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Abstract—Movie recommendation systems have greatly ad-
vanced through AI and machine learning (ML), but challenges
with recommendation accuracy still persist due to uncertain and
noisy data. In this regard, singleton fuzzy logic systems (SFLSs)
with crisp inputs and outputs offer simple and cost-effective
solutions for ambiguous user preferences. However, SFLSs exhibit
limitations in handling noisy and uncertain inputs—such as
caused by vague or incomplete/wrong text descriptions of movies
and ratings, risking misleading recommendations. In this context,
non-singleton FLSs (NSFLSs) that use fuzzy sets (FSs) to capture
input uncertainties have the potential to enhance robustness and
accuracy of the recommendation systems. This paper investigates
an NSFLS-based movie recommendation system and presents a
comparative analysis of its performance against an SFLS-based
system. Experiments conducted on a real-world movie ratings
data set with varying degrees of noise reveal NSFLSs as a useful
approach to enhance the accuracy of movie recommendations
with noisy data.

Index Terms—singleton fuzzy logic system, non-singleton,
vagueness, uncertainty

I. INTRODUCTION

Movie recommendation systems aim to offer personalized
movie suggestions to users considering their preferences and
movie features, making it easier to navigate through the vast
collection of movies [1]. Current trends in movie recommen-
dations reflect advances in AI, ML, and big data analytics,
but challenges still remain. One of the primary challenges is
to provide reliable recommendations for uncertain and noisy
data sets [2], [3]. In this regard, the fuzzy logic system (FLS)
is often used to design a reliable movie recommendation
framework for ambiguous user ratings. The authors in [4]
developed a simple and cost-effective type-1 FLS-based movie
recommendation system with the MovieLens data sets [5].
In addition, the authors in [6] also presented a movie rec-
ommendation system considering interval type-2 FLS that
efficiently manages the uncertainty of the data and improves
the accuracy of calculating the expected rating of a movie
for a target user. All of these works demonstrate how well
singleton FLSs (SFLSs) with crisp inputs and outputs handle
user preferences and generate solutions. However, these rec-
ommendation systems are developed considering only noise-
free movie ratings. SFLSs are not designed to systematically
capture and handle input uncertainty [7], highlighting potential
room for improvement with alternative systems.

In real-world applications, noisy data is prevalent and can
easily be generated from geographical fluctuations, such as

regional restrictions, vague data labeling of participants, or
incorrect text representation [8]. With noisy data, the per-
formance of SFLSs tends to degrade [9], [10]. To illustrate
this, consider an FLS-based movie recommendation system in
Fig. 1 (adapted from [10]) where noise causes the input rating
x′ to change to x′′. If the recommendation system is based on
SFLS, it does not have the means to capture this uncertainty
and is constrained to proceed with the numeric rating x′′, as a
singleton input, misclassifying a ‘High’ rating as ‘Low’ rating
with a degree of membership µs(x

′′); it eventually selects
inappropriate fuzzy rules for fuzzy inference and yields an
incorrect outcome. From this example, it is clear that we need
an alternative approach to better handle noise and enhance the
accuracy of FLSs.

A non-singleton FLS (NSFLS), an extension of SFLS, is
designed to capture the uncertainties associated with the input
of an FLS using fuzzy sets (FSs) [9], [11], [12]. Figure 1
shows how an NSFLS-based movie recommendation system
can handle input noise. In this case, the noisy input x′′ is
modeled using a FS (here, we use a Gaussian FS) and using
the standard input firing method (details in Section II-B), x′′

is evaluated with respect to the ‘High’ membership function
(MF) at ‘B’ with a membership degree of µns2(x

′′) along with
the ‘Low’ MF at ‘D’ with µns1(x

′′). The NSFLS triggers the
firing strengths for both ‘Low’ and ‘High’ MFs and mitigates
the effect of noise. Hence, NSFLSs have the ability to enhance
the performance of FLSs by reducing the impact of noise and
inconsistency in the input data.

In this context, this paper investigates the application of
NSFLSs to develop movie recommendation systems for noisy

Fig. 1: Handling of input uncertainty using an NSFLS



ratings. It presents the entire process of managing input data in
noisy situations using various fuzzy inference systems (FIS). It
also demonstrates a comparative analysis of the performance
of the proposed NSFLS-based movie recommendation systems
with that of SFLS-based recommendation system with respect
to a real-world movie ratings data set having various levels of
noise, discovering NSFLSs as a useful method to improve the
move recommendation accuracy.

The rest of the paper is organized as follows. Section II
presents a brief discussion on various methodologies used for
recommendation systems along with the benefits of including
FLSs to recommend movies and a synopsis of SFLS and
NSFLS. Section III introduces the working procedure of a
movie recommendation system with respect to SFLS and
NSFLS, and Section IV demonstrates the performance analysis
of SFLS and NSFLS-based movie recommendation systems.
Lastly, Section V concludes the paper along with future work.

II. BACKGROUND

This section briefly discusses the methodologies behind
recommendation systems, highlighting the benefit of incorpo-
rating FLSs, particularly NSFLSs,

A. Methodologies Used for Recommendation Systems

In recent years, the increasing challenge of information
overload has led to the emergence of recommendation systems
that enable users to efficiently navigate and filter large volumes
of data [13]. These systems are particularly designed to
prioritize information tailored to individual user preferences,
focusing on content that is most relevant or likely to be of
interest. By doing so, they alleviate the burden of information
overload, reducing the time and effort that users must spend
searching through excessive data.

Following widespread adoption of recommendation sys-
tems, content-based filtering (CBF) has emerged as a method
that recommends new items to users based on similar items
they chose earlier, i.e. their usage profiles [14]. In other words,
other user’s preferences have no impact on the recommenda-
tions to a target user. This approach demonstrates adaptability
by quickly adjusting recommendations to reflect changes in
an individual user’s profile, maintaining relevance over time.
However, CBF has a notable drawback; it requires a com-
prehensive and explicit representation of the characteristics
of the objects in the user profile, which can pose significant
challenges in practical applications [15]. In addition to CBF,
collaborative filtering (CF), another approach, recommends
items to users considering the interactions of other users who
have similar preferences and behaviour [16]. Traditional CF
also faces limitations in managing scalability and maintaining
accuracy [17]. In particular, these limitations are evident when
dealing with sparse or incomplete data sets, making it more
difficult for the recommendation system to provide effective
and reliable recommendations [18].

To address the challenges of CBF and CF, approaches such
as matrix factorization (MF) [19] and deep learning (DL) [20]

were introduced. MF algorithms decompose user-item interac-
tion matrices into latent factors, capturing patterns to predict
missing ratings and generate personalized recommendations,
improving the accuracy of recommendations [19]. On the
other hand, DL algorithms—which use neural networks—are
adept at managing unstructured data, sequential behaviors, and
diverse tasks and provide users with personalized and context-
aware recommendations by processing vast data sets captur-
ing user behavior [20]. Nevertheless, these approaches often
involve slow and resource-intensive training procedures and
have trouble scaling effectively [21]. In addition, these models
associated with the implementation of ML show difficulties in
explaining the overall system in a more interpretable way close
to human understanding [22]. In the case of ML models, more
interpretability often leads to the sacrifice of the accuracy of
the outcome [23]. In addition, users often prefer to express
their preferences or ratings linguistically, rather than using
numerical scores [24]. In this case, since ML models rely
heavily on precise user ratings, their performance deteriorates
with such fuzzy preference [25].

Effective handling of user richer-than-numeric (e.g. interval-
valued) feedback is crucial to increasing recommendation
accuracy because it not only enhances the assessment of user
similarity and neighbor selection, but also reduces prediction
errors [13]. The integration of FLS into recommendation
systems has shown significant advantages [26]. By capturing
nuanced user preferences through FSs, FLSs enable accurate
user modeling beyond simple ratings. Furthermore, FLSs have
better functionality and tools to interpret their sophisticated
structure used in a recommendation system [22]. Compared to
conventional techniques, fuzzy distance metrics improve simi-
larity computation by better handling of diverse and imprecise
user features [27]. Incorporating FLSs into a recommendation
system has the potential to produce better recommendation
accuracy with reduced recommendation error and stable cov-
erage, thus ensuring a balanced and practical recommendation
system [18].

In case of movie recommendation, SFLS-based recom-
mendation models have already achieved most of the func-
tionalities mentioned above [4], [6], [28]. However, a noisy
or uncertain input can significantly deteriorate their perfor-
mance [29], thus clearly presenting a need to establish a
movie recommendation system that can improve the accuracy
and reliability of movie recommendations for uncertain and
noisy data. NSFLSs can address input uncertainties through
non-singleton fuzzification by converting crisp inputs into
fuzzy input sets, unlike singleton fuzzification (with crisp
values) of SFLSs [11], [30], showing a promising approach for
developing movie recommendation systems with noisy data.

B. Singleton and Non-singleton FLSs

We present a brief overview of SFLS and NSFLS along with
key NSFLS methods for determining the firing strength under
input uncertainties: the standard composition- and centroid-
based approaches. It is noted that an SFLS and an NSFLS



Fig. 2: Overview of FLS structure with singleton and non-
singleton Gaussian input FSs

share identical general structure of FIS [31], as shown in
Fig. 2, adapted from [11], [31].

1) Singleton FLS (SFLS) : In the SFLS, the fuzzifier maps
crisp, i.e. numeric inputs into singleton fuzzy sets [31], defined
in (1),

µX(xi) =

{
1, xi = x′

i

0, xi ̸= x′
i.

(1)

where x′
i is the crisp input and xi are the neighbouring values.

Note that the singleton fuzzification is calculating µX(xi) for
a given value of xi to determine the firing strength.

2) Non-Singleton FLS (NSFLS) : In a NSFLS, either
a fuzzy-set valued input is used directly, or non-singleton
fuzzification is used to transform a crisp input into an input
FS [31]. Note that the MF used for the input FS is application-
dependent, commonly a convex, normal FS [9]. Figure 2,
shows an example of applying the Gaussian distribution as
the input FS. Equation (2) defines a non-singleton Gaussian
fuzzifier [9].

µX(xi) = exp

(
− (xi − x′

i)
2

2σ2
F

)
, (2)

where, x′
i is the crisp input and the mean value of the input

FS, µX(xi) is the degree of membership, and σF is the

Fig. 3: Standard composition- and centroid-based firing
strength of the NSFLSs

spread of input FS whereas xi are the neighboring values
of the mean. A gaussian with a larger standard deviation is
generally associated with a higher degree of uncertainty in
the input [11]. There are different approaches to define the
composition between input and antecedent FSs within non-
singleton fuzzy inference [9], [29]. In this paper, we consider
the standard composition- and centroid-based non-singleton
fuzzifiers, discussed below.

• NSFLSs with standard composition-based inference: In
the standard NSFLS composition, the firing strength is
defined as the maximum degree of membership of the
intersection between the input FS, I and the antecedent
FS, A [29]. Consider the example in Fig. 3 where I for
x′ = 2.4 intersects A at ‘P’ with a membership degree of
µStd−ns(x′) = 0.56, which is the firing strength for A.

• NSFLSs with centroid-composition based inference: The
centroid-based composition considers the area of the
intersection between the input FS, I and the antecedent
FS, A. The centroid of the intersection between I and A
is defined in (3) [29],

xcen(I ∩A) =

∑n
i=1 xiµ(xi)∑n
i=1 µ(xi)

(3)

where n is the no. of discretizations in the intersection
between I and A. The degree of membership of the
centroid in the antecedent FS (xcen(I ∩ A)) is used as
the firing strength, defined in (4).

µI∩A(xcen(I ∩A) (4)

In this case, Fig. 3 shows that the centroid of the
intersection between I and A is xcen(I ∩ A) = 1.85 for
n = 100. It intersects A at ‘Q’ with µCen−ns(x

′) = 0.5
which serves as the firing strength for A.

The next section will discuss the development of SFLS-
based and NSFLS-based movie recommendation systems
along with the demonstration of accuracy improvement
achieved through the latter system for noisy inputs.

III. SFLSS AND NSFLSS MOVIE RECOMMENDATION

A SFLS-based movie recommendation system is proposed
in [4] for the noise-free MovieLens data set [5]. If external
noise is injected while processing this data set, it transforms
this to a noisy set. It is expected that with such a data set,
the performance of the SFLS-based system will degrade. We
use the noisy data set in this paper as a proxy for vague
and uncertainty movie ratings which could be elicited, e.g.
via an interval-valued response mode [32] and platforms such
as DECSYS [33]. An NSFLS-based movie recommendation
is developed for this noisy data set to recommend movies to
users, and its recommendation performance is assessed against
the SFLS-based model in [4]. Figure 4 presents the entire
procedure for movie recommendation systems with the SFLS
or NSFLS.



Fig. 4: Working procedure of a movie recommendation system using SFLS and NSFLS

A. Input Processing for Movie Recommendation System

The Movielens [5] data set is one of the widely used movie
ratings data set. To prepare the input for the FLS, user-based
and item-based CFs are performed. It is noted that the CF
focuses only on user-item interactions and does not require
detailed metadata about the items; in contrast, the CBF relies
heavily on the attributes of the items [34]. In this process,
we first search for users having tastes similar to a target user
using the Pearson correlation coefficient [35], involving three
types of K-neighbourhood values, K = 5, 10, and 20. Note
that using different types of K-neighbourhood values increases
the control over bias and variance trade-off. The lower value
of K leads to low bias and high variance, making the model
more sensitive to noise or outliers, whereas an increase in the
value of K results in an increase in bias and makes it robust
to noise or outliers [36]. Equation (5) presents the Pearson
Correlation Coefficient [35].

r =

∑
(xi − x̄)(yi − ȳ)√∑

(xi − x̄)2 ·
∑

(yi − ȳ)2
(5)

where xi and yi are data points. x̄ and ȳ are the means of x
and y, respectively. r is Pearson correlation coefficient, ranging
from −1 to +1.

With the user-based CF, we get one of the inputs for the
FLS—‘User Similarity Ratings’. The item-based CF identifies
items similar to those with which the target user has liked
or interacted. It uses the same K-neighborhood setup and
similarity calculation (see (5)), resulting in the other input
‘Acceptance Ratings’ for the movie recommendation system.

B. Noise Generation and Injection

In this stage, we inject noise into the generated inputs.
Generally, the amount of noise is described by the Signal-to-
Noise ratio (SNR), measured in decibels (dB) [11]. If the noise
level is low, the SNR value will be high. On the other hand,
a lower SNR value indicates a high level of noise [37]. So,
a 5dB SNR produces more noise to the data set than a 20dB
SNR. Equation (6) defines how to calculate the SNR [31].

SNR = 10 log10

(
1

σ2
n

)
. (6)

Here, σn serves two purposes. Firstly, it is used to generate and
inject Gaussian noise into the data set. We set the mean value

to 0 and σn is used as the standard deviation of the Gaussian
distribution for the particular level of noise associated with the
SNR. A random noise value is propagated from the calculated
distribution and is added to the noise-free inputs for the
FLS-based movie recommendation system. If the inputs—
user similarity ratings and acceptance ratings are ur and ar,
respectively, the noise is injected into them using (7).

u′
r = ur +N (0, σ2

n)

a′r = ar +N (0, σ2
n)

(7)

Here, u′
r and a′r are the noisy user similarity ratings and noisy

acceptance ratings respectively.
Secondly, σn is used to determine the standard deviation of

the Gaussian input fuzzy set (FS) for the NSFLS, correspond-
ing to a specific level of noise. For instance, when injecting
5dB of noise into the data set, the input FS for NSFLS is
prepared with a standard deviation of 0.562, as calculated
using (6). This ensures that the NSFLS can effectively handle
the increased level of uncertainty associated with the noise.
To systematically evaluate the system’s performance under
varying noise conditions, we gradually inject four levels of
SNR: 5dB, 10dB, 15dB, and 20dB. The corresponding σn of
the input FSs are 0.562, 0.316, 0.178, and 0.1, respectively
(see Fig. 5, recreated from [31]).

Fig. 5: Different standard deviation (σn) of input FSs for an
NSFLS-based movie recommendation

C. Movie Recommendation FLS Process

After generating the noisy inputs, we select the FLS for
the movie recommendation system. Here, three types of FLS
are considered–SFLS as well as NSFLS with standard (Std)



(a) Triangular singleton Fuzzy Set (b) Trapezoidal singleton Fuzzy Set (c) Gaussian singleton Fuzzy Set

Fig. 6: Different types of antecedent fuzzy MF for movie recommendation FLS, recreated from [4]

and centroid (Cen) based composition. For every FLS, the
movie recommendation system is designed with three types
of antecedent MF types—triangular (Fig. 6a), trapezoidal (Fig.
6b), and Gaussian (Fig. 6c) using nine different if-then fuzzy
rules obtained from [4]. In the case of non-singleton FSs, we
use the Gaussian distribution for input FS with σn calculated
with (6) according to the injected noise level. We compare
the movie recommendation results among the designed SFLS,
Std-NSFLS and Cen-NSFLS systems in respect to the Root
Mean Sqaure Error (RMSE) as defined in (8).

IV. RESULT ANALYSIS

The experiments are carried out in the MovieLens data set
comprising one million movie ratings from 6000 users in 4000
movies where the ratings are given on a scale from 0 to 5 [5].
The initial data set is noise-free, but converted it to a noisy
data set by gradually injecting 5dB, 10dB, 15dB, and 20dB of

noise. For experiment, we consider different K-neighbourhood
values such as 5, 10, 20 and MFs including triangular, trape-
zoidal and Gaussian. It is noted that through these experiments
we demonstrate the differences in performance of the SFLS-
and NSFLS(s)-based recommendation systems under different
levels of input noise. All experiment results are presented
in Table I. For performance evaluation, we use RMS that
estimates the recommendation error by considering the average
deviation of the predicted ratings from the observed ones [38],
defined in (8)

RMSE =

√
Σ(Pi −Oi)2

n
(8)

where Pi and Oi are the predicted and observed ratings,
respectively and n is the total number of movie ratings. The
lower the RMSE value, the higher the accuracy of the system.

TABLE I: Comparison of movie recommendation performance among SFLS, Std-NSFLS and Cen-NSFLS with respect to
RMSE for MovieLens data set [5] with various noise levels considering different K-neighbourhood values and MFs.

Movie Recommendation FLS
MFs K SFLS Std-NSFLS Cen-NSFLS

Triangular
5 1.352 1.304 1.291

10 1.453 1.374 1.373
20 1.36 1.293 1.291

Trapezoidal
5 1.379 1.3 1.294

10 1.5 1.381 1.39
20 1.413 1.294 1.298

Gaussian
5 1.388 1.286 1.284

10 1.507 1.387 1.386
20 1.407 1.298 1.299

(a) With 5dB Injected Noise

Movie Recommendation FLS
MFs K SFLS Std-NSFLS Cen-NSFLS

Triangular
5 1.134 1.126 1.131
10 1.165 1.133 1.137
20 1.08 1.038 1.041

Trapezoidal
5 1.147 1.127 1.136
10 1.201 1.138 1.139
20 1.106 1.052 1.054

Gaussian
5 1.153 1.123 1.124
10 1.204 1.145 1.15
20 1.113 1.048 1.054

(b) With 10dB Injected Noise

Movie Recommendation FLS
MFs K SFLS Std-NSFLS Cen-NSFLS

Trapezoidal
5 0.948 0.938 0.939

10 1.012 0.997 1.001
20 0.9 0.891 0.889

Triangular
5 0.973 0.946 0.948

10 1.041 1.019 1.021
20 0.919 0.9 0.901

Gaussian
5 0.956 0.942 0.947

10 1.042 1.011 1.021
20 0.915 0.896 0.901

(c) With 15dB Injected Noise

Movie Recommendation FLS
MFs K SFLS Std-NSFLS Cen-NSFLS

Triangular
5 0.925 0.904 0.906
10 0.954 0.945 0.946
20 0.856 0.844 0.846

Trapezoidal
5 0.964 0.922 0.927
10 0.981 0.964 0.965
20 0.892 0.868 0.868

Gaussian
5 0.943 0.927 0.934
10 0.971 0.96 0.965
20 0.881 0.867 0.874

(d) With 20dB Injected Noise



(a) 5 dB Noise Analysis with σn = 0.562 (b) 10 dB Noise Analysis with σn = 0.316

(c) 15 dB Noise Analysis with σn = 0.178 (d) 20 dB Noise Analysis with σn = 0.1

*Tri = Triangular, Trap = Trapezoidal, Gauss = Gaussian

Fig. 7: Comparing the RMSE among SFLS, Std-NSFLS and Cen-NSFLS for Different K-neighbourhood values and MFs

1) With 5dB Noise Injection: It is the most noisy condi-
tion in the experiment, as a lower SNR value indicates a
higher noise. For triangular FSs, the Cen-NSFLS performs
better than both SFLS and Std-NSFLS. The performance
gap between Cen-NSFLS and Std-NSFLS is marginal, but
there is a substantial difference in the RMSE value between
SFLS and both NSFLSs shown in the Table-I(a). In the case
of trapezoidal MFs, Std-NSFLS sightly outperforms Cen-
NSFLS, where for Gaussian MFs, both Std-NSFLS and Cen-
NSFLS consistently outperform SFLS across all MFs and K-
neighborhood sizes. This indicates the effectiveness of non-
singleton FS in handling input uncertainty in neighborhood-
based movie recommendation systems.

2) With 10dB Noise Injection: For all types of MFs and
K-neighbourhood values, Std-NSFLS consistently outperforms
the other two systems, achieving the lowest RMSE value
in every case. This highlights the effectiveness of NSFLSs
in improving the accuracy of this application under input
uncertainty. Cen-NSFLS performs slightly worse than Std-
NSFLS, but is still better than SFLS in most cases. When
used with NSFLSs, the Gaussian MF outperforms the other
MFs, indicating that it better captures the underlying patterns
in the dataset. While Cen-NSFLS generally performs better
than SFLS shown in Table-I(b), it does not outperform Std-
NSFLS, suggesting that using a Cen-NSFLS does not provide
additional advantages for this particular case.

3) With 15dB Noise Injection: With this noisy case, Std-
NSFLS achieves the best performance in most MFs, except for
Trapezoidal MF at K=20, where Cen-NSFLS shows slightly

better performance. Cen-NSFLS consistently performs close
to that of Std-NSFLS and outperforms SFLS in most cases,
suggesting it to be a strong alternative. From Table-I(c), it is
visible that the Gaussian MF consistently provides the best
performance across most configurations, making it the most
effective MF for this noisy data set.

4) With 20dB Noise Injection: It is the least noisy condition
for the MovieLens data set among the conditions used for the
experiments. In this case, Std-NSFLS consistently achieves
the lowest RMSE scores, showing its superiority in handling
uncertainty and improving recommendation accuracy across
all configurations. Under different levels of noise, it is clearly
evident that NSFLSs outperform SFLS with lower RMSE
as a movie recommendation system. In terms of analyzing
noisy MovieLens data sets, the Std-NSFLS demonstrates better
performance than the Cen-NSFLS in most cases; but their rec-
ommendation performances are very close, suggesting to use
any of them depending on the noisy data set and application.

V. CONCLUSION

The main contribution of this paper focuses on the use of
NSFLSs to improve the performance of movie recommenda-
tion systems in noisy situations. We discuss the challenges for
existing approaches, in particular, the SFLS-based movie rec-
ommendation system, to deal with noisy input data. Illustrating
the challenge with a comparative experiment, we demonstrate
the difference in performance of the SFLS- and NSFLS(s)-
based recommendation systems under different levels of input
noise. The experimental results demonstrate that NSFLSs are



a useful approach for making movie recommendations with
higher accuracy under noisy ratings. A limitation of the paper
is that all noise is synthetic, i.e. no real-world noisy data was
used. In the future, we expect to focus on vague, for example,
interval-valued data sets, and to refine the NSFLS system to
automatically adapt to varying levels of input noise as in [11].
We also want to continue the investigation of applying NSFLSs
with optimized time complexity to address more complex real-
world problems frequently facing input uncertainties.
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