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ABSTRACT 
The growing demand for personalized content delivery has made recommendation systems a fundamental component in online streaming 
platforms. The user experience has been significantly enhanced by personalized movie recommendation systems that suggest relevant 
movies based on individual preferences. In this paper a collaborative filtering based personalized movie recommendation system is 
proposed that incorporates the novel bat algorithm (NBA) and twin bounded support vector machine (TBSVM), termed hybrid novel bat 
twin bounded support vector machine (HNBTBSVM). Traditional recommendation approaches are collaborative filtering (CF) and content-
based filtering (CB), which often face limitations such as scalability, sparsity, and cold start problems, which limit the system's ability to 
provide recommendations for new users or items due to insufficient data. A support vector machine (SVM) is a classifier that discriminates 
between user preferences. The proposed HNBTBSVM model addresses the cold start issue by combining NBA optimization with TBSVM 
classification. The hybrid model improves classification accuracy and scalability in sparse data environments, a characteristic of cold-start 
situations. The TBSVM dual-boundary approach effectively handles data sparsity, enhancing boundary flexibility and classification accuracy 
with limited data. Additionally, similarity measures align new users or items with existing profiles, while augmented data enriches user 
interactions. Experimental results of the Movielens dataset achieving the accuracy of TBSVM is 85.3%,standard bat algorithm with twin 
bounded support vector machine(BATBSVM) is 88.3%,contraction factor and dynamic adaptive inertia weight particle swarm optimization 
support vector machine(CF-IWA PSO-SVM)model is 79.6%,linear kernel and Gaussian kernel HNBTBSVM models are 90.70% and 
93.45%,with marked improvements in accuracy, personalization, and cold start mitigation, and reduced the root mean square error(RMSE) 
and mean absolute error(MAE). 

Keywords: Recommendation system; Collaborative filtering; Classification; Support vector machine; optimization. 
 

1. Introduction  
The growing demand for personalized content delivery has made recommendation systems a fundamental component 
of online streaming platforms, due to information overload [1]. The sheer amount of information available can be 
overwhelming, and filtering out useful information online can be difficult. The information overload problem is 
overwhelming users in finding relevant and useful data on the internet [2]. A personalized movie recommendation 
system is essential for enhancing the user experience because it provides relevant movies based on to users’ individual 
preferences [3-4] . These systems are widely used across a wide range of e-commerce platforms such as amazon, 
Facebook, movie lens, Netflix, and Spotify [5]. Figure 1 depicts the types of recommendation systems diagrammatically 
[6].  
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Figure 1. Various types of recommendation system 

 
Content based filtering (CB) generates recommendations based on the user's profile that has previously shown interest 
in the content of items [7]. Despite several methods, collaborative filtering (CF) is widely used for user item interaction 
patterns without requiring item features. The machine learning based hybrid approaches, support vector machine 
(SVM), and its variants, twin SVM, and twin bounded support vector machine (TBSVM), are improving forecast 
reliability by extracting complex nonlinear interactions in user preference data [8-9]. Twin SVM increases computing 
efficiency by tackling two smaller optimization issues rather than a single large one [10]. The bounded SVM framework 
improves robustness by confining decision outputs to a predefined range, hence minimizing sensitivity to noise and 
outliers [11]. Twin SVM generates the two smaller optimization problems rather than a single large problem, increasing 
the efficiency of the recommendation task [12]. Bounded SVM increases the formulated robustness of the model by 
restricting function outputs within a predefined margin. It is reducing the sensitivity of unbalanced and noisy data [13]. 
In high-dimensional learning problems, the novel bat algorithm (NBA)has demonstrated a strong capacity to tune model 
hyper parameters while avoiding local minima and premature convergence [14-15]. Further research emphasizes the 
need for advanced and hybrid recommendation architectures through evidence that incorporating CF with optimized 
SVM-based frameworks dramatically enhances recommendation accuracy and minimizes root mean square error 
(RMSE) and mean absolute error (MAE). 
The CF faces several challenges, such as data sparsity, which diminishes similarity accuracy and decreases 
recommendation prediction performance [16-17]. Due to the cold-start issue caused by a lack of interaction history, 
new users are not recommended accurate movies, and new movies are unable to effectively recommend to users [18]. 
Additionally, CF struggles to model nonlinear user–item relationships and remains sensitive to noise and imbalanced 
rating patterns, which may bias recommendations [19-20]. 
The main objective of the paper is to develop a hybrid novel bat twin bounded support vector machine 
(HNBTBSVM)movie recommendation system incorporating NBA and TBSVM with CF that improves the accuracy, 
efficiency, and user satisfaction of movie recommendations. The previous researches worked in a traditional CF based 
system address the issues, including data sparsity, nonlinear rating patterns, and noise sensitivity. Additionally, the 
proposed HNBTBSVM model improves the prediction recommendation of movie performance by efficiently tuning 
hyper parameters through the meta-heuristic approach and prediction error. 
This paper's main contribution is the development of an HNBTBSVM model that incorporates CF to increases the 
accuracy and reliability of movie recommendations. The proposed HNBTBSVM model addresses the sparsity issue, 
nonlinear rating patterns, and noise sensitivity by introducing an NBA meta heuristic optimization technique for 
automatically adjusting SVM parameters, compared with TBSVM, standard bat algorithm with twin bounded support 
vector machine (BATBSVM), contraction factor and dynamic adaptive inertia weight particle swarm optimization 
support vector machine (CF-IWA PSO-SVM). While the NBA enhances global search capabilities and avoids premature 
convergence, incorporating the bounded twin formulation provides stable decision boundaries. The proposed 
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HNBTBSVM model's experimental results significantly enhance accuracy, reduce RMSE and MAE, and improve overall 
recommendation accuracy compared to existing CF and SVM-based models. 
The structure of the paper is as follows: The literature review is presented in section 2. The methods and proposed 
methodology of the HNBTBSVM model are covered in section 3. The experimental results will be provided and 
elaborated in section 4. Section 5 includes the conclusion and further research. 
 

2. Literature Review 
In the literature review, CF keeps going to be the leading technique for movie recommendations as it uses user-item 
behaviour instead of item information, which has several benchmark studies and techniques employing CF as the 
standard for evaluation. Miao et al. [21] designed and developed a movie recommendation system that integrates CF 
with a big data platform, improving the accuracy and scalability of the system, but data scalability and cold start are 
challenges.  Gebreselassie et al. [22] reviewed particle swarm optimization, evolutionary approaches, genetic 
algorithms, and ant colony optimization that are used with CF algorithm, improving the performance of sparsity and 
RMSE, while hampering the ability to provide accurate recommendations. 
Kouchi  et al.[23] proposed a model that uses the bee colony optimization algorithm with user-based CF, enhancing the 
precision and recall performance, and computational cost is low, the number of recommendations and feature 
parameters must be identified empirically. Singh et al. [24] designed and demonstrated the CF recommendation system 
incorporating the grasshopper optimization algorithm, enhanced precision and recall, but did not explicate the issues 
of cold-start and scalability. Khedairia et al. [25] designed an iterative combining clustering method that combined 
multiple clustering algorithms. It is improving the robustness, novelty performance, but it is time consuming due to the 
iterative voting and re-clustering. 
Li et al. [26] proposed a hybrid movie recommendations system that combined a convolutional multimodal auto 
multilayer graph with alternating least squares CF. It provides enhanced accuracy, but also presents the challenge of 
the cold-start issue for new users or movies. Jayalakshmi et al. [27] presented a comparative study of deep learning 
methods and hybrid systems. Hybrid systems performances in terms of accuracy and adaptability are good, but 
scalability, cold-start, and data sparsity are challenges. Meghana et al. [28] showed the comparative analysis on matrix 
factorization, ensemble methods, and hybrid methods using the Netflix dataset, reducing RMSE on rating prediction, 
but faced challenges of cold start, sparsity, and scalability. 
Singh et al. [29] designed a matrix factorization recommendation system, which, despite its excellent results of MAE 
and RMSE, has prevalent challenges, such as data sparsity and cold start issues. Chen et al. [30] proposed a 
recommendation system that integrated CF with SVM, which improved prediction accuracy and recommendation 
relevancy. Scalability is an issue in real-time environments. Mu et al. [31] demonstrated a deep learning architecture 
that utilizes multimodal data to generate a personalized movie recommendation system. The model extracts hidden 
properties from various data types. Reduced sparsity, improved recommendations, but did not completely resolve cold 
start issues. Leander et al. [32] introduced a movie recommendation system that combines a CB approach with SVM, 
good accuracy, and a lack of diversity, novelty, and serendipity. 
Walek et al. [33] proposed a hybrid recommendation system that combines three subsystems: fuzzy expert system, 
content-based filtering, and collaborative filtering. Precision, recall, and F1-score are satisfactory, but diversity and 
novelty are inadequate. Cai et al. [34] developed an inductive heterogeneous graph neural network recommendation 
system that uses a neural network to solve the user cold-start issue, which does not work for serendipity. Harte et al. 
[35] developed a sequential recommendation system by using the large language models (LLMs), which uses the 
augmented ID embeddings for recommending the items. Enhance normalized discounted cumulative gain, but 
increasing storage costs is also a challenge. 
The reviewed literature highlights that the incorporation of hybrid models has led to a significant advancement in 
recommendation systems and enhanced interpretability and more accurate recommendations. But the main challenges 
of accuracy, sparsity, and scalability remain the same. The proposed HNBTBSVM movie recommendation system 
demonstrates significant potential as an effective solution for recommending personalized movie recommendations. By 
leveraging the non-parallel twin support vector machine approach, this offers an advanced alternative to traditional 
recommendation algorithms. The proposed HNBTBSVM model solved the key challenges such as data sparsity, 
scalability, and accurate recommendations. The proposed model improved predictive performance and robustness over 
other existing methods. 
 

3. Materials and Methods  
Various methodologies are presented to implement the HNBTBSVM. In this part, the fundamentals of the SVM and twin 
SVM algorithms are discussed. Therefore, the reader can understand how the concepts of SVM and twin SVM have 
evolved [36]. 
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3.1. Proposed Methodology 
3.1.1  Support vector machine 
The input space is xi ∈ Rn (i = 1, 2, 3, … , m) and the corresponding output class is yi. Here Rn is the real vector space of 
n dimensions. For a particular dataset specified by Equation (1), R represents the set of real numbers. The input vector 
of class +1 with m1 patterns is X+ ∈ Rm1×n, and the class −1 with m2 patterns is X- ∈ Rm2×n. Matrix Y+ ∈ Rm1×n 
symbolizes the output of the m1 patterns of class +1, and matrix Y- ∈ Rm2×n symbolizes the output of the m2 patterns 
of class −1. 
 (x1,y1), (x2,y2), … , (xm,ym) ∈ X, Y (1) 
The linear SVM solves the classification problem by finding the parallel optimal hyperplane. In binary SVM classification, 
the decision hyperplane is located midway between two supporting hyperplanes. These hyperplanes represent the two 
class patterns respectively; they are placed as far from the opposite class as possible while remaining in close proximity 
to their own class. A new pattern is assigned to the class whose separating hyperplane it is nearest to. Equation (2) 
represents the hyperplane separation formula: 
 f(x) = (wT · x) + b = 0 (2) 
where w is the inertia weight vector, w ∈ Rn, b ∈ R, and the pre-specified threshold is denoted by b. To measure the 
empirical risk and determine the decision hyperplane together with its values of w and b, the following optimization 
problem is used. Equation (3) represents the linear optimization equation of structural risk minimization for computing 
w and b: 
 minw, b, ξ 12‖w‖2 + C i=1mξi     s.t.     yi((w · xi) + b) ≥ 1 - ξi (3) 
for  i = 1 … m ,   ξi ≥ 0 
where C is the punishment coefficient and ξi is the slack variable that ensures the constraint condition is satisfied. C is 
a user-defined parameter that balances the machine's complexity against the non-separable data points. 
Equation (4) is a decision function that assigns the class of a new pattern. It returns a value of 0 when the class is −1; 
otherwise it returns 1 when the class is +1: 
 f(x) = sgn((wT · x) + b) (4) 
In nonlinear classification, kernel-generated surfaces are considered instead of hyperplanes, while the remainder is the 
same. Equation (5) represents the Gaussian kernel function. Mathematically: 
 f(xi, xj) = exp(‖xi - xj‖22σ2), σ > 0 (5) 
3.1.2  Twin support vector machine 
TWSVM is a machine learning classification technique [37]. In the n-dimensional real space Rn, it has two non-parallel 
hyperplanes, which are as far from each other as possible while being closer to one of the two classes. Mathematically, 
Equations (6)–(7) represent the two non-parallel hyperplane equations: 
 f+(x) = w+Tx + b+ = 0 (6) 
 f-(x) = (w-Tx + b- = 0) (7) 
Equations (8)–(9) are used for finding the hyperplanes; two quadratic programming problems are formulated to obtain 
these values. 
minimizew+,b+,ξ- 12‖X+w+ + e+b+‖2 + C1e-Tξ- , 
s.t. (X-w+ + e-b+) + ξ- ≥ e-,  ξ- ≥ 0 (8) 
And 
minimizew-,b-,ξ+ 12‖X-w- + e-b-‖2 + C2e+Tξ+ , 
s.t. (X+w- + e+b-) + ξ+ ≥ e+,  ξ+ ≥ 0 (9) 
classi= arg mink=+,-|w+Tx+bk|||wk||                                                                                            (10) 
Here, ξ is the slack variable, and ξ+ = (ξ1, … , ξm1) and ξ- = (ξ1, … , ξm2) for the classes. The user-defined penalty 
parameters are C1 and C2. The consistent dimension vectors are e- and e+, and the two norms are denoted by ‖·‖. b- & 
b+ ∈ R, w- & w+ ∈ Rn. Equations (8)–(9) are two hyperplanes, and the new pattern's class is determined by which of 
the two hyperplanes an item is closest to. The decision is made and a class is assigned using Equation (10), where the 
absolute value is denoted by ||. 
3.1.3  Bat Algorithm 
Xin-She Yang invented the bio-inspired bat algorithm in 2010. The bats use echolocation, which involves loudness and 
changing pulse rates of emission, serving as inspiration. The following fundamental steps are illustrated, based on some 
approximations and idealizations [38-39]. 
Step 1: The virtual bats N are initialized, and Equation (11) represents their velocities vi and positions xi in the search 
space. The N bats' velocity is zero or another low value. 
 xi,j = xjMin + (xjMax - xjMin) * rand(0,1) (11) 
Here, i ∈ [1,2,3, … , N], j ∈ [1,2,3, … , D] and rand(0,1) are random vectors. The domain problem size depends on the 
values of xjMin and xjMax. 
Step 2: New solutions are generated. Equations (12)–(14) simulate bats flying toward promising areas in the search 
space. 
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 fi = fmin + (fmax - fmin) × β (12) 
 vit+1 = vit + (xit - x*) × fi (13) 
 xit+1 = xit + vit+1 (14) 
Where β ∈ [0,1] is a random vector, x* is the current global best solution, and the domain size of the problem depends 
on the frequency fmin and fmax. 
Step 3: The local search is invoked, which is activated if a large number of random numbers are compared to the pulse 
emission rate r. Equation (15) shows the best solution around a random walk. 
If  rand(0,1) > ri 
xnew = xold + ε * Ameant (15) 
Where ε ∈ [-1,1] is a random vector from a uniform distribution. All bats' average loudness at time-step t is Ameant, and 
the rate of pulse ri ∈ [0,1]. 
Step 4: The solutions are updated randomly. Equations (16)–(18) represent the updated accepted solution of position, 
loudness, and pulse rate. 
If  rand(0,1) > Ai  &&  f(xi) < f(x) 
f(x) = f(xi) (16) 
Ait+1 = α Ait (17) 
rit+1 = ri0(1 - e-γt) (18) 
The constants are α (α ∈ [0,1]) and γ (γ > 0). The initial loudness Ai0 and pulse rate ri0 are uniformly distributed in the 
intervals [1,2] and [0,1], with α = γ = 0.9. 
Step 5: The global best solution is updated. 
3.1.4. The NBA 
The NBA is an enhanced version of the original bat algorithm [40], which aims to be a better optimization algorithm.  The 
virtual bats are represented in the search space by their position, velocity, and prey in D-dimensional space. The 
trajectory of virtual bats is determined by classical mechanics. In the NBA, the doppler effect is incorporated. Due to 
quantum behaviour, the virtual bats appear in the search space in any position. Two additional idealised rules must be 
formulated. 
• A stochastic selection allows all bats to forage. 
• The doppler effect in echoes can be compensated for by all bats. They have the ability to adaptively change the 
compensation rate based on how close they are to their targets. 
The position of all N virtual bats is Xi,jt(i∈1,2,…,N,j∈1,2,…,N, velocity vi,jt at time t step, food search in a D-dimensional 
space. Equation 19 finds the best parameter θ that minimizes the objective function(θ). 
θminFθ=Accuracyvalθ+λ.∥θ∥2   (19)                                                                           
Bats have quantum behaviour. If one bat finds a food location, then others will start feeding there as well.gjt shows the 
entirety of the best position in the bat swarm, they could serve as an attractor. The quantum behaviour of virtual bats 
positions are expresses in Equation 20. 
 
xi,jt+1=gjt+θ*meanjt-xi,jt*ln1ui.j, if randj0,1<0.5 , gjt-θ*meanjt-xi,jt*ln1ui.j , otherwise ,     
 (20) 
Here, meanjt=1N*iNxi,jt, u is uniformly distributed in (0,1). 
For the doppler effect, updating the offspring at time step t  xi,jt+1and  vi,jt+1. The bats’ compensation rates are 
dependent on frequency, and they have three parts. The value of frequency is between fmin and fmax. The global best 
solution gjt. λifi is product of velocity and appropriate frequency fi. For the movements of the bats, inertia weight w 
additional parameters are added for velocity updates. Equations 21-24 are expressed the frequency update, doppler 
compensated frequency, velocity update and position update. 
fi,j=fmin+fmax -fmin*rand0,1        (21) 
f'i,j=(c+vi,jt)c+vg,jt *fi,j*1+Ci*gjt- xi,jtgjt + xi,jt+ε       (22) 
vi,jt+1=w*vi,jt +git -xi,jt*fi,j        (23) 
xi,jt+1=xi,jt+vi,jt                (24) 
Here, a uniform random vector is w ∈[0,1]. is the smallest constant that is used to avoid zero-division error. The range 
of C is C ∈[0,1] . One indicates that the bat has fully compensated for doppler effect in echoes, whereas zero indicates 
that it is unable to do so.c (c = 340 m/s) is the speed in air, vg,jtis the speed corresponding to the global best position. 
Each solution xit=[C1,C2,C3,C4,C5]are evaluated via the fitness function f(.) and the best parameter are updated 
accordingly. Equation 25-26represent each bat new position using the gaussian perturbation around the global best. 
If rand0,1>ri 
xi,jt+1=gjt*1+rand n 0,σ2   (25) 
σ2=Ait-Ameant+ε  (26) 
 
Where,rand n 0,σ2is a gaussian distribution with mean 0 and standard deviation σ2.ε is used to ensure σ2>0. The 

http://www.svedbergopen.com/


International Journal of Artificial Intelligence and Machine Learning www.svedbergopen.com  

Vol.6, No.12s, 2026                                                                                                     691 

average loudness of bats is Ameantat time step t. 
Equation 27 represents the loudness updates. 
ωit+1= αωit   ,α is a constant           (27) 
Equation 28 represents the pulse rate update. 
rit+1= ri01-exp-γt,γ is a constant     (28) 
When, over a number of time steps (G), all bats are unable to locate a better prey than the one they found earlier, this 
occurs repeatedly. 
 
3.2 The Proposed HNBTBSVM Movie Recommendation System 
The HNBTBSVM based personalized movie recommendation system integrates the NBA with TBSVM. The NBA 
optimizes the TBSVM parameters to enhance recommendation accuracy. 
Our proposed model consists of two parts: 
• The processed dataset from Movie lens. 
• HNBTBSVM algorithm 
 
3.2.1 HNBTBSVM movie recommendation system 
The NBA is combined with TBSVM, which is a powerful classifier. Then consider TBSVM again, it has four user-defined 
parameters that need to be tuned for its particular application. By adopting the methodology from [20] the classification 
accuracy of TBSVM is given by: 
A=Tp+TnTp+Fp+Tn+ Fn         (29) 
Where,  Tp= number of positive patterns decided to be positive 
 Tn=number of negative patterns decided to be negative, 
Fp= number of negative patterns decided to be positive, 
Fn= number of positive patterns decided to be negative. 
The accuracy of TBSVM by tuningC1,C2, C3, and C4 for employed Movielens dataset.  
x=(C1,C2,C3, C4) in the linear kernel HNBTBSVM Model. 
x=(C1,C2,C3,C4,µ) in the gaussian kernel HNBTBSVM model. 
 Figure 2 depicts the flowchart of the HNBTBSVM model. 

 
Figure 2. HNBTBSVM model flowchart 
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Moreover, x∈R in both of the cases i.e., linear and nonlinear. The proposed model HNBTBSVM algorithm is shown as 
algorithm 1. 

INPUT-User-Movie rating matrix 
OUTPUT-Top-K movie recommend 
Step 1: Load the user–item rating matrix R=[ru,i]m×n 
Step 2: Normalize the rating matrix 
Step 3: Apply dimensionality reduction using singular value decomposition 
R′=UkΣkVkT 
Step 4: Construct user feature vectors 
xu=Uk(u,:) 
Step 5: Construct movie feature vectors 
xi=Vk(i,:) 
Step 6: Form user–movie combined feature vectors 
xu,i=[xu,xi] 
  Step 7: Initialize Novel Bat Algorithm population with random solutions (positions, velocities, parameters) 
xi,j=xjMin+xjMax-xjMin* rand0,1 
  Step 8: Define fitness function based on prediction error  
θminFθ=Accuracyvalθ+λ.∥θ∥2 
  Step 9: Update bat positions, velocities, frequency, loudness, and pulse rate 
fi,j=fmin+fmax -fmin*rand0,1                                                                                  
f'i,j=(c+vi,jt)c+vg,jt *fi,j*1+Ci*gjt- xi,jtgjt + xi,jt+ε 
vi,jt+1=w*vi,jt +git -xi,jt*fi,j 
  Step 10:  Generate new candidate solutions and perform local search. 
If rand0,1>ri 
xi,jt+1=gjt*1+rand n 0,σ2 
σ2=Ait-Ameant+ε 
  Step 11:   Evaluate fitness of each bat and update global best solution. 
ωit+1= αωit   ,α is a constant                                
   rit+1= ri01-exp-γt,γ is a constant 
  Step 12:   Repeat Steps 8–11 until convergence condition is satisfied 
  Step 13:  TWSVM Optimization 
f+x=w+Tx+b+=0   
f-x=w-Tx+b-=0  minimize w+,b+,ξ-12||X+w++e+b+||2+C1e-Tξ- ,   
s.t. X-w++e-b++ξ-≥e-, ξ-   ≥0 
minimize w-,b-,ξ+12||X-w-+e-b-||2+C2e+Tξ+ ,                 s.t. X+w-+e+b-+ξ+≥e+, ξ+≥0 
Kernel function used  
Kxi , xj=exp(- ∥xi-xj∥22σ2) 
TWSVM Decision Rule 
classi= arg mink=+,-|w+Tx+bk|||wk|| 
  Step 14: Predict ratings for user–movie pairs using optimized TWSVM model 
Ranku= f+x+f-x2 
  Step 15:   Rank items based on predicted ratings 
Ranku=argsort(r^u,i) 
  Step 16: Select Top-N movies with highest predicted ratings for each user 
Top-K(u)= argtopKir^u,i 
  Step 17: Evaluate performance using metrics such as RMSE, Accuracy, Precision@K 

 
3.2.2 Experimental dataset 
The proposed HNBTBSVM is implemented in MATLAB R2014a running on Intel(R) Core (TM) i3-4005U CPU @ 1.70GHz 
with 4 GB of RAM on Windows (10 Pro) OS. Table I shows the Movielens dataset information. 

 
Table 1. Movielens dataset 

Dataset 
 

No. of samples No.      of features No. of classes 
Movies Users Ratings 

Movielens 1M 
 
3900 
 

 
6040 
 

1000209 12 2 
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The evaluation of the proposed HNBTBSVM model with traditional methods of recommendation systems, the Movielens 
1 M dataset [41] is used. For the HNBTBSVM model, hyperparameter settings are described in Table 2. The population 
size is exploring the solution space effectively in high dimensionality for the recommendation task. The γ = 0.9 is 
selected to balance between exploration and exploitation for reducing the loudness. In the prediction model, 
experiments were performed on a linear kernel function and a non-linear gaussian kernel. 
 

Table 2. Parameter Used 

Parameter 
HNBTBSVM model 
value 

CF-IWA PSO-SVM model 
value 

Population size 500 50 
Maximum number of iteration(M) 100 100 

alpha (α) 0.99 - 
gamma(γ) 0.9 - 
Maximum Frequency 1.5 - 
Minimum Frequency 0  
Dim 5 2 
r0Max 1 - 
r0Min 0 - 
AMax 2 - 
G(Growth factor) 10 - 

probMax .9 - 
probMin 0.6 - 
θMax 1 - 
θMin 0.5 - 
wMax 0.9 0.9 
wMin 0.5 0.5 
CMax 0.9 100 
CMin 0.1 0.01 

The Movielens dataset is pre-processed and user-movies matrix is generated. It contains the ratings.dat, users.dat, and 
movies.dat files. Users.dat file in user demographic information, movies.dat in movie information, and ratings.dat 
contain the users’ movie ratings information. All three files combine with the UserID and MovieID into a single table. 
Table 3 shows the description of the combined dataset. The single table is called the user-rating matrix. Then, the 
categorical attribute of features is converted into a numerical format. Genres converted into multi-label binarization 
and label encoding. Ratings are converted into a binary form of likes and dislikes, and then the user-rating matrix is 
normalised. The new user and new movies have no rating or a very low rating, and sparse matrix uses the singular value 
decomposition for dimension reduction. Table 4 shows the dataset after pre-processing. 
 

Table 3. Description of the dataset before pre-processing 

User ID Movie ID Gender 
Genres (Multi 
Class) 

Rating (binary) 

1 1432 Male 
[Thriller, Action, 
Horror] 

4 

 
Table 4. Description of the dataset after pre-processing 

User ID Movie ID Gender Genres (Multi Class) 
Rating 
(binary) 

1 1432 Male [1,2,8] 4 

The performance analysis of the proposed HNBTBSVM model with Movielens 1M dataset. The dataset contains the 3900 
movie ratings from 6040 users. Only 2,000 sample data are used. The proposed model first converts the Movielens 
dataset into numerical data. Then randomly select 10 folds of the dataset as a testing set, and then add to the test dataset. 
The remaining is used for the training dataset. Figure 3 depicts the flowchart of pre-processing of Movielens dataset. 
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Figure 3. User-Movie feature extraction information 

 
The user demographic information of users alleviates the problem of ‘cold start’. In the proposed HNBTBSVM model, 
user information, movie information, and rating information are used for building the “user-movie” matrix. The 
classification model concept is based on user ratings: likes and dislikes. The 4- or 5-star rating shows the “like” category 
the 1, 2- or 3-star rating denotes the “dislike” category. The proposed HNBTBSVM model was trained on the user-movie 
correlation matrix, and optimized TBSVM with NBA. Figure 4 depicts the proposed HNBTBSVM model for a movie 
recommendation system. The HNBTBSVM model recommends the movie list to the users.  
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Figure 4. Personalized HNBTBSVM model for movie recommendation system 

 

4. Experimental Results & Discussion  
The performance evaluation of TBSVM model and the standard bat algorithm with TBSVM is called the BATBSVM model, 
and TBSVM with a novel bat algorithm is called the HNBTBSVM model. The experiments were performed on the 
Movielens dataset across an 80:20 training and test set. Table 5shows the performance analysis of different models of 
TBSVM algorithm. 
The proposed HNBTBSVM model performance comparison with CF-IWA PSO-SVM movie recommendation system, 
TBSVM, and BATBSVM models on the Movielens dataset reveals notable differences across various train-test splits. It is 
implemented in MATLAB [42].  
 

Table 5. shows the performance analysis of different models of TBSVM algorithm 

Models\ Metrics 
Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-score 
(%) 

AUC-ROC  MAE 

TBSVM  85.3 84.1 83.2 83.4 0.85 0.74 
BATBSVM 87.3 87.4 85.1 86.2 0.90 0.73 

 
Table 6 shows the average accuracy of the linear kernel HNBTBSVM model on the Movielens dataset splits across 
training &test sets (70:30, 80:20, 90:10, 95:05), along with the parameter values C1, C2, C3, and C4. As the training data 
percentage rises, model accuracy increases significantly. Starting from an accuracy of 70.43% at the 70:30 split, the 
model’s performance rises to 75.3% at 80:20, 85% at 90:10, and reaches a high of 90.70% at the 95:05 split. The upward 
trend shows the model’s capacity for leveraging more data effectively, and the results depict progressively better 
performance. 
The values of parameters C1 through C4, which regulate different aspects of the model, vary across splits, indicating 
adaptive parameter adjustments with changes in training data. The model dynamically adjusts the parameter weights 
based on the available data, with higher training percentages yielding more balanced parameter distributions and 
enhanced accuracy. The linear kernel HNBTBSVM model is particularly effective with larger training sets, where 
parameter tuning becomes more impactful for maximizing accuracy. 
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Table 6. Accuracy (%) of linear kernel HNBTBSVM model 
Movielens Dataset Accuracy C1 C2 C3 C4 
70:30 70.43 0.0000 0.0000 37.4929 9.6563 
80:20 75.3 0.5618 0.0043 0.0043 6.6636e-04 
90:10 85 14.0255 26.0130 8.6815 42.9397 
95:05 90.70 0.7842 6.6690e-10 4.1118 e-10 33.6884 

 
Table 7 shows the comparison analysis of classification accuracy of CF-IWA PSO-SVM model and the proposed 
HNBTBSVM model on Movielens dataset. It is observed that when training dataset is increased, the CF-IWA PSO-SVM 
model, linear kernel, and gaussian kernel HNBTBSVM model’s classification accuracy also increases. The CF-IWA PSO-
SVM provides steady accuracy, HNBTBSVM models—particularly with the gaussian kernel—excels as training data 
increases, suggesting they are more effective in scenarios where larger datasets are available, offering higher accuracy 
in recommendation classification.  
 

Table 7. shows the comparison analysis of the classification accuracy of CF-IWA PSO-SVM & HNBTBSVM 
models 

Movielens Dataset CF-IWA PSO-SVM Model Linear kernel 
HNBTBSVM Model 

Gaussian kernel 
HNBTBSVM Model 

70:30 76 70.43 73.78 

80:20 76.4 75.3 78.86 

90:10 79.6 85 89.20 

95:05 79.6 90.70 93.45 

 
Figure 5 & 6 shows the graphical representation of different models with various parameters. The CF-IWA PSO-SVM 
Model & HNBTBSVM Model with different parameters on the Movielens dataset across training and test set 80:20. The 
performance evaluation of the proposed HNBTBSVM model is more accurate as compared to other models in 
personalized movie recommendation
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Figure 5. Comparative analysis of different models on different parameters. 
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Figure 6. Comparative analysis of different models of MAE & AUC-ROC. 

 
The confusion matrix depicts the HNBTBSVM model performance on a sample of 2000 users, demonstrating its great 
classification capacity. Table 8 shows the confusion matrix of the HNBTBSVM model. The large number of true positives 
and true negatives, together with relatively low false predictions, reveal that the HNBTBSVM model effectively 
distinguishes between relevant and irrelevant recommendations, demonstrating its accuracy and precision in 
personalised movie recommendation tasks
 

Table 8. Confusion matrix of the HNBTBSVM model for movies 
 Actual relevant movies  Actual irrelevant movies 
Predicted relevant movies TP = 690 FN = 110 
Predicted irrelevant movies FP = 105 TN = 1095 

 
Table 9 shows the computational performance of the proposed HNBTBSVM model and the CF-IWA PSO-SVM model. 
The time complexity and scalability of the proposed HNBTBSVM model is less, and CPU utilisation is more as compared 
to the CF-IWA PSO-SVM model for 100 iterations. 
 

Table 9. Computational performance of different models 
Metric HNBTBSVM model CF-IWA PSO-SVM model 
Training Time (seconds) 900 1300 
Iterations 100 100 
CPU usage 85% 80% 
Scalability (time growth) O(n) O (n log n) 
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The performance of the proposed personalized movie recommendation HNBTBSVM model was evaluated 
through a series of experiments. The classification capability of the proposed model was evaluated using 
different parameters and compared with the CF-IWA PSO-SVM model, as well as the TBSVM and BATBSVM 
models. 
The three models—CF-IWA PSO-SVM, linear kernel HNBTBSVM, and gaussian kernel HNBTBSVM—across 
varying training sample sizes on the Movielens dataset. The CF-IWA PSO-SVM model exhibits stable but limited 
accuracy, with minimal improvement as the training data increases, plateauing around 79.6%.  
The HNBTBSVM models—linear and gaussian kernel show significant improvements with larger training sets. 
The linear kernel HNBTBSVM model increases steadily in accuracy, reaching around 90% at the highest 
training proportion, indicating its effective utilization of more data. The gaussian kernel HNBTBSVM model 
consistently outperforms the other models, achieving a high value of accuracy, recall, precision, AUC-ROC, and 
F1-score and reducing MAE. Across all splits and reaching approximately 93.5% with 95% training data. The 
gaussian kernel HNBTBSVM captures complex data patterns, enhancing its performance accuracy as training 
data grows. 
The HNBTBSVM model in experimental metrics, precision, and recall are the main parameters for addressing 
the cold start issue. The TBSVM dimension size is 5, which specifies the number of selected features utilised for 
categorisation (e.g., genre, user demographics, movie information). The gaussian kernel was essential for 
representing complex non-linear relationships between sparse user-item rating matrices. The frequency range 
(0-1.5) and control parameters α = 0.99 and γ = 0.9 improved the model's adaptability under a sparse matrix. 
These parameters allowed the HNBTBSVM model to efficiently project cold-start users and movies into the 
learnt preference space and generate relevant recommendations. 

 
5. Conclusion 
This work proposed an evolutionary movie recommendation model, the HNBTBSVM model that overcomes the 
limitations of the traditional CF technique. The model uses the users, items, and behaviour information for the 
construction of a “user-item” matrix. The matrix contains the user’s rating information according to their 
interest and preferences. The HNBTBSVM model is hypothesized to overcome the limitations of existing 
recommendation methods. 
According to experimental results, the proposed HNBTBSVM model recommends more accurate movies to the 
users as compared to the TBSVM, BATBSVM and CF-IWA PSO SVM models. The HNBTBSVM models, 
particularly the gaussian kernel variant, outperform the CF-IWA PSO-SVM model in terms of overall 
performance, and the rate of error is less on the Movielens dataset, especially as the training data proportion 
increases. The gaussian kernel HNBTBSVM model's ability to capture complex, non-linear patterns in the data 
enables it to achieve the highest accuracy. The linear kernel HNBTBSVM also shows promising performance, 
adapting well to larger training sets and offering a simpler alternative to the gaussian kernel model. In contrast, 
the CF-IWA PSO-SVM model, while consistent, reaches a plateau in accuracy and does not fully benefit from 
increased data, suggesting its limitations in scalability. 
For future work, there are several avenues to explore. First, optimizing the computational efficiency of the 
HNBTBSVM models, especially the gaussian kernel variant, would make them more practical for large-scale 
applications. Additionally, investigating hybrid approaches that combine the strengths of CF-IWA PSO-SVM and 
HNBTBSVM models might yield a model that is both robust with smaller datasets and adaptable with larger 
ones. Future research, further tuning of hyper parameters, and experimenting with other kernel functions may 
enhance the models' performance, potentially leading to even higher classification accuracy and efficiency. 
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Appendix 1  

S. No. Abbreviation Description 

1 BATBSVM standard bat algorithm with twin bounded support vector machine 

2 CB content based filtering 

3 CF collaborative filtering 

4 CF-IWA PSO-
SVM) 

contraction factor and dynamic adaptively inertia weight particle swarm 
optimization support vector machine 

5 MAE mean absolute error 

6 NBA novel bat algorithm 

7 HNBTBSVM hybrid novel bat twin bounded support vector machine 
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8 RMSE root mean square error  

9 SVM support vector machine 

10 TBSVM twin bounded support vector machine 
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