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Abstract - Online shopping has risen during the COVID-19 pandemic. Nowadays, recommendation systems are important for 

providing personalized suggestions. Recommendation Systems (RS) face the challenges of efficiently and relevantly providing 

suggestions from the large volume of information. Many fields use recommendation systems, such as movies, e-commerce, and 

news. A Collaborative Filtering (CF) algorithm is an effective RS technique that recommends items that are similar to the active 

user's items. CF is caused by data sparsity, cold start, and scalability problems. The proposed Novel Hybrid K-means and Mean-

Shift Clustering (NHMM) algorithm for recommending movies based on user preferences. Based on users’ past preferences, the 

input is collected from the MovieLens 1M dataset. The NHMM model is preprocessed and trained on the MovieLens dataset, and 

it recommends the top-k movies to the user based on the user’s interest preferences. The proposed NHMM model performance 

was evaluated with different recommendation techniques: k-means clustering, collaborative filtering, and matrix factorization. 

The experiment shows that the comprehensive results of the proposed NHMM model achieve the highest accuracy of 92.4%, 

precision 93.3%, recall 90.8%, and F1-score 91.9%. The proposed NHMM model recommends accurate, relevant top-k movies 

to users. The proposed NHMM model achieves the lowest RMSE (0.798) and MAE (0.633). The results show that the proposed 

NHMM model recommends accurate and robust, as well as diverse and serendipitous, top-k movies to users compared to other 

traditional models. 
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1. Introduction 
The rapid development of digital platforms has 

revolutionized the way users interact with online available 

movies. Due to the large volume of online movies available, 

users are overwhelmed. It is very difficult for users to find 

new, relevant movies based on their interests. Nowadays, it is 

a critical area in the field of machine learning to develop a 

sophisticated movie recommendation system [1]. The 

recommendation system filters relevant movies from a large 

volume of data and recommends the most efficient and 

accurate product based on their previous experience and 

choices. Traditional recommendation systems primarily 

employ Collaborative Filtering (CF), Content-Based Filtering 

(CBF), and Hybrid Approaches. CF recommends items to 

active users based on the past behavior of other users with 

similar tastes [2,3]. CF faces persistent problems of cold start, 

scalability, and noisy rating patterns [4]. Due to this issue, the 

system is not recommending an accurate recommendation to 

the new users because of a lack of sufficient data. To address 

such limitations, researchers have progressively assessed 

clustering-based methods that group similar users and 

products prior to generating recommendations[5]. K-means 

clustering is used for computational efficiency and the ability 

to group users or movies into similar clusters. The number of 

clusters is predefined for initial centroid selection [6]. 

Although there are various clustering techniques, just like 

DBSCAN, agglomerative, K-means clustering, and mean shift 

clustering have received significant attention. The K-means 

clustering method assumes spherical cluster forms, and it does 

not always reflect the inherent structure of data. A non-

parametric mean shift clustering technique does not need to 

redefine the number of clusters [7]. In which cluster can be 

any shape, and automatically figure out the number of clusters, 

and they are identified by regions of high data point density. 

It is computationally more demanding and less scalable than 

K-means clustering. It is effective in capturing the local 

density structure, efficient in handling large datasets, and able 

to fine-tune cluster boundaries based on local density. A 

http://www.internationaljournalssrg.org/
http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:nishabhalse@gmail.com
https://www.google.com/search?q=DBSCAN&rlz=1C1GCEO_enIN1181IN1181&oq=clustering+methods+&gs_lcrp=EgZjaHJvbWUqDQgBEAAYkQIYgAQYigUyBggAEEUYOTINCAEQABiRAhiABBiKBTINCAIQABiRAhiABBiKBTIHCAMQABiABDIHCAQQABiABDIHCAUQABiABDIHCAYQABiABDINCAcQABiRAhiABBiKBTIHCAgQABiABDIHCAkQABiABNIBCTEwNzc4ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8&mstk=AUtExfAW0XsbP_aupVja8kgFwpBrcgQzuqlEhfW_OqaH2TjR44DYNWHHKeUXdZT1ZUNzOZwS9PwX1O0eVGMIFYO6FQalZ-hYqKQihVL3YkqlBveX9QficmuyWi0Ekxl6MmI249QJGTgWpzWoVGofqhSERaucxmNMh7oJH6XKoR0phAD4WDU&csui=3&ved=2ahUKEwie-vX5rrWRAxX7zTgGHUf9NYoQgK4QegQIARAE
https://www.google.com/search?q=Agglomerative&rlz=1C1GCEO_enIN1181IN1181&oq=clustering+methods+&gs_lcrp=EgZjaHJvbWUqDQgBEAAYkQIYgAQYigUyBggAEEUYOTINCAEQABiRAhiABBiKBTINCAIQABiRAhiABBiKBTIHCAMQABiABDIHCAQQABiABDIHCAUQABiABDIHCAYQABiABDINCAcQABiRAhiABBiKBTIHCAgQABiABDIHCAkQABiABNIBCTEwNzc4ajBqN6gCALACAA&sourceid=chrome&ie=UTF-8&mstk=AUtExfAW0XsbP_aupVja8kgFwpBrcgQzuqlEhfW_OqaH2TjR44DYNWHHKeUXdZT1ZUNzOZwS9PwX1O0eVGMIFYO6FQalZ-hYqKQihVL3YkqlBveX9QficmuyWi0Ekxl6MmI249QJGTgWpzWoVGofqhSERaucxmNMh7oJH6XKoR0phAD4WDU&csui=3&ved=2ahUKEwie-vX5rrWRAxX7zTgGHUf9NYoQgK4QegQIARAF


Nisha Bhalse et al. / IJETT, 74(3), 248-257, 2026 

 

249 

hybrid approach is developed to overcome the shortcomings 

of cold start and scalability, noisy rating patterns, and to 

enhance clustering quality. Hybrid approaches combine 

several clustering-based techniques to capitalize on their 

individual strengths [8]. In this paper, a Novel Hybrid Movie 

recommendation system (NHMM) model incorporates the k-

means clustering method with the mean shift clustering 

method. The proposed NHMM model overcomes the issue of 

collaborative filtering’s sparsity and cold start problem and 

handles non-linear behavior patterns of users [9].  

The incorporation of clustering algorithms with 

collaborative filtering can improve the performance and 

system capacity for recognizing and exploiting hidden 

patterns in the data. The clustering method effectively handles 

the large volume of data and performs better in finding similar 

items and users, and provides efficient and diverse 

recommendations [10]. The mean shift clustering method 

minimizes parameter tuning and easily adapts to changing user 

preferences, which is ideal for real-world applications. In this 

paper, the proposed NHMM model improves the granularity 

and relevance of recommendations by leveraging. K-means 

clustering handles large datasets, and Mean Shift’s clustering 

is fine-tuned cluster boundaries based on local density. 

Our key contributions include the following: 

 The NHMM model integrates the K-means clustering and 

the mean shift clustering technique. This hybrid design 

leverages the computational efficiency of K-Means 

clustering to initially make a group of similar interests and 

mean shift clustering to refine clusters without 

predefining the number of clusters and handling 

heterogeneous user preferences. 

 The NHMM model captures the linear and nonlinear user-

movie rating pattern of behaviour. It generates accurate 

and coherent user groups, enhancing similar 

computations and relevant movie recommendations to 

users. 

 The NHMM model, in which K-Means clustering reduces 

scalability and computational load. It balances the 

computational efficiency and accuracy for large-scale 

recommendations. 

The layout of a research paper is as follows: Section 2 

discusses a review of literature on recommendation systems. 

Section 3 presents the existing algorithms and works of 

recommendation systems: the proposed Novel Hybrid Movie 

Recommendation System (NHMM) and pseudo-code. Section 

4 presents the experimental results conducted on the 

MovieLens dataset. Section 5 discusses the conclusion and 

highlights future work. 

2. Literature Review  
Many researchers have significantly contributed to the 

field of movie recommendation systems. Recommendation 

Systems (RS) assist in identifying items that are likely to 

interest clients. Nowadays, they are mainly used in web 

applications, where product and customer data are generated 

daily. RS uses this data to identify similarities between 

products or consumers, thereby inferring client preferences 

[11]. The RS contains the user’s set, which is U = {u1, u2, u3, 

u4,..um} and item sets are  I ={ i1, i2, i3, i4..in} and a collection 

of evaluations. Users provided the ratings for possible 

evaluations among them. User i rated item j, which is called 

the rating; it is represented as R(i,j). These ratings form a 

matrix of m×n size. These matrices extrapolate two types of 

data [12]. 

 Prediction: The main aim is to identify the unknown 

rating R(i,j) of  

 The rating matrix R, which indicates the user's rating of 

item j.  

 Recommendation: The aim is to generate a list of the most 

relevant products for a user that have not yet been 

purchased. 

Recommender systems can achieve their goals through 

various methods, which are generally categorized into three 

main [4]: 

Content-Based Filtering (CB): The CB recommends 

items to users based on the features of items and their past 

preferences. 

Collaborative Filtering (CF): This approach recommends 

items based on the user's interests by analyzing other users' 

behavior. CF is further divided into: 

Memory-Based CF: Use the historical ratings or user 

interactions to generate new recommendations. 

Model-Based CF: A model is developed from the existing 

data and generates the new recommendations. 

The hybrid approach integrates CB and CF methods to 

improve recommendation accuracy. Since collaborative 

filtering is a widely used and effective approach. The Singular 

Value Decomposition (SVD) is based on rating predictions. In 

SVD, two matrices are used, where one is V, an m × f matrix, 

and D is an f × n matrix, where f is a user-chosen 

dimensionality factor. This method verifies the equation of the 

utility matrix R. The user i is predicting the rating for item j, 

which is calculated by multiplying the ith row of V with the 

jth column. The matrix V and matrix D are calculated by using 

normally distributed random numbers. The error for each 

known value is calculated by using E(i, j) = R(i, j) − DjT Vi, 

where V is the row of user i and D is the column of item j. 

These errors use the stochastic gradient descent technique, and 

according to these techniques, the V matrix and D matrix 

values are adjusted. The V and D matrices are used for 

calculating the clusters. These clusters are used for the 
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evaluation of the prediction of collaboration. According to 

genres, an initial prediction is generated. The overall 

prediction is generated after the combination of all the local 

predictions.   

Sarwar et al. presented research on dimensionality 

reduction techniques in recommendation systems. The SVD 

enhanced the efficiency and scalability by compressing sparse 

rating matrices while retaining significant latent features. 

Their results showed neighborhood formation and CF 

prediction accuracy. The main challenge is extensive 

computing and pre-processing [13]. 

Wang et al. developed a multi-clustering collaborative 

recommendation system that incorporates K-means, 

hierarchical clustering techniques for capturing diverse user–

item patterns. Compared to single clustering techniques, these 

multi-clustering strategies increased computing complexity 

but generated more stable and refined clusters, improving 

accuracy, scalability, and noise reduction [5]. Anwar et al. 

compared the CF and kNN-based recommendation systems. 

The kNN variants-based RS employing Pearson correlation and 

cosine using similarity measures, produce more accurate 

predictions and perform better than traditional collaborative 

filtering, particularly when dealing with new users or items [14]. 

Teng Li et al. proposed an ensemble agglomerative 

hierarchical clustering algorithm that improves the clustering 

quality. The cluster clustering technique, in which initial 

clusters are further reclustered relying on a novel similarity 

measurement to capture deep structural associations between 

data points. They achieve higher accuracy and better cluster 

compactness [15]. Selamat and Moghaddam demonstrated an 

enhanced collaborative filtering that is applied to smoothing 

density-based user clustering. Inaccurate similarity 

computation and data sparsity are handled.  Within each cluster, 

it produces rating predictions that are more dependable and 

efficient [11]. 

Hu et al. introduced the LK-means algorithm that addresses 

the challenges of big data clustering. It is enhancing the search 

results, distributing cluster centroids more evenly, and 

enhancing global search capability and big data processing 

efficiency, particularly in handling unevenly distributed 

centroids, outperforming the traditional k-means algorithm 

[16]. 

Cariou et al. introduced an improved mean-shift clustering 

technique that combines adaptive stopping criteria with multi-

scale bandwidth selection with the mean shift algorithm. This 

approach maintains clustering accuracy and achieves faster 

convergence. However, the primary issue is performance 

degradation in highly high-dimensional data [17]. 

Frémal et al. developed a recommendation system based on 

item clustering that enhances collaborative filtering 

effectiveness by utilizing genre information and weighting 

approaches. In which item belongs to multiple genre-based 

clusters. Recommendation accuracy increases by combining 

cluster-specific predictions using weighting techniques [18]. 

Beel, S. Langer et al. demonstrated a movie 

recommendation that integrates collaborative filtering with 

weighting strategies. Every cluster generates its local rating 

prediction and then combines weighting strategies into a unified 

evaluation [19]. 

The investigated literature emphasizes that clustering 

approaches are becoming more essential to enhance 

recommendation systems.   It deals with issues of data sparsity, 

scalability, and handling heterogeneous user preferences. The 

proposed NHMM model is a hybrid incorporating K-means and 

mean shift clustering to exploit both partition-based and 

density-based clustering. The proposed NHMM model aims to 

generate movie recommendations that are more reliable, 

scalable, and contextually relevant than stand-alone methods. 

The proposed NHMM model promises improved performance 

in resolving issues identified in the literature review, such as 

handling heterogeneous user preferences and enhancing 

clustering granularity in high-dimensional ratings. 

3. Methods 
3.1. Background of Movie Recommendation Systems   

Recommender Systems (RS) are indeed effective 

knowledge management systems that play a crucial role in 

helping users filter through large amounts of data and avoid 

information overload [20]. The main purpose of RS is to help 

users discover useful and relevant information from a 

potentially overwhelming sea of data by leveraging various 

techniques such as CF, CBF, and hybrid approaches. CF is an 

effective and widely used technique for movie recommender 

systems.  

The nearest-neighbor method is employed in CF-based 

movie recommender systems. This technique finds the nearest 

neighbors similar according to the active user’s choice. The 

two most popular techniques adopted by CF are memory-

based CF and model-based CF. These techniques are used in 

recommender systems to recommend personalized 

suggestions based on users’ preferences and similarities. The 

memory-based methods handle the problem of data sparsity 

for recommendation systems. 

3.2. K-Means Clustering Technique 

The K-means clustering algorithm is used for partitioning 

the dataset into k distinct and non-overlapping clusters [21].  

 Initialization: Choose the first k cluster centroids at random 

or using a heuristic. 

 Assignment: Form k clusters nearest to the centroid. Assign 

xi to each data point in the dataset, calculate the distance 

between the centroid and xi, and find the cluster nearest to 

the centroid. 
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 Update: Recalculate the cluster centroids by averaging all 

points assigned to each cluster. 

 Iteration: Repeat steps 2 until the centroids are no longer 

changed. The number of iterations is at its maximum. 

3.3. Mean Shift Clustering Technique 

The mean shift clustering method is a non-parametric 

approach in which the number of clusters is not predefined 

[24]. It works by relocating data points to the mode (peak) of 

data density. Here is an overview of the mean shift clustering 

process: 

Initialization: Choose a kernel function (often Gaussian) 

and a bandwidth parameter. 

 Choose a kernel function (x) (commonly a Gaussian 

kernel). 

 Select a bandwidth parameter h, which determines the 

radius of the window used for shifting. 

Shift Points: Compute for each point and weight the mean 

for each neighbor within the bandwidth, and shift the point to 

the mean. Mean shift vector m(xi) is computed and shifted to 

modes. 

3.4 Methodology of the Proposed NHMM Movie 

Recommendation System 

The proposed personalized movie recommendation 

system integrates the K-means clustering and mean shift 

clustering algorithms and is called the Novel Hybrid K-Means 

Clustering and Mean Shift Clustering Movie 

Recommendation System (NHMM).  

K-means clustering makes a group of users or movies into 

clusters based on their similar features. Mean shift helps to 

refine these groups by spotting patterns or sub-clusters that K-

means missed. The NHMM model uses the MovieLens 

dataset. The methodology of the NHMM model is depicted in 

Figure 1. 

Input-user–item rating matrix R 

Output-Top-N movie recommendations to the user 

Step 1-Load the user–item rating matrix 

R=[ru,i]m×n 

Step 2- normalized the rating matrix 

Step 3: SVD applies for dimensional reduction 

R′=UkΣkVk
T 

Step 4- construct feature vectors 

xu=Uk (u, :)  

Step 5- Initialize K centroids 

C={c1,…,cK} 

Step 6: Assign the user to the nearest centroid 

cluster(u) = arg min
𝑗

∥ 𝑥𝑢 − 𝑐𝑗 ∥   

Step 7: centroids update 

𝑐𝑗 =
1

|𝑆𝑗|
∑ 𝑥𝑢𝑢∈𝑆𝑗

  

Step 8: Steps 6–7 repeat until 

∥cj
(t)−cj

(t−1)∥<ϵ  

Step 9: Apply mean shift on K-means centroids with a 

Gaussian kernel 

m(x) =
∑ 𝑥𝑖𝑖 𝐾( 

𝑥−𝑐𝑖
ℎ

)

∑ 𝐾( 
𝑥−𝑐𝑖

ℎ
)𝑖

                                      

Step 10: Shift the centroid until convergence 

x(t+1)=m(x(t))  

Step 11- converged points merge to form refined clusters 

and map the user's final cluster of centroids 

Step 12: Calculate user similarity within the refined 

cluster. 

sim(u, v) =
     ∑ 𝑟𝑢,𝑖

,
 𝑟𝑣,𝑖

,
𝑖  

√∑  (𝑟𝑢,𝑖
, )2

𝑖 √∑  (𝑟𝑣,𝑖
, )2

𝑖

  

Step 13- select top-k neighbors 

Step 14: rating prediction for users 

𝑟̂𝑢,𝑖 =  𝑟𝑢̅ +
∑ sim(u,v) (𝑟𝑣,𝑖−𝑟𝑣̅̅ ̅)𝑣∈𝑁𝑘(𝑢)

∑ |sim(u,v)|𝑣∈𝑁𝑘(𝑢)
  

Step 15- items ranked by prediction score 

𝑅𝑎𝑛𝑘𝑢 = 𝑎𝑟𝑔𝑠𝑜𝑟𝑡(𝑟̂𝑢,𝑖)  𝑅𝑎𝑛𝑘𝑢  

Step 16: Top-N recommendation list generated 

Step 17: evaluate performance for metrics RMSE, 

Accuracy, etc. 
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Fig. 1 Methodology of the NHMM movie recommendation system 

4. Results and Discussion 
4.1.  Dataset  

The proposed NHMM model utilizes the 1M MovieLens 

dataset, which includes 1 million movies, users, and ratings 

metadata. It consists of three main files: ratings.dat, which 

includes the ratings provided by users for movies; users.dat, 

which includes demographic information about the users; and 

movies.dat, which contains information about the movies. 

Table 1 depicts the description of the Movielens dataset. 

Table 1. Movielens dataset 

Dataset Parameters Value 

MovieLens 1 M 

Users 6040 

Movies 3952 

Ratings 1000209 

 

4.2.  Implementation 

The proposed NHMM model is implemented in 

MATLAB R2014a. The system is equipped with 8 GB of 

RAM and an Intel® Core™ i3-4005U CPU @ 1.70 GHz on 

WINDOWS (10 Pro) OS. The evaluation of the proposed 

NHMM model and traditional methods of recommendation 

systems is implemented in a specific computing environment 

with properties. The experiments are performed on the real-

world datasets of 1M MovieLens [23]. The proposed NHMM 

movie recommendation system uses hyperparameters, 

described in Table 2. 

Table 2. Parameters 

Parameters Value 

Number of Clusters 10-100 

Max Iterations 500 

Distance Metric Euclidean distance 

Convergence Threshold 1e−4 to 1e−6 

Bandwidth 0.2–2.0 

Kernel Type Gaussian 

Cluster Merge Threshold 0.1–1.0 

 

The proposed NHMM incorporates K-means clustering 

with the mean shift clustering method. K-means clustering is 

used for user segmentation, and mean shift clustering for local 

movie clustering. The model preprocesses data, creates feature 

vectors, clusters users and movies, maps clusters for 

recommendations, and periodically updates based on 

feedback. The NHMM model is demonstrated in the 

performance analysis in terms of showing the ability to cluster 

users and recommend movies effectively. The proposed 

model provides personalized and relevant movie 

recommendations to active users. 

4.3 Results Analysis 

The evaluation of performance and comparison of the 

proposed NHMM model with the K-means clustering method, 

matrix factorization, and collaborative filtering [14]. The 

proposed NHMM model is more effective than traditional 

methods. Preprocessed 2000 samples of the 1 M Movielens 

dataset are used for the experiment. Results are evaluated 

through the metrics of accuracy, precision, recall, F1 score, 

coverage, diversity, and serendipity. The comparison analysis 

of K-means clustering, collaborative filtering, and matrix 

factorization with the proposed model is depicted in Table 3. 
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Table 3.  Performance analysis of different techniques 

       Metric 

    Techniques 

Accuracy Precision Recall 
F1 

Score 
Coverage Novelty Diversity Serendipity 

K-Means Clustering (%) 84.2 87.5 80 85.7 76.8 79.3 80.1 78.4 

Collaborative Filtering 

(CF) (%) 
85.5 90.1 82.1 88 78.9 80.5 82.3 80.7 

Matrix Factorization (MF) 

(%) 
89.9 92.4 85 90.1 80.7 85.0 84.6 88.0 

NHMM (Proposed Model) 

(%) 
92.4 93.3 90.8 91.9 84.2 86.9 88.9 89.8 

The proposed NHMM model achieves the highest accuracy 

at 92.4%, surpassing CF 85.5 %, MF 89.90%, and K-means 

clustering 84.2%. The NHMM model is highly precise as 

compared to other techniques, and it is shown to be highly 

relevant according to the user preferences. The proposed model 

demonstrates outstanding performance in both precision, 93.3% 

and recall, 90.8% outperforming all other models. The NHMM 

model is highly precise as compared to other techniques, and it 

is shown to be highly relevant to the user’s interests.  The 

NHMM model also achieves the highest F1 score of 91.9%; it 

is balanced in precision and recall. It achieved an F1 score of 

91.9%, which means balanced precision and recall. The 

NHMM offers highly relevant recommendations to the users 

without sacrificing the number of correct recommendations. 

Coverage refers to the proportion of items in the dataset 

that the system can recommend. The NHMM model achieves 

84.2%, which means that it explores a wider range of movies 

and provides the users with wider recommendations. 

Traditional methods like K-means clustering, CF, and MF, with 

coverage scores of 76.8%, 78.9 % and 80.7% respectively, tend 

to focus on popular items, leaving lesser-known movies 

unexplored. Novelty measures how often the system suggests 

new and less popular movies. NHMM achieves a strong novelty 

score of 86.9% outperforming K-means clustering 79.3%, CF 

80.5% and MF 85%. This is crucial in a recommendation 

system because users often seek fresh and undiscovered 

content. The proposed model in diversity achieved 88.9%, K-

means Clustering 80.1%, CF 82.3%, and MF 84.6%. Diversity 

is exposed according to genres rather than similar movies. The 

high diversity score of NHMM reflects its ability to recommend 

movies across different categories, keeping the 

recommendation list varied and exciting for users.  Traditional 

models tend to focus more on user history and popular content, 

which limits the variety of recommendations. Serendipity is 

recommending unexpected but relevant movies to active users. 

The NHMM model scored 89.8%, showing that it not only 

suggests popular or frequently watched movies but also 

surprises users with hidden gems that match their preferences. 

Serendipity is a key factor in user satisfaction, as it introduces 

new movies to users that might not be considered. It has solved 

the cold start problem of movie recommendation systems. 

Additionally, Figure 2 depicts the performance of the proposed 

NHMM model and traditional techniques. The proposed 

NHMM model achieves better performance in terms of 

accuracy, precision, recall, F1 score, coverage, diversity, and 

serendipity. 
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Fig. 2 Comparison result of different techniques on the movie 

recommendation system 

Table 4 Represents the comparison of the proposed 

NHMM model and different models of the movie 

recommendation system. 

Table 4. Comparison of different techniques 

Metric RMSE MAE 

K-Means Clustering    0.889 0.701 

Collaborative Filtering (CF)  0.87 0.696 

Matrix Factorization (MF) 0.85 0.68 

NHMM (Proposed Model) 0.798 0.633 

Figure 3 depicts that the proposed NHMM model has less error of RMSE and MAE compared to K-means clustering, CF, and 

MF.
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Fig. 3 RMSE & MAE comparison of different techniques on movie recommendation 
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Figure 4 Depicts the Comparison Analysis of Different Models on Different Parameters. 
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Fig. 4 Comparative analysis of different techniques of movie recommendation 

The proposed NHMM model performance evaluation is 

superior in effectiveness for NDCG and Hit Ratio for top N = 

5 and 10 movies. Across all iterations, 10, 50, 100, the NHMM 

model consistently outperforms as compared to K-means 

clustering, Collaborative Filtering (CF), and Matrix 

Factorization (MF). The K-means clustering model improves 

with more iterations, whereas CF, MF, and NHMM improve 

moderately but plateau early. The NHMM model is most 

robust and accurate in generating top-N movies to users 

according to the user’s interest. Figures 5 and 6 show the 

comparison of performance evaluation of NDCG and hit ratio 

of 1M MovieLens for 5,10,50,100 iterations for top N=5, 10 

movie recommendations. 
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Fig. 5 Performance evaluation of NDCG of 1M for 5 to 100 iterations for Top N=5,10 movie recommendations 
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Fig. 6 Performance evaluation of the hit ratio of 1M for 5 to 100 iterations for Top N=5,10 movie recommendations 
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5. Conclusion 
The proposed NHMM movie recommendation system 

incorporates the strengths of the K-means clustering technique 

and the means shift clustering technique into a cohesive 

framework that balances efficiency and adaptability. The K-

means clustering provides clusters of users or movies in a 

predefined manner and minimizes computational complexity. 

Mean shift clustering refines clusters by discovering dense, 

non-linear preference patterns without the need for a 

predefined number of clusters.  

By limiting collaborative filtering operations to 

linguistically consistent and locally dense clusters, the system 

minimizes noise, better controls multi-genre and overlapping 

user preferences, and improves personalization. The proposed 

NHMM movie recommendation model performance is better 

and more effective than K-means clustering, collaborative 

filtering, and matrix factorization methods, across several key 

metrics. The NHMM model achieved 92.4% accuracy, 93.3% 

precision, 90.8% recall, and 91.9% F1 score. It is showing the 

balance between relevancy and completeness of movie 

recommendations. Additionally, it demonstrated superior 

coverage 84.2%, novelty 86.9%, diversity 88.9%, and 

serendipity 89.8%, compared to the competing algorithms, 

which reflects the ability to deliver a broader and more engaging 

range of movie recommendations. The proposed NHMM model 

has higher prediction accuracy, with the lowest error matrix, 

which is the lowest RMSE (0.798) and MAE (0.633). 

According to these findings, the proposed NHMM model 

improves the efficiency of movie recommendation systems by 

delivering more accurate, diverse, novel, and serendipitous 

recommendations. This model addresses the issue of the cold 

start problem and recommends better and more efficient 

recommendations to the active user. The proposed hybrid 

NHMM clustering approach enhances the recommendation 

quality and similarity computation. It is recommended to 

personalize the top-k movies to the active user. It is an efficient 

and relevant movie recommendations system. Future research 

could focus on enhancing the NHMM model in other areas like 

tourism, education, e-commerce, music streaming, etc. Any 

other optimization algorithm is applied with a hybrid model of 

a movie recommendation system for reducing the 

computational complexity and improving the execution time of 

the model.   
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