who consumes only long-tail content is difficult to serve under an accuracy objective, yet is among the easiest
to satisfy under novelty or coverage, since recommending unpopular items is precisely what suits them. Greyness in
this setting is therefore not a property of the user but of the pairing between the user and the objective, which is a
sharper form of the model dependence discussed in Section 2.2. A further difficulty is that the compromise solution
is selected for the population as a whole, so that users whose preferred trade-off lies far from the collective one are
absorbed into an aggregate that does not represent them. This suggests investigating whether such users are better
served by a different point on the frontier rather than by a different model, a possibility that the current formulation of
the GSU problem does not accommodate.

These examples indicate that the conceptual questions raised in Section 2 become more difficult, not less, in
specialized settings. Extending GSU research to these settings requires more than applying existing detectors to new
data, since what counts as a GSU is defined differently in each case.
5.5. Multi-Modal User Modeling
Traditional GSU research relies heavily on numerical rating data, which provides a limited view of user preferences.
The increasing availability of multi-modal data, including textual reviews, images, browsing behavior, and interaction
logs, offers new opportunities for understanding GSUs. By integrating multiple data sources, recommender systems
can construct richer user representations that go beyond sparse rating matrices [54, 30]. This may help alleviate
the challenges associated with GSUs by uncovering latent preference signals that are not captured by ratings alone.
Future work should explore multi-modal fusion techniques to improve the robustness of recommendation models in
the presence of diverse and unusual user behaviors.
5.6. LLM-Based User Understanding
Recent advances in large language models (LLM) provide new opportunities for modeling user preferences at a
semantic level. Unlike traditional methods that rely on numerical similarity, LLM-based approaches can interpret
user intent, contextualize preferences, and generate structured representations from unstructured data such as reviews
or interaction histories [59, 71]. This capability is particularly relevant for GSUs, whose preferences may not
align with dominant patterns but can still be meaningfully understood through semantic reasoning. Future research
should investigate how LLM can be integrated into recommender systems to enhance user understanding, generate
personalized explanations, and improve recommendation quality for GSUs.
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5.7. User-Centric Evaluation
Finally, future research should move toward user-centric evaluation protocols [39, 10] that explicitly assess the
performance of recommender systems on different user groups. Existing evaluation practices largely rely on global
metrics, which obscure the performance on GSUs due to their minority status. More informative evaluation should
include subgroup analysis, reporting performance separately for GSUs and non-GSUs, as well as robustness measures
that assess model behavior under sparse or unusual conditions. In addition, evaluation frameworks should incorporate
fairness considerations, ensuring that improvements in overall performance do not come at the expense of minority
users. Developing standardized, user-aware evaluation protocols will be essential for advancing the practical relevance
of GSU research.
5.8. Grey Sheep Items
While existing research primarily focuses on GSUs, the concept can be naturally extended to the item side. Grey sheep
items refer to items that exhibit weak or inconsistent similarity relationships with other items, making them difficult
to model using standard CF techniques, especially in item-based CF.

In many cases, such behavior may arise from data sparsity, particularly during the early stages of an item’s lifecycle
when only limited interactions are available. As more ratings accumulate, these items are more likely to establish
reliable similarity connections with other items, reducing their grey sheep characteristics. However, not all grey sheep
items are temporary. Certain items may consistently appeal to niche audiences or exhibit highly polarized feedback,
leading to persistent irregular similarity patterns even in dense datasets.

This perspective suggests that grey sheep phenomena are not limited to users, but may reflect a broader issue related
to irregular interaction structures in recommender systems. Future research could investigate how to model such items
explicitly, for example by distinguishing between temporary sparsity-driven effects and persistent atypical patterns,
and by developing item-aware strategies that complement existing user-centric approaches.

6. Conclusion
This paper presents a comprehensive review of GSUs in recommender systems, covering their conceptual founda-
tions, detection methodologies, handling strategies, evaluation challenges, and future research directions. Existing
approaches can be broadly categorized into detection-dependent strategies, which explicitly identify GSUs prior to
applying specialized handling, and detection-free strategies, which aim to improve model robustness without relying
on explicit user categorization. While these methods offer different perspectives on addressing unusual user behavior,
they collectively highlight the complexity of modeling users whose preferences deviate from dominant patterns. In
particular, this work revisits the classical similarity-based interpretation and provides a refined conceptual and dynamic
understanding of GSUs beyond static and model-dependent definitions.

More fundamentally, this review suggests that the grey sheep phenomenon should not be interpreted as an inherent
user type, but rather as a consequence of the interaction between user behavior, data properties, and model design. In
particular, the assumption of globally consistent user similarity is often violated in practice, where users may exhibit
heterogeneous similarity patterns across different subsets of items. This perspective reframes GSUs as a modeling
challenge rather than a fixed user category.

A key finding of this survey is that the primary challenges in GSU research do not arise solely from algorithm
design, but from the lack of reliable evaluation frameworks. The absence of ground truth, inconsistent definitions
across studies, and dependence on global performance metrics limit the ability to accurately assess the effectiveness of
existing methods. In many cases, improvements are inferred indirectly, making it difficult to determine whether GSUs
themselves truly benefit from proposed techniques.

The analysis also reveals a shift in research paradigms, from early approaches focused on isolating GSUs and
applying alternative models, toward more recent strategies that integrate GSUs within unified frameworks through
data augmentation, representation learning, and semantic modeling. These developments suggest that the grey sheep
problem may be better addressed by enhancing the flexibility and expressiveness of recommendation models rather
than by treating GSUs as a separate category. This shift is further supported by the observation that user similarity is
often context-dependent rather than globally consistent, highlighting the importance of localized similarity modeling
in understanding and addressing GSUs.

Looking forward, advancing GSU research requires a transition toward dynamic, multi-source, and user-centric
perspectives. Incorporating temporal modeling, multi-modal data, and semantic understanding through LLM has the
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potential to provide richer representations of GSUs. At the same time, the development of benchmark datasets and
standardized evaluation protocols will be essential for enabling consistent and meaningful comparison across methods.
Ultimately, this work argues that advancing GSU research requires moving beyond static similarity assumptions toward
dynamic, context-aware, and user-centric modeling paradigms, which are essential for building more inclusive and
robust recommender systems.
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