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ABSTRACT 

Web caching offers several advantages, such as increasing cache hit rates, lowering the 

workload on origin servers, and minimizing network traffic. Nevertheless, limited cache 

capacity poses a major challenge in web caching systems. Moreover, repeatedly fetching same 

media objects from origin servers leads to unnecessary bandwidth consumption. Furthermore, 

traditional caching policies, including Least Recently Used (LRU), are vulnerable to cache 

pollution. This study introduces a collaborative caching policy based on the Naïve Bayes (NB) 

Machine Learning (ML) algorithm. The proposed policy exploits structured peer-to-peer 

architectures, allowing cache contents to be shared among peers to improve the efficiency of 

LRU web caching policy. Performance evaluation is conducted through simulations using two 

real-world datasets obtained from YemenNet Internet Service Provider (ISP) and the IRCache 

network. The results show that the proposed policy outperforms the traditional LRU policy in 

terms of Hit Ratio (HR), Byte Hit Ratio (BHR), and Cost Throughput (CT). For example, in 

some cases the Improvement Ratio (IR) of is more than 12% for YemeNet dataset; while it is more 

than 24% for IRCache dataset. 
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1. Introduction 

A cache replacement policy defines the action taken when the cache reaches its capacity and 

new web objects need to be stored. Cache replacement plays a key role in web caching systems. 

Collaborative caching enables more effective use of cache space by allowing neighboring peers 

within a network to share cached web objects. In addition, collaborative caching reduces 

response latency, as user requests can be served from nearby caches instead of being retrieved 

from the original server. Moreover, this approach improves the Hit Ratio (HR), Byte Hit Ratio 

(BHR), and Cost Throughput (CT) (Ibrahim et al., 2016; Yasin, 2018; Pires et al., 2021; Jialu 

et al., 2022; Li & Haichao, 2022). 
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The cache replacement decision, which is based on the entry time, location, frequency, 

last access, and expiration time of the objects in peers' caches, is one of many difficulties that 

must be taken into account when collaborative caching is used in the system. Other issues of 

collaborative caching include network topology, varied cache sizes, and user request patterns. 

However, there are numerous other issues that need to be considered when implementing a 

peer-to-peer system, including peer-to-peer communication overhead, searching mechanisms, 

and the effects of peers joining or departing the excessively large network. Additionally, the 

Quality of Service (QoS) in terms of delays for cached objects must be considered. The time it 

takes for peers' caches to respond to a query is known as the delay. Furthermore, one of the 

issues of caching in peer-to-peer systems is updating and maintaining cached objects. The 

media objects that are far larger than text objects are the subject of this study. A thesis that 

included portions of this study was already published at: 

http://psasir.upm.edu.my/id/eprint/76955/1/FSKTM%202018%2065%20-%20IR.pdf. 

Recent research indicates that media items are the most common type of Internet traffic, 

hence cache size must be taken into account when caching is necessary. For instance, between 

65% and 80% of Internet bandwidth is consumed by media streaming (Esakki et al., 2021). 

However, standard web caching strategies like LRU are hampered by caching pollution, which 

occurs when media objects stored int the storage of the cache are not regularly accessed, hence 

reducing web caching performance. Additionally, repeatedly downloading the same video 

content from the original server wastes network capacity (Ali et al., 2012a, 2012b). 

Machine Learning (ML) improves the performance of algorithms in computer science 

(Ibrahim et al., 2024; Ramli et al., 2025; Saxena et al.,2026). However, several variations of 

caching policies have addressed cache pollution issue, they did not consider the contents of 

neighbors' caches in the network (Pernabas et al., 2019). Collaborative approach adopted in this 

study is based on the benefits of Naïve Bayes (NB) ML algorithm. The proposed approach 

considers peer-to-peer systems' advantages. 

The motivation of this study is to reduce the request response time by improving the 

HR, BHR and CT of LRU web caching policy. This study focuses on LRU because it is the 

most popular web caching policy in practice which has many desirable characteristics such as 

high HR, low complexity, and flexibility (Kushwah et al. 2022). On the other hand, HR, BHR, 

and CT are most important metrics to measure the performance of any caching policy (Yasin, 

2018). The novelty of this study can be summarized in more performance analysis of the 

proposed approach which contributes to web caching based on LRU using NB ML algorithm 

in collaborative peer-to-peer systems. This policy focuses on media objects because, as it has 

been mentioned earlier, the dominant traffic is media.  

The structure of this document is as follows: Related works are shown in Section 2. 

The proposed approach is presented in Section 3. Section 4 presents the experiment. Section 5 

presents the results and discussions. The computation performance is presented in Section 6. 

Section 7 presents the conclusion and future works. 

 

2. Related Works 

In this section, recent related works of collaborative caching are presented. In addition, 

recent related works for caching based on ML are presented. 

Yasin et al. (2018) proposed web caching policies using C4.5 ML algorithm for peer-

to-peer systems to alleviate caching pollution, such as IC-J48-LRU. The performance of 

proposed policies has been evaluated by conducting trace-driven simulations. Furthermore, the 

results have been compared to LRU, LFU, GDS and state-of-the-art policies; however, 

computation performance has not been studied. On the other hand, IC-NB-LRU was presented 

in (Ibrahim et al., 2016) which was evaluated using only HR and BHR in general as 

http://psasir.upm.edu.my/id/eprint/76955/1/FSKTM%202018%2065%20-%20IR.pdf
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performance metrics and compared to LRU and NB-LRU which might be considered as an 

unfair comparison. In this study, IC-NB-LRU is improved to C-NB-LRU where it is evaluated 

using Local Hit Ratio (LHR), Local Bit Hit Ratio (LBHR), Global Hit Ratio (GHR), Global Bit 

Hit Ratio (GBHR), and CT. Furthermore, C-NB-LRU is compared to C-C4.5-LRU which is an 

improved version of IC-J48-LRU. Moreover, computation performance is studied. 

In (Lanying et al., 2022), a web caching approach based on minimum frequency policy 

and flow load algorithm has been presented to solve the problem of network congestion. A 

combination of two systems, including network caching and traffic identification have been 

used. The proposed approach has improved HR in peer-to-peer systems. Also, it utilizes 

network bandwidth. 

An approach which is called Peng-Robinson-Stryjek-Vera (PRSV) Multi-Criteria 

Group Decision-Making (MCGDM) was proposed by Peng et al. (2022) to achieve an optimal 

cache replacement policy which is based on Pythagorean fuzzy set. The results have 

demonstrated that PRSRV MCGDM can reduce the cache redundancy. 

Sharif et al. (2022) proposed a sliding window-based adaptive cache replacement 

policy, which was capable to change its behavior according to changes in data popularity over 

time. The proposed policy was based on online learning using a neural network. The results 

demonstrated that the proposed approach was robust to data popularity changes. 

In (Xu et al., 2022), a caching strategy which is called Learning based Cooperative 

Caching Strategy (LECS) has been presented for reducing the content delivery latency based 

on cooperative edge servers. A popularity prediction approach has been used to improve the 

HR according to the simulation results. 

An edge caching approach based on ML for video streaming in 5G networks has been 

presented in (BenMimoune, 2023). The proposed approach has combined edge caching and ML 

to optimize video streaming in terms of HR and Request Latency (RL); however, no details of 

the ML algorithm that has been implemented in the approach were presented. 

An approach called KNN-LRU has been presented in (Negara et al., 2024) which 

implemented kNN ML algorithm on routers in Named Data Networking (NDN) for cache 

replacement by predicting popular contents. NDN router stores content; however, the limited 

cache capacity is considered as a limitation of NDN. KNN-LRU is better than traditional LRU, 

FIFO, and LFU using HR, RL, and bandwidth utilization performance metrics. 

In (Saxena et al., 2024), a caching approach called Latency Aware Dynamic Caching 

(LAD-Caching) has been presented. LAD-Caching has applied Long Short-Term Memory 

(LSTM) (Li et al., 2022) policy with deep learning to manage cache contents. Furthermore, 

Access Time (AT), RL, HR, and cache utilization have been used as performance metrics; 

however, it is limited for datalakes cloud services. 

A caching approach which called Catcher+ has been presented in (Zhou et al., 2024), 

which improved HR. Furthermore, it reduced RL and traffic to servers. Catcher+ used Deep 

Reinforcement Learning and LSTM algorithm; however, it was limited to cache replacement 

in block storage clouds and did not consider prefetching policies. Also, it has only been 

compared to traditional caching polices such as LRU and LFU. 

A caching scheme called Learning Machine-based Mobility and Popularity Aware 

Proactive (E-MAPP) has been presented in (Ahmad et al., 2025). It considered movement of 

the user and popularity of contents in 5G and 6G Multi-Tier Cellular Networks (MTCNs). E-

MAPP has applied Extreme Learning Machine (ELM) to address the problem of cache 

pollution. On the other hand, RL and HR have been used as performance metrics to measure 

the effectiveness of E-MAPP in enhancing QoS and user satisfaction. 

In (Deepakraj et al., 2025), an approach for caching has been presented, which utilized 

ML and Reinforcement Learning to optimize cache replacement by predicting popular contents. 

The proposed approach increased HR by using deep learning and LSTM algorithm. It also 
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reduced the load on Content Delivery Networks (CDNs) and servers. Table 1 presents a 

summary of the proposed web caching policies using ML algorithms. 

In this study, a novel web caching approach based on NB supervised ML algorithm for 

structured peer-to-peer systems is proposed to alleviate caching pollution. 

 

3. Proposed Approach 

In this section, peer-to-peer systems' media object caching infrastructure based on 

Chord protocol (Stoica et al., 2001) is presented. After that the implementation of NB ML is 

presented. 

 
Table 1. A summary of proposed web caching policies using ML algorithms 

 
Approach 

Author(s) 

/ Year 

Machine 

Learning 

Algorithm 

Performance 

Metrics 

Advantages Disadvantages 

Lanying et 

al. (2022) 

Flow Load HR - It utilized servers and 

network bandwidth 

- It depended on the 

number of users 

Peng et al. 

(2022) 

Pythagorean 

fuzzy set 

HR, Distance - It reduced the cache 

redundancy. 

- It is dedicated for 

Content- Centric Networks 

(CCN) 

Sharif et 

al. (2022) 

Neural 

Network 

HR - It was robust to data 

popularity 

changes. 

- It was dedicated for IoT-

CCN 

Xu et al. 

(2022) 

LECS HR - It reduced delay - It was dedicated for 

wireless network traffic 

BenMimoune 

(2023) 

Not 

mentioned 

HR, RL - It combined edge 

caching and ML to 

optimize video 

streaming 

- It was dedicated for 5G 

Networks. 

Negara et 

al. (2024) 

kNN HR, RL -It predicted popular 

contents 

-It was dedicated for NDN. 

Saxena et 

al. (2024) 

Deep 

Learning 

AT, RL -It used LSTM to 

manage cache 

contents. -It reduced 

AT & LR. 

-It was limited for data 

lakes cloud services. 

Zhou et al. 

(2024) 

Reinfo- 

-rcement 

Deep 

Learning 

HR, RL - It used LSTM 

algorithm to improve 

HR. - It reduced RL 

and traffic to servers. 

-It was limited to cache 

replacement in block 

storage clouds. - 

It did not consider 

prefetching policies. 

Ahmad et 

al. (2025) 

ELM HR, RL - It considered 

movement of the user 

and the popularity of 

contents. 

-It was dedicated for 5G 

and 6G MTCNs. 

Deepakraj 

et al. 

(2025) 

Reinfo- 

-rcement 

Deep 

Learning 

HR 

 

- It used LSTM 

algorithm to optimize 

cache replacement by 

predicting popular 

contents. 

- It was dedicated for 

CDNs. 
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3.1 Media Object Caching Model  

In media object caching system, peers collaborate and coordinate with a proxy to provide a 

scalable cache space and contribute to providing a media object caching service to end-users. 

The proxy and all peers are the main components of media object caching system, where it 

employs a proxy for fetching requested media objects from the origin server if they are 

requested for the first time. 

Each peer in media object works in the same way as in other systems (i.e. as a client 

when it requests media object, or as a server when it streams media object to other peers). The 

system model consists of a number of peers N= n1, n2, …nN where each peer has three 

components that are: (i) Cache Manager; this component has two tasks including answering the 

requests and executing the replacement policy. In the first task, when a user requests a media 

object, the Cache Manager checks the availability of the media object in the local cache. If it is 

available, the Cache Manager responds to the user with the media object. If it is not available 

in the local cache, the Cache Manager checks the neighbors' caches. Finally, if the media object 

is not available in the neighbors' caches, it is fetched from the original server. In the second 

task, the Cache Manager is responsible for cache replacement policy when the cache is full. (ii) 

Distributed Hash Table. (DHT); this component is responsible to keep the peer's and media 

object's identifiers using Chord ring (Stoica et al., 2001). (iii) Local Cache; this component is 

responsible to cache media objects and provides Cache Manager with the list of cached items. 

The proposed media object caching system model employs Chord as the overlay 

structure because of its flexibility. Furthermore, it allows the best selection of serving peer 

according to its capacity and workload. Also, its distributed indexing is scalable and does not 

form a single point of failure. As a result of that, the workload is distributed over the media 

object caching system. Thus, the media object caching system is considered as a cost-effective 

system (Yasin, 2018).  

3.2 NB Supervised ML Algorithm Implementation 

The proposed approach is based on NB-ML algorithm because it is one of the fastest 

and the easiest algorithms for predicting a class of datasets (Mohanty et al., 2022). All attributes 

in NB classifier are assumed to be conditionally independent, given the class label. The term 

naïve originates from the idea of independence among attributes, disregarding any correlations 

between them.  

An observed pattern is to be assigned to a class where the NB classifier relies on a 

probability calculation known as posterior probability. The evaluation of class posterior 

probability obtained from a test sample d is what is known as the classification decision, as 

demonstrated in Equation (1). All equations pertaining to NB classifier are presented in 

Friedman et al. (1997). The sample d is allocated to the most probable class. 

                                      P (C = cj|d)                                                              (1) 

    

In this study, the attributes for YemenNet dataset are Time, Client ID, URL ID, Length, 

Delta Time, Freq. On the other hand, C is the class attribute where the values of |C| are 0 and 

1. Assume a test sample d = < F1 = Time = f1, F2 = Client_ID = f2, F3 = URL_ID = f3, F4 = 

Length = f4, F5 = Delta Time = f5, F6 = Freq = f6 >, where fi is a possible value. 

In IRCache dataset, the attributes are Timestamp, Client ID, URL ID, Size, Elapsed 

Time, Freq. On the other hand, C is the class attribute where the values of |C| are 0 and 1. Asume 

a test sample d = < F1 = Timestamp = f1, F2 = Client_ID = f2, F3 = URL_ID = f3, F4 = Size = 

f4, F5 = Elapsed_Time = f5, F6 = Freq = f6 >, where fi is a possible value as shown in Equation 

(2) and Equation (3). 
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𝑃(𝐶 = 𝑐𝑗|𝑑) =
𝑃(𝑑|𝐶 = 𝑐𝑗)

𝑃(𝑑)
 

 

                                                                   =
𝑃(𝑑|𝐶 = 𝑐𝑗)𝑃(𝐶=𝑐𝑗)

∑ 𝑃(𝑑|𝐶 = 𝑐𝑘)𝑃(𝐶=𝑐𝑗)2
𝑘=1

 

 

𝑃(𝑑|𝑐𝑗) = ∏ 𝑃(𝐹𝑖
6
𝑖=1 = 𝑓𝑖|𝐶 = 𝑐𝑗)                                                 (3) 

 

From Equation (3) and Equation (4), k = [1,2] because we have two cases 0 or 1; while 

i= [1,6] because we have 6 attributes for both datasets. All attributes are assumed conditionally 

independent that given the class C = cj as demonstrated in Equation (4). The decision function 

is obtained as shown in Equation (5). 

𝑃(𝐶 = 𝑐𝑗|𝐹1 = 𝑓1, 𝐹2 = 𝑓2, … , 𝐹6 = 𝑓6) =
𝑃(𝐹1 = 𝑓1, 𝐹2 = 𝑓2, … , 𝐹6 = 𝑓6|𝑐𝑗)

𝑃(𝐹1 = 𝑓1, 𝐹2 = 𝑓2, … , 𝐹6 = 𝑓6)
 

 

                 =
𝑃(𝐹1 = 𝑓1, 𝐹2 = 𝑓2, … , 𝐹6 = 𝑓6|𝐶 = 𝑐𝑗)

∑ (𝑃(𝐹1 = 𝑓1, 𝐹2 = 𝑓2, … , 𝐹6 = 𝑓6|𝐶 = 𝑐𝑘)𝑃(𝐶 = 𝑐𝑗))2
𝑘=1

 

 

  

𝑃(𝐶 = 𝑐𝑗|𝑑) =
𝑃(𝐶 = 𝑐𝑗) ∏ 𝑃(𝐹𝑖 = 𝑓𝑖|𝐶 = 𝑐𝑗)6

𝑖=1

∑ 𝑃(𝐶 = 𝑐𝑘) ∏ 𝑃(𝐹𝑖 = 𝑓𝑖|𝐶 = 𝑐𝑘)6
𝑖=1

2
𝑘=1

 

 

Since the denominator is the same for every class in classification tasks, the numerator 

of Equation (6) is only required to determine which class has the highest probability for each 

sample. Thus, we can use Equation (6) to determine the most likely class for a given test sample. 

The 𝑎𝑟𝑔  𝑚𝑎𝑥
𝑥∈𝑆

𝑓(𝑥) can be defined as the set of elements in S that achieve the global maximum 

in S, which is defined as the largest overall value of a set or absolute maximum as shown in 

Equation (7) (Alan, 1979). 

 

𝑎𝑟𝑔  𝑚𝑎𝑥
𝑥∈𝑆

𝑓(𝑥) = {𝑥 ∈ 𝑆: 𝑓(𝑥)  𝑚𝑎𝑥
𝑦∈𝑆

𝑓(𝑦)}          (6) 

 

𝑐 = 𝑎𝑟𝑔  𝑚𝑎𝑥
𝑐𝑗

𝑃(𝐶 = 𝑐𝑗) ∏ 𝑃(𝐹𝑖 = 𝑓𝑖|𝐶 = 𝑐𝑗)6
𝑖=1                                          (7) 

 

Only the prior probabilities P(C = cj) and the conditional probabilities P(Fi = fi | C = 

cj) must be estimated from the training datasets during the NB classifier's training phase using 

Equations (8) and (9). 

 

𝑃(𝐶 = 𝑐𝑗) =
𝑁𝑜. 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑜𝑓 𝑐𝑙𝑎𝑠𝑠 𝑐𝑗

𝑇𝑜𝑡𝑎𝑙 𝑁𝑜. 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
 

 

𝑃(𝐹𝑖 = 𝑓𝑖|𝐶 = 𝑐𝑗) =
𝑁𝑜. 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑤𝑖𝑡ℎ 𝐹𝑖 = 𝑓𝑖 𝑎𝑛𝑑 𝑐𝑙𝑎𝑠𝑠 𝑐𝑗

𝑁𝑜. 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑜𝑓𝑐𝑙𝑎𝑠𝑠 𝑐𝑗  
 

 

Then, using Equation (10), the class of the requested media object c can be predicted 

by the NB classifier, assigning it to the most likely class, either 1 or 0. 

 

𝑐 = {
1, 𝑖𝑓 𝑡ℎ𝑒 𝑜𝑏𝑗𝑒𝑐𝑡 𝑤𝑖𝑙𝑙 𝑏𝑒 𝑟𝑒𝑣𝑖𝑠𝑖𝑡𝑒𝑑
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                 (10) 

    (2) 

    (4) 

    (5) 

   (8) 

 

 
    (9) 
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3.3 Collaborative LRU based on NB 

Of all the caching policies, the LRU policy is the most often used (Yasin, 2018). LRU's primary 

strategy is to start by deleting the web items that have been used the least from the cache. LRU 

policy must therefore track these items by creating a recency index for each item in order to 

accomplish that. This index shows how long it has been since the item was last used. The new 

item will take the place of the least used one; however, cache pollution negatively affects the 

efficacy of LRU web caching policy. In this study, a web caching policy called Collaborative-

Naïve Bayes-Least Recently Used (C-NB-LRU) is proposed, which combines the 

Collaborative-LRU with the NB classifier. 

C-NB-LRU operates as follows: Let's say we have two media objects, g and k, and we 

have m peers. Let xi be object i's recency index, where N is the number of media objects in the 

cache and i ∈ [1,N]. Additionally, suppose that g is a media object that a user has requested. 

The recency index xg is applied to the Timestamp in the IRCache dataset if g is in the local 

cache, whereas it is assigned to the Time in the YemenNet dataset, and the NB classifier assigns 

the class of g. Furthermore, Local Cache Hit (LCH) also happens. On the other hand, Local 

Cache Miss (LCM) happens if g is not in the local cache, and the cache manager verifies that it 

is present in the caches of its peers. The Cache Manager retrieves g from the peer's cache if it 

is available, assigns the class of g to the NB classifier, and assigns the xg to the Time in 

YemenNet dataset and the Timestamp in IRCache dataset; while, Peer Cache Hit (PCH) 

happens in the event that it is unavailable; where, the Cache Manager redirects the request to 

the peer that serves as a proxy in order to retrieve g from the origin server. This is known as 

Peer Cache Miss (PCM). In the IRCache dataset, the recency index xg is assigned to the 

Timestamp if there is sufficient space for it; however, in YemenNet, it is assigned to the Time 

dataset, and the NB classifier assigns the class of g.  

In the case, if there is no enough space, let n is considered as the least recently used 

object with xn recency index, and the class of object n is 1 according to Equation (10). It implies 

that the object n will be revisited in the future. Conversely, let's say that object k has the same 

value as n's recency index xn, but its class is 0, meaning that it won't be revisited. Thus, k will 

be selected by the Cache Manager as a victim to be replaced. Consequently, by minimizing 

cache pollution and making efficient use of the available cache space, the proposed C-NB-LRU 

approach can successfully eliminate undesirable objects to make space for new media objects. 

The proposed C-NB-LRU approach's general flow chart is shown in Figure 1, 

and its pseudo code is shown in Figure 2. 

 

4. Experiment 

In order to evaluate the performance of the proposed approach, an experiment is run which 

includes many stages that are discussed below. 

Two datasets are gathered in the first stage from YemenNet, the Internet Service 

Provider (ISP) of Yemen that is owned by Yemen Telecom (Yasin et al., 2023), and IRCache 

network. In IRCache dataset, when a user sends a request to a web server, this event is recorded 

into a log file. The logs are collected for users from many cache servers that are: BO2, NY, SD, 

SV, and UC as shown in Table 2.  

In YemenNet dataset, a user sends a request to ISP servers that record his request. The 

dataset is collected on 19th and 20th of December 2016 for normal Internet users where the 

number of records is 309,684A network tool that is called Wireshark version 2.2.6 is used to 

analyze the data, where the total number of bytes is 228.51294 GB. The raw data format is not 

appropriate for direct simulation use. Because they have no bearing on the caching policy, 

unnecessary fields are eliminated. The second stage, data pre-processing, involves organizing 

the data in an appropriate way.  



 
Yasin, Malaysian Journal of Computing, 11 (1): 2447-2468, 2026 
 

2454 

 

 

 

 

 

 

 

Table 2. Explanation of the IRCache dataset 

Cache 

server 

Cache location Duration of collection Total No. of 

records 

Total No. of 

Bytes (GB) 

BO2 Boulder, Colorado 8th to 14th of March 2013 571,919 20.60076 

NY New York 8th to 14th of March 2013 1,209,561 27.44352 

SD San Diego, California 8th to 14th of March 2013 20,514,737 446.41998 

SV Silicon Valley, 

California 

22nd to 28th of August 2012 304,007 14.17165 

UC Urbana-Champaign, 

Illinois 

21st to 27th of November 

2010 

7,874,706 663.97497 
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Figure 1. A general flow chart of C-NB-LRU approach. 

 

In the third stage, a field which is called class is added to 70% of both datasets after the 

data pre-processing stage for training purpose to represent whether the media object will be 

revisited in the future or not. Once datasets are prepared, NB classifier is trained using Version 

3.6.9 of Waikato Environment for Knowledge Analysis (WEKA) The aim of training is to train 

NB classifier in order to get the classification model which is tested using 30% of both datasets. 

NB classifier uses the attributes of media objects that are extracted from datasets as inputs while 

y is the output of the classifier as shown in Table 3. 

4.1 Performance Evaluation 

While LBHR is the total number of bytes found in the caches divided by the total number of 

bytes requested by the user during an observation time, LHR is calculated as a percentage of 

the total number of LCH divided by the total number of requests. Let N be the total number of 

media object requests. Equation (11), which defines LHR, and Equation (12), which defines 
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LBHR, where Si is the size of the ith request, and xi = 1 in the case of LCH occurrence and 0 

otherwise. 

 

Figure 2. The pseudocode of C-NB-LRU approach 

Table 3. NB classifier's inputs and output and their description 

Input Description IRCache YemenNet 

x1 The recency of the media object Timestamp Time 

x2 The Client ID Client_ID Client_ID 

x3 The URL ID of the media object URL_ID URL_ID 

x4 The size of the media object in bytes Size Length 

x5 The access latency or retrieval time of the media 

object in milliseconds, which means the cost 

Elapsed_Time Delta_Time 

x6 Media object frequency Freq Freq 

Y Classifier output Class Class 

 

1: Begin 

2:   m= No. of Peers; g, n, k are media objects 

3:   For each media object g requested by user 

4:     Begin 

5:       If g in cache 

6:         Begin 

7:            LCH occurs 

8:            g.recency = Timestamp for IRCache | Time for YemenNet 

9:            g.class = NB classifier.output 

10:          Update Cache Manager 

11:       End 

12:    Else If g is not in the local cache 

13:       Begin 

14:          LCM occurs 

15:          for (i = 1; i <= m; i++) 

16:             Begin 

17:                 Check peers' caches //using Chord 

18:                 If g in a peer's cache 

19:                    Begin 

20:                        PCH occurs 

21:                        Fetch g from the peer's cache 

22:                        g.recency=Timestamp for IRCache | Time for YemenNet 

23:                        g.class = NB classifier.output 

24:                        Update Cache Manager 

25:                        Break 

26:                    End 

27:                 Else 

28:                     Begin 

29:                         PCM occurs 

30:                         Fetch g from origin server 

31:                         While no enough space in the local cache for g 

32:                              if n and k are least recently used objects where n's class=1 while k's class =0 

33:                                  Evict object k 

34:                          g.recency=Timestamp for IRCache | Time for YemenNet 

35:                          g.class = NB classifier.output 

36:                          Update Cache Manager 

37:                  End 

38:             End 

39:        End 

40:    End 

41: End 

   (11) 
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𝐿𝐻𝑅 =
𝑇𝑜𝑡𝑎𝑙 𝑁𝑜. 𝑜𝑓 𝐿𝐶𝐻

𝑁
 

 

𝐿𝐵𝐻𝑅 =
∑ 𝑆𝑖𝑥𝑖

𝑁
𝑖=1

∑ 𝑆𝑖
𝑁
𝑖=1

 

 

 

The Global Byte Hit Ratio (GBHR) is calculated by dividing the total number of bytes 

found in the caches by the total number of bytes requested by the user during an observation 

period, while GHR is defined as a percentage of the total number of PCH divided by the total 

number of requests. Whereas GHR is defined by Equation (13), GBHR is defined by Equation 

(14), where yi = 1 if the request i is in the peer's cache; while yi = 0 otherwise. 

 

𝐺𝐻𝑅 =
𝑇𝑜𝑡𝑎𝑙 𝑁𝑜. 𝑜𝑓 𝑃𝐶𝐻

𝑁
 

 

𝐺𝐵𝐻𝑅 =
∑ 𝑆𝑖𝑦𝑖

𝑁
𝑖=1

∑ 𝑆𝑖
𝑁
𝑖=1

 

 

SavedCost is the saved cost by retrieving the media object from local or peers' cache. 

In order to calculate SavedCost, two costs are defined as: (i) Out-Cost: the cost to retrieve the 

media object from the original server in milliseconds. The Out-Cost for IRCache dataset is 

gathered from Elapsed Time field, while it is gathered from Delta Time field for YemenNet 

dataset. (ii) In-Cost: the cost to retrieve the media object from the peers' cache in milliseconds. 

Let OC be the Out-Cost and IC be the In-Cost of a media object xi then the SavedCost is defined 

as Equation (15), and the CT is defined as Equation (16); where i, j ∈ [1,N] and xi is retrieved 

from the local cache; while, xj is retrieved from the peers' cache. If xi is retrieved from the cache 

either the local cache or peers' cache, yi= 0; while yi = 1 otherwise. 

 

𝑆𝑎𝑣𝑒𝑑𝐶𝑜𝑠𝑡 = ∑ 𝑂𝐶𝑥𝑖
+𝑁

𝑖=1 ∑ (𝑂𝐶𝑥𝑗
−𝑁

𝑗=1 𝐼𝐶𝑥𝑗
)                                       (15) 

 
 

𝐶𝑇 =
𝑆𝑎𝑣𝑒𝑑𝐶𝑜𝑠𝑡

∑ (𝑂𝐶𝑥𝑖
∗𝑁

𝑗=1 𝑦𝑖)
 

 

The IC is generated randomly for each record, where the range is between [180,285] 

ms (Wan et al., 2010). The uniform discrete distribution, which is characterized by the 

probability formula shown in Equation (17), that is used by the random function to generate 

integer numbers. 

 

𝑃(𝑖|𝑎, 𝑏) =
1

(𝑏 − 𝑎 + 1)
  , 𝑎 ≤ 𝑖 ≤ 𝑏 

5. Results and Discussion 

The C-NB-LRU approach is compared to LRU policy and Collaborative-LRU (C-LRU). The 

HR, BHR, and CT performance of LRU, C-LRU, and C-NB-LRU on the IRCache dataset are 

displayed in Table 4, Table 5, and Table 6, respectively.  

 

Table 4. A comparative analysis of the HR performance among LRU, C-LRU, and C-NB-

LRU using IRCache dataset. 

Cache size 

(No. of items) 

LRU C-LRU C-NB-LRU 

LHR (%) LHR (%) GHR (%) Total (%) LHR (%) GHR (%) Total (%) 

   (12) 

   (14) 

   (13) 

   (16) 

   (17) 
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1 0.05727 0.03818 52.32913 52.36732 0.09546 52.72054 52.81596 

10 0.05727 0.03818 52.33391 52.37209 0.12887 52.84464 52.97346 

100 0.09069 0.06205 52.36254 52.42459 0.20046 52.88278 53.08324 

1000 0.53933 0.50115 52.77778 53.27892 0.56319 53.16915 53.73234 

10000 1.05001 0.51546 52.80164 53.31711 0.56797 53.16915 53.73711 

100000 1.05001 0.51546 52.80164 53.31711 0.56797 53.16915 53.73711 

 

 

Table 5. A comparative analysis of the BHR performance among LRU, C-LRU, and C-NB-

LRU using IRCache dataset. 

Cache size 

(No. of items) 

LRU C-LRU C-NB-LRU 

LBHR (%) LBHR (%) GHR (%) Total (%) LBHR (%) GBHR (%) Total (%) 

1 0.00289 0.00089 55.55016 55.55105 0.00143 55.56851 55.56993 

10 0.00289 0.00089 55.55056 55.55146 0.00188 55.57462 55.57650 

100 0.00499 0.00167 55.55297 55.55463 0.00278 55.57474 55.57753 

1000 0.00822 0.00312 55.55918 55.56230 0.00391 55.57802 55.58193 

10000 0.00949 0.00316 55.56220 55.56536 0.00392 55.57802 55.58194 

100000 0.00949 0.00316 55.56220 55.56536 0.00392 55.57802 55.58194 

 

Table 6. A comparative analysis of the CT performance among C-LRU and C-NB-LRU 

using IRCache dataset. 

Cache size (No. of items) CT of C-LRU (%) CT of C-NB-LRU (%) 

1 48.12429 48.11814 

10 48.12493 48.11710 

100 48.13022 48.11543 

1000 48.09803 48.09110 

10000 48.09530 48.09116 

100000 48.09530 48.09116 

 

Referring to Table 4, Table 5, and Table 6, the following is observed: (i) C-NB-LRU 

outperforms LRU regarding HR and BHR. This is because C-NBLRU considers the contents 

of peers when it responds to a user's request based on intelligent collaborative caching approach 

using NB classifier. For example, the average LHR of C-NB-LRU is 0.354%; while the average 

LHR of LRU is 0.474% and the average LHR of C-LRU is 0.278%. On the other hand, the GHR 

of C-NB-LRU is 52.992%; while the GHR of C-LRU is 52.568%. That means C-NB-LRU 

increases the performance of C-LRU local cache 27.34%; while it increases the performance of 

C-LRU peers' caches 0.81%. Furthermore, the average LHR of C-NBLRU is 0.00297%; while 

the average LBHR of LRU is 0.00633% and the average LBHR of C-LRU 0.00215%. That 

means C-NB-LRU increases the performance of C-LRU local cache 38.14%. The average 

GBHR of C-NB-LRU is 55.57532%; while the average GBHR of C-LRU is 55.55621%. Thus, 

C-NB-LRU increases the performance of C-LRU peers' caches 0.034%. In contrast, the average 

CT of C-NB-LRU is 48.10401%; while the average CT of C-LRU is 48.11134%. That means 

C-LRU is better than C-NB-LRU 0.015% in terms of CT because of using additional process 

which is classification using NB ML. (ii) The primary factor positively influencing C-NB-

LRU's HR and BHR performance is the caches of its peers. For example, peers' caches 

contribute with 99.34% in terms of HR, while local cache only contributed 0.66%. Also, the 

contribution of peers' caches is 99.99% in terms of BHR; however local caches contribute with 

0.01%. (iii) Small cache sizes such as 1item and 10 items have the same HR and BHR 

performance of local cache of LRU and C-LRU, while C-NB LRU is affected by small cache 

sizes. (iv) The LHR of LRU, LHR, LBHR, GHR, GBHR, CT performances of C-LRU and C-

NB-LRU reach a steady state at large caches' sizes. This is because the cache size is enough for 

caching the media objects. (v) The CT performance of LRU and C-NB-LRU decreases when 

the cache size increases. 
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On the other hand, the HR, BHR, and CT performance of LRU, C-LRU, and C-NB-

LRU for YemenNet dataset are shown in Table 7, Table 8, and Table 9 respectively. 

 

Table 7. A comparative analysis of the HR performance among LRU, C-LRU, and C-NB-

LRU using YemenNet dataset 

Cache size 

(No. of items) 

LRU C-LRU C-NB-LRU 

LHR (%) LHR (%) GHR (%) Total (%) LHR (%) GHR (%) Total (%) 

1 0.34451 0.21819 63.16031 63.37854 0.28709 63.29812 63.58521 

10 0.44786 0.27561 63.16031 63.43592 0.36747 63.34405 63.71153 

100 0.83830 0.52825 63.34405 63.87234 0.72347 63.56224 64.28571 

1000 2.23932 1.02205 63.53927 64.56132 1.05654 63.67708 64.73358 

10000 2.23932 1.02205 63.53927 64.56132 1.05654 63.67708 64.73358 

100000 2.23932 1.02205 63.53927 64.56132 1.05654 63.67708 64.73358 

 

 

Table 8. A comparative analysis of the BHR performance among LRU, C-LRU, and C-NB-

LRU using YemenNet dataset 

Cache size 

(No. of items) 

LRU C-LRU C-NB-LRU 

LBHR (%) LBHR (%) GHR (%) Total (%) LBHR (%) GBHR (%) Total (%) 

1 0.35899 0.21429 63.35358 63.56787 0.38334 63.49594 63.87928 

10 0.47133 0.27334 63.35358 63.62693 0.49875 63.54339 64.04214 

100 0.81217 0.54257 63.55102 64.09358 0.92756 63.79205 64.71960 

1000 2.54900 1.17570 63.73664 64.91234 1.31494 63.87944 65.19393 

10000 2.54900 1.17570 63.73664 64.91234 1.31494 63.87944 65.19393 

100000 2.54900 1.17104 63.78409 64.95514 1.31494 63.87944 65.19393 

 

 

Table 9. A comparative analysis of the CT performance among C-LRU and C-NB-LRU 

using YemenNet dataset 

Cache size (No. of items) CT of C-LRU (%) CT of C-NB-LRU (%) 

1 61.80390 62.13419 

10 62.01561 62.34590 

100 62.06522 62.72689 

1000 62.82312 63.03268 

10000 62.82312 63.03268 

100000 62.82312 63.03268 

 

Referring to Table 7, Table 8, and Table 9, the following is observed: (i) C-NB-LRU 

outperforms LRU regarding HR, BHR, and CT. On average, C-NB-LRU increases the LHR 

performance of C-LRU local cache 11.24%; while it increases the GHR performance of LRU 

peers' caches 0.25%. Furthermore, CNB-LRU increases the LBHR performance of C-LRU 

26.40%. Also, C-NB-LRU increases the GBHR performance of C-LRU peers' caches 0.25%. 

Moreover, the performance of C-NB-LRU is better than the performance of C-LRU 0.52% in 

terms of CT. (ii) On average, peers' caches contribute with 98.82% in terms of HR, while local 

cache only contributes with 1.18%. Also, the contribution of peers' caches is 98.52% in terms 

of BHR, while local cache only contributes with 98.52%. (iii) Small cache sizes such as 1 item 

and 10 items have the same HR and BHR performances of local cache of LRU, while the C-

NB-LRU is affected by small cache sizes. (iv) The HR, BHR, and CT performances of LRU 

and C-NB-LRU reach a steady state at large caches' sizes. This is because the cache size is 

enough for caching media objects. (v) The CT performance of C-LRU and C-NB-LRU 

decreases when the cache size increases. 
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In this study, the performance of C-NB-LRU is compared to C4.5 ML based approach 

because of its accuracy compared to other ML algorithms, such as kNN and Logistic Regression 

(LR) as shown in Figure 3 (Negara et al., 2024). 

 

 

 
 

Figure 3. Accuracy results of different ML algorithms (Negara et al., 2024). 

 

Table 10. C-C4.5-LRU and C-NB-LRU comparison for the IRCache dataset  

Cache size 

(No. of items) 

HR of C-C4.5- 

LRU (%) 

HR of C-

NB- 

LRU (%) 

BHR of C-

C4.5- 

LRU (%) 

BHR of C- 

NB-LRU (%) 

CT of C-C4.5- 

LRU (%) 

CT of C-

NB- 

LRU (%) 

1 52.8159 52.8165 55.5699 55.5699 48.1181 48.1181 

10 52.9734 52.9735 55.5764 55.5764 48.1171 48.1171 

100 53.0832 53.0832 55.5775 55.5775 48.1154 48.1154 

1000 53.7323 53.7323 55.5819 55.5819 48.0911 48.0911 

10000 53.7371 53.7371 55.5819 55.5819 48.0911 48.0911 

100000 53.7371 53.7371 55.5819 55.5819 48.0911 48.0911 

 

Table 11. C-C4.5-LRU and C-NB-LRU comparison for the YemenNet dataset 

Cache size 

(No. of items) 

HR of C-C4.5- 

LRU (%) 

HR of C-

NB- 

LRU (%) 

BHR of C-

C4.5- 

LRU (%) 

BHR of C- 

NB-LRU (%) 

CT of C-C4.5- 

LRU (%) 

CT of C-

NB- 

LRU (%) 

1 63.5852 63.5852 63.8792 63.8792 62.1341 62.1341 

10 63.7115 63.7115 64.0421 64.0421 62.3459 62.3459 

100 64.2857 64.2857 64.7196 64.7196 62.7268 62.7268 

1000 64.7335 64.7335 65.1939 65.1939 63.0326 63.0326 

10000 64.7335 64.7335 65.1939 65.1939 63.0326 63.0326 

100000 64.7335 64.7335 65.1939 65.1939 63.0326 63.0326 

 

Figure 3 illustrates that the accuracy of C4.5 ML is approximately 94.10%; while it is 

90.17% for kNN. On other hand, Table 10 shows a comparison between C-C4.5-LRU and C-

NB-LRU for IRCache dataset; where C-C4.5-LRU is collaborative least recently used caching 

policy based on C4.5 ML algorithm, while Table 11 shows the same comparison for YemenNet 

dataset. 

Table 10 illustrates that HR performance of C-NB-LRU is 52.8165% when the cache 

size is 1 item; while for the same cache size the HR of C-C4.5-LRU is 52.8159%. It means that 

C-NB-LRU is 0.001136% better than C-C4.5-LRU. On the other hand, Table 11 illustrates that 

HR performance of C-NB-LRU and C-C4.5-LRU is the same. 

Table 12 shows the HR Improvement Ratio (IR) of C-NB-LRU compared to C-LRU in 

IRCache dataset; while Table 13 shows the BHR IR of C-NB-LRU compared to C-LRU. 
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With reference to Table 12, it is evident that C-NBLRU outperforms C-LRU. For 

example, when the cache size is 1 item, the IR of LHR is more the 150%; while the IR of LHR 

is 10.187017% for 10,000 and 100,000 items of cache sizes, which means C-NBLRU reaches 

the steady state of LHR IR. Moreover, the GHR IR of C-NB-LRU compared to C-LRU is 

0.74797% when the cache size is 1 item, while the IR of GHR is 0.69602% for 10,000 and 

100,000 items of cache sizes.  

 

Table 12. The HR IR of C-NB-LRU in IRCache dataset 

Cache size (No. 

of items) 

The LHR IR of C-NB-

LRU compared to C-

LRU (%) 

The GHR IR of C-NB-

LRU compared to C-

LRU (%) 

The IR of C-NB-LRU 

compared to C-LRU 

(%) 

1 150.02619 0.74797 0.85671 

10 63.7115 0.97590 1.14826 

100 223.06204 0.99353 1.25637 

1000 12.379527 0.74154 0.85103 

10000 10.187017 0.69602 0.78773 

100000 10.187017 0.69602 0.78773 

 

Table 13. The BHR IR of C-NB-LRU in IRCache dataset 

Cache size (No. 

of items) 

The LBHR IR of C-NB-

LRU compared to C-

LRU (%) 

The GBHR IR of C-NB-

LRU compared to C-

LRU (%) 

The IR of C-NB-LRU 

compared to C-LRU 

(%) 

1 60.67415 0.03303 0.03398 

10 111.23595 0.04331 0.04507 

100 66.46706 0.03918 0.04122 

1000 25.32051 0.03390 0.03532 

10000 24.05063 0.02847 0.02983 

100000 24.05063 0.02847 0.02983 

 

 

Table 14. The HR IR of C-NB-LRU in YemenNet dataset 

Cache size (No. 

of items) 

The LHR IR of C-NB-

LRU compared to C-

LRU (%) 

The GHR IR of C-NB-

LRU compared to C-LRU 

(%) 

The IR of C-NB-LRU 

compared to C-LRU 

(%) 

1 31.57798 0.21819 0.326088 

10 33.32970 0.29091 0.434469 

100 36.95598 0.34445 0.647181 

1000 3.37459 0.216889 0.266816 

10000 3.37459 0.216889 0.266816 

100000 3.37459 0.216889 0.266816 

 

As can be seen from Table 13, C-NBLRU outperforms C-LRU in terms of LBHR. For 

example, when the cache size is 1 item, the IR of LBHR is more than 60%; while the IR of 

LBHR is more than 24% for 10,000 and 100,000 items of cache sizes, which means C-NB-LRU 

reaches the steady state of LBHR IR. Also, The GBHR IR of C-NB-LRU compared to C-LRU 

is 0.03303%. while the IR of GBHR is 0.02847% for 10,000 and 100,000 items of cache sizes. 

Table 14 shows the HR IR of C-NB-LRU compared to C-LRU in YemenNet dataset; 

while Table 15 shows the BHR IR of C-NB-LRU compared to C-LRU. 

As can be seen from Table 14, it can be observed that C-NBLRU performs better than 

C-LRU. For example, when the cache size is 1 item, the LHR IR is more than 31%; while the 

IR of LHR is 3.37459% for 10,000 and 100,000 items of cache sizes, which means C-NB-LRU 

reaches the steady state of LHR IR. Also, The GHR IR of C-NB-LRU compared to C-LRU is 



 
Yasin, Malaysian Journal of Computing, 11 (1): 2447-2468, 2026 
 

2462 

 

0.326088% when the cache size is 1 item; while the IR of GHR is 0.266816% for 10,000 and 

100,000 items of cache sizes. 

Table 15. The IR of C-NB-LRU of BHR in YemenNet dataset 

Cache size (No. 

of items) 

The LBHR IR of C-NB-

LRU compared to C-

LRU (%) 

The GBHR IR of C-NB-

LRU compared to C-LRU 

(%) 

The IR of C-NB-LRU 

compared to C-LRU 

(%) 

1 78.88842 0.22470 0.48988 

10 82.46506 0.29960 0.65256 

100 70.95674 0.37927 0.97672 

1000 11.84315 0.22404 0.43380 

10000 11.84315 0.22404 0.43380 

100000 12.28822 0.149488 0.36762 

 

Referring to Table 15, it can be observed that C-NBLRU performs better than C-LRU 

in terms of LBHR. For example, when the cache size is 1 item, the IR of LBHR is more than 

78%; while the IR of LBHR is more than 12% for 100,000 cache size, which means C-NB-LRU 

outperforms C-LRU. Also, the GBHR IR of C-NB-LRU compared C-LRU is more than 0.22% 

when the cache size is 1 item; while the IR of GBHR is more than 0.14% when the cache size 

is 100,000 items. 

 

6. Computation Performance Study 

Computation performance is defined as the duration of time required to perform a computation 

task. The computation study is carried out in this section to investigate the performance of the 

proposed approach for both datasets.  

6.1 Computation Performance Study for IRCache Dataset 

Figure 4 illustrates the computational performance of LRU, NB-LRU, and C-NB-LRU. 

Referring to Figure 4, the following is observed: on average, the computational performance of 

C-NB-LRU is 7216.41 ms; while it is 6750.71 ms for NB-LRU and 7061.25 ms for LRU. Thus, 

C-NB-LRU consumes time 6.45% more than NBLRU and 2.15% more than LRU. This is due 

to the consideration of peers' caches by C-NB-LRU when there is a need for a cache 

replacement. Moreover, they consume time for checking media object's class. 

A comparison of the computational performance between C-NB-LRU and C-C4.5-

LRU using the IRCache dataset is shown in Figure 5. Referring to Figure 5, the following is 

observed: C-NB-LRU consumes more time than C-C4.5-LRU. For example, when the cache 

size is 1000 items C-NB-LRU consumes 7325.5 ms; while C-C4.5-LRU consumes 6873.5 ms 

for the same cache size. On average, C-NB-LRU consumes 3% more than C-C4.5-LRU in terms 

of time. 
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Figure 4. The computation performance of C-NB-LRU, NB-LRU, and LRU for IRCache dataset. 

 

 

 

Figure 5. A comparison of the computational performance between C-C4.5-LRU and C-NB-

LRU using the IRCache dataset. 

 

6.2 Computation Performance Study for YemenNet dataset 

The computational performance of LRU, NB-LRU, and C-NB-LRU is shown in Figure 6. 

Referring to Figure 6, on average, the computational performance of C-NB-LRU is 2311.13 

ms; while it is 2341 ms for NBLRU and 2564.29 ms for LRU. Thus, C-NB-LRU consumes 

time 1.28% less than NB-LRU and 9.87% less than LRU. This is because C-NB-LRU uses 

recency index. 

A comparison of the computational performance between C-NB-LRU and C-C4.5-LRU 

using YemenNet dataset is shown in Figure 7. Referring to Figure 7, the following is observed: 

C-C4.5-LRU consumes time more than C-NB-LRU. For example, C-C4.5-LRU consumes 

3031.5 ms when the cache size is 100 items; while CNB-LRU consumes 2230.5 ms for the 

same cache size.On the average, C-C4.5-LRU consumes 16% more than C-NB-LRU in terms 

of time. 
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7. Conclusion and Future Works 

In this study, collaborative media object caching approach based on NB supervised ML 

algorithm has been presented, which is called C-NB-LRU. The proposed approach has 

considered the benefits of sharing the contents of peers' caches in structured peer-to-peer 

systems to outperforms LRU web caching policy.  

 

 

Figure 6. The computation performance of C-NB-LRU, NB-LRU, and LRU for YemenNet dataset. 

 

 

 

Figure 7. A comparison of the computational performance between C-NB-LRU and C-C4.5-LRU using 

YemenNet dataset. 

 

The efficacy of C-NB-LRU has been evaluated using simulations conducted on two 

datasets obtained from the YemenNet ISP network and the IRCache network. The findings 

indicate that C-NB-LRU enhanced the efficacy of the LRU web caching policy regarding HR, 

BHR, and CT. Additionally, the IR metric has been analyzed for the proposed approach in 

comparison to LRU, C-LRU, and C-C4.5-LRU. 

The proposed approach found that network bandwidth has been utilized based on 

collaborative web caching using NB ML algorithm for media web objects based on HR, BHR, 

and CT performance metrics. A web page may encompass, among other elements: data, text, 
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photos, e-services, audio, video, animations, and applications. Web pages are often updated, 

leading to data consistency concerns; nevertheless, media objects adhere to the Write Once 

Read Many (WORM) principles, rendering cache consistency challenges more robust than 

those associated with caching other web objects. This study focusses exclusively on caching 

media objects within peer-to-peer systems.  

Some future work for further improvements are as follows: (i) Web objects that are 

normally updated are considered as a future work for further improvement with taking into 

account the issues of consistency. (ii) This research has proposed collaborative web caching 

approach based on NB supervised ML algorithm. Thus, adopting other ML algorithms is also 

considered as a future work. (iii) The proposed approach leverages the benefits of structured 

peer-to-peer systems by sharing the cached objects of peers to improve the efficacy of web 

caching policies. Thus, considering cloud computing in creating peer-to-peer system on cloud 

should be considered in future work. 

On the other hand, it is noted that Internet traffic has changed in the last ten years. 

Today, the social networks, streaming services, e-commerce, among others, are the main traffic. 

Although, the approach is independent from datasets, it is encouraged to validate the proposed 

approach with recent datasets. 
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