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The integration of recommendation technology within Internet of Things (IoT) environ-

ments has been significantly accelerated by advancements in network technology. 

These recommendation systems, which predict user preferences to deliver personalized 

suggestions, play a critical role in mitigating information overload by presenting the most 

relevant products or services to users. Traditional recommendation algorithms—includ-

ing collaborative filtering, content-based filtering, and knowledge-based approaches—

have proven effective but face challenges related to data sparsity, scalability, and the 

evolving nature of user preferences. 

This research addresses these limitations by enhancing Time Correlation Coefficient 

(TCC) models to better capture temporal dynamics. Unlike existing models that rely on 

a single attenuation coefficient, this study introduces customized coefficients tailored to 

each user, allowing the system to more precisely capture individual preference shifts 

over time. Furthermore, by integrating the TCC with item similarity scores, the approach 

aims to enhance both the relevance and accuracy of the recommendations. Four inno-

vative methodologies are proposed to refine the TCC framework: dynamic attenuation 

coefficient exploration via Time-based Decay, Cuckoo Search Optimization, Decay 

Model Selection, and Content-based Similarity integration with TCC through item simi-

larity scores. 

The dissertation demonstrates substantial progress in temporal collaborative filtering 

through detailed theoretical analysis and practical validation using three real-world da-

tasets: two from Amazon and one from MovieLens. The results show that the proposed 

approaches significantly improve the accuracy of the recommendation system compared 

to current models. By incorporating time-aware adjustments, the study highlights meas-

urable enhancements in recommendation accuracy, underscoring the effectiveness of 

dynamic, time-based approaches in personalizing recommendation systems. These find-

ings have important implications for future research and practical implementations in 

personalized recommendation services. 
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1. INTRODUCTION 

1.1 Background 

Recommendation technology is one prominent application of the many improvements 

that have been incorporated into IoT environments as a result of network technology's 

rapid advancement (Cui et al. 2020). In essence, this technology contributes significantly 

to Internet of Things services (Ranjan et al. 2018). By analyzing data about items, users, 

and their interactions, recommender systems can determine which products or services 

would be most appealing to a certain user. This software can be used by individuals or 

businesses (Bobadilla et al. 2013a). By selecting the most pertinent facts and services 

from a large amount of data, these systems aim to reduce information overload by provid-

ing individualized services. One of the primary features of recommendation systems is 

their ability to deduce a user's preferences and interests from their behavior, as well as 

that of other users, in order to offer tailored recommendations (Resnick and Varian 

1997). Collaborative filtering (CF) (Schafer J. Benand Frankowski 2007), content-based 

(CB) (Pazzani Michael J. and Billsus 2007), and knowledge-based (KB) (Burke 2002) 

techniques are popular approaches for recommendation. Because they work so well, 

traditional methods like content-based filtering and collaborative filtering are still in high 

demand. Content-based filtering suggests products comparable to those the user has 

already expressed interest in; collaborative filtering is based on the tastes of similar us-

ers. Every strategy offers a unique set of benefits and drawbacks. For instance, content-

based filtering may produce recommendations that are unduly specialized, on the other 

hand, issues with data sparsity, scalability, and the cold-start problem may arise with 

collaborative filtering (Adomavicius and Tuzhilin 2005; Schafer J. Benand Frankowski 

2007). Nonetheless, there are ways to somewhat lessen these difficulties. When dealing 

with the difficulties linked to IoT, two main factors need to be taken into account. IoT 

service systems manage large amounts of intricate and constantly growing data (Cui et 

al. 2020). The data is usually characterized by high dimensionality, sparsity, rich content, 

and structural complexity, which renders ordinary data processing approaches inade-

quate. Moreover, the exponential growth in the assortment and volume of products com-

pels buyers to dedicate additional time to finding certain items, frequently having to sift 

through irrelevant information, resulting in a time-consuming and tiring process. This ar-

duous procedure has the potential to result in a substantial decline in clients (Cui et al. 
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2020). Another difficulty arises from the changing and developing nature of user inter-

ests. Conventional recommendation techniques frequently overlook the dynamic aspect 

of user preferences, which evolve over time due to changing interests, novel experi-

ences, and seasonal patterns. Conventional systems assume that user interests remain 

constant, disregarding the dynamic relationship between user preferences and time. Us-

ers' interests are always changing; thus, a recommendation system that can accurately 

anticipate and address their immediate requirements is essential. In response to this 

issue, time-aware recommendation systems have been created, including temporal data 

to provide more accurate and pertinent recommendations. 

 

An intriguing approach in this field is the collaborative filtering algorithm (CF) is proposed, 

which is based on the time correlation coefficient (TCC) and CSK-means (TCCF).(Cui et 

al. 2020) The TCCF algorithm groups people with similar preferences together in order 

to deliver swift and precise recommendations. Nevertheless, the existing implementa-

tions of TCC have constraints in accurately capturing the intricacies of temporal dynam-

ics. 

1.2 Problem Statement 

  

While contemporary time-aware recommendation algorithms demonstrate a degree of 

efficiency, they are not without their shortcomings. Time-based Recommendation Sys-

tems, particularly those employing the Time Correlation Coefficient (TCC) approach, ex-

hibit a commendable level of effectiveness. However, they frequently fall short in pre-

cisely capturing the nuanced and evolving nature of user preferences. The inability of 

these models to consistently track and adapt to the shifting patterns of user interests 

over various timeframes, or to adequately respond to distinct temporal trends, results in 

recommendations that lack accuracy. This deficiency can be attributed, in part, to the 

lack of robust and relevant parameters within the TCC framework that can effectively 

mirror the fluctuations in user preferences. Moreover, these models tend to neglect the 

aspect of item similarity, an element that is vital for the generation of precise rating pre-

dictions and warrants integration into the algorithmic structure. To surmount these chal-

lenges, it is imperative to refine and advance these models by embedding temporal dy-

namics and the fluidity of user preferences into the recommendation mechanism, guided 

by well-defined criteria. Such considerations prompt the following inquiries: 
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• How can the precision of time-aware recommendation systems, particularly those 

based on the Time Correlation Coefficient (TCC), be enhanced to more accurately 

reflect the dynamic evolution of user preferences? 

• What modifications can be made to the existing TCC formula to better incorporate 

factors such as item similarity and temporal dynamics? 

• Which innovative techniques can be developed to integrate temporal context more 

effectively, thereby increasing the accuracy and relevance of recommendations? 

 

Therefore, the main goal of this dissertation is to enhance the accuracy of Time Correla-

tion Coefficient (TCC) models through the introduction of refined algorithms and the de-

ployment of four cutting-edge methodologies. These advancements are intended to 

more effectively assimilate temporal data, thus elevating the precision and applicability 

of the recommendations provided. The overarching aim is to augment user experience 

and interaction by delivering recommendations that are in sync with the dynamic nature 

of user preferences as they change over time. 

 

1.3 Research Approach 

The primary goals of this research study are as follows: 

1. Analyze Limitations: Conduct a critical evaluation of the limitations inherent in 

existing Temporal Collaborative Filtering (TCC) models, focusing on their ability 

to accurately capture temporal user preferences. 

2. Propose a Modified TCC Formula: Develop an enhanced TCC formula that 

more precisely reflects the influence of time on user preferences. This will involve 

introducing novel parameters and concepts to improve the model's temporal dy-

namics. Which includes different approaches: 

• Enhanced current TCC model through Content-based Similarity approach 

• Dynamic Attenuation Coefficient Exploration using Time-Based Decay 

• Dynamic Attenuation Coefficient Exploration using Cuckoo Search Opti-

mization 

• Dynamic Attenuation Coefficient Exploration through Decay Model Selec-

tion 
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3. Evaluate Effectiveness: Validate the effectiveness of the proposed modifica-

tions and methods through rigorous theoretical analysis and comprehensive ex-

perimental evaluations using real-world datasets. 

The research objectives focus on identifying and addressing limitations in existing TCC 

models, particularly their difficulty in accurately capturing the dynamic evolution of user 

preferences. To overcome this, the study proposes modifications like incorporating item 

similarity and dynamic attenuation coefficients through methods such as Time-Based 

Decay, and Cuckoo Search Optimization. These innovations specifically target the chal-

lenges of handling temporal shifts and adapting to evolving user behaviors. By validating 

these modifications through theoretical analysis and real-world testing, the study ad-

dresses the limitations and enhances the model’s ability to provide more accurate and 

relevant recommendations over time. 

1.4 Significance of the Study 

Integrating temporal context into recommendation systems is essential for enhancing 

their accuracy and relevance. This study significantly advances the field through the fol-

lowing contributions: 

• Advancing Temporal Understanding: Provides a comprehensive analysis of 

temporal dynamics in user preferences, offering insights into how these can be 

effectively modelled within recommendation systems. 

• Enhancing Recommendation Accuracy: Introduces improved methodologies 

that yield more precise and timely recommendations, thereby increasing user 

satisfaction and engagement. 

• Broad Applicability: Develops robust methodologies applicable across a variety 

of domains requiring personalized recommendations, including online retail, 

streaming services, and social media platforms. 

• Contributing to Research: Offers novel models and algorithms that lay a strong 

foundation for future research in the area of time-aware recommendation sys-

tems, fostering further advancements in the field. 

These contributions underscore the importance of temporal context in refining recom-

mendation systems and highlight the potential for significant improvements in user ex-

perience across multiple application areas. 
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1.5  Structure of the Thesis 

This thesis is organized as follows: 

• Chapter 2: Literature Review 

o Provides an in-depth review of the current state of recommendation sys-

tems, focusing on time-aware approaches and the role of temporal con-

text in user preferences. 

o Examines existing methods and algorithms, highlighting their strengths 

and limitations. 

• Chapter 3: Theoretical Foundation 

o Explains the theoretical background of the TCC model, including its 

mathematical formulation and the rationale behind its development. 

o Discusses the identified limitations of existing TCC approaches and 

the need for modifications. 

o Introduces the proposed modifications to the TCC formula, detailing 

the new parameters and their roles in capturing temporal dynamics. 

o Provides an algorithmic explanation of offered methods.  

• Chapter 4: Experimental Setup 

o Discusses the evaluation metrics used to assess the performance of the 

proposed methods. 

o Provides a description of datasets, and also Python libraries and specific 

packages are used in writing algorithms. 

• Chapter 5: Experimental Results 

o Applies the proposed methods to real-world data to demonstrate their 

practical applicability and effectiveness. 

o Presents results, insights, and feedback to validate the findings. 

• Chapter 6: Conclusion and Future Work   

o Highlights the study's contributions to recommendation systems and sum-

marises its main findings. 
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o Discusses the limitations of the study and suggests directions for future 

research. 

• References: 

o Lists all the academic sources and references cited throughout the thesis. 
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2. LITERATURE REVIEW 

 

2.1  Recommendation Systems  

 

Recommendation systems are designed to provide suggestions to new users in any do-

main (Cai et al. 2024). The main goal of such systems is to provide pertinent suggestions 

to inexperienced users concerned with services or items that correspond to their inter-

ests. Recommender systems utilize various data mining approaches to identify common-

alities among different data items (Chen and McLeod 2006). Instances of recommenda-

tion systems in practice include Amazon's algorithmic book recommendations and Net-

flix's personalized movie selections. The design of these systems is customized to suit 

the particular field and the unique characteristics of the data that is accessible. In order 

to provide suggestions, these systems analyze both product information and user data, 

generating a user-item similarity matrix that quantifies the similarity between users. Sub-

sequently, this similarity data is utilized to produce recommendations for novel consum-

ers. Typically, these systems utilize either collaborative filtering or content-based filtering 

strategies (Sayyed, Argiddi, and Apte 2013).  

2.2 Content-Based Filtering 

The content-based method is a specialized algorithm that analyzes the qualities of items 

in order to provide predictions. It is very efficient when suggesting materials such as web 

pages, publications, and news stories. Content-based filtering involves making sugges-

tions by analyzing user profiles and extracting information from the content of things that 

users have already rated (Bobadilla et al. 2013a; Burke 2002). Subsequently, recommen-

dations are made for items that bear resemblance to those that have received favorable 

ratings from the user.  

Content-based filtering utilizes diverse algorithms to assess the similarity between pa-

pers, thereby producing pertinent recommendations. It can utilize the Vector Space 

Model, such as Term Frequency-Inverse Document Frequency (TF/IDF), or probabilistic 

models like the Naive Bayes Classifier (Friedman, Geiger, and Goldszmidt 1997), Deci-

sion Trees, or Neural Networks (Bartocci et al. 2018) to represent the connections be-
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tween documents in a collection. These strategies produce recommendations by acquir-

ing knowledge about underlying trends using statistical analysis or machine learning 

methods.  

An inherent benefit of content-based filtering is its independence from other users' pro-

files, as their choices have no impact on the recommendations. In addition, the content-

based filtering technique has the ability to promptly adjust its recommendations when 

there are changes in a user's profile. Nevertheless, a significant limitation is the require-

ment for a comprehensive comprehension and precise delineation of the characteristics 

of the elements inside the user profile (OpenAI 2024). 

2.3 Collaborative Filtering 

The most often used way to develop recommendation systems is collaborative filtering. 

Collaborative Filtering (CF) approaches are important in the recommendation process, 

and they are typically used in conjunction with other filtering strategies such as content-

based and knowledge-based methods (Lops Pasqualeand de Gemmis 2011). Collabora-

tive filtering methods rely on collecting and analyzing a substantial amount of data related 

to a user's behavior, activities, or preferences(Rostami et al. 2023). These methods then 

predict the preferences of the user by comparing their similarities with other users (Luo, 

Xia, and Zhu 2013; Schafer J. Benand Frankowski 2007). A significant advantage of the 

collaborative filtering approach is that it may provide precise suggestions for composite 

items without relying on machine-decomposable messages. Collaborative filtering recom-

mendation systems offer items by analyzing the past ratings of a wide group of users. 

One of the pioneering systems that employed collaborative filtering, which utilizes user 

preferences to suggest items. There is a study that was the first to build an open archi-

tecture for filtering Usenet news, thus pioneering this approach. This technology estab-

lished the foundation for contemporary collaborative filtering methodologies (Resnick et 

al. 1994). 

Multi-domain collaborative recommender systems have been employed in several fields. 

GroupLens is a news-based system that uses collaborative ways to help users find items 

from a large news database (Adomavicius and Tuzhilin 2005b). Ringo is an internet-

based system that employs collaborative filtering to construct user profiles by analyzing 

their ratings of music albums (Chen et al. 2008). Amazon employs subject diversity tech-

niques to enhance its recommendation system (Ziegler et al. 2005). Collaborative filtering, 

a technique used in recommendation systems, can be classified into two main categories: 

memory-based and model-based (Bobadilla et al. 2013b; Breese, Heckerman, and Kadie 

2013.).  



 

9 
 

2.4 Memory Based Techniques 

The user's previously rated items play a vital role in finding comparable users, sometimes 

known as "neighbors," who have similar preferences (Zhao and Shang 2010; Zhu, Ye, 

and Gong 2009). After identifying these neighbors, several techniques can be employed 

to merge their tastes and produce suggestions. These approaches have shown significant 

efficacy, resulting in their widespread utilization in practical applications. Memory-based 

collaborative filtering can be implemented using either user-based or item-based meth-

ods. 

 

• User-Based Collaborative Filtering 

 

Through the assessment of users' evaluations of shared objects, user-based collaborative 

filtering calculates the degree of similarity between users. Then, using a weighted average 

of ratings from users who are comparable to the active user—the weights being the sim-

ilarity scores between these users and the target item—it predicts the rating of an active 

user for an item (Isinkaye, Folajimi, and Ojokoh 2015). For this approach, a thorough 

mathematical framework has been created that addresses scalability and similarity calcu-

lation concerns (Herlocker et al. 2004). 

 

• Item-Based Collaborative Filtering 

 

Item-based filtering techniques focus on predicting user preferences by comparing item 

similarities rather than user similarities. The approach involves creating a model that cap-

tures the similarities between items. This process starts by extracting all items that an 

active user has rated from the user-item matrix. The next step is to evaluate how similar 

these items are to the target item. The algorithm then selects the top k items that are most 

similar to the target item and calculates their corresponding similarity scores. The final 

prediction is derived by computing a weighted average of the active user's ratings on 

these k similar items. By precomputing item similarities, this method significantly en-

hances both scalability and recommendation accuracy, which is particularly beneficial for 

systems with a large number of users (Sarwar et al. 2001). Recommendation system 

techniques is briefly shown in Figure 2-1. 
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Figure 2-1 recommendation system techniques (Isinkaye et al. 2015) 

 

Similarity Measurment 

Cosine-based metrics and correlation-based metrics are two of the most often used sim-

ilarity metrics. The definition of the Pearson correlation coefficient, which is used to de-

termine how much two variables are linearly related, is as follows (Jannach 2010). 

 

                                 𝑠(𝑎, 𝑢) =
∑  𝑛

𝑖=1 (𝑟𝑎,𝑖−𝑟𝑎)(𝑟𝑢,𝑖−𝑟𝑢)

√∑  𝑛
𝑖=1 (𝑟𝑎,𝑖−𝑟𝑎)

2
√∑  𝑛

𝑖=1 (𝑟𝑢,𝑖−𝑟𝑢)
2
                       (2.1) 

 

Based on the given equation, n represents the total count of items in the user-item area, 

𝑟𝑎 denotes the average rating given by user a, and 𝑠(𝑎, 𝑢) signifies the similarity between 

two users, a and u. Furthermore, the weighted departure from the mean of the neighbors, 

which is determined by combining the ratings from the selected neighbors, is utilized to 

make predictions about an item. The fundamental equation for prediction is: 

 

              𝑝(𝑎, 𝑖) = 𝑟𝑎 +
∑  𝑛

𝑖=1 (𝑟𝑢,𝑖−𝑟𝑢)×𝑠(𝑎,𝑢)

∑  𝑛
𝑖=1 𝑠(𝑎,𝑢)

                              (2.2) 

 
 

Instead of utilizing a statistical approach, cosine similarity functions are implemented in-

side a vector-space model that is grounded in linear algebra. This distinguishes it from 

the Pearson-based measure. It examines the arc formed by two n-dimensional vectors to 

quantify their similarity.  
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In information retrieval and text mining, this cosine-based metric is widely utilized for com-

paring text documents, which are represented as term vectors. According to (Adomavicius 

and Tuzhilin 2005b, Herlocker et al. 2004, andJannach 2010), the similarity between two 

elements, u and v, is defined as follows: 

 

 

      𝑠(𝑢⃗ , 𝑣 ) =
𝑢⃗ ⋅ 𝑣 

|𝑢⃗ | ∗ |𝑣 |
=

∑  𝑖 𝑟𝑢,𝑖𝑟𝑣,𝑖

√∑  𝑖 𝑟𝑢,𝑖
2 × √∑  𝑖 𝑟𝑣,𝑖

2

                       (2.3)                          

 

2.5    Model-Based Techniques 

 
 

This method builds a model to improve the efficacy of collaborative filtering techniques 

using ratings from the past. One option is to use data mining or sophisticated machine 

learning techniques to carry out the model creation process. Because these techniques 

rely on pre-computed models, they may recommend a list of items quickly, and their effi-

cacy has been regularly shown to be on par with neighborhood-based recommender sys-

tems. These methods include matrix completion techniques, latent semantic analysis, re-

gression and clustering methods, and dimensionality reduction approaches like Singular 

Value Decomposition (SVD) (Isinkaye et al. 2015). Model-based algorithms critically ana-

lyze the user-item matrix to identify latent correlations between items, enabling the con-

struction and ranking of top-N recommendation lists. These methods significantly amelio-

rate the sparsity problems commonly found in recommendation systems. Furthermore, the 

application of learning algorithms has expanded the recommendation paradigm by provid-

ing guidance not only on the appropriate beverage choices for users but also on the optimal 

timing for consumption. To enhance the precision and effectiveness of model-based rec-

ommender systems, it is imperative to explore unconventional learning techniques. 

 

2.6  Cluster-Based Collaborative Filtering Models 

 

Traditional recommendation systems face significant hurdles due to the vast, complex, 

and ever-expanding nature of big data (Shi, Larson, and Hanjalic 2014). Novel cluster-

based collaborative filtering approaches have been devised to tackle these challenges 
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by minimizing the quantity of data points while preserving precise predictions (Salah, 

Rogovschi, and Nadif 2016; Zhou et al. 2018). When it comes to collaborative filtering, 

clustering is an essential preprocessing step that combines information from users who 

are similar to each other and improves recommendation performance. There has been 

a great deal of research on cluster-based collaborative filtering, including a range of ap-

proaches such as co-clustering, item-based clustering, and user-based clustering. In or-

der to classify movies based on user ratings, for instance, Zahra et al. (2015) used K-

means method. This allowed people to be grouped based on the groups of objects they 

had rated. In a similar vein, users can be categorized according to common interests and 

actions.  Furthermore, a Multiclass Co-Clustering (MCoC) model was put forth by Bu et 

al. (2016). It clusters comparable users by utilizing user-item subgroups. By examining 

the complex interactions that exist between users and things, this model creates sub-

groups that improve the precision and granularity of the clustering procedure. According 

to simulation data, this subgroup-based strategy can considerably outperform conven-

tional techniques in terms of suggestion performance.   

By capturing more complex links within the data, these clustering algorithms improve 

overall suggestion quality in addition to addressing the scalability and sparsity challenges 

inherent in large datasets. Therefore, in the Big Data era, the incorporation of such so-

phisticated clustering algorithms is essential to the ongoing development and efficacy of 

recommendation systems. 

 

2.7 Hybrid Approaches 

 

To enhance system optimization and address limitations and challenges of pure recom-

mendation systems, hybrid filtering approaches integrate multiple recommendation algo-

rithms (Adomavicius and Zhang 2012; Stern, Herbrich, and Graepel 2009). Hybrid ap-

proaches work on the premise that a mixture of algorithms, each with its own advantages 

over the other, will yield suggestions that are more accurate and successful than a single 

algorithm (Schafer J. Benand Frankowski 2007). The shortcomings of a single strategy 

can be mitigated in a combined model by utilizing numerous recommendation strategies. 

The approaches can be merged through one of the following techniques: building a sin-

gle recommendation system that integrates the two types of approaches; performing the 

algorithms independently and merging the results; or including some content-based fil-

tering into the collaborative approach. A survey of hybrid approaches is conducted, 

demonstrating that hybrid approaches can address problems like cold starts and improve 

the precision of suggestions (Burke 2002). 
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2.8 Time-Aware Recommendations 

 

A notable constraint of conventional recommendation systems (RS) is their incapacity to 

consider the dynamic character of user preferences over an extended period, potentially 

resulting in decreased suggestion precision (Ahmed et al. 2017). For example, while a 

user is younger, they might like animation movies, but as they get older, they might prefer 

action or drama movies. Therefore, it is critical to comprehend these changing user pref-

erences in order to make accurate predictions about future behavior—a challenge that 

classic RSs find difficult. With the realization that user preferences are not constant but 

rather vary over time, time-aware RSs have become the subject of much recent re-

search. These studies can be divided into several categories based on how they provide 

recommendations and rate predictions. The time-weighted collaborative filtering tech-

nique is a well-known strategy among the different time-sensitive techniques. 

2.9 Common methods in time-aware RS 

The following lists some of the most often used methods for suggestions that are time-

sensitive (Ahmed et al. 2017; Reham Alabduljabbar, Alshareef, and Alshareef 2023): 

 

• K-nearest-neighborhood (KNN) 

The k-nearest neighbor (KNN) method is extensively applied to address data spar-

sity issues. However, it has a significant limitation: it offers poor coverage for users 

who share goods with the current user, resulting in fewer ratings from the active 

user's neighbors. When the rating matrix is sparse, the predictions generated by 

neighbors tend to be mediocre. Nonetheless, KNN can be improved by integrating 

it with other variables such as baseline, latent factors, and time to better predict 

sparse rating scores (R Alabduljabbar, and Alshareef 2023). 

 

 

• Matrix Factorization (MF) 

Matrix Factorization (MF) has become a leading approach in collaborative filtering 

because of its effectiveness in tackling data sparsity and cold-start challenges. MF 

integrates techniques like Singular Value Decomposition (SVD), baseline, and la-

tent factors. It is proficient at identifying latent semantic components and managing 

scaleability issues. The MF process involves stages that utilize SVD, baseline, and 

latent factors to extract latent factors from a rating matrix, thereby simplifying the 

rating scores. SVD, a straightforward MF method, is used to extract latent feedback 
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between users and products. Additionally, KNN can be combined with matrix fac-

torization to enhance its performance (R Alabduljabbar et al. 2023). 

 

• Time-SVD++ Time-SVD++ is a well-known and comprehensive technique of time-

sensitive recommendations. It models user preferences and item attributes by in-

corporating multiple time bins and accounting for unexpected drifts, as evidenced 

by the Netflix Prize competition. Time-SVD++ also considers additional implicit feed-

back and temporal effects (Koren and Bell 2015). Among these, the time-SVD++ 

model stands out as a modern and widely adopted method for handling temporal 

dynamics. 

 

• T-UCF (Time-weighted User-based Collaborative Filtering) This method em-

ploys an exponential decay formula to represent the diminishing relevance of older 

data over time (Su et al. 2015). 

 

• Collaborative Evolution (CE)This time-aware matrix factorization technique uses 

temporal regression to handle the dynamic evolution of user latent vectors over time 

(Wan, Chen, and Yan 2021). 

 

• Collaborative Topic Regression (CTR) CTR uses Latent Dirichlet Allocation 

(LDA) to merge item content, assuming a linear relationship between the item latent 

vector and item topic distribution (Hamzehei et al. 2019). 

 

• Collaborative Deep Learning (CDL) CDL is a hierarchical Bayesian model that 

combines deep representation learning for content with collaborative filtering for a 

rating (feedback) matrix (Wang, Wang, and Yeung 2015). 

 

• GRU-based RNN Gated Recurrent Units (GRUs) are used to capture long-term 

data, enabling the interpretation of the global dynamic evolution of item ratings. Ad-

ditionally, several innovative algorithms and models contribute to the field of time-

sensitive recommender systems. These include Bayesian Probabilistic Tensor Fac-

torization (BPTF), a novel temporal approach called Pegasus, a temporal recom-

mender system known as TeRec, Neural Ordinary Differential Equation (NODE), 

and Time-Sensitive Collaborative Interest Aware (TSCIA) (Ahmed et al. 2017; Re-

ham Alabduljabbar et al. 2023; Bao and Zhang 2021; Chen et al. 2013; Xiong et al. 

n.d.; Xue et al. 2019a).  
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2.10 Pioneering Research in Time-Aware Recommender Sys-
tems 

The first researcher who inquired into models based on probabilistic MF for TimeSVD++ 

approaches was Koren (2009). He used a latent component, time change, implicit feed-

back, item bias, and user bias in the neighborhood model. Additionally, according to a 

different study, the dynamic time drift model (DTDM) (R Alabduljabbar et al. 2023)em-

ploys a time factor matrix along with clustering to estimate how far users' interests moved 

within a class. Sun and Dong (2017), Chua, Oentaryo, and Lim (2013)developed discrete 

temporal factorization models which reinforce multiple latent states at various time steps 

by utilizing dynamic matrix factorization (DMF) approaches. The evolution of user actions 

over time is tracked using non-negative matrix factorization. Additionally, Xiang et al. 

(2010), introduced session-based temporal graphs (STG), defining time bins through 

session-based temporal graphs across multiple time bins. Li et al. (2019) developed a 

different model that merged the RS approach with forgetting functions and similarity. 

Time weights in the latent transition model have not been employed in many studies to 

date. Furthermore, the proposed ratings using a three-dimensional tensor (user, item, 

and time) reflect tensor factorization, such as the Bayesian probabilistic tensor factoriza-

tion (BPTF) model (R Alabduljabbar et al. 2023, and Xiong et al. 2010). The model can 

learn the global evolution of latent features and ratings through utilizing the inner product 

of the latent component vector; but its sensitivity is not adequate to capture changes in 

preferences at the local level (Wangwatcharakul and Wongthanavasu 2020). In order to 

forecast alterations in user inclinations across time, two models have been provided: the 

temporal matrix factorization (TMF) and the Bayesian TMF (BTMF). The main concept 

is to employ a latent transition matrix to depict evolution, which represents the time-in-

variant aspects of users' temporal dynamics (Zhang and Wang 2016).   

 

In one study, a type of recommender system responsive to both time and location is 

introduced within a single model. The research proposes two approaches for implement-

ing time-sensitive recommender systems: implicit feedback, which utilizes a user's past 

behaviors, such as purchases or webpage clicks, to predict future actions, and explicit 

ratings, where timestamps are linked to user ratings. Additionally, three techniques are 

discussed for leveraging temporal information to enhance prediction accuracy: recency-

based models, periodic context-based models, and models that explicitly incorporate 

time as an independent variable (Aggarwal 2016).  
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A new method is proposed for calculating temporal weights of various items, effectively 

reducing the weight of older data. Consumer shopping habits tend to fluctuate, and the 

same individual may exhibit different reactions to different products. The suggested ap-

proach differentiates between multiple item categories by employing clustering tech-

niques. Additionally, it tracks changes in each user’s interest in purchasing specific item 

clusters, applying a customized decay factor based on the user's previous purchase his-

tory. According to Ding and Li (2005), the findings demonstrate that the suggested strat-

egy greatly improves item-based collaborative filtering's precision without adding more 

computing complexity. 

 

Yet another suggested strategy introduces, a new Recommender System that incorpo-

rates Temporal Reliability and Confidence measurements (RSTRC). The primary objec-

tive is to account for the changing pattern of user preferences over time when evaluating 

these indicators. This method differs from prior studies by incorporating the time dimen-

sion into both reliability and confidence measurements, recognizing the dynamic char-

acter of user activity. This technique reflects the initial endeavor to integrate confidence 

measures with temporal reliability in the recommendation process. In order to assess the 

efficiency of user rating profiles, a proficient probabilistic approach is utilized (Ahmadian 

et al, 2022). 

 

A recent study introduced the Feature Stability and Time Sensitivity (FSTS) method, a 

novel search technique that incorporates both time-sensitive parameters and stability 

variables. This approach aims to enhance recommendation accuracy by accounting for 

changes in user preferences over time while maintaining the stability of certain features, 

providing a more balanced and adaptive recommendation process. Coverage, popular-

ity, recall, and precision were the four evaluation criteria used to test the FSTS algorithm 

on the MovieLens dataset. To combat user interest drift, the prediction method retrieves 

item features using the feature vector and the time-sensitive factor. As a result, the FSTS 

algorithm enhances performance and prediction algorithms with little time-related com-

plexity. Nevertheless, the time-sensitive factor's dynamic change was lacking (Pang et 

al. 2020). A novel recommendation algorithm that takes time weights into account for 

different products was introduced in a study. According to Xue et al. (2019b), consumers' 

buying habits change with time. Therefore, it's important to lower the weight of earlier 

data. 

 

The article "Personalized Recommendation System based on Collaborative Filtering for 

IoT Scenarios" by Zhihua Cui et al. (2020) discusses how traditional recommendation 
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algorithms are limited in the Internet of Things (IoT) context. The authors introduce a 

new recommendation model called TCCF (Time Correlation Coefficient and CSK-

means), which groups like users together to provide fast and accurate recommendations. 

The paper's main contributions are:  Introducing a time correlation coefficient to consider 

The time-related aspect of user choices. A refined K-means method is enhanced by op-

timizing it using Cuckoo Search (CS) to improve the effectiveness of clustering. The con-

ducted experiments provide substantial evidence that the suggested model enhances 

recommendation accuracy by 5.2% when compared to the MCoC model, as observed in 

the MovieLens and Douban datasets. The study emphasizes the need to taking into ac-

count the temporal dynamics in user preferences and proposes a reliable method for 

providing prompt and precise recommendations in Internet of Things (IoT) scenarios. 

 

Building on the foundation laid by the previous study, this thesis distinguishes itself by 

leveraging temporal information to model user preference behavior more effectively and 

accurately. My innovative recommendation framework swiftly estimates item similarity 

based on text analysis, enabling the generation of more accurate recommendations. Un-

like traditional methods, our model integrates dynamic algorithms to detect interest drifts, 

ensuring that recommendations remain relevant over time. My work addresses several 

key challenges in the field of recommendation systems: 

• Temporal Information Utilization: Traditional recommendation systems often fail 

to account for the evolving nature of user preferences. Our approach integrates tem-

poral data, allowing the system to model how user interests change over time. This 

leads to more precise and timely recommendations, which better reflect the current 

preferences of users. 

• Enhanced Item Similarity Estimation: By employing advanced text analysis tech-

niques, our framework can quickly and accurately estimate item similarity. This ca-

pability is crucial for generating high-quality recommendations, especially in environ-

ments with large and diverse datasets. 

• Dynamic Algorithms for Interest Drift Detection: Users' interests are not static; 

they evolve due to various factors such as trends, personal growth, and external 

influences. Our model includes dynamic algorithms that monitor and adapt to these 

interest drifts. This feature ensures that the recommendations remain relevant and 

personalized, providing users with content that aligns with their current interests. 

The proposed method aims to enhance recommendation accuracy by integrating tem-

poral information and advanced text analysis to address key limitations such as evolving 
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user preferences. By dynamically adapting to changes in behavior and improving item 

similarity detection, it seeking for more personalized, relevant recommendations. This 

approach tries to address existing challenges, offering a more tailored and precise user 

experience. 
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3. THEORETICAL AND MATHEMATICAL 
FOUNDATION 

 
 

3.1 An overview of the TCCF 

 

Most conventional forms of collaborative filtering (CF) use users' ratings as a basis for 

product recommendations. Interest drift is the term used to describe how preferences 

could shift over time due to factors including trends, mood swings, and social influences. 

There are occasions when a user may be hyper-focused on a small number of points. 

As a result, traditional CF models that rely on comprehensive historical data may inad-

vertently suggest nonsense. If we want to measure how similar users are over time in 

collaborative filtering, we may use a time correlation coefficient (TCC)-based improved 

Pearson Correlation Coefficient (PCC). After establishing user groups through the appli-

cation of k-means clustering and calculating TCC, we use a user-based CF algorithm to 

provide personalized product recommendations to each unique user.  

  

Algorithmic Steps: 

 

• Pick out starting positions for clustering by randomly choosing k data items from 

the dataset.  

• Ensure the best performance of cluster centers: revise the original cluster nodes 

using the clustering fitness function and the Cuckoo Search algorithm. 

• Use K-means clustering and finalize the clusters by applying the K-means algo-

rithm with the optimized centers.  

• Calculate TCC and multiply it by all ratings on the selected cluster. 

• Recommendation Procedure: User Base: Locate nearby users in the clusters who 

have access to past data, and then tailor product recommendations to their 

tastes. In order to help new users or those without enough data, we recommend 

the most popular goods.  

 

The precision of recommendations is improved as they become more pertinent and 

timely. Due to their consideration of the user's time-related choices. The methodology is 

highly appropriate for large datasets, as clustering reduces computational complexity. 
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Recommendations are generated by analyzing the interests of closely linked users using 

a specific collaborative filtering algorithm within clusters. This enhanced collaborative 

filtering (CF) model addresses the limitations of previous methods by enhancing the ac-

curacy and efficiency of recommendations. It achieves this by using time-aware compo-

nents and clustering techniques. 

 

3.2 Cluster-Based CF Model via K-means improved by Cuckoo 
Search 

 
In the era of big data, typical collaborative filtering algorithms face challenges in deliver-

ing prompt recommendations due to the rapid expansion of information. When dealing 

with extensive datasets, the process of identifying user similarities by analyzing all user 

information is inefficient and fails to consider the strong similarity in interests among us-

ers who evaluate the same item. The consequence of this is a reduction in the precision 

of recommendations.  

To address these issues, this work used the K-means algorithm to divide the Big Data 

problem into smaller, more efficiently handled jobs. This involves grouping like users 

together to improve the speed and precision of recommendations. Moreover, a temporal 

component is included to monitor variations in the degree of similarity in interests across 

a specific timeframe. Optimizing the selection of beginning components in the typical K-

means technique can significantly impact its effectiveness, posing a tough optimization 

problem. In order to enhance the quality of clustering outcomes, we employ the Cuckoo 

Search method, an intelligent optimization tool, to optimize the initialization varia-

bles.(Cui et al. 2020).  By doing so, it seeks to improve collaborative filtering (CF) rec-

ommendation systems, ultimately leading to more accurate and effective recommenda-

tions. 

 

• K-means algorithm  

One popular clustering algorithm is K-means, which efficiently groups data points with 

comparable characteristics. The K-means algorithm follows these basic steps:  

1.  To begin, pick k objects at random from the dataset to serve as the centers of the 

first clusters.   

2.   Allocate each item to the closest cluster based on its distance from all center points. 

3. Re-estimate the cluster centroids using the updated assignments.  

4.  Until the centroids settle into a stable position or until the set number of times  

has been done is achieved, repeat steps (2) and (3).   
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How well the K-means algorithm works is heavily reliant on the initial center points that 

are chosen. When outliers are picked, clustering results can be unsatisfactory due to 

improper initialization. 

 

• Cuckoo Search (CS) Algorithm  

An inherent optimization method, the Cuckoo Search algorithm takes its cues from 

the cuckoo bird's parasitism of its own brood. Its powerful search capabilities enable 

it to effectively solve a wide range of optimization problems. Here are the basic rules 

that the CS algorithm follows:   

1. The cuckoo only lays an egg in a nest that it chooses at random.   

2. Generations after that tend to keep the nests that produced the best eggs.  

3. The cuckoo will set up a new nest using Lévy flights if the host bird discovers its 

egg (with a probability p a ∈ [0,1] pa∈ [0,1]). 

 

   The widespread spot modify equation in CS is: 

 

𝑥𝑖(𝑡
′) = 𝑥𝑖(𝑡) + 𝛼 ⋅ 0.01 ⋅ 𝐿 ⋅ (𝑥𝑖(𝑡) − 𝑝𝑔(𝑡)) ⋅ 𝑟               (3.1) 

 

where xi (t′) and xi (t) are the places of the ith cuckoo at times t′ and t. α>0 indicates 

the proportion of weight of the step size. The letter L is a Lévy distribution random-

ized value. There is a random number generator that uses a Gaussian distribution 

with the parameters N (0,1) to generate the value r.  

 

  To identify local search (when a cuckoo's nest is observed):  

 

𝑥1(𝑡 + 1) = 𝑥𝑖(𝑡
′) + rand ⋅ (𝑥𝑘(𝑡

′) − 𝑥𝑗(𝑡
′))                        (3.2) 

 

       where x k (t ′) and x k (t ′) and are randomly selected spots of cuckoos at time t ′. 

 

In this algorithm, the function of assessment for clustering quality is used as the fitness 

function. For each value of j from 1 to k, set μj as the centroid of cluster Cj. The following 

formula indicates the fitness function for the Cuckoo Search (CS) algorithm: 

𝑓(𝑥) = ∑  

𝑘

𝑗=1

∑  

𝑥𝑖∈𝐶𝑗

‖𝑥𝑖 − 𝜇𝑗‖                                   (3.3)  
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where, the user's rating of an item is expressed by the vector xi. The expression ∑ ∥ xi

−μj ∥ signifies the data density for all xi∈ Cj. Here is how the CSK-means algorithm works:  

For the cuckoos' starting positions, randomly choose k data elements from dataset D.  

Applying the aforementioned fitness function (Eq. 3.3), optimize the initial cluster centers 

using the cuckoo search algorithm. The best clusters will be produced by running the K-

means clustering algorithm. 

 

3.3  Time Correlation Coefficient (TCC)  

An advanced recommendation approach called Time Correlation Coefficient Collabora-

tive Filtering (TCCF) uses the temporal aspect of user interactions to improve the rele-

vance and precision of recommendations. This strategy is important since conventional 

collaborative filtering techniques typically make the assumption that user preferences 

are static, which might result in recommendations that are out of date or irrelevant if they 

don't reflect the user's current interests.   

In cases where user preferences in an item fluctuate over time, this phenomenon is 

called interest drift. We want to identify neighbors in CF whose interests align with the 

interests of current users. In most cases, the user's preferences tend to have somewhat 

normal distribution. Consequently, the TCC can be expressed in the manner shown be-

low: 

𝑡𝑐𝑐𝑖 = 1 −
1

√2𝜋𝜎
(1 − exp(−

Δ𝑡2

2𝜎2))                                (3.4) 

 

Here, Δt stands for the change in time, t1 for the most recent ranked item, and ti for the 

timeline of the ith ranked item. σ is the attenuation coefficient, which measures the rate 

at which interest in the item decays. Different σ values relate to different models. 

The TCC formula may simulate various patterns of a user's evolving interests over time 

by manipulating the parameter σ, which is based on the timestamps of their item rank-

ings.  
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3.4  CF model based on TCC and CSK-means (TCCF)  

 
In this concept, users that closely match the target user are considered more influential 

references than others. We provide a refined Collaborative Filtering (CF) model, called 

TCCF, that combines Time Correlation Coefficient (TCC) with CSK-means to provide 

efficient and accurate recommendations. Algorithm 3-1 provides a detailed description 

of the TCCF model.   

There are several things that need to be fed into the model: the number of clusters (k), 

the number of items to suggest (N), the user-item rating matrix, and additional Cuckoo 

Search (CS) factors. The CSK-means method is used to group users at first. When a 

specific user already has data, the model finds others with similar interests and suggests 

things that their neighbors like. New users are instructed to recommend popular items.  

The formula used to calculate item popularity is as follows:   

 
 

           ItemPop 𝑖 =
|𝑈𝑖|

√∑  𝑖∈𝐼 |𝑈𝑖|
2
                                                      (3.5) 

 
Ui represents the users who have been reviewed for item i, while I represent the entire 

collection of things. 

 

 

Algorithm 3-1 TCCF model (Cui et al. 2020) 

1. Input: seting: parameters setting; data: user-item raking matrix; u: recommended 

user; 

2. Output: results: top-N recommended items; 

3. (k, N)←Initialize(setting) ; 

4. Clusters ← clusterUsers (data, k) by CSK-means; 

5. if u ∈ Users then 

6.         neighbors ← getNeighbors (u, clusters); 

7.         results ← recommendItems (neighbors, data, N) as Eq. (2.2); 

8. End 

9. Else 

10.        results ← recommendItems (data, N) as Eq. (3.5); 

11.  End 

12.  Return(results\text{results}results); 
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3.5 Proposed Creative Approaches  

As mentioned earlier, the existing Time Correlation Coefficient (TCC) model, while precise, 

has limitations in addressing the evolving nature of user preferences. Its primary shortcom-

ings are the inability to effectively track diminishing interest over time and a lack of com-

prehensive consideration for item similarities, which are crucial for accurate predictions. 

This study aims to overcome these limitations by proposing novel enhancements to TCC 

models that better integrate temporal context into the recommendation process. Ultimately, 

the goal is to develop advanced recommendation systems that can adapt to shifts in user 

preferences, delivering more precise, relevant, and personalized recommendations while 

improving user satisfaction and engagement with the platform. 

Novel Concepts in TCC 

• Dynamic Modification of User Preferences: The Modified TCC continuously re-

fines its weight by considering not just recent user interactions but also similar inter-

actions from users with comparable preferences. This distinguishes it from existing 

models that primarily focus on the latest data. By incorporating item similarity, the 

system can more accurately reflect the preferences of users with similar tastes, rec-

ognizing that these preferences can fluctuate over time due to new experiences, 

evolving interests, or even long-standing habits. This dynamic adjustment ensures 

that the model remains responsive to the broader patterns of user behavior, enhanc-

ing the relevance and effectiveness of its suggestions. As a result, users receive 

recommendations that are not only timely but also aligned with their unique and 

changing preferences, ultimately leading to a more personalized experience. 

• Creative Algorithms for Interest Drift: The Modified TCC employs various ap-

proaches and algorithms to calculate the attenuation coefficient, a critical parameter 

that quantifies the rate at which user interests change over time. Unlike current mod-

els, which typically utilize a single, uniform attenuation coefficient for all users, the 

Modified TCC customizes this coefficient for each individual user. This tailored ap-

proach allows the model to more accurately reflect the unique dynamics of each us-

er's preferences. By utilizing suggested techniques to determine the user-specific 

attenuation coefficient, the Modified TCC effectively tracks and measures shifts in 

user interests as they evolve in response to new experiences, external influences, or 

changes in behavior. This capability is essential for maintaining the accuracy and 

relevance of recommendations. Consequently, by integrating a robust mechanism 

for measuring interest drift that is customized for every user, the Modified TCC en-
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hances its overall reliability as a recommendation system. Users benefit from sug-

gestions that are not only timely but also more aligned with their current preferences, 

leading to a personalized experience that fosters greater user satisfaction and en-

gagement.  

 

The TCC formula would usually define how the weights for temporal proximity are deter-

mined, maybe by employing decay functions or others to lessen the weight of earlier 

interactions in comparison to more current ones or the same weight for old and new 

ratings. Having a heuristic algorithm that can calculate the true amount of interest drift 

(attenuation coefficient) can lead to a more reliable recommendation system. As I said 

earlier, I have made a number of changes to improve customer satisfaction by making 

recommendations more accurate. In the following the proposed approaches will be in-

troduced. 

 

3.6 Content-Based Similarity model 

This approach enables the system to adopt a comprehensive perspective on the user's 

preferences, rather than exclusively emphasizing recent interactions. It effectively 

weighs the impact of both historical and recent data to offer more precise and compre-

hensive advice. Indeed, it guarantees that previous evaluations maintain their influence 

in molding the suggestion process, particularly when they accurately reflect the user's 

long-lasting preferences. This, in turn, enhances the system's personalization and effec-

tiveness. Therefore, here are proposed enhancements to the formulas utilized for the 

Time Correlation coefficient employed in ratings. The algorithm was initially designed to 

calculate the similarity between things using Natural Language Processing (NLP) ap-

proaches. To be more specific, descriptive attributes of products that have been re-

viewed by a user are used to determine the similarity between the most recently rated 

product and other products that have been evaluated at different times by the same user. 

Subsequently, modifications to the TCC formula will be contemplated based on the sim-

ilarity score. The pseudocode of the algorithm is shown in Pseudocode 3-1, which is 

followed by a detailed breakdown of its steps below. 

1. Descriptive Feature Analysis: Use NLP techniques to analyze the descriptive 

features of products (such as brand, material, name of product, size, or other 

considerable things) that a user has rated. Through techniques such as tokeniz-

ing, removing unrelated words, and calculating frequency same as TF-IDF. 
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2. Similarity Score Calculation: Calculate the cosine similarity between the fea-

ture vector    of the most recently rated product 𝑓𝑟𝑒𝑐𝑒𝑛𝑡 and each previously rated 

product 𝑓𝑗. The cosine similarity S is given by: 

 

𝑠(𝑓𝑟𝑒𝑐𝑒𝑛𝑡 , 𝑓𝑗) =  
(𝑓𝑟𝑒𝑐𝑒𝑛𝑡 , 𝑓𝑗)

∥ 𝑓𝑟𝑒𝑐𝑒𝑛𝑡 ∥∥ 𝑓𝑗 ∥
                       (3.6) 

where 𝑓𝑟𝑒𝑐𝑒𝑛𝑡 and 𝑓𝑗 denotes the dot product and ∥ 𝑓𝑟𝑒𝑐𝑒𝑛𝑡 ∥∥ 𝑓𝑗 ∥ denotes the 

Euclidean norm of vector 𝑓𝑟𝑒𝑐𝑒𝑛𝑡  and  𝑓𝑗 . 

3. Threshold and Rating Check:  

• If the similarity score is above a predefined threshold and the rating is higher 

than 4, then treat the rating as new and set the TCC coefficient to 1. 

• Otherwise: Multiply the TCC coefficient by the ratings if the similarity score is 

lower or the rating is less than 4. 

The proposed approach enhances precision in recommendations by improving rele-

vance through the consideration of item similarity and recent ratings, while also show-

casing adaptability by aligning with users' changing preferences over time. Additionally, 

it ensures efficient recommendations by integrating NLP methods for similarity calcula-

tions, which boosts accuracy in identifying relevant items, and employs dynamic TCC 

adjustment to reflect users' current interests accurately. Overall, this method aims to de-

liver more precise and relevant recommendations, enhancing user satisfaction and en-

gagement.  
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Initialize sigma to 1.0 
  Get the vector for the most recent title and genre: 

    latest_title_vector = title vector of the most recently   rated item 
for user 

    latest_genre_vector = genre vector of the most recently rated item for 
user 

 
Initialize lists for storing similarity scores and TCCs: 

similarity_scores = empty list 
cluster_tccs_1[user_id] = empty list 
     

For each record from index 1 to the last in cluster_records for the 
user: 

     Calculate title cosine similarity: 
    title_cs = cosine_similarity(latest_title_vector, cur   

rent_title_vector) 
 
     Calculate genre cosine similarity: 

        genre_cs = cosine_similarity(latest_genre_vector, cur-
rent_genre_vector) 

 
  Compute similarity score as the average of title_cs and 
genre_cs 

     Append similarity score to similarity_scores list 
 
    Determine TCC: 
        If similarity_score > 0.3 then 
            tcc = 1.0 
        Else 
            tcc = calculate_tcc(cluster_records, current_index, 

sigma) 
        EndIf 
 
    Append tcc to cluster_tccs_1[user_id] 
 
Add a 'similarity_score' column to cluster_records[user_id]: 
    Set the first value to 1 and the rest to similarity_scores 
 
Compute 'new_rating_1' as the product of 'tcc' and 'rating' for 

each record: 
    new_rating_1 = rating * corresponding tcc 
 
Find minimum and maximum values of 'new_rating_1': 
    min_val = minimum(new_rating_1) 
    max_val = maximum(new_rating_1) 
 
Normalize 'new_rating_1' to a scale between 1 and 5: 
    If max_val equals min_val then 
        If max_val > 5 then 
            Set all values of 'new_rating_1' to 5 
        ElseIf max_val < 1 then 
            Set all values of 'new_rating_1' to 1 
        Else 
            Set all values of 'new_rating_1' to max_val 
        EndIf 
    Else 
        Apply min-max normalization on 'new_rating_1': 

            new_rating_1 = 1 + ((new_rating_1 - min_val) * (5 - 1) 
/ (max_val - min_val)) 

        EndIf 

Pseudocode 3-1 Pseudocode of Content-Based Similarity 
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3.7 Proposed methods to dynamically gain optimal sigma 

The attenuation coefficient, which is explained about it earlier, also known as interest 

decay, is a vital quantity to consider when evaluating the impact of time decay on a 

recommendation system. Hence, it is crucial to ascertain this parameter in a manner that 

yields a precise and accurate value, rather than relying on unreliable trial-and-error meth-

ods. This is particularly challenging when dealing with real-world scenarios and exten-

sive datasets. However, employing this approach can prove highly useful. Here, I pro-

pose and offer algorithms that are based on the properties and content of datasets, spe-

cifically ones linked to patterns of change. Below, these algorithms will be explained in 

depth. 

3.7.1 Time-Based Decay method  

This approach employs an exponential decay model to compute a sigma value, which 

serves as a measure of the pace at which user interest diminishes over time. The method 

calculates the average decayed values of time differences between contacts to provide 

a sigma value. This sigma value can then be utilized to personalize recommendations in 

a time-sensitive manner. The approach guarantees that the recommendation system 

maintains its adaptability to changes in user behavior, hence improving its accuracy and 

relevance. In the following the steps of this algorithm will be described and you can see 

the provided Pseudocode 3-2. 

1. Time Differences Calculation: The method starts by computing the time differ-

ence between each rating and the next one using the diff() function on the nor-

malized timestamps (timestamp_norm). This helps in understanding how the time 

intervals between user interactions vary. 

2. Decay Factor: A constant decay factor (0.5 in this case (is based on knowledge 

domain and the data)) is defined. This factor determines the rate at which user 

interest decays over time. 

3. Exponential Decay: The method applies an exponential decay function to the 

time differences. This models the decrease in user interest as a function of time, 

with the decay factor controlling the rate of decay. The formula used is:    

                               σi = e−decay-factor × time-diffi                        (3.7)  
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4. Average Sigma Value: The method calculates the mean of the sigma values 

obtained from the exponential decay to produce a single sigma value represent-

ing the overall decay for the user. 

5. Calculate TCC: Put all parameter in the TCC formula and calculate and multiply 

it in all the ratings. 

6. Generate Recommendations     

The benefits of this approach include enhanced temporal sensitivity, as it incorporates 

time differences and exponential decay to accurately capture how a user's interest di-

minishes over time, resulting in more personalized recommendations. Additionally, the 

use of an exponential decay function allows for smooth and continuous modeling of in-

terest decay, which is often more realistic than a linear decay. Furthermore, the method 

demonstrates robustness by having a fallback to a default value, ensuring reliable per-

formance even in edge cases where the calculated sigma might be zero. 
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FUNCTION calculate_sigma_2(user_data): 
    # Step 1: Calculate the time differences between each rating 

and   the next one 
    INITIALIZE time_diffs AS the difference between consecutive 

elements in user_data['timestamp_norm'] 
    REPLACE any null values in time_diffs WITH 0 
 
    # Step 2: Define the decay factor 
    SET decay_factor TO 0.5 
 

    # Step 3: Calculate sigma as the exponential decay of the 
time differences 
    INITIALIZE sigma_values AS an empty list 
    FOR each time_diff IN time_diffs: 

        CALCULATE sigma_value AS the exponential of (-decay_fac-
tor * time_diff) 
        ADD sigma_value TO sigma_values 
 
    # Step 4: Calculate the mean of sigma_values 
    SET sigma TO the mean of sigma_values 
 
    # Step 5: Return sigma if it is not zero, otherwise return 1.0 
    IF sigma IS NOT EQUAL TO 0: 
        RETURN sigma 
    ELSE: 
        RETURN 1.0 

25 
 

 

Pseudocode 3-2 Pseudocode of Time-Based Decay 
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3.7.2 Decay Model Selection method  
 

This approach incorporates both exponential and Gaussian decay functions to conduct 

a comprehensive analysis of the temporal evolution of user ratings. By employing a dual-

model technique, we are able to analyze various patterns of user behavior, enabling us 

to determine whether ratings exhibit a rapid decline (typical of exponential decay) or a 

more steady decline (indicative of Gaussian decay). By utilizing these models, we can 

acquire a comprehensive comprehension of user involvement, contentment, and poten-

tial patterns in ratings over a period of time. Algorithm steps are given below, and pseu-

docode 3-3 is provided accordingly. 

1. Check for Sufficient Data: Ensure there are at least two data points for model 

fitting. 

2. Fit Exponential Decay Model: 

o Use the formula:                                    y=a⋅e−bx                    (3.8) 

o Fit to the data and extract the decay parameter b (denoted as b_exp). 

3. Fit Gaussian Decay Model: 

o Use the formula:                                   y=a⋅e−((x−b)/c)2       (3.9) 

o Fit to the data and extract the decay parameter b (denoted as b_gauss). 

4. Return Decay Parameters: 

o Return both decay parameters (b_exp and b_gauss) for further analysis. 

5. Calculate TCC: Put all parameter in the TCC formula and calculate and multiply 

it in all the ratings. 

6. Generate Recommendations 

The benefits of using decay functions are significant for understanding user behavior. By 

analyzing the decay patterns of user ratings, businesses can gain valuable insights into 

how quickly user satisfaction diminishes over time, enabling targeted interventions to 

maintain or boost ratings. The parameters obtained from decay models provide a quan-

titative basis for informed decision-making, allowing businesses to identify whether rat-

ings tend to decline sharply or gradually, which helps tailor their strategies accordingly. 

Furthermore, insights into the evolution of user ratings empower companies to design 

more effective engagement initiatives. For instance, if ratings show a rapid decline, timely 

follow-ups or targeted improvements can be implemented to enhance user satisfaction. 
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Additionally, the decay parameters assist in forecasting trends, enabling organizations 

to proactively address potential declines in ratings before they occur. 
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FUNCTION calculate_sigma_6(user_data): 
    # Convert 'date_time' column to datetime format 
    date_time = CONVERT user_data['date_time'] TO datetime 
 
    # Calculate differences in days between consecutive dates 
    x_data = DIFFERENCE in days BETWEEN consecutive elements in 

date_time 
    REPLACE any null values in x_data WITH 0 
 
    # Calculate differences in ratings 

y_data = DIFFERENCE BETWEEN consecutive elements in 
user_data['rating'] 

    REPLACE any null values in y_data WITH 0 
 
    # Filter x_data to include only positive differences 
    x_data = FILTER x_data TO INCLUDE only elements GREATER THAN 0 

y_data = SELECT elements in y_data CORRESPONDING TO indices of   
x_data 

 
    # Reset indices of x_data and y_data 
    RESET indices of x_data 
    RESET indices of y_data 
 
    # Check if there is enough data to fit 
    IF LENGTH of x_data IS LESS THAN 2: 
        RETURN None, None 
 
    # Try to fit exponential decay model 
    TRY: 

params_exp = FIT exponential_decay MODEL TO x_data AND y_data 
WITH initial parameters (1, 0.1) 

        b_exp = SECOND ELEMENT of params_exp 
    EXCEPT: 
        b_exp = None 
 
    # Try to fit Gaussian decay model 
    TRY: 

params_gauss = FIT gaussian_decay MODEL TO x_data AND y_data 
WITH initial parameters (1, 1) 

        b_gauss = SECOND ELEMENT of params_gauss 
    EXCEPT: 
        b_gauss = None 
 
    # Return the parameters from both models 
    RETURN b_exp, b_gauss 

 
 

 

Pseudocode 3-3 Pseudocode of Decay Model Selection 



 

32 
 

3.7.3 Metaheuristic optimization technique, Cuckoo Search  

The pseudocode provided in Pseudocode 3-4 utilizes past user interaction data through 

the Cuckoo Search optimization technique to determine the optimal sigma (σ) value for 

each user. The steps are as follows:  

1. Data Preprocessing:  Load and preprocess the dataset to extract important in-

formation like user ID, item ID, rating, and timestamp.  

2. Population Initialization: Create a population of sigma values within a given 

range to generate a diverse set of starting solutions for the optimization process.  

3. Lévy Flight: Use Lévy flight steps to update sigma values, which provide a 

mechanism for both big exploratory and small exploitative steps, hence improv-

ing the search for optimal solutions. 

4. Implement a Fitness Function: Evaluate the performance of each sigma value 

by dividing the data into training and testing sets, using a recommendation sys-

tem, and computing performance metrics such as precision and recall. The fit-

ness function f(σ) is given by: 

                  f(σ)=precision(σ)+recall(σ)                       (3.8) 

5. Cuckoo Search Optimization:  

Iteratively update the sigma values using the Lévy Flight and fitness evaluation, 

maintaining the best solutions while discarding inferior ones, with the possibility 

of exploring new areas.  

6. Calculate TCC: Put all parameter in the TCC formula and calculate and multiply 

it in all the ratings. 

7. Generate Recommendations 

The optimization method enhances accuracy by ensuring that the sigma value is fine-

tuned to improve performance measures such as precision and recall, resulting in higher 

overall recommendation accuracy. Additionally, this approach considers the changing 

nature of user interests, making the recommendation system resilient to shifts in user 

behavior and preferences over time. By employing this strategy, personalized and opti-

mal sigma values can be generated for each user, significantly increasing the effective-

ness and accuracy of the recommendation system. 
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Define cuckoo_search_optimization(initial_sigma, sigma_range,   
max_iterations=2, pop_size=20, pa=0.25): 

    Initialize population: 
        population = Call initialize_population(pop_size, 

sigma_range) 
        best_sigma = population[0] 
        Print '(Init) sigma:', best_sigma 
        best_fitness = Call fitness_function(best_sigma) 
 
    For iteration in range(max_iterations): 
        For i in range(pop_size): 
            Update position by Lévy flights: 
                step_size = Call levy_flight(1.5) 
                new_sigma = population[i] + step_size * (popula-

tion[i] - best_sigma) 
                new_sigma = Clip new_sigma to sigma_range 
                Print '(i:', iteration, ', pop: ', i, ') sigma:', 

new_sigma 
                new_fitness = Call fitness_function(new_sigma) 
 
            If new_fitness > best_fitness: 
                best_sigma = new_sigma 
                best_fitness = new_fitness 
 
            Abandon some solutions with probability pa: 
                If random number < pa: 
                    population[i] = random uniform value in 

sigma_range 
 
    Return best_sigma 

25 
 

 

Pseudocode 3-4 Pseudocode of cuckoo search 
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4. EXPERIMENTAL SETUP  

 

4.1 Datasets 

 

In this study, I will utilize three datasets to assess the proposed recommendation meth-

ods: two Amazon product review datasets focused on phones and accessories with 

20.8M ratings, 1.3M items, and 11.6M users and video games (Hou et al. 2024), con-

taining 4.6M ratings, 137.2K items, and 2.8M users along with the MovieLens (Harper 

2015) dataset which includes 20000263 ratings across 27278 movies. This diverse se-

lection allows for a comprehensive analysis of recommendation algorithms across differ-

ent domains. 

 

The selected datasets are particularly suitable for recommendation systems for several 

reasons: 

Real-World User Data: Each dataset contains actual user interactions, including ratings 

and reviews. This authentic data source is critical for training recommendation algo-

rithms, as it reflects genuine user preferences and behaviors. 

Diverse Product and Content Types: The datasets encompass a broad range of prod-

ucts (phones, accessories, video games) and media (movies). This diversity enables the 

evaluation of recommendation methods across different contexts, testing their adapta-

bility and effectiveness in various scenarios. 

Rich Feature Sets: The datasets provide multiple features that are essential for under-

standing user preferences. For the Amazon datasets, features like rat-

ing, timestamp, user ID, ASIN, and parent ASIN allow for tracking user behavior and 

product relationships. Additionally, metadata features such as title, brand, material, 

and size enhance the context for product recommendations. In the MovieLens dataset, 

features such as rating, timestamp, user ID, movie ID, genre, and title contribute to a 

well-rounded understanding of user preferences in film. 

Potential for Collaborative Filtering: Both the Amazon and MovieLens datasets facili-

tate collaborative filtering techniques, which rely on user interactions to identify patterns 
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and make recommendations. The rich user-item interaction data allows the algorithms 

to find similarities between users and items effectively. 

Dynamic User Preferences: The inclusion of timestamps in the datasets helps capture 

the temporal dynamics of user preferences. Understanding how tastes evolve over time 

is crucial for making timely and relevant recommendations. 

Selected Features for Evaluation: 

For the evaluation, I will focus on the following key features from the datasets: 

• From the Amazon Product Review Datasets: 

1. Rating (float): Reflects user satisfaction and serves as a primary indica-

tor for recommendations. 

2. Timestamp (int): Indicates when the review was posted, helping to ana-

lyze trends over time. 

3. User ID (str): Allows tracking of individual reviewer contributions for col-

laborative filtering. 

4. Parent ASIN (str): Groups products with variations, linking reviews to the 

correct product families. 

5. ASIN (str): The unique identifier for the specific product. 

6. Title (str): Provides context for the review. 

7. Material, Brand, Size (from Details): Attributes that influence user 

choices and preferences. 

• From the MovieLens Dataset: 

1. Rating (float): User ratings for movies are crucial for generating person-

alized recommendations. 

2. Timestamp (int): Time when the rating was submitted, aiding in trend 

analysis. 

3. User ID (str): Facilitates collaborative filtering by tracking user interac-

tions. 

4. Movie ID (str): The unique identifier for each movie. 

5. Genre (list): Helps categorize films and match them with user interests. 

6. Title (str): Provides context for the ratings. 
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By utilizing these specific datasets, the evaluation aims to leverage their strengths to 

understand and predict user preferences effectively. The combination of real-world user 

data, diverse product types, and rich feature sets provides an ideal foundation for as-

sessing the proposed recommendation methods. This structured approach will ensure 

that the evaluation is comprehensive, relevant, and insightful, ultimately contributing to 

the advancement of recommendation systems in various domains. 

4.2 Libraries and Packages 

4.2.1 Packages  

In this study, a Python package is utilized to develop the recommendation system. The 

following sections will introduce this package, explain how it is used, and highlight its 

features. Surprise (Nicolas Hug 2017), is a Python library specifically designed for build-

ing and analyzing recommendation systems. Its full name, Simple Python Recommen-

dation System Engine, reflects its purpose: to simplify the process of creating recom-

mendation engines that can handle explicit rating data. The library is particularly useful 

for developers and researchers who want to implement collaborative filtering techniques, 

which are commonly used in recommendation systems. 

Key Features of Surprise 

1. Ease of Use: Surprise is designed to be user-friendly, making it accessible even 

for those who may not have extensive experience in machine learning or recom-

mendation systems. It provides a straightforward API that allows users to quickly 

set up and experiment with different recommendation algorithms. 

2. Built-in Algorithms: The library includes a variety of algorithms for collaborative 

filtering, such as user-based and item-based approaches, as well as matrix fac-

torization techniques like Singular Value Decomposition (SVD). This variety en-

ables users to choose the most suitable algorithm for their specific dataset and 

recommendation goals. However, in this study, the NMF algorithm is used be-

cause of the non-negative value. 

3. Data Handling: Surprise can easily handle traditional datasets, such as the Mov-

ieLens datasets, which are commonly used for benchmarking recommendation 

systems. Additionally, it allows users to load their own datasets in various for-

mats, including CSV files and Pandas DataFrames, making it versatile for differ-

ent applications. 
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4. Cross-Validation and Evaluation: The library provides tools for cross-validation 

and performance evaluation, allowing users to assess the accuracy of their rec-

ommendation models. This is crucial for understanding how well a model will per-

form in real-world scenarios. 

5. Flexibility: Users can customize their experiments by adjusting parameters and 

selecting different algorithms, giving them control over the recommendation pro-

cess. This flexibility is essential for fine-tuning models to achieve optimal perfor-

mance. 

How Surprise is used for Recommendation Systems 

Surprise can be utilized in several steps to build an effective recommendation system: 

1. Data Preparation: Users can load their datasets into Surprise, which can in-

clude user-item interactions in the form of ratings. The library supports various 

data formats, making it easy to integrate with existing data pipelines. 

2. Choosing an Algorithm: Based on the nature of the data and the specific re-

quirements of the recommendation task, users can select from a range of built-

in algorithms. For example, if the dataset is large and sparse, matrix factorization 

techniques like SVD may be appropriate. 

3. Training the Model: Once an algorithm is selected, users can train the model 

using their dataset. Surprise handles the underlying computations, allowing us-

ers to focus on the higher-level aspects of model development. 

4. Making Predictions: After training, the model can be used to make predictions 

about user preferences for items they have not yet rated. This is the core func-

tionality of a recommendation system, as it provides personalized suggestions 

to users. 

5. Evaluating Performance: Surprise includes tools for evaluating the model's 

performance using metrics such as Mean Absolute Error (MAE) and F-measure. 

This evaluation helps users understand how well their recommendation system 

is performing and where improvements may be needed. 

6. Iterating and Improving: Based on the evaluation results, users can iterate on 

their models by trying different algorithms, adjusting parameters, or refining their 

data. This iterative process is essential for developing a robust recommendation 

system. 
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4.2.2 Libraries 
 

Here is a brief overview of the libraries utilized in the algorithms and proposed meth-

ods: 

 

1. NumPy (import numpy as np):  

NumPy is a fundamental package for numerical computing in Python. It provides 

support for arrays, matrices, and a wide range of mathematical functions. In rec-

ommendation systems, NumPy is often used for efficient data manipulation and 

mathematical operations, such as calculating distances or performing matrix op-

erations. 

2. SciPy (from scipy.special import gamma): 

SciPy builds on NumPy and provides additional functionality for scientific and 

technical computing. The gamma function is part of the special functions module 

and can be used in statistical calculations. In recommendation systems, SciPy is 

useful for optimization and advanced mathematical computations. 

3. Scikit-learn (from sklearn.metrics.pairwise import euclidean_distances): 

Scikit-learn is a powerful machine learning library that provides tools for data min-

ing and data analysis. The euclidean_distances function calculates the Euclidean 

distance between pairs of points, which is essential for many recommendation 

algorithms that rely on distance metrics to find similar items or users. 

4. TQDM (from tqdm import tqdm): 

TQDM is a library for creating progress bars in Python. It is particularly useful for 

tracking the progress of loops, especially when processing large datasets in rec-

ommendation systems. 

5. NLTK (import nltk): 

The Natural Language Toolkit (NLTK) is a library for working with human lan-

guage data (text). It provides tools for text processing, including tokenization, 
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stemming, and tagging. In recommendation systems, NLTK can be used for nat-

ural language processing tasks, such as analyzing user reviews or comments. 

6. CountVectorizer (from sklearn.feature_extraction.text import CountVector-

izer): 

Token counts are transformed into a matrix using CountVectorizer, a feature ex-

traction approach, from a set of text documents. For machine learning models, 

such as recommendation systems, this is helpful for converting textual data into 

a numerical format. 

7. Curve Fit (from scipy.optimize import curve_fit): 

This function is used for fitting a curve to data points. In the context of recom-

mendation systems, it can be applied to model user preferences or item charac-

teristics based on historical data. 

8. Surprise (from surprise import Dataset, Reader, NMF, accuracy): 

Surprise is a specialized library for building recommendation systems. It provides 

tools for loading datasets, defining models (like non-negative Matrix Factoriza-

tion, NMF), and evaluating their performance. This library is particularly useful for 

implementing collaborative filtering techniques. 

9. Train-Test Split (from surprise.model_selection import train_test_split): 

This function is used to split the dataset into training and testing sets, which is 

crucial for evaluating the performance of recommendation algorithms. It helps 

ensure that the model is tested on unseen data. 

10. Cosine Similarity (from sklearn.metrics.pairwise import cosine_similarity): 

Cosine similarity measures the cosine of the angle between two non-zero vec-

tors. It is commonly used in recommendation systems to determine the similarity 

between items or users based on their feature vectors. 

11. Collections (from collections import defaultdict): 

The defaultdict class from the collections module provides a dictionary-like object 

that provides default values for nonexistent keys. This can be useful for organiz-

ing data in recommendation systems, such as aggregating user preferences. 
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12. Copy (import copy): 

The copy module allows for creating shallow or deep copies of objects. This can 

be useful in recommendation systems when manipulating data structures without 

altering the original data. 

13. Math (import math): 

The math module provides access to mathematical functions. It can be used for 

various calculations in recommendation systems, such as computing distances 

or performing statistical analyses. 

14. Optuna (import optuna): 

Optuna is an optimization framework for automating hyperparameter tuning. In 

recommendation systems, it can be used to optimize model parameters to im-

prove performance. 

15. Matplotlib (import matplotlib.pyplot as plt): 

Matplotlib is a plotting library for creating static, animated, and interactive visual-

izations in Python. It can be used to visualize the results of recommendation al-

gorithms, such as showing the distribution of user ratings or the performance of 

different models. 

16. Seaborn (import seaborn as sns): 

Seaborn is a statistical data visualization library based on Matplotlib. It provides 

a high-level interface for drawing attractive statistical graphics, which can be use-

ful for visualizing data distributions and relationships in recommendation sys-

tems. 

4.3 Evaluation Metrics 

To evaluate the performance of the recommendation methods, I will employ several met-

rics that provide insights into the accuracy and effectiveness of the predictions: 

1. Recall (R): 

Recall measures the ability of the recommendation system to identify relevant 

items. It is calculated as the ratio of the number of recommended items that 



 

41 
 

are also favorite items for the user to the total number of favorite items. The 

formula for recall is given by:   

 

𝑅 =
|𝑁(𝑖) ∩ 𝑀(𝑖)|

|𝑀(𝑖)|
                                               (4.1) 

 

Here, N(i) is the number of recommended items to the target user u, and M(i) 

is the number of favorite items for user u. 

 

2. Precision (P): 

Precision evaluates the relevance of the recommended items. It is defined as 

the ratio of the number of recommended items that are actually relevant to the 

total number of recommended items. The formula for precision:  

𝑃 =
|𝑁(𝑖) ∩ 𝑀(𝑖)|

|𝑁(𝑖)|
                                                      (4.2) 

 

3. F-measure: 

The F-measure combines precision and recall into a single score, providing a 

balanced view of the model's performance. It is particularly useful in imbal-

anced class scenarios. The formula for F-measure is: 

 

𝐹 −  measure =
2 ∗ 𝑃 ∗ 𝑅

𝑃 + 𝑅
                              (4.3) 

 

     Where P is precision and R is recall. 

 

4. Mean Absolute Error (MAE): 

MAE measures the average absolute difference between predicted and actual 

ratings, providing a straightforward assessment of recommendation quality. A 

smaller MAE indicates better recommendation quality. The MAE is calculated 

as:  

 

𝑀𝐴𝐸 =
∑  𝑁

𝑖=1 |𝑝𝑖 − 𝑞𝑖|

𝑁
                                                   (4.4) 

 

Here, 𝑝𝑖 represents the predicted user scores, and 𝑞𝑖 represents the corre-

sponding actual scores. 
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By applying these metrics—recall, precision, F-measure, MAP, and MAE—we can com-

prehensively assess the efficacy of our recommendation techniques. Each indicator of-

fers unique perspectives on the system's effectiveness, ranging from the precision in 

finding pertinent objects to the overall excellence of recommendations. Comprehending 

this data is crucial for enhancing algorithms and guaranteeing that the recommendation 

system efficiently fulfills user requirements. 

4.4 Time Complexity 

• Time Complexity 

computing complexity is a mathematical notion in computer science that quanti-

fies the computing time required for an algorithm to finish, based on the length 

of the input. This approach offers a means to assess the effectiveness of an al-

gorithm by examining the correlation between the running time and the amount 

of the input.  

• Importance of Time Complexity 

Understanding time complexity is crucial because it helps programmers and com-

puter scientists predict how an algorithm will perform, especially with large inputs. 

This knowledge allows for better resource planning and ensures that the algo-

rithm can handle the expected workload efficiently.  

• Time Complexity Measuring  

Time complexity is commonly expressed using Big O notation, which provides 

an upper bound on the time an algorithm will take in the worst-case scenario. 

This notation helps in comparing the efficiency of different algorithms by focusing 

on their growth rates rather than exact execution times.  

• Examples of Time Complexity 

O(1): Constant time complexity, where the execution time does not change with 

the size of the input. 

O(n): Linear time complexity, where the execution time grows linearly with the 

input size. 

O(n²): Quadratic time complexity, where the execution time is proportional to the 

square of the input size. An example is a simple nested loop iterating over the 

input  
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O(log n): Logarithmic time complexity, which is more efficient than linear time for 

large inputs. This is often seen in algorithms like binary search. 

By understanding these concepts, developers can choose the most appropriate algo-

rithms for their needs, ensuring optimal performance and resource usage. 
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5. EXPERIMENTAL RESULT  

In this section, we analyze the results of our experiments, which were specifically 

crafted to assess the efficacy of the suggested methodologies when applied to di-

verse datasets and evaluated using various metrics. 

 

5.1 Scatter Plots comparison  

A scatter plot is a powerful data visualization tool that uses Cartesian coordinates 

to display values for two continuous variables, revealing relationships and correla-

tions between them. In this context, scatter plots are used to compare actual user 

ratings with predicted ratings from various recommendation system methods. These 

graphs are crucial for evaluating the accuracy of a recommendation system. The 

closer the data points are to the diagonal line (running from the bottom left to the 

top right), the more accurate the predictions are. Below, we present scatter plots for 

different proposed methods along with their analysis, providing insights into their 

performance and accuracy. 

5.1.1 MovieLens dataset 
 

 

Method 0 (TCCF): Figure 5-1 illustrates a variety of predicted scores, with numer-

ous points deviating significantly from the diagonal line. However, this method clus-

ters more points along the line, indicating that the real scores and predictions are 

more closely aligned, suggesting increased accuracy. Still, additional metrics are 

necessary to conclusively determine the effectiveness of this method. 

Method 1 (Content-Based Similarity): There is a noticeable dispersion, but the 

majority of points cluster along the diagonal, similar to Method 0. Figure 5-1 indi-

cates some correlation between the predicted and actual ratings, yet significant er-

rors remain. Although this method slightly differs from Method 0, it doesn't conclu-

sively demonstrate consistency or accuracy. 

Method 2 (Time-Based Decay): This method clusters more points along the diag-

onal, indicating that predictions align more closely with actual ratings, suggesting 

increased accuracy. Based on these scatter plots, this method performs similarly to 

Method 0, albeit slightly better. 



 

45 
 

Method 3 (Optimized Sigma-Cuckoo Search): This plot shows less effective clus-

tering around the diagonal compared to Methods 0 and 1, and it includes some 

outliers. Although this approach appears to perform well, it doesn't achieve the same 

level of accuracy as Methods 0 and 2. The presence of outliers suggests variability 

in prediction accuracy. 

Method 4 (Decay Model Selection): The points are closely packed together along 

the diagonal, which means the estimate is very accurate. There aren't many outliers, 

which suggests that this method does a good job of tracking user tastes over time. 

According to the results, this method works as well as the time-based and TCCF 

method and makes accurate guesses most of the time.  

Better method selection:   

The scatter plots of actual versus predicted ratings for the three methods—time-

based, decay model selection, and the TCCF method—show similar patterns, 

with points generally aligning along the diagonal. This suggests that all three meth-

ods have comparable predictive performance when evaluated visually through 

these plots. However, to make a more informed decision about which method is 

superior, we will need to assess additional metrics beyond just the scatter plots. This 

further evaluation will help determine the most effective method in terms of accuracy 

and consistency. The scatter plots of all methods in MovieLens datasets are pro-

vided in Figure 5-1. 
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Figure 5-1 Actual rating VS Predicted rating in MovieLens dataset 

  

5.1.2 CellPhone and Accessories dataset: 
 

Method 0 (TCCF): Based on the given plot in Figure 5-2, There is a lot of variation 

around the 4-star rating, which means that many ratings are predicted right, but 

there are big differences, especially at lower ratings. 

Method 1 (Content-Based Similarity): similar to method 0, This method seems to 

be in a different position in line with real scores, especially when ratings are at 

around 2 and 2.5. There are still groups at some points, though, which shows some 

accurate predictions. 
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Method 2 (Time-Based Decay): This method is like Method 1, but there is a clear 

spread at lower scores. At higher scores, it shows that it can make some predictions. 

Method 3 (Optimized Sigma - Cuckoo Search): The plot demonstrates that this 

method outperforms Methods 0 and 1 due to its reduced dispersion. Compared to 

the previous methods, it can be considered more accurate. 

Method 4 (Decay Model Selection): The scatter, indicates that this method has 

trouble making predictions across the board, especially at lower scores, which 

means it is less accurate. Like methods 0 and 1. 

Better method selection: 

While it's challenging to determine the most accurate method solely from these 

plots, at first glance, the time-based method, cuckoo search, and content-based 

similarity appear superior. Additional validation metrics will be used for further eval-

uation.  

 

 

 

 

 

 

 

 

 

 

 
 
 

  

Figure 5-2 Actual rating VS Predicted rating in CellPhone dataset 
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5.1.3 Video Games dataset: 
 

Method 0 (TCCF): The plot in Figure 5-3 shows a lot of different predicted scores, with 

many points very far from the diagonal line. There are numerous predictions based on all 

the real ratings, indicating they are not very accurate.  

Method 1 (Content-Based Similarity): There is a clear spread, though some points are 

slightly grouped along the diagonal. This plot shows some connection between predicted 

and real ratings, but there are still significant errors. While slightly better than Method 0, it 

still doesn't provide consistent or accurate predictions.  

Method 2 (Time-Based Decay): Here, more points are grouped together along the diago-

nal, suggesting predictions are more in line with real ratings, indicating higher accuracy. By 

considering timing, this method captures changes in user preferences better, leading to 

more accurate predictions.  

Method 3 (Optimized Sigma - Cuckoo Search): This plot has better grouping around the 

diagonal than Methods 0 and 1, but still has some outliers. It performs better than the first 

two methods but isn't as accurate as Method 2.  

Method 4 (Decay Model Selection): The scatter plot reveals that this method struggles to 

make accurate predictions overall. There is a lot of dispersion of points, which is far from 

the diagonal line. 

Better method selection: 

Overall, if we want to choose a better method based on the scatter plots from all three 

datasets, Method 1: the Content-Based model, Method 2: the Time-Based model, and 

Method 3: the Cuckoo Search model consistently exhibit the closest alignment with the 

diagonal, suggesting high accuracy and few outliers. To make a more informed decision, 

further evaluation using additional validation metrics will be conducted. 
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Figure 5-3 Actual rating VS Predicted rating in VideoGames dataset 
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5.2 Comparison methods: Metrics and Time Complexity 

 

The initial step will involve introducing the time complexity of each method, as illustrated in 

Table 5-1, accompanied by relevant explanations. Subsequently, the results of various met-

rics—namely recall, F-measure, precision, and MAE—obtained from running three different 

datasets will be presented, and a comprehensive analysis of these results will follow. 

 

Table 5-1 Time complexity of different proposed methods 

Method Complexity Where 
 

Method 0 (TCCF) 
 
 

O(n * m * j) 

n: number of users, m: number 
of records for a user,  
j: trial step for reaching to opti-
mized attenuation coefficient 

 
Method 1 (Content-Based 

Similarity) 

 
O(n * m * d) 

n: number of users,  
m: number of records for a user, 
d: dimension of the vectors 

 
Method 2 (Time-Based 

Decay) 

 
O(n * m) 

n: number of users,  
m: number of records for a user 

 
Method 3 (Optimized 

Sigma - Cuckoo Search) 

 
O(i * p * n * m) 

n: number of users,  
m: number of records for a user, 
i: number of iterations,  
p: population size in the Cuckoo 
Search optimization 

 
Method 4 (Decay Model 

Selection) 

 
O(f * n * m) 

n: number of users,  
m: number of records for a user, 
f: complexity of fitting the decay 
models (generally small but var-
iable) 

 

 

The above table outlines five methods with their respective time complexities using Big O 

notation. Each method is analyzed based on variables like the number of users (n), records 

per user (m), and vector dimensions (d). The descriptions include specific parameters for 

each method, such as iterations in Cuckoo Search (i) and complexity of decay models (f). 

This breakdown helps compare the computational efficiency of different approaches. 
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5.2.1 Analysis of Methods in MovieLens dataset  
 

The implementation of various proposed methods on the Movielens dataset yields signifi-

cant results, as detailed in Table 5-2, which presents the values for recall, precision, F-

measure, and MAE. Additionally, these results are depicted in a histogram to facilitate bet-

ter understanding and easier comparison between the different approaches in Figure 5-4. 

 

Table 5-2 Metrics Value in MovieLens dataset 

 

 

 

Figure 5-4 Metric Comparison in MovieLens dataset 

   Metric 

 

TCCF Content-

Based 

Similarity 

Time-Based 

Decay 

Cuckoo 

Search 

Decay 

Model 

Selection 

MAE 0.825807 0.686407 0.823619 0.896408 0.820437 

Precision 0.760404 0.872948 0.762204 0.777843 0.761306 

Recall 0.311950 0.332900 0.327388 0.496334 0.324281 

F-

measure 

0.286534 0.312209 0.300798 0.470321 0.298416 
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Content-Based Similarity: This method excels in both MAE and Precision, with the lowest 

MAE (0.686407) and highest Precision (0.872948), indicating accurate and relevant rec-

ommendations. Its time complexity, O(n×m×d), is moderate, balancing performance and 

computational demand well. 

Cuckoo Search: Cuckoo Search stands out in Recall (0.496334) and F-measure 

(0.470321), suggesting it effectively identifies relevant items, even if its Precision is lower. 

However, its high time complexity O(i×p×n×m) may pose challenges for scalability, making 

it computationally intensive. 

Time-Based Decay: With a simple time complexity of O(n×m), this method offers a good 

trade-off between speed and accuracy. While it doesn't lead in any specific metric, its bal-

anced performance across all metrics makes it a reliable choice for large datasets. 

Decay Model Selection: This method shows average performance across all metrics but 

benefits from a relatively simple time complexity of O(f×n×m). It's suitable when resources 

are limited and performance needs are moderate. 

TCCF: This method, with a time complexity of O(n×m×j), generally shows lower perfor-

mance compared to others, particularly in Recall and F-measure. It appears less effective 

in finding relevant recommendations. 

Recommended Methods: Based on the analysis, Content-Based Similarity is recom-

mended for its high accuracy and reasonable computational demands, making it ideal for 

scenarios where performance is critical. Time-Based Decay is also a strong candidate due 

to its simplicity and balanced metrics, suitable for applications where efficiency is a priority. 

These two methods provide the best combination of effectiveness and efficiency given the 

dataset and computational constraints. 
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5.2.2 Analysis of Methods in CellPhone & Accessories dataset  
 

Below, Table 5-3 presents the evaluation metrics of various methods applied to the Cell-

Phone dataset. For visual comparison, a histogram is also provided in the corresponding 

Figure 5-5. 

 

Table 5-3 Metrics value in CellPhone dataset 

 

 

 

Figure 5-5 Metrics comparison in CellPhone dataset 

 
 

Metric TCCF Content-
Based 

Similarity 

Time-
Based 
Decay 

Cuckoo-
Search 

Decay-
Model 

Selection 

MAE 1.240229 1.174422 1.125573 1.092541 1.222028 

Precision 0.747393 0.785965 0.776438 0.850229 0.756755 

Recall 0.900987 0.914825 0.906035 0.901812 0.906695 

F-
measure 

0.670846 0.718873 0.698814 0.769483 0.681130 
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Content-Based Similarity: This approach yields good recall (0.914825) and precision 

(0.785965) scores, suggesting useful suggestions. Because of its O(n×m×d) time complex-

ity, which strikes a fair balance between computational demand and performance, it can be 

used in a variety of applications.  

Time-Based Decay: The technique has a low MAE (1.125573) and a simple temporal 

complexity of O(n×m). It also delivers great accuracy. While its precision and recall aren't 

the best, its balanced metrics make it a solid option for large datasets when efficiency is 

crucial.   

Cuckoo Search: Cuckoo Search performs exceptionally well overall, as evidenced by its 

excellent precision (0.850229) and F-measure (0.769483). Its O(i×p×n×m) temporal com-

plexity may pose a problem to scalability, though, as it is best suited for situations in which 

precision is more important than computing cost.   

Decay Model Selection: This approach prioritizes recall and displays average perfor-

mance across measures (0.906695). Because of its comparatively simple time complexity, 

O(f×n×m), it is a good choice for situations where resources are limited and modest perfor-

mance is sufficient.  

TCCF: This approach performs usually worse, especially in the F-measure (0.670846), and 

has the greatest MAE (1.240229). Having an O(n×m×j) temporal complexity, it seems to 

be less efficient in locating pertinent recommendations.  

Recommended Methods: The analysis indicates that Cuckoo Search is the best option 

when performance is critical due to its excellent precision and F-measure. Because of its 

balanced metrics and simplicity, Time-Based Decay is also a good option for applications 

that prioritize efficiency. The optimal balance between efficiency and computational viability 

is provided by these two techniques. 
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5.2.3 Analysis of Methods in VideoGames dataset  
 

A comprehensive analysis of the performance indicators for various approaches when im-

plemented on the videoGames dataset is presented in Table 5-4. Furthermore, Figure 5-6 

provides a graphical depiction of these measurements using a histogram, facilitating the 

comparison of the outcomes among the several approaches. 

 

Table 5-4 Metrics value in VideoGames dataset 

 

 

Figure 5-6 Metrics comparison in VideoGames dataset 

Metric TCCF Content-

Based 

Similarity 

Time-Based 

Decay 

Cuckoo 

Search 

Decay Model 

Selection 

MAE 1.347203 1.296863 1.316134 1.295237 1.366656 

Precision 0.794163 0.828331 0.801661 0.852541 0.801641 

Recall 0.803864 0.829198 0.813306 0.822620 0.809693 

F-

measure 

0.627770 0.687088 0.643442 0.698377 0.642635 
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The Content-Based Similarity:  this approach demonstrates robust performance with a 

low Mean Absolute Error (MAE) of 1.296863 and a high precision of 0.828331, suggesting 

precise and pertinent recommendations. In addition, it maintains a reliable recall rate of 

0.829198 and an F-measure of 0.687088. The temporal complexity of the system, 

O(n×m×d), strikes a compromise between computing demand and efficiency.  

Time-Based Decay: This merhod provides a satisfactory level of accuracy with a Mean 

Absolute Error (MAE) of 1.316134. The precision and recall, at 0.801661 and 0.813306 

respectively, yield a balanced F-measure of 0.643442. Given its low temporal complexity 

of O(n×m), this method is highly efficient for handling larger datasets.   

Cuckoo Search: the Cuckoo Search method demonstrates exceptional precision 

(0.852541) and F-measure (0.698377), indicating a highly effective overall performance. 

Achieving a low MAE of 1.295237 suggests a good level of accuracy. Nevertheless, the 

time complexity O(i×p×n×m) is greater, which may have an effect on scalability.  

Decay model selection: this approach exhibits a superior Mean Absolute Error (MAE) of 

1.366656 and tends to achieve average performance across many metrics, with a particular 

emphasis on recall of 0.809693. The complexity of the system, denoted as O(f×n×m), is 

moderately simple, which makes it appropriate for situations when computational resources 

are constrained.  

TCCF: This approach exhibits the highest Mean Absolute Error (MAE) of 1.347203 and a 

lower F-measure of 0.627770, suggesting that its recommendations are less effective. The 

time complexity of the system, denoted as O(n×m×j), is substantially high without any ac-

companying performance advantages.   

Recommended Methods: Considering the analysis, Cuckoo Search is highly recom-

mended because to its exceptional precision and F-measure, making it well-suited for situ-

ations where performance is of utmost importance. Furthermore, its balanced accuracy and 

computational economy make Content-Based Similarity a very promising option for a 

wide range of applications. These two approaches provide the optimal balance between 

efficacy and efficiency. 
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5.3 Determining Prominent Approaches to Recommender Sys-
tems 

 

Based on various evaluation techniques, we can identify the top three methods among all 

the proposed and paper methods. The following explanation outlines the best three meth-

ods in the order presented below: 

 Content-Based Similarity 

Content-Based Similarity stands out for its impressive accuracy and precision. It has 

demonstrated a low Mean Absolute Error (MAE), indicating its ability to provide highly ac-

curate and relevant recommendations. This method is often highlighted for scenarios where 

performance is essential due to its balanced metrics. The computational complexity of Con-

tent-Based Similarity is moderate, denoted as O(n×m×d). This balance between computa-

tional demand and performance makes it applicable in a variety of contexts, where the 

available resources are sufficient for moderate complexity. Overall, Content-Based Simi-

larity is ideal for applications requiring high accuracy and precision with reasonable com-

putational constraints, offering a versatile solution across different scenarios. 

Cuckoo Search 

Cuckoo Search is renowned for its exceptional precision and F-measure, making it the 

method of choice for situations where performance is paramount. This method excels in 

identifying the most relevant items effectively, which is a significant advantage in precision-

critical applications. However, the trade-off comes with its higher computational complexity, 

O(i×p×n×m), which may pose challenges for scalability and resource-intensive environ-

ments. Despite this, Cuckoo Search remains a top contender for applications where preci-

sion outweighs the need for computational efficiency. Its strong performance metrics make 

it particularly suitable when identifying precise recommendations is more important than 

processing speed. 

Time-Based Decay 

Time-Based Decay is celebrated for its simplicity and balanced performance across various 

metrics. It is an excellent choice for large datasets where efficiency is a priority. The 

method's low MAE in several instances suggests it maintains a good level of accuracy. 

With a simple time complexity of O(n×m), Time-Based Decay is highly efficient, making it 

well-suited for handling extensive datasets. This method is particularly appropriate for sce-

narios with limited computational resources, where its straightforward approach and bal-

anced metrics provide a reliable and effective solution. 
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In conclusion, these three methods offer distinct advantages based on their strengths and 

application contexts. Content-Based Similarity provides a compelling balance of accuracy 

and computational efficiency, making it adaptable to various needs. Cuckoo Search excels 

in precision, suitable for scenarios where identifying the most relevant items is crucial. 

Meanwhile, Time-Based Decay delivers simplicity and efficiency, ideal for large-scale ap-

plications with resource constraints. Each method presents a unique combination of effec-

tiveness and efficiency, tailored to different datasets and computational requirements. 

 

5.4 Key observations derived from research  

 

Assessment of leading methodologies for recommender systems offers valuable insights 

that might improve our comprehension and implementation of these technologies. Outlined 

below are essential points, structured to demonstrate a coherent development from ap-

proaches to user influence.  

1. Varied methodologies and their distinct advantages  

The analysis demonstrates that there is no typically superior approach for recommender 

systems. Instead, each methodology -- Content-Based Similarity, Cuckoo Search, and 

Time-Based Decay -- presents unique advantages that are suitable for diverse application 

scenarios. Content-Based Similarity is characterized by its exceptional accuracy and pre-

cision, making it well-suited for situations when peak performance is of utmost importance. 

However, Cuckoo Search achieves exceptional performance in applications that require 

precision, even though it has a greater computational complexity. The presence of much 

variation emphasizes the critical need of meticulous choice of methodologies according to 

the particular project needs, accessible resources, and intended results.  

2. Striking a balance between performance and computational efficiency  

The results underscore the need to attaining an appropriate balance between performance 

indicators and computational resource utilization. Although Cuckoo Search offers outstand-

ing accuracy, its considerable computing requirements may impede scaling in settings with 

limited resources. By contrast, Time-Based Decay provides a more straightforward and 

effective approach for handling extensive datasets, making it especially appropriate for ap-

plications that have restricted computing capabilities. Achieving this equilibrium is crucial 

for the development of scalable and efficient recommender systems that can function ef-

fectively in practical situations.  
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3. Resolving constraints in Time-Aware Recommendation Systems  

Although there have been notable improvements in time-aware recommendation algo-

rithms, there are still substantial constraints, especially in their capacity to adjust to the 

changing characteristics of user preferences. The investigation reveals that current models, 

especially those that use the Time Correlation Coefficient (TCC), frequently have difficulties 

in accurately representing the changing changes in user interests. Hence, it is imperative 

to consistently improve these models by including temporal dynamics and item similarity, 

as these factors are crucial for producing precise and pertinent recommendations.  

 

4. Novel Strategies for Improving Precision  

The suggested improvements to the TCC model, including the incorporation of item simi-

larity and investigation of dynamic attenuation coefficients, offer valuable opportunities for 

further study and advancement. The objective of these advancements is to enhance the 

precision of time-aware recommendation systems by more accurately representing the im-

pact of time on user preferences. It is crucial to prioritize ongoing innovation and adaptation 

in order to effectively meet the evolving user behaviors and preferences, therefore ensuring 

the continued relevance and effectiveness of recommender systems.  

5. Augmenting user experience and involvement  

Fundamentally, the main objective of improving these recommender systems is to augment 

user experience and involvement. Through providing suggestions that closely correspond 

to the ever-changing nature of user preferences, organizations can promote higher levels 

of pleasure and engagement. Emphasizing user-centric design is crucial for the optimal 

performance of any recommender system, since it has a direct impact on user retention, 

loyalty, and overall happiness.  

 

Ultimately, the results obtained from the assessment of suggested new approaches offer a 

very useful understanding of their advantages, constraints, and real-world utilities. The ef-

fectiveness and relevance of recommender systems in different domains can be greatly 

improved by comprehending the different strengths of each approach, achieving a balance 

between performance and computational efficiency, overcoming the constraints of time-

aware systems, and prioritizing innovative solutions. The primary objective of this dedica-

tion to ongoing enhancement is to enhance user pleasure and involvement, thereby guar-

anteeing that recommender systems effectively cater to the changing requirements of users 

in a dynamic setting. 
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5.5  Limitations and Potential Challenges 

While the study offers valuable insights into recommender systems, there are a few im-

portant limitations and challenges that could affect the applicability of the findings. Three 

key areas are: 

1. Dependence on Specific Datasets:  

The study’s conclusions are based on the performance of the methods tested on 

specific datasets (Amazon and MovieLens). Different datasets may exhibit varied 

user behaviors, item diversity, or interaction patterns, which could significantly affect 

the performance of the evaluated approaches. This limits the generalizability of the 

results, as methods that work well on these datasets may not perform as effectively 

on others with different characteristics. 

2. Scalability and Computational Complexity:  

While the computational complexity of the methods is analyzed, the study doesn’t 

fully address the practical implications of implementing them in real-world environ-

ments. For instance, the high complexity of Cuckoo Search, despite its strong pre-

cision, can limit its scalability in resource-constrained or large-scale settings. This 

could hinder its effectiveness in applications where real-time processing and effi-

ciency are critical. 

3. External Validity and Practical Implications:  

Finally, the practical application of these methods in real-world systems may en-

counter unforeseen challenges that are not captured in the experimental environ-

ment. For example, user feedback loops, recommendation diversity, and system 

latency are factors that can influence the success of a recommender system in 

practice. The absence of these real-world considerations in the evaluation presents 

a threat to the external validity of the results, meaning the effectiveness of these 

approaches may differ when deployed in live systems. 

In conclusion, while this study provides a strong foundation for understanding the 

strengths of various recommender system approaches, addressing these limitations 

and threats to validity is crucial for the accurate interpretation and application of the 

findings in broader contexts. Future work should consider further exploration of 

these limitations and seek to enhance the robustness and generalizability of the 

methods. 
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6. CONCLUSION 

The exploration of time-aware recommendation systems within this thesis has yielded sig-

nificant insights into the efficacy and limitations of current algorithms, particularly those 

employing the Time Correlation Coefficient (TCC) approach. While these models exhibit 

commendable effectiveness, their inability to fully capture the dynamic and nuanced nature 

of user preferences over time remains a challenge. This research has addressed these 

shortcomings by proposing enhancements that integrate temporal dynamics and item sim-

ilarity into the recommendation process. This study introduced and evaluated four innova-

tive methodologies: Content-based, Cuckoo Search, Decay Model, and Time-Based. Each 

approach offers unique strengths, underscoring the importance of selecting methodologies 

aligned with specific application requirements and resource constraints. Content-based 

provides high accuracy with moderate computational demands, making it suitable for bal-

anced performance needs. Cuckoo Search excels in precision, ideal for environments 

where accuracy is paramount despite higher computational costs. Time-based offers sim-

plicity and efficiency, perfect for large-scale applications with limited resources. Key obser-

vations from this research highlight the necessity of balancing performance with computa-

tional efficiency, recognizing that no single approach universally outperforms others. In-

stead, each methodology offers distinct advantages suited to varying contexts and needs. 

The enhancements proposed for the TCC model, present promising avenues for further 

refinement of time-aware recommendation systems. Ultimately, the advancements deline-

ated in this thesis aim to elevate user experience and engagement by delivering recom-

mendations that adapt closely to the evolving preferences of users. By emphasizing user-

centric design and continuous innovation, organizations can achieve higher levels of satis-

faction, retention, and loyalty.  

While this research has made significant strides in improving time-aware recommendation 

systems, there remain several areas for future exploration. One key direction is to further 

investigate the generalizability of the proposed methods across diverse datasets with var-

ying characteristics. Extending the evaluation to a broader range of datasets, including 

those with different user behavior patterns, item types, and temporal trends, will help refine 

the algorithms and ensure their robustness in different domains. In addition, incorporating 

real-world user feedback loops will be essential for enhancing the practical utility of the 

proposed approaches. By focusing on these areas, future research can help bridge the gap 

between experimental results and real-world applications, ensuring that recommendation 

systems continue to evolve and meet the dynamic needs of users. 
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