
echT PressScience

Doi:10.32604/cmc.2025.063498

ARTICLE

Using Outlier Detection to Identify Grey-Sheep Users in Recommender Systems:
A Comparative Study

Yong Zheng*

Center for Decision Making and Optimization, Department of Information Technology and Management, Illinois Institute of
Technology, Chicago, IL 60616, USA
*Corresponding Author: Yong Zheng. Email: yzheng66@iit.edu
Received: 16 January 2025; Accepted: 28 March 2025; Published: 19 May 2025

ABSTRACT: A recommender system is a tool designed to suggest relevant items to users based on their preferences
and behaviors. Collaborative filtering, a popular technique within recommender systems, predicts user interests by
analyzing patterns in interactions and similarities between users, leveraging past behavior data to make personalized
recommendations. Despite its popularity, collaborative filtering faces notable challenges, and one of them is the
issue of grey-sheep users who have unusual tastes in the system. Surprisingly, existing research has not extensively
explored outlier detection techniques to address the grey-sheep problem. To fill this research gap, this study conducts a
comprehensive comparison of 12 outlier detection methods (such as LOF, ABOD, HBOS, etc.) and introduces innovative
user representations aimed at improving the identification of outliers within recommender systems. More specifically,
we proposed and examined three types of user representations: 1) the distribution statistics of user-user similarities,
where similarities were calculated based on users’ rating vectors; 2) the distribution statistics of user-user similarities,
but with similarities derived from users represented by latent factors; and 3) latent-factor vector representations. Our
experiments on the MovieLens and Yahoo!Movie datasets demonstrate that user representations based on latent-factor
vectors consistently facilitate the identification of more grey-sheep users when applying outlier detection methods.
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1 Introduction
Recommender systems (RSs) are tools that use data and algorithms to predict and suggest items that

match a user’s preferences or needs. These algorithms are typically divided into three main categories:
content-based methods, collaborative filtering (CF), and hybrid approaches. CF algorithms, such as the
neighborhood-based CF [1], matrix factorization [2], and neural collaborative filtering [3], have become
one of the most widely adopted techniques due to its simplicity, flexibility in design, and ability to produce
effective recommendations.

There are three major challenges in CF: rating sparsity [4], cold-start problems [5], and the presence
of grey-sheep (GS) users [6–9]. GS users are individuals with unique preferences that deviate significantly
from the majority, which can reduce the effectiveness of CF methods. While various approaches have been
proposed to address sparsity and cold-start challenges, solutions for handling GS users remain underex-
plored. Prior studies [6,7] consistently categorize GS users as outliers within user groups. Researchers have
generally recommended separating GS users from mainstream users and employing alternative algorithms,
such as content-based methods, to provide recommendations for them [6,10,11]. Although outlier detection
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techniques are well-studied in data mining and machine learning [12], it is surprising that only limited outlier
detection approaches were examined for identifying GS users in recommender systems. This paper seeks
to address this gap by conducting an empirical analysis by using a set of comprehensive outlier detection
methods for identifying GS users in recommendation systems.

In this paper, we first propose three methods for representing users, to prepare the data for outlier detec-
tion. In addition, we deliver an empirical analysis of outlier detection methods for detecting GS users and
identify the approaches that can surpass the effectiveness of methodologies in prior studies. Furthermore, we
provide deeper insights into the interplay between user representations and outlier detection methodologies.

2 Related Work
In this section, we introduce and discuss relevant research to our studies in this paper, including

collaborative filtering, GS users, and the development of outlier detection.

2.1 Collaborative Filtering
CF is a fundamental method in recommender systems that leverages the collective preferences and

actions of users to generate personalized recommendations. Traditional CF methods are often based on
neighborhood-based techniques, such as user-based k-nearest neighbor (UserKNN) CF [13] and item-based
KNN CF [14]. For instance, UserKNN operates on the premise that users with similar past preferences or
interactions are likely to rate items in a comparable manner. The rating prediction function in UserKNN is
expressed in Eq. (1), where a represents the target user, i denotes the target item, and Na is the set of k users
most similar to a. The neighbor u’s rating for item i is indicated by ru , i , while the sim function (e.g., Pearson
correlation, cosine similarity, or other metrics) measures similarity between users based on co-rated items.
The algorithm ultimately computes Pa , i , which is the predicted rating that user a is likely to assign to the
item i.

Pa , i = r̄a +

∑
u∈Na

(ru , i − r̄u) × sim(a, u)

∑
u∈Na

sim(a, u)
(1)

The emergence of latent-factor models has positioned matrix factorization [15] as a prominent approach
in CF-based RSs, primarily for its effectiveness in mitigating rating sparsity issues. In this method, users
and items are represented as vectors corresponding to latent factors, which encapsulate the underlying
characteristics influencing user preferences. For instance, in the context of movies, these factors might
include genres, actors, or directors. A user vector thus reflects the relative importance a particular user
assigns to these latent attributes. More recently, advancements such as neural matrix factorization and neural
collaborative filtering models [16], or CF based on graph neural networks [17,18], have been introduced,
leveraging the flexibility of generalized matrix factorization within neural network architectures to further
enhance recommendation performance.

2.2 Grey-Sheep Users
The issue of cold start is a well-known challenge in CF approaches. The cold-start users refer to the

new users in the system, where we have no preference data (such as ratings) rated to these users. Grey-sheep
users refer to the set of users who have unusual tastes, and we do have user preferences related to these users.
Despite the availability of various solutions aimed at addressing the sparsity issue and cold-start problems
in CF, the challenge posed by GS users remains an area of ongoing research. Early studies primarily focused
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on defining GS users, initially considering them individuals with atypical preferences who neither align
with nor contradict the preferences of other users [10,19]. Later, McCrae et al. categorized users in RSs into
three distinct types [19]. The majority of users are classified as White Sheep, characterized by strong rating
correlations with many other users. Conversely, Black Sheep users typically exhibit few or no correlations
with other users, which can be tolerated in the context of rating sparsity. The real challenge, however, lies
in identifying GS users, who have unique preferences or unconventional tastes, resulting in low correlations
with most other users and leading to atypical recommendations for their peers. As a result, GS users are often
described as “a small number of individuals who would not benefit from pure collaborative filtering systems
because their opinions do not consistently agree or disagree with any group of people” [20]. It is widely
accepted that GS users should be segregated from regular user groups, with alternative recommendation
methods, such as content-based approaches, applied to these users [6,10,11]. Consequently, the primary
research challenge remains the identification of GS users within recommender systems.

In addition, various clustering techniques [10,21,22] have been developed to identify GS users. Ghaz-
anfar et al. [10,21] were among the first to attempt distinguishing GS users from regular users and apply
content-based recommendation algorithms to enhance the recommendations for these users compared to
those generated by UserKNN. Their approach was based on the assumption that GS users might be located
at the boundaries of user clusters. To address this, they modified the KMeans++ clustering algorithm and
introduced a new centroid selection strategy to identify users on the edges of clusters. However, their
method has notable limitations, such as the difficulty in determining the optimal number of clusters and
the high computational cost associated with the clustering process. Additionally, the approach is sensitive to
variations in initial conditions and other parameters. Their experiments demonstrated that content-based
recommendation methods could improve the recommendation performance for GS users. In contrast, Gras
et al. [6] focused on outlier detection by analyzing the distribution of user ratings and factoring in the
imprecision of ratings, such as prediction errors. While rating prediction errors can indicate whether a user
might be a GS user, this method is not ideal for precise GS user identification, as significant prediction errors
can arise from factors unrelated to GS users.

Based on the classifications of White, Black, and GS users, we subsequently proposed representing
each user through the distribution statistics of user-user similarities [7,23] and applied the local outlier
factor (LOF) method [24] to assist in the identification of GS users. A key aspect of our approach was the
development of a validation technique for the identified GS users. Specifically, we hypothesized that the
prediction errors for these GS users, when using the UserKNN algorithm, should be notably higher compared
to the errors observed for non-GS users (i.e., regular users who are not classified as GS users).

2.3 Outlier Detection
Outlier detection [12] is a popular category in data mining and machine learning, and it has been

successfully applied in different domains to identify outliers or anomalies. Surprisingly, no studies have
directly compared these methods for identifying GS users in recommender systems. Existing literature either
introduces novel, tailored approaches [10,21] or applies a single, limited outlier detection method (such as
LOF) [7,23] to detect GS users within recommendation systems.

Anomaly detection involves techniques designed to identify patterns or observations that significantly
deviate from the norm within a given dataset [25,26]. The primary objective of outlier detection is to scan
large datasets and isolate observations with unique or unusual characteristics, enabling analysts and systems
to focus on these exceptional cases. Outlier detection methods can be generally divided into three broad
categories: supervised [27], unsupervised [28], and semi-supervised [29] techniques. In 2019, the PyOD
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toolbox [30] was introduced as an open-source platform for scalable outlier detection, incorporating a range
of state-of-the-art methods. These methods can be grouped into four distinct categories:

• Proximity-based methods are grounded in estimating neighborhoods (e.g., the KNN method [31]) or the
density of data clusters (e.g., the LOF technique [24]).

• Linear models focus on defining boundaries or representations that characterize normal data patterns,
such as the One-Class SVM [32] and principal component analysis (PCA) [33].

• Neural network-based techniques, such as AutoEncoder variants [34], use advanced architectures to
reconstruct input data and identify outliers by evaluating discrepancies between the original and
reconstructed data.

• Ensemble approaches leverage the combined power of multiple base models to improve the robustness
of outlier detection. For instance, the Isolation Forest [35] employs an ensemble of isolation trees to
efficiently detect outliers.

It is important to highlight that the majority of outlier detection methods in PyOD are designed to work
with unlabeled data. These techniques generate outlier scores, which can be used to rank data points and
identify the top-ranked ones as outliers. In the context of identifying GS users, where no labels are available,
we apply these methods in an unsupervised manner.

3 Data Sets, User Representations and Workflow

3.1 Data Sets
We aim to leverage the PyOD library to conduct an empirical comparison of state-of-the-art outlier

detection methods for identifying GS users in recommender systems. To this end, we selected two datasets
for our benchmark experiments. The first dataset is the widely used MovieLens data1, which contains 100,000
ratings provided by 943 users across 1682 movies, resulting in a rating sparsity of 93.7%. The second dataset
is the Yahoo!Movie data2, where we focused on a subset of the data consisting of ratings from users who
provided at least 20 ratings. This subset includes 450,067 ratings from 811 users across 3066 movies, with a
rating sparsity of 98.2%. For both datasets, we only considered ratings from users who have rated at least
20 items.

3.2 User Representations
For outlier detection, we need to figure out ways to represent users (i.e., a row vector or a data point in

the data set). In this paper, we propose and compare three types of user representations–user-user similarity
distributions, user latent-factor vectors, and enhanced user-user dissimilarity distributions.

3.2.1 User-User Similarity Distributions
A user can be represented through the distribution statistics of user-user similarity measures, a method

proven to outperform clustering-based identification techniques [7]. Specifically, the optimal similarity
measure, i.e., the mean squared difference in our experiments for the two datasets, is employed to compute
pairwise user-user similarities. For each user, their similarity with all other users is calculated. The user is
then represented as a vector comprising distribution statistics of these similarities, including metrics such
as minimum, maximum, mean, first quartile (q1), median (q2), third quartile (q3), standard deviation (std),
and skewness. One example can be shown by Table 1.

1The MovieLens data is available from https://grouplens.org/datasets/movielens/100k/ (accessed on 27 March 2025).
2We do not have authorization to distribute this data, but it can be acquired from the data owners or authors [36].

https://grouplens.org/datasets/movielens/100k/
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Table 1: Example of representing a user by user-user similarity distributions

UserID mean std min q1 q2 q3 max skewness
5356 0.337 0.347 0.000 0.000 0.313 0.551 1.000 0.523

40968 0.392 0.439 0.000 0.000 0.000 1.000 1.000 0.406
9824 0.270 0.379 0.000 0.000 0.000 0.500 1.000 0.990

3.2.2 User Latent-Factor Vectors
Users can also be represented using latent vectors derived from matrix factorization, where each latent

factor corresponds to an underlying reason for a user’s preferences. The values in these vectors indicate the
significance of these factors for a specific user. In our experiments, the optimal number of latent factors for
both datasets was determined to be 100. Consequently, each user was represented by a latent vector with 100
dimensions. Notably, this form of representation has not been applied to existing methods for identifying
GS users. An illustrative example is provided in Table 2, where the F columns denote the latent factors.

Table 2: Example of representing a user by user latent-factor vectors

UserID F1 F2 F3 ... F99 F100

5356 −0.056 −0.108 −0.135 ... 0.120 −0.098
40968 0.095 −0.004 −0.016 ... 0.019 0.032
9824 −0.076 −0.060 0.072 ... 0.186 −0.027

3.2.3 Enhanced User-User Dissimilarity Distributions
The user-user similarity distributions in Section 3.2.1 were generated from users’ ratings on the items.

However, these similarities and similarity distributions may not be reliable if ratings are sparse. By contrast,
we can represent users by the latent-factor vectors from matrix factorization first and then calculate user-
user similarities from these user latent-factor vectors. In our experiments, we tried different similarity and
dissimilarity measures. Finally, we found that using the Euclidean distance between two user latent-factor
vectors is the best way to represent dissimilarities since we can identify more GS users by using it. We still
utilize the minimum, maximum, mean, first quartile (q1), median (q2), third quartile (q3), standard deviation
(std), and skewness as the distribution statistics to represent a user. An example can be shown by Table 3.

Table 3: Example of representing a user by enhanced user-user dissimilarity distributions

UserID mean std min q1 q2 q3 max skewness
5356 1.549 0.310 0.000 1.301 1.521 1.746 2.712 0.477

40968 1.242 0.360 0.000 0.969 1.214 1.487 2.334 0.355
9824 1.403 0.328 0.000 1.154 1.384 1.624 2.515 0.439

... ... ... ... ... ... ... ... ...

We assume this representation from enhanced dissimilarity distribution can work better than the
representation by using the traditional similarity distribution since latent-factor models can alleviate the
sparsity issue and thus the derived dissimilarities could be more accurate. In Fig. 1, we plot users based
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on their representations by using user-user similarity distributions depicted by shown by Fig. 1a and the
enhanced user-user dissimilarity distributions shown by Fig. 2a. In these plots, we utilize skewness as the
y-axis, and we select max, q1, q2, and 13 as x-axes. In Fig. 1a, we can observe some straight-line patterns,
e.g., several users with the maximal similarity value of 1.0. These straight lines may lead to difficulties in
identifying outliers. By contrast, there are no such line patterns in the plots based on the enhanced user-
user dissimilarity distributions, and it is more straightforward for us to observe outliers from Fig. 2a. Similar
conclusions can also be drawn from the plots based on Yahoo!Movie data, which can be observed from Fig. 2.

Figure 1: User plots in the MovieLens data

Figure 2: User plots in the Yahoo!Movies data
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3.3 Workflow
Once we can represent users in our data, we move forward to run outlier detection by using the following

steps. The workflow below also defined the approach for evaluations.
First of all, we applied the UserKNN and matrix factorization models to the two datasets, fine-tuning

their hyperparameters to achieve the best configurations. For the UserKNN model, this involved adjusting
the number of neighbors and experimenting with various similarity measures, including Pearson correlation,
cosine similarity, and mean squared difference. For the matrix factorization model, a grid search approach
was employed to identify the optimal values for the number of latent factors, maximum learning iterations,
learning rate, and regularization parameters. We record prediction errors for each user using the optimal
UserKNN model, which serves as a basis for validating the identified GS users. As highlighted in earlier
studies [7,23], the presence of GS users greatly impacts the performance of UserKNN, leading to significantly
higher prediction errors for these users compared to regular ones. Although matrix factorization may
mitigate the impact of GS users to some extent, we rely exclusively on the prediction errors from UserKNN
for validation purposes to enhance the identification process of GS users.

Furthermore, we can start running outlier detection based on different user representations. Building
upon prior research that established the effectiveness of applying the LOF method to user representations
based on similarity distributions, we adopt LOF as a baseline for this study. We conduct a comprehensive
empirical evaluation of various outlier detection techniques available in the PyOD library to identify GS users
within the two selected datasets. To validate the identified GS users, we adopt the methodology outlined
in previous research [7]. Specifically, we apply the Mann-Whitney U test to conduct hypothesis testing for
two independent samples at a 99% confidence level. The test is performed on the prediction errors of two
groups: the identified GS users and the remaining regular users. If the test reveals a significant difference,
indicating that the prediction errors from UserKNN for GS users are substantially higher than those for
regular users, we classify the identified outliers as GS users. Additionally, hyper-parameters for each outlier
detection method are carefully tuned to maximize the number of outliers that can be validated as GS users
using the Mann-Whitney U test.

3.4 Selected Outlier Detection Methods
The outlier detection techniques used in our experiments can be listed as follows.

3.4.1 Proximity-Based Approaches
• Local Outlier Factor (LOF) [24]: Measures the deviation in local density of data points and identifies

outliers by comparing their density to that of their neighbors. In our experiments, we varied the number
of neighbors from 10 to 100, increasing by 10 at each step.

• Angle-Based Outlier Detection (ABOD) [37]: Analyzes the angles between data points to detect
anomalies, with outliers characterized by distinct angular relationships. In our experiments, we varied
the number of neighbors from 10 to 100, increasing by 10 at each step.

• Cluster-Based LOF (CBLOF) [38]: Integrates clustering and density-based strategies to identify outliers
within local clusters based on their LOF values. In our experiments, we varied the number of clusters
from 10 to 100, increasing by 10 at each step.

• Histogram-Based Outlier Score (HBOS) [39]: Employs histogram analysis to score and detect anomalies
based on deviations from the expected distribution. In our experiments, we varied the number of bins
related to histograms from 10 to 100, increasing by 10 at each step.
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• KNN-Based Methods [40]: Includes Largest KNN (LgKNN), which identifies anomalies using the
largest distances in the k-nearest neighborhood, and Average KNN (AvgKNN), which leverages average
distances for outlier detection. In our experiments, we varied the number of neighbors from 10 to 100,
increasing by 10 at each step.

3.4.2 Linear Models
• One-Class SVM (OCSVM) [32]: Constructs a hyperplane to model normal data, classifying instances

outside this boundary as outliers. In our experiments, we varied the kernel functions, including ‘linear’,
‘poly’, ‘rbf ’, and ‘sigmoid’, for parameter tuning.

• Principal Component Analysis (PCA) [33]: Detects anomalies by examining variations in the principal
components, highlighting patterns indicative of deviations. We utilized default parameters in PyOD in
our experiments.

3.4.3 Neural Network-Based Methods
• AutoEncoders (AE) [34]: Utilizes neural networks to reconstruct input data, identifying outliers through

reconstruction errors. We changed the layers and number of neurons in the layers in the process of
parameter tuning, and the following layers were examined, including [4,4], [8,4,4,8], [16,8,4,4,8,16],
[32,16,8,4,4,8,16,32].

• LUNAR [41]: Combines autoencoder and graph-based techniques to detect and rank anomalies by
analyzing local behaviors in the feature space. In our experiments, we varied the number of neighbors
from 10 to 100, increasing by 10 at each step.

3.4.4 Ensembling Approaches
• Isolation Forest (IFOREST) [35]: Constructs an ensemble of isolation trees to effectively separate outliers

from normal data. In our experiments, we varied the number of base estimators from 20 to 200,
increasing by 20 at each step.

• Local Selective Combination of Parallel Outlier Detectors (LSCP) [42]: An unsupervised ensemble
approach that selects the most effective detectors within the local region of a test instance. In the
PyOD library, LSCP allows us to fuse any selected outlier detection models. We selected the two
best-performing outlier detection approaches above and ran the LSCP ensemble approach in our
experiments.

4 Experimental Results and Findings

4.1 UserKNN and Matrix Factorization
Based on the outlined workflow, we first applied UserKNN and matrix factorization models to the two

datasets. In the MovieLens dataset, matrix factorization outperformed UserKNN, achieving a mean absolute
error (MAE) of 0.719 compared to the 0.732 MAE produced by UserKNN. Conversely, in the Yahoo!Movie
dataset, UserKNN demonstrated a slight advantage, attaining an MAE of 0.641, marginally better than the
0.644 recorded by matrix factorization.

For parameter optimization, the mean squared difference emerged as the most effective similarity
measure for UserKNN across both datasets. The optimal number of user neighbors was determined to be 70
for MovieLens and 50 for Yahoo!Movie. In the case of matrix factorization, the ideal number of latent factors
was set to 100 for both datasets, with consistent learning and regularization rates of 0.01 and 0.1, respectively.
The maximum number of learning iterations was optimized at 50 for MovieLens and 150 for Yahoo!Movie.
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4.2 Identifying GS Users on the MovieLens Data
For outlier detection, the experimental findings for the MovieLens dataset are summarized in Tables 4

and 5. These tables present the performance outcomes of 12 distinct outlier detection techniques. Among
these methods, the LOF approach, which leverages the similarity distribution as the user representation, is
treated as the baseline for comparison [7].

Table 4: MovieLens: identifying GS users by similarity distributions

Models Representation: similarity distribution Representation: enhanced dissimilarity distribution

# of
GS

MAE
(GS)

MAE
(Non-GS)

∣Diff∣ p-value # of GS MAE
(GS)

MAE
(Non-GS)

∣Diff∣ p-value

LOF N/A N/A N/A N/A N/A 91 0.863 0.747 0.117 1.06E−04
ABOD N/A N/A N/A N/A N/A 95 0.985 0.733 0.252 7.62E−18
CBLOF 95 0.842 0.749 0.093 5.29E−03 95 1.095 0.72 0.375 1.96E−35
HBOS 95 0.91 0.741 0.169 1.63E−07 95 1.089 0.721 0.369 9.99E−34

LgKNN 93 0.841 0.749 0.092 9.06E−03 93 1.038 0.727 0.31 2.50E−25
AvgKNN N/A N/A N/A N/A N/A 83 1.018 0.733 0.286 9.61E−20
OCSVM 95 0.959 0.736 0.223 2.21E−12 95 0.912 0.741 0.172 3.55E−12

PCA N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A
AE 95 0.871 0.745 0.126 2.83E−04 95 0.978 0.714 0.264 2.70E−49

LUNAR 95 0.848 0.748 0.1 4.44E−03 95 0.913 0.714 0.199 2.64E−38
IForest N/A N/A N/A N/A N/A 95 0.971 0.734 0.236 2.15E−13
LSCP 95 1.018 0.729 0.289 1.35E−21 95 1.096 0.72 0.376 1.66E−21

Table 5: MovieLens: identifying GS users by latent-factor vectors

Models Representation: latent-factor vectors

# of GS MAE (GS) MAE (Non-GS) ∣Diff∣ p-value
LOF 89 1.101 0.722 0.379 1.25E−32

ABOD 100 1.038 0.725 0.313 3.39E−27
CBLOF 95 1.098 0.72 0.378 1.27E−35
HBOS 95 1.086 0.721 0.365 1.72E−33

LgKNN 95 1.095 0.72 0.375 3.25E−35
AvgKNN 50 1.106 0.724 0.382 1.83E−31
OCSVM 95 1.092 0.721 0.371 1.22E−34

PCA 95 1.091 0.721 0.37 5.01E−35
AE 95 1.094 0.72 0.374 2.34E−35

LUNAR 95 1.094 0.72 0.374 5.26E−34
IForest 95 1.083 0.722 0.361 3.39E−34
LSCP 81 1.144 0.619 0.525 7.57E−28

In Table 4, columns highlighted in yellow represent results obtained using similarity distribution as user
representations, while green-highlighted columns correspond to results derived from the enhanced user-
user dissimilarity distribution. Numbers in bold refer to the top 3 best results with largest identified GS
users and larger ∣Diff∣ values. For GS user identification, the columns provide details such as the number of
successfully identified GS users, the MAE values for both GS and non-GS users as calculated by UserKNN,
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the differences between these MAEs, and the p-values from the Mann-Whitney U test, a non-parametric test
for two independent samples. If GS user identification fails, “NA” is used to denote cases where the identified
outliers did not meet the 99% confidence threshold in the Mann-Whitney U test. Table 5 displays results
when user latent-factor vectors are used as the representation method.

Table 4 demonstrates that up to 95 valid GS users can be identified on the MovieLens dataset when using
either the similarity or dissimilarity distribution as user representations. When multiple outlier detection
methods identify the same number of outliers, the column labeled “∣Diff∣” is used to determine the optimal
method by evaluating the largest difference in MAEs. The best-performing method is identified as the one
that maximizes both the number of detected GS users and the MAE difference. In this dataset, LSCP emerges
as the most effective method when dissimilarity distribution is employed as the user representation. LSCP
achieves its performance by integrating the top two best-performing methods (marked in bold in Table 4).

Interestingly, the baseline LOF method fails to detect GS users at a 99% confidence level in the Mann-
Whitney U test when using similarity distribution as the representation. However, it successfully identifies GS
users when the enhanced dissimilarity distribution is utilized. This finding highlights the superiority of using
the enhanced dissimilarity distribution over the similarity distribution for representing users in this context.

Table 5 reveals that employing latent-factor vectors as user representations outperforms the use of
similarity and dissimilarity distributions. Numbers in bold refer to the top two best results with larger
identified GS users and larger ∣Diff∣ values. Firstly, all outlier detection methods successfully identified valid
GS users, demonstrating the robustness and effectiveness of latent-factor vector representation. Secondly, the
ABOD approach emerged as the most effective, identifying a higher number of valid GS users compared to
other methods. Moreover, the differences in MAEs, represented by the green columns, are substantially larger
than those in the yellow columns, further affirming the advantage of latent-factor vectors. In this context, the
ABOD approach is the optimal model, outperforming LSCP, which did not achieve superior results despite
its ensemble methodology.

4.3 Identifying GS Users on the Yahoo!Movies Data
Table 6 summarizes the results of outlier detection methods applied to Yahoo!Movie dataset, using both

the enhanced dissimilarity distribution and latent-factor vectors as user representations. Numbers in bold
refer to the top results with larger identified GS users and larger ∣Diff∣ values. The results obtained from
the similarity distribution are excluded, as none of the outlier detection methods successfully identified
valid GS users–defined as users with significantly higher MAEs than others at a 99% confidence level.
However, when the confidence threshold was lowered to 95%, both the ABOD and LUNAR methods
identified a subset of valid GS users. This finding reinforces the robustness and effectiveness of latent-factor
vectors as user representations in GS user detection. Additionally, the results underscore the advantages of
employing enhanced dissimilarity distribution for representing users. This benefit likely stems from the fact
that similarities or dissimilarities derived from latent-factor vectors are more reliable compared to those
based on sparse rating data.

Table 6: Yahoo!Movies: identifying GS users

Models Representation: enhanced dissimilarit distribution Representation: latent-factor vectors

# of GS MAE
(GS)

MAE
(Non-GS)

∣Diff∣ p-value # of
GS

MAE
(GS)

MAE
(Non-GS)

∣Diff∣ p-value

LOF 77 0.892 0.648 0.244 1.29E−05 76 1.116 0.625 0.491 6.74E−24
ABOD 81 1.049 0.63 0.419 3.68E−18 90 1.03 0.627 0.403 3.32E−19

(Continued)
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Table 6 (continued)

Models Representation: enhanced dissimilarit distribution Representation: latent-factor vectors

# of GS MAE
(GS)

MAE
(Non-GS)

∣Diff∣ p-value # of
GS

MAE
(GS)

MAE
(Non-GS)

∣Diff∣ p-value

CBLOF 81 1.134 0.62 0.513 7.52E−27 81 1.142 0.619 0.523 7.85E−27
HBOS 81 1.085 0.626 0.459 7.88E−21 81 1.147 0.619 0.528 8.34E−30

LgKNN 81 1.056 0.629 0.428 2.29E−19 81 1.102 0.624 0.478 1.02E−22
AvgKNN 79 1.046 0.631 0.415 1.56E−17 66 1.165 0.628 0.537 4.20E−23
OCSVM N/A N/A N/A N/A N/A 81 1.109 0.623 0.486 4.97E−25

PCA N/A N/A N/A N/A N/A 81 1.095 0.624 0.471 3.17E−22
AE 81 1.102 0.613 0.489 1.27E−57 81 1.095 0.624 0.471 3.17E−22

LUNAR 81 0.917 0.619 0.298 7.70E−26 81 1.131 0.62 0.511 9.98E−25
IForest 81 0.994 0.636 0.359 4.78E−11 81 1.134 0.62 0.514 1.17E−27
LSCP 81 1.129 0.622 0.507 6.94E−25 81 1.14 0.619 0.521 1.06E−28

According to the results in Table 6, we can observe that ABOD is the optimal outlier detection method
since it can identify the greatest number of valid GS users. The LSCP approach which combines ABOD and
HBOS in this Yahoo!Movie data failed to offer further improvements or identify more valid GS users. Note
that this ABOD approach also performs the best in the MovieLens data, if we use the latent-factor vectors as
user representations as shown by Table 5.

4.4 Summary and Discussions
In this paper, we proposed three ways to represent users–user-user similarity distribution, enhanced

user-user dissimilarity distribution, and the user latent-factor vectors, and examined the performance of a
set of outlier detection based on these user representations. Our findings can be summarized as follows.

• Based on the results obtained from the MovieLens and Yahoo!Movies datasets, we conclude that
representing users through latent-factor vectors outperforms the other two representation approaches.
It is not surprising that the representation method based on latent factors is better. The latent-factor
models, such as matrix factorization, are well-known to alleviate the rating sparsity issues in comparison
to the traditional neighborhood-based approaches. It results in better representations for users and items
by using latent-factor vectors. It further leads to better results when identifying GS users in the data.
By contrast, two key factors may contribute to the inability to identify valid GS users when utilizing the
distribution of similarities as a representation method. First, this approach is limited by the small number
of features it provides–only eight in total, including metrics such as the minimum, maximum, mean,
quartiles (q1, q2, q3), standard deviation, and skewness of the similarity distribution. Second, the sparsity
of data likely plays a significant role. For instance, the Yahoo!Movie dataset exhibits a rating sparsity of
98.2%. In such sparse datasets, the user-user similarities derived from co-rated items become unreliable.

• The findings also indicate that the enhanced dissimilarity distribution serves as a superior method for
user representation compared to the conventional user-user similarity distribution. It is not surprising,
as the enhanced similarities or dissimilarities are derived from calculations involving user latent-factor
vectors, which exhibit greater robustness in addressing challenges posed by rating sparsity.

• There is no universal conclusion regarding the optimal outlier detection method, as its effectiveness
depends on both the dataset and the type of user representation employed. In the MovieLens dataset, the
ensemble approach LSCP yields the best results when using similarity or dissimilarity distributions as
representations. Conversely, in the Yahoo!Movies dataset, CBLOF proves to be the most effective method
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when the enhanced dissimilarity distribution is used for representation. For user representations based
on latent-factor vectors, ABOD consistently emerges as the most effective approach across both datasets.
Unlike distance-based methods (e.g., KNN, LOF), ABOD considers the distribution of angles formed
between a point and all other points, rather than just distance-based density estimates. This allows it to
identify outliers more effectively in datasets where density varies significantly.

5 Conclusions and Future Work
This study introduces three distinct approaches for representing users in recommender systems:

(1) the distribution statistics of user-user similarities calculated using UserKNN, (2) the enhanced user-
user dissimilarity distribution, and (3) latent-factor vectors generated through matrix factorization. We
conducted an empirical evaluation of cutting-edge outlier detection methods to identify genuine GS users
effectively. Our findings confirm that representing users with latent-factor vectors is the most effective
approach for identifying GS users, though the optimal outlier detection method varies across datasets and
depends on the chosen representation technique. In future research, we plan to expand our investigation
beyond movie datasets, exploring domains outside of the movie industry. Additionally, we intend to examine
the distribution of atypical preferences over items (e.g., preferences across various item categories or content
features) to gain deeper insights into the behavior of identified GS users. This understanding will guide the
development of more effective recommendation models tailored to these users’ unique preferences.
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