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Abstract 
 

 

With the rapidly developing technology world, recommender systems also improving 

day by day since customer expectations also vary from new angles making new 

business trends. As a result of this kind of situation, enterprise-level recommender 

systems require more modifications with new improvements to achieve a high user 

satisfaction level. in that case it seems currently most commercial recommender 

systems are struggling with low recommender quality by decreasing user trust and 

expectations. On the other hand, it senses only the recommender accuracy is not 

sufficient to measure recommender quality. Under the major domain recommender 

system, the cross-domain recommender system is one of the not much-explored areas 

and it needs more research works focused on diversity like subjective metrics rather 

than accuracy. With the purpose of improving accuracy by focusing diversity on 

CDRS here, I have built a matrix factorization-based collaborative filtering cross-

domain recommender system using explicit user feedback with movilens100k research 

data set. When it comes to cross-domain recommender systems, the most frequent 

approach is to measure and evaluate their relevancy using standard predicted accuracy 

metrics such as root mean squared error (RMSE), mean absolute error (MAE), and so 

on. Since the more need than accuracy to maintain high-quality recommendations, we 

need to pay attention to a few specific areas beyond accuracy like diversity and 

novelty. We have measured our CDRS model’s performance via RMSE, MSE, MAE, 

FCP, hit ratio, and Precision@k and in all cases, CDRS has achieved good 

performance than the general CF model. Moreover, we measured the CDRS model’s 

diversity and novelty and could see both are increasing when top-N increasing. These 

findings would be pretty much worthy when we are implementing enterprise-level 

cross-domain recommender systems in the future to achieve success in each modern 

business use case with enhancing user satisfaction. 
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1: INTRODUCTION 
 

The first chapter of the report contains the report's introduction. Section 1.1 provides 

an overview of the context in which this research was carried out. The introduction of 

recommender systems is covered in Section 1.2. 

 

1.1: Background 
 

With the rapidly developing technology, the modern world is just a global village, and 

everyone is connected together via the internet and day-to-day life is now pretty easy 

since all over services are accessible via the internet quickly. Everything, however, has 

a flip side. Human thinking skills have become ever more burdened by the rising 

complexity and heterogeneity caused by the ever-increasing volume of data provided 

by the internet. Personalized recommendations can be made using computer 

programming based on a user's past preferences, just like a search engine that looks 

for and identifies objects in line with the keywords or symbols nominative by a user. 

An advice system's goal is to offer customers with relevant information about a product 

in a timely manner so that they may make informed decisions. To accomplish this, the 

system will automatically filter out irrelevant products and recommend only those that 

are truly relevant. Triple-crown applications of recommender systems can be found. 

Product recommendation in E-commerce websites, motion picture and video 

recommendation, news recommendation, App recommendation, music 

recommendation and social recommendation are just some of the many best-known 

examples of recommendation. 

 

Generalizations: We can find mainly three types of recommendation system 

techniques as Collaborative Filtering [1] [2] , Content Based recommendations [3] [4], 

and finally Hybrid recommendation. Among them most popular concept is 

collaborative filtering. It assists individuals in making decisions based on the ideas of 

others those who have same desires to their own. It is possible to recommend things 

that are identical to those that have been previously liked by a given user using the 

content-based recommendation technique (CB). Each recommendation technique has 

benefits and drawbacks of its own. As a result, hybrid recommendation strategies are 

presented in order to achieve improved performance while avoiding the shortcomings 

of pure given request. [2] To overcome problems concerning cold start, sparseness, 

and/or scalability, the most typical hybrid recommendation methodology is to mix 

cluster analysis with other recommendation techniques. 
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1.2: Introduction to recommender systems 
 

Researchers have concentrated on the Recommender System (RS) as a guide to assist 

people find items directly by continuously providing recommendations. There is a 

wide range of information retrieval strategies that are addressed in this review of the 

extant literature. The primary goal of recommender systems is to assist customers in 

making an online purchasing intention by offering excellent recommendations [5]. 

Over the last few years, academics have focused on enhancing the application and 

performance of RSs [6]. For my literature review, I have paid my attention on many 

of recent world popular research paper sources. This would comprise peer-reviewed 

research articles and proceedings from relevant conferences. There are a variety of 

ways to the recommendation that have been implemented in various contexts. The 

most common recommendation/filtering methods in RSs are described in this section. 

Each of these methods has its own input data source, extraction procedure and 

constraints, as outlined here in terms of the most prevalent recommended approaches 

like CFRS, CBRS, DRS, KBRS, and HRS. may be found in the following Table:2.1 

  

1.3: CDRS (Cross Domain recommender System) 
 

CDRS models will execute with multiple domains. Those are the DS and DT. And DT 

can extract more knowledge from DS. It may lead to providing more accurate 

recommender results. As well as, we can say in CDRS, the DT can learn from the 

source domain’s (DS)data. When we come to the CDRS building structure, there are 

main three stages. The first domain stage. That means we need to identify or create the 

target domain and the source domain. After that two domains are available now, we 

can perform our next recommender task. So, what is the next stage in CDRS? The 

second stage is we call it  item and user overlap scenario.  

 

Once there is enough user and item overlapping then I can perform our recommender 

tasks well. The last stage is the recommender task stage. As we all know now, if we 

have all these major three stages then we can execute or run our CDRS model and we 

can evaluate it later. In the recent world, we can see dingle domain recommender 

systems are struggling with many issues since user expectations and desires are rapidly 

increasing with high variety. Some of them are new user-item problems, data sparsity 

issues, low diversity, novelty, and less accuracy. But CDRS can use to find solutions 

for those kinds of issues. Cross Domain Recommender System is one of the not much-

explored areas and it needs more research works and there existing many research 

gaps. Cross Domain Recommender system model’s most general purpose is for 

measure accuracy using mastics like RMSE, MAE, etc. Since the more need than 

accuracy to maintain high-quality recommendations, we need to pay attention to a few 

specific areas beyond accuracy like diversity and novelty. 
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CDRS has gained traction within the last few years, and academics from a variety of 

backgrounds have begun contributing. Some of the strategies that previous researchers 

performed are mentioned below. 

 

▪ In order to determine the link between source domain and target 

domain researchers have used graph-focused approaches.  

▪ Also, we can use tag-based methods to create metadata   association between 

both domains. 

▪ Semantic-based approach for the development of knowledge  

 

Accordingly, we can conclude that these main three key characteristics are the 

fundamental units of CDRS, as presented by several researchers in papers [7]. 

 

There are four basic aspects to the understanding of the CDRS scenario. The first one 

is domains. As an example, we can see the target domain and source domain. As per 

our use case we have to identify carefully what is our source domain and what is our 

target domain like that. The second one is our business goal. To achieve those 

respective goals, we can apply proposed cross-domain models. The third part is the 

recommender task. It senses we should consider what are the data set that we should 

use our CDRS model. The last part is called scenarios. Here what we should consider 

is we need to identify which type of overlap method that we can easily apply between 

our identified domains. 

 

In a nutshell, let me go through the most important things. 

 

An area of thinking, activity, or interest is known as a domain. Researchers have 

looked at a variety of domain concepts like movies and songs, books, and movies like 

that. We know that domains are distinct from one another since they contain a wide 

range of products, such as books and songs.  Alternatively, it has a variety of user 

kinds, such as those who pay yearly and those who pay per view. 

 

Anyway, here is what we are going to focus on only two domains 

 

     

 

 

 

 

 

 

 

 

Figure 1. 1: CDRS - focused domains 
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We are able to find that there are multiple domain levels in CDRS: 

As an example, let’s see 

▪ under the item level, section we can find music Vs movies: 

Ex: Last.FM and MovieLens 

▪ under the attribute level, we can see Thriller Vs Comedy 

▪ Also, under the type of level, we can find Books Vs Movie 

 

1.4: Research gaps and problem 

 

The recent CDRS trending concept is introduced by researchers to the world to achieve 

many interesting goals in the environment recommender systems. CDRS is one of 

latest section in main domain called RS and still there are many research gaps and 

challengers and lot here to be developed and need to perform more future research 

works in CDRS domain. 

One key issue that I found in the CDRS open research issues pertains to the metrics 

used to evaluate the suggestions. General accuracy metrics like as MSE, RMSE and 

MAE that measure the difference between anticipated and actual ratings, are 

commonly used to assess the usefulness of CDRS. However, the problem will be the 

accuracy value isn't high enough to generate CDRS recommendations that are both 

useful and of high quality. 

Only a few of the finest recommendations are displayed in commercial systems, 

whereas forecasted ratings are not. Thus, the system recommends some things that it 

believes will be popular with its customers. Based on classification metrics or ranking 

metrics, direct evaluation of the performance of the top N recommendations must be 

achieved. 

If we want CDRS recommendations that are meaningful, we must focus on metrics 

like diversity and sparsity as well as the more widely utilized accuracy in order to get 

the best results for our consumers. Cross-domain recommendations, as one might 

anticipate, are less reliable than focused on the equal level of data relevant for DT. 

While CDRS may be more reliable, the actual advantage is in the diversity and novelty 

they provide, which can help to greater user trust and utility.  

 

Diversity metric as a focus throughout this study, I plan on creating better 

recommendations in CDRS that are also highly rated by its users. Researchers in the 

recommender system field have long been concerned about overfitting, but 

diversification has also evolved as a technique to enhance the user's experience. 

Diversification provides a lot of space for innovation because it is such a fresh concept. 

Overcrowding and a lack of security can be combated by a diverse population. RS-

related difficulties require significantly more human involvement than the over-fitting 

problem, making this a fascinating read. 
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1.4.1: Research Gap 

 

▪ Currently, most Commercial Recommender systems are suffering from low 

recommender quality with increasing user dissatisfaction. So, it’s clear only 

the prediction accuracy is not sufficient to measure the recommender quality 

of the Cross-Domain Recommender Systems.  

1.4.2: Diversity 

 

▪ It's an exciting time to study diversification because it's still relatively new, 

thus more research and new improvements in RS, especially in CDRS, are 

necessary. 

▪ Diversity is primarily determined by user expectations, and diversity enables 

RS to meet the needs of a greater number of users’ needs and expectations. 

Diversity aids in considering user behaviors and changes in their RS interests. 

Different similarity metrics generate different diversity metrics, which vendors 

greatly value. 

 

1.4.3: Why is it necessary to conduct RS research with a diversity focus? 
 

▪ Only a few studies, on the other hand, have systematically analyzed and 

compared the diversity performance results in recommender systems. As they 

explore other users' profiles for prediction, CF recommenders can lead to more 

diverse item lists. So here is how I attempted to conduct my research on 

diversity-based CDRS using the CF method. 

 

1.4.4: Why is diversity also so important along with accuracy? 

 
▪ When recommending items to users, it is pretty much worth considering many 

performance metrics and not just the accuracy of a rating.  

Ex:  

Allow us to put ourselves in the shoes of someone utilizing a 

trip recommendation system. So, let's pretend that all of the suggestions it 

makes are for locations we've already been. It doesn't matter how accurate the 

RS system is at rating and predicting, because we've ranked all the places we've 

been in the order of choice. As a result, a poor recommender system will be the 

result of this behavior. It senses that the user expects for some randomness or 

diversity in the outcomes of the recommender. 

 

So next time would you like to use such RS? most probably our answer is No 

That’s why we should pay our attention on more than accuracy in future RS 

works. 
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1.4.5: Why diversity is important for recommender quality? 
 

▪ To provide useful better recommendations for users via CDRS we must 

carefully pay attention to other specific evaluation metrics like Diversity and 

Novelty rather than commonly used accuracy. 

 

 

 

1.5: Objectives 

 

▪ The main objective is to implement a Cross Domain Recommender System 

(CDRS) via CF to enhance recommender accuracy by focusing on diversity. 

 

▪ Moreover, I have constructed two SVD matrix factorization-based 

Collaborative filtering models based on explicit feedback on the MovieLens 

100k data set in this study. The general collaborative filtering model and the 

cross-domain model are among those couple of models. 
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2: LITERATURE REVIEW  
 

This section focuses on studies that are related to this research. All the up technical, 

such as recommender systems and CDRS, are covered in this introduction. Under title 

2.1 discusses the major prevalent forms of recommendation systems, while Section 2.2 

details the most common issues that arise when implementing one of these systems. 

Section 2.3 also discusses information retrieval methods used in rec-systems. CDRS 

and their difficulties and primary assessment tactics are described in this section 2.4. 

 

2.1: Recommender systems 
 

The rapid expansion of the World Wide Web is leading to increasing complexity of 

knowledge present online. Each user has unique desires and expectations, and they can 

experience lot in web by using varies kind of applications. Users can use various kind 

of recommender applications to enhance their personalize user expectations and they 

can get new knowledge from RS, to improve their own desires. RS are a special kind 

of information filtering systems. As a result, they provide recommendations to the user 

based on their stated or implied preferences. There are many types (Table 2.1) of 

recommendation systems are using today in enterprise level business industry 

specially in e-commerce, e-government, and e-learning. 

 

2.1.1: Collaborative filtering recommender system (CFRS)  

 

In the Recommender systems domain, the most prevalent filtering method has been 

the collaborative filtering approach. This method has been adopted by a large number 

of researchers. In addition, a lot of effort has been put on minimizing the difficulties 

of employing CF in RS. With an emphasis on CF's issues [8], the research article 

illustrates how various forms of filtering are utilized in recommendation systems. CF, 

CBR, and Hybrid recommendations are three of the most common methods for making 

recommendations to clients, are also addressed in another study [9]. 

 

There are two categories come under CF: 

▪ Memory Based collaborative recommender system (CRS) 

• Memory Based CRS's two primary phases are prediction computation 

and similarity measurement, and they are further divided into two 

components based on how they compute similarity 

• Item Based CRS: A set of items is used to do the similarity computation 

[10] 

• CRS based on user similarity: The similarity values of users are used to 

compute the similarity [11]. 
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▪ Model-based collaborative recommender system (CRS): 

 

• Model-based CRS [12], It uses a variety of ml algorithms, including 

Bayesian networks, clustering approaches. 

• Despite its effectiveness, model-based CF still suffers from data 

sparsity. Users and items with lower ratings will receive inaccurate 

suggestions. 

 

2.1.2: Content-based Recommender System (CBRS) 

 

CBRS to make suggestions focused on a user profile and the description of the item. 

For example, a user's previous search or purchase history may be included in their user 

profile. Any suggestions based on past user preferences will be taken into 

consideration by the system because of this. The similarity between the two items is 

then determined by comparing their respective features. Mainly focused on user's 

positive feedback for comedy, the system will be able to recommend other comedies. 

Users' interests can be better matched by content-based recommender systems because 

semantic material is used in their construction of the recommendations. It is possible 

to recommend new and unpopular things using content-based recommender systems.  

 

Additionally, it can include a list of content-features for which an item should be 

recommended, hence assisting in the categorization of recommended products. 

Collaboration filtering is not concerned with sparsity because it does not require 

knowledge of other users' preferences when making recommendations. 

Overspecialization is a significant concern for recommender systems that are content 

based. The only criterion that may be used to produce suggestions is the user's 

preferences; it cannot recommend products that are not included in the user's profile. 

[13] 

 

2.1.3 Knowledge-Based Recommender System (KBRS) 

 

It's possible that not enough information is available or relevant (even if it is) to make 

recommendations for less frequently purchased items like Television sets, bicycles, 

and the like [6]. Extra details are designed to fulfill this task Knowledge-based RSs 

make recommendations based on extra information about the user-item relationship. 

[14]  

 

A type of constraint-based recommendation system (RBS) uses a user's preferences to 

determine what products to recommend based on the user's preferences [15]. If no such 

item is available, a list of possible alternatives is provided. Data from a user's profile 

and item description is matched up with the recommendation to ensure a good fit. 
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2.1.4 Hybrid Recommender System (HRS) 
 

Combining multiple filtering techniques results in Hybrid RS. CBS and CFRS are the 

most popular Hybrid RS pairings. The goal of using multiple CF methods together is 

to enhance recommendation accuracy while minimizing the limitations of specific 

filtering strategies [16]. 

 

Table 2. 1: Summary of Recommendation Types 

Rec-Approach 

Source of data 

used in 

the approach 

Extraction 

model 
Limitations 

CF 

User feedback on 

products (explicit 

or implicit) 

Cosine and 

correlation 

based 

similarity and 

K -nearest 

neighbor,  

user’s rating 

problem, Sparsity 

problem, 

Synonym problem 

and false and 

Cold start problem  

Content-based  

Explicit or implicit 

data provide by 

users. 

Similarity 

metrics, 

Information 

filtering and 

document 

modeling 

Non-homogeneous 

items and no 

methods for 

predicting missing 

ratings, 

Content analysis 

issues 

Demographic 

(DRS) 

Demographic 

information about 

the user, which 

including gender, 

age, date of birth, 

and so on. 

locating group 

interests 

It is entirely 

dependent on 

demographic data, 

which can be 

inaccurate and 

static in nature, 

among other things. 
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Knowledge 

based (KBRS) 

Information on 

users obtained from 

social media sites, 

data gathered 

during a search or 

request for a 

product, and so on 

Mainly ML 

based models 

and Decision 

rule. 

Knowledge gain 

requires a higher 

cost, and 

preferences are not 

necessarily 

independent of one 

another. 

Hybrid (HRS) 

Any of the sources 

that are listed in 

this table are 

acceptable 

Any kind of 

extraction 

methods that are 

listed in this 

table are 

acceptable.  

Recommendation 

novelty, coverage, 

and serendipity 

 

Table 2.2 provides a list of the most common filtering methods used during the most 

common application domains of RS. 

 
 

Table 2. 2: Filtering Techniques with Application Domains 

Application Filtering approaches used 

e-library and e-learning 
Content-based, Collaborative, Hybrid 

Knowledge-based  

e-government Knowledge-based, Collaborative, Hybrid  

e-commerce 
Knowledge-based, Demographic, Content-based 

Collaborative, Hybrid 

 

It has also been the most widely used filtering method in RS, using collaborative 

filtering (CF). This method has been used by a large number of researchers. In 

addition, significant efforts have been made to minimize the difficulties of utilizing 

CF in RS. Other common use cases for recommender systems include e-commerce, 

government, and education. 

 

2.2 Recommendation problem 

 

Some of the most pressing issues with recommender systems are shortly addressed in 

this section. Table 2.3 has summarized all those big problems below. [14] 
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Table 2. 3: Approaches to making Recommendations that have Significant Flaws 

Filtering 

approach 

Analyses 

of only a 

limited 

scope 

Over 

specialization 

Cold 

start 
Sparsity Scalability 

Long 

tail 

Collaborative 

(CFRS) 
  ✓ ✓ ✓ ✓ 

Content 

based 

(CBRS) 

✓ ✓     

Demographic 

(DRS) 
✓ ✓     

Knowledge 

based 

(KBRS) 

    ✓  

Hybrid 

(HRS) 
    ✓ ✓ 

 

2.2.1: Over-specialization 

 

▪ Admittedly, some algorithms may certainly do the opposite of what they've 

been supposed to. Since CBRS doesn’t individual considers from a derived 

from a non-homogeneous group of things, this results in lower accuracy. To 

fix this problem, new hybrid strategies that enhance the accuracy of the 

recommendation process must be constructed. Search results are whittled it 

down by utilizing content-based filtering learning methods that appear for the 

most relevant documents in the database. The user, however, is reduced to 

documents that are comparable to those previously seen [14]. 

 

2.2.2: Cold start  

 

▪ No past records (ratings, interests, search history) are readily accessible for an 

RS to use when recommending an item or user to the system [15]. Cold start 

problems are what they're named. In addition, it is considered as an emerging 

user issue or the new item issue. 
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2.2.3: Sparsity 

 

▪ In the real world, the RSs deal with very large datasets on a daily basis. That's 

why collaborative filtering uses an extremely sparse user-item matrix, resulting 

in an unsatisfactory prediction or recommendation results from CF system 

models. 

 

▪ It can also occur when a person has used a product but has not taken the time 

to rate it after using it. Occasionally, users will not rank goods that are 

unfamiliar to them. This difficulty is addressed by RS through the use of a 

methodology known as the clustering method. [17] 

2.2.4: Scalability 

 

▪ In the event that a large number of things are left unrated or have a poor rating, 

this would be happened. The recommendation library will lose an item over 

time if it is first low rated or not evaluated at all in an RS after a top-N 

suggestion. This issue is intimately linked to diversity. It underlines the need 

of providing users with a wide range of options and the wide range of 

differences between those options. This element, however, is ignored by RSs, 

resulting in the long tail issue [18]. Figure 2.1: indicates the visualization of 

recommendation problem. 
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Figure 2. 1: Recommendation Problem 

 

 

2.3 Information Retrieval Techniques in Recommender Systems 

 
▪ Logistic regression: 

It is possible to predict discrete variables using both continuous and discrete 

data using logistic regression. For example, E. Montanes et al. have used a 

collaborative tag RS to rank the most relevant tags in social networks. 

 

▪ Machine learning:  

Machine learning is the process through which a machine may learn by itself, 

without requiring to be explicitly programmed. For instance, it utilizes a variety 

of approaches like logistic regression and decision trees, as well as clustering 

and Bayesian networks. 

▪ Decision tree:  

Using a decision tree is an important strategy for restricting the field of 

possibilities. It is utilized in RS to evaluate and forecast the absence of 

references from users. As a result of Qi Yu's work on the cold start issue, new 

items now have an outstanding service recommendation. 
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▪ Association rule learning:  

Users and items data are analyzed using association rule learning to identify 

the most common patterns and associations that can be applied to generate 

a recommendation. An association rule mining approach combined with both 

CBF, and CF was being used by Tewari et al. in order to calculate how 

prospective buyers will be in their book recommendations. [18] 

▪ Bayesian network:  

A probabilistic model known as a Bayesian network classifier is used to 

classify large networks like social networks. To overcome cold start issue, [19] 

proposes a trust-based probabilistic recommendation strategy. 

▪ Matrix or Tensor Factorization:  

An example of a latent variable model is a matric factorization. In the Netflix 

Prize Challenge, this algorithm got widely known. Both people and things are 

categorized into factor vectors to represent the rating patterns at the foundation 

of this technique. Additional data could be fed into the algorithm. It is in this 

wiggle room that new information can be found and explored. By employing 

uninterested items, Lee et al. [20] came up with an RS where users' 

interestedness values were calculated and inserted into the sparse rating matrix. 
▪ Deep learning:  

Deep learning can be applied as new trending research area by enabling to 

discover hidden patterns in data. Effective and dynamic behavior models can 

be built using it [21]. We can learn a lot about a user's attitude by examining 

the neural network's supervised and unsupervised learning methodologies. 

Recommendations on YouTube have been delivered by Paul Covington et al 

[22] that used a deep neural network. The user's input is placed into a deep 

learning algorithm is performed to rate the movies that are most relevant to the 

user. It has been observed that using a deep learning approach, Ali Elkahky et 

al. [12] can help maximize the relationships between users and their favorite 

objects in latent space.  

  

 

2.4: Cross-Domain Recommender System  
 

This section aims to aggregate current research by first identifying CDRS 

characteristics, emphasizing numerous definitions connected with many features, and 

detailing how researchers have defined Cross Domain recommender System. 

 

2.4.1: Definition of Cross-Domain Recommender System  

 

In general case CDRS consists with main two domains called Source domain and 

Target domain and those run a vital role in cross-domain recommendations in 

enterprise level business use cases. As per the past research papers specially from 
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paper [23] and [24] they have explained how knowledge transferring or knowledge 

extraction happen between those target domain and source domain. It was common 

knowledge among moviegoers of many subgenres. We're able to convert binary 

knowledge into numerical ratings of the same people, products, and things that they 

engage with. According to [25], matrices with time stamp differences across 

consumers and the same items can communicate information. Primary studies can be 

classed based on the advice they offer. Both [23] and [26] generated recommendations 

for users in both the target domain, which was MovieLens [27], as well as those in 

other domains. That's why this type of task is called "recommendation" because both 

the source and target users might be involved. CDRS models according to literature, 

have a lot to offer in terms of domain difference, overlap between users and products, 

and recommendation duties.  

 

According to Ivan Cantador [7], there are several aspects to be considered about 

domains. Their findings are mentioned in below. 

 

▪ Domain definitions from paper [7] 

 

• Item level: Most of the attributes of things are shared by domains at the item 

level. Films and books, for instance, may have identical titles, but they are two 

quite different mediums. 

 

• (Item) Attribute level: If two items' attribute values disagree, they are regarded 

to be in diverse disciplines. 

 

• (Item) Type level: If some attributes of two items differ while others remain 

the same, they are said to be in distinct parts. While television and films may 

have a title and a genre, other characteristics, such as run time, set them apart 

as separate genres. 

▪ Li’s domain definitions 

• Data Domain: User interactions with things may be recorded as binary ratings, 

like "like" or "dislike" ratings based on the item in question. This is a common 

practice in RS. The acquisition of multidimensional information for similar 

encounters involves several data domains. [28] 

• Time Domain: A Time Domain can be constructed by dividing a rating matrix 

with time stamps into discrete intervals. Each time slice is then considered as 

a separate temporary domain. [29] 

• System Domain: Every RS is treated as a domain in sparse recommender 

system rating matrices. Learning transfer from a high-rated domain to a low-

rated target domain. [30] 
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Overall, there are two sorts of cross-domain techniques (figure:2.2 and figure:2.3), 

depending on how the source domain's information is utilized. 

 

 

 

 

▪ Linking/Aggregating knowledge 

 

o Bringing together user interests  

▪ Aggregate user preferences  

▪ Ex: Tags, click data, transaction logs, ratings 

▪ Well, performed for new user issue  

 

 

o Providing a way for users to model data 

▪ Combined models from a variety of disciplines as CBF, CF and 

Hybrid 

o Combining recommendations 

▪ Aggregate single-domain recommendations 

o Connecting domains 

▪ Connecting domains by a commo utilizing a shared 

understanding to link diverse fields  

 

 

 

01: Linking/Aggregating 

knowledge 

02: Sharing/Transferring 

knowledge 

Figure 2. 3: Linking knowledge Figure 2. 2: Sharing knowledge 
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▪ Knowledge exchange and transfer 

o Sharing latent characteristics  

▪ Shared latent attributes link the target and source domains. 

o Rating pattern transformation 

▪ Rating styles are transferred between domains. 

 

According to the conference on 8th ACM Conference on Recommender Systems in 

2014, Paolo Cremonesi and Cantador has nicely explained the cross-domain 

recommendation tasks in figure 2.4. 

 

 

Furthermore, several specifications of each mentioned cross-domain recommendation 

tasks are illustrated below concisely. 

 

▪ Multi-domain recommendation task 

• Recommend items in both DS and DT. 

• Goal: cross-selling, serendipity 

• Approach: linking domains and sharing knowledge.  

▪ Linked-domain recommendation task. 

• Recommend target items to users in the target domains. 

• Goal: improve accuracy of recommendations in the target domain  

(e.g., reduce sparsity) 

• Approach: all  

(Linking, Aggregating, Sharing and Transferring knowledge) 

 

 

Figure 2. 4: Cross-domain recommendation tasks 
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▪ Cross-domain recommendation task 

• Recommend items in the DT to users in the DS. 

• Goal: solve resolve the cold-start problem, new users and new item 

problem. 

• Approach: Aggregating knowledge 

2.4.2: Concerns Associated with cross-domain recommender system. 

 

Some common issues in CDRS building blocks were discovered by referring to 

previous literature works. However, consumers can only score a small number of 

things in real-world recommender systems, therefore the rating matrix is always 

sparse. For probabilistic modeling, k-NN search or matrix factorization the currently 

offered rating data is drastically insufficient. For most CF approaches, the sparsity 

issue has become a great obstacle. Although we are unable to fabricate additional 

ratings in the considered rating matrix, we can borrow appropriate information from a 

rating matrix in a different domain.   

 

Consider the following: Book rating website opens. Due to a dearth of visits at the 

start, only a few ratings can be used. Let's imagine a well-known movie review website 

already has a comprehensive matrix of movie reviews. So, can we build a bridge 

between the two rating matrices and transfer useful rating patterns from one to the 

other? Because movies and books are connected (in genre and users of both rating 

services may reflect comparable societal elements) [24] 

 

Most CF approaches suffer from the sparsity issue. [24] In concept CF, user item rating 

pattern deviations from other domains to a target domain sparse rating matrix.  They 

didn't even demand that the two domains' users and stuff be similar.  

 

In view of the target matrix's limited ratings, this bridge has been constructed between 

the two rating matrices at the group level of customer rating patterns. To begin, they've 

condensed the ratings from the auxiliary rating matrix into a codebook, a 

representation of rating patterns at the cluster level that is both instructive and 

condensed. As a result, they have presented an efficient approach for reconstructing 

the goal rating matrix by increasing the codebook. As well as, they had carried out a 

large number of empirical tests to demonstrate that their approach is superior in terms 

of handling the data sparsity issue through the transfer of useful knowledge from the 

auxiliary tasks to the primary work. 

 

2.4.3: Factorization Machines for cross-domain recommender system 

 

The use of Factorization Machines (FM) as a powerful and adaptable model structure 

for collaborative filtering scenarios is a good place to start. Matrix factorization has 
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been used successfully to implement a very small number of latent factor models. 

Matrix factorization, in its most primary form, describes alike things and users using 

vectors of factors defined from item rating styles. If there is a high level of agreement 

between the user and the attributes of the item, a recommendation may be made. These 

approaches have grown in popularity in recent years due to their ability to be easily 

scaled. [31] 

 

Mathematical models called Matrix Factorization (MF) [32] attempt to understand 

low-dimensional interpretations of item and users in common latent variable space. As 

a result, we can approximate the product of two low-rank matrices that include item 

and user embeddings in our sparse, observable user-item interaction matrix. Latent 

factors will be used to calculate the similarity between items and users, as well as to 

infer preferences that cannot be observed. 

 

It is through the minimization of the squares of the errors between the observed and 

anticipated ratings that MF algorithms learn about any of these people or items' hidden 

variables. In order to avoid overfitting, several specifications also incorporate global 

item and user biases and regularized terms. FM models capture user-item interactions 

as tuples of real-valued feature vectors and numerical target variables and should be 

familiar to anyone who has trained a standard regression or classification model.  

 

As the foundation for collaborative filtering, binary vectors of user and item indicators 

are commonly used, so that each training sample contains precisely two non-zero 

entries matching the given item and user pair. These indications could be 

supplemented in a variety of additional elements, such as item or user properties and 

contextual information about the engagement itself. Figure 6: depicts the construction 

of a simple MF model. 

Figure 2. 5: Factorization Machine 
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3: METHODOLOGY 
 

In this research study, I have built a couple of matrix factorization-based models via 

collaborative filtering method using explicit feedback. One is general collaborative 

recommender system and meanwhile other one is cross domain recommender system; 

both are based on well-known recommender system research data set called 

MovieLens 100k data set. So here in this section firstly I have discussed about the data 

set used here and later I have explained how I build these two models and what are the 

technologies and methods used here to achieve the final expectations and goals. 

 

3.1: MovieLens 100K Data Set  
 

The MovieLens 100K dataset was used in this research. It is a collection of data from 

the MovieLens website that has been compiled over time. Inconsistent benchmarking 

data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

▪ Furthermore, we can find a few more components in the MovieLens research 

data package. 

▪ u.data is for entire u data set, with 100000 ratings from 943 users on 1682 

items. At least 20 movies have been rated by each user. 

▪ All the users and movies have been ordered in sequential order starting from 

1 and there are arranged in randomly  

▪ User id, rating, item id and timestamp are separated by tabs. 

▪ We are able to find user ratings details from u.info file. 

▪ We are able to get information of the movies from u. item. 

Figure 3. 1: Distribution of Ratings MovieLens 
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▪ There is also a tab-separated list of popular movie genres such as comedy, 

crime, animation, documentary, actions, drama, war, fantasy, horror, 

musical, mystery, adventure, children's, romance, sci-fi, thriller and western. 

 

3.2 Applying Surprise python library (Initial steps)  
 

Generally, when we are working on data science projects, we all use default libraries 

named Pandas, Scikit-learn, TensorFlow, Pytorch and so. Later Surprise came into the 

battle as a new open-source Python library most specifically developed for 

recommender system implementation tasks. We can use this library to build our own 

recommender models using user explicit data like user ratings. In the Surprise 

architecture, there is a python base class named “AlgoBase”. Here I have performed 

object-oriented methods to build my models.  

 

So that base class has a set of functions and variables. So, we can easily share those 

between other classes which inherit from that base class. First, I created a new class 

that derives from the base class. Suprise library structure has been developed to predict 

our explicit data for every film or movie for every user and later after the successful 

model execution, it will provide us the prediction results, for example, it will give top-

N recommendations to us. Mainly here we are performing the offline evaluation. 

Moreover, next, we can create an estimate function, which takes three arguments. It is 

a reference to the instance of the object.  

 

After that, we can access all the variables associated with that instance. We may 

quickly and easily access any variables associated with an instance of this object by 

using the instance reference. When the estimate function is called by the surprise 

library, it will predict rating values for its users. It should be noted that the IDs for 

these users and items are known as "internal IDs." The raw user and item IDs in your 

source data must be mapped back to them for them to work properly. 

 

In my research study, I planned to use some different kinds of evaluation protocols or 

simply called evaluation matrices. For that case scenario, I implemented another class 

(RecMetric), that we can use all the evaluation metrics on it. Simple this class made it 

easy for me to calculate novelty, diversity, and accuracy. When I call evaluate the 

function, it evaluates each eval algorithm, and prints out the results. The beauty of this 

is that I don't even have to use the EvaluatedAlgorithm or EvaluatedData classes when 

we want to start playing around with new algorithms and testing them against each 

other. All we should need to do is use this Evaluator class, which has a simple interface. 

We are making all the trouble of developing this CF-based general recommender 

framework so we can do this. 
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Since in recent times Singular Value Decomposition (SVD) is one of the best 

algorithms available right now for matrix factorization, SVD has been used in both the 

CF model & CDRS model to overcome the data sparsity issue and achieve better 

results. 

 

3.3 Neighborhood-based collaborative filtering  
 

[Both models have been implemented via this technique] 

 

This is the concept of using other people's behavior to inform what we might enjoy. 

At a high level, it means finding other people who are similar to you and 

recommending things they liked, or it could mean finding other things similar to 

something we like. That is, suggesting items purchased by people who also purchased 

the items you liked. The idea is to take cues from people like us, our neighborhood if 

you will, and recommend things based on what they like that we haven't seen yet. That 

is why it is referred to as collaborative filtering. It makes recommendations based on 

the collaborative behavior of others. 

 

Steps for Collaborative Filtering:  

 

▪ We start with a data store of some sort that includes rating information, mostly 

like explicit feedback from our users. 

▪ Then, by looking up other items like the items each user liked, we can generate 

candidates for things to recommend. 

▪ Next, we score and rank those candidates, filter out the stuff the user hasn't 

already seen, and produce our final top-N recommendation list. 

▪ There are several methods for determining the degree of similarity between 

people or things. The possible to identify user like us or items similar to items 

we have liked is at the core of neighborhood-based collaborative filtering.  

 

The first step in collaborative filtering is measuring the similarity between things or 

the similarity between people. That sense we can find people like us. There are lots of 

ways to do this. The cosine similarity metric and Pearson_baseline matric work well 

in most cases. 
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3.4 Train/test splits & k-fold cross-validation 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

▪ A recommender system, as we all know, is a machine learning system. We 

should train our recommender model based on previous user behavior or 

simply sense previous user ratings. 

▪ Then we use it to generate predictions about items that new users might be 

interested in. 

▪ We can evaluate the performance of our recommender system to predict how 

people rated things in the past. To begin, we divide our ratings data into two 

sets: training and testing. In general, the training set is larger, containing 80% 

of all our data and 20% of the data for the test set. (Figure:8) 

▪ We only use training data to train our recommender system. That's where it all 

learns the needful relationships between users or items.  

▪ The above procedure, which I have performed when I was building a general 

CF-recommender model. Once the training stage is done then we can perform 

a prediction stage about how a new user might rate some item they have never 

seen before. 

▪ For that case scenario, I used the data that we reserved for testing. To improve 

single train/test split I have tried k-fold cross-validation in my general CF-

Model.  

▪ It is similar to train/test, except that rather than just a single training set, I 

created numerous randomly assigned training sets.  

▪ Each training set, or fold, is used independently to train our recommender 

system, and then I can evaluate the resulting systems' accuracy to our test set. 

▪ And finally, we could get the average accuracy score among all the K-folds. 

Figure 3. 2: Train and Test Splitting 
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3.5 KNN Baseline  

 

▪ KNN baseline is yet another KNN algorithm that takes into account user 

preferences. KNN baseline uses users' baseline ratings rather than the mean 

difference rating or the z-score normalized rating (see the section on the 

Pearson-baseline correlation coefficient for more about baseline ratings). 

 

▪ KNN baseline then compares the baseline ratings of the k nearest neighbors to 

determine the difference between their baseline rating and their rating of item 

i. These differences are then used to calculate the amount by which the 

predicted user's rating of I differs from the predicted user's baseline, as in KNN 

basic. Finally, the predicted rating is calculated by adding this amount to the 

user's baseline. 

 

▪ In this research, my tests involved training a new sort of recommender known 

as KNN, and the best result was achieved by utilizing the KNNBaseline 

recommender in Surpriselib. 

  

 

 

 

Figure 3. 3: K-Fold Cross-Validation 



25 

 

3.6 CDRS implementation  
 

▪ As we know according to the definition of the cross-domain recommender 

system it can make recommendations using the target domain with the 

knowledge extraction from the source domain. 

▪ So here first what I have to do is identify the target domain (which is we are 

going to train) and source domain (which is the target domain that can extract 

knowledge). 

▪ Since I am using a single dataset here, so I tried to build the target domain 

(DT)and source domain (DS) via users. So, a set of users are included in the DT 

and another set of users is included in the DS. 

▪ After that I did random splitting in the target domain and made target domain 

training set and target domain test set like that. 

▪ After performing a few mathematical modifications on target domain training 

set  

▪ And the test set has been modified. Then source domain is concatenated into a 

target domain training set. 

▪ Major difference between the general Cf model and the proposed CDRS model 

is both have different type train & test set even both performed on the same 

data set. 

▪ Simply general CF model has random train /test splitting, meanwhile, CDRS 

has Source and Target domain splitting mechanism. 

▪ After designing each train and test in both models, then we can perform 

evaluation methods equally. 

▪ Furthermore, here user-item overlap scenario is used to perform recommender 

tasks. 

▪ The Following image shows the overall cross-domain recommender scenario  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 3. 4: Domain Identification-CDRS 
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3.7 Recommender model building workflow  
 

Recommender models (Both General CF and CDRS) via Collaborative Filter (matrix 

factorization approach using SVD) 

 

▪ Here I have used an open-source Python library called Surprise to build both 

models. First, I Must install that library. 

▪ I got complete 100k rating data set from MovieLens and loaded up MovieLens 

data. Then I checked how is the popularity ranks since it is very useful to 

calculate novelty later.  

▪ Next, I decided to build up the item-to-item similarity score then I can calculate 

diversity at the end. For that, I tried to train a different kind of recommender 

called KNN which can compute item similarity scores. However, for me, the 

final best performance came via the KNNBaseline recommender in 

Surpriselib. 

▪ Then performed general train /test splitting in my general CF model and there 

randomly set aside 25% data for testing & 75% data for training purposes. 

▪ This step is quite different within the CDRS model (cross-domain 

recommender system) because it has a specifically defined train set called 

Target Domain train set (Target domain train set + Source domain) and Target 

domain modified test set. In the CDRS model, we don’t perform a random 

train/test splitting method which I used in the general CF model. 

▪ The above step (Defining train set & test set) is the major difference between 

both models (general CF recommender model & Cross-domain recommender 

model) implementation in my research study. 

▪ After defining training and testing data sets, the next task is building a 

recommender model. So, I have created a new SVD recommender algorithm 

with a fixed random seed so then we can get consistent results, and then trained 

the algorithm using the fit function. 

▪ We then process our test set on this algorithm, which gives us back a set of 

rating predictions for all the test ratings that it was fed. Next, what should we 

do is measure how good those predictions are. 

▪ To measure the recommender accuracy, I have used RMSE, MSE, MAE, and 

FCP functions in both the general CF model and CDRS model. That all 

evaluation methods are clearly described in the next section (Evaluation). 

▪ Well, next to that I have to pay attention to top-N recommendations. For that 

user case, we need to apply to Leave One Out Cross-Validation. I have 

performed LeaveOneOut cross-validation, to withhold one known rating for 

each user, so we can see if we can successfully recommend that movie in our 

results or not. Then we must train our SVD algorithm again with left-out ratings 

for each user.  
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▪ So, once we have that set of predictions we can call the Top-N function and 

find a top-N list for each user. After that, we can measure the hit rate and point 

out the results. Next, we want to measure coverage, diversity, and novelty. 

These are all properties of the top-N recommendations and don't involve 

measuring accuracy. 
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4: EVALUATION  

 
We hope to focus on evaluating the cross-domain recommender system and discuss its 

own results in this chapter. I ran the general CF and CDRS models offline with explicit 

user feedback. I have performed MSE, MAE, RMSE, FCP as major accuracy 

measurements. In addition, I have focused on hit ratio, precision @k, diversity, and 

novelty. And also, I have compared my proposed CDRS model’s RMSE performance 

with a few of the recent popular recommender models, and the specifications of each 

model have been listed here. Let's see how the CDRS model's results and performance 

via this chapter. 

 

Figure 4. 2: Evaluation Process of the Rec-system 

Figure 4. 1: Rec-System Overall Workflow 
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4.1 Accuracy metrics 
 

4.1.1 Root-Mean-Squared Error (RMSE) 

 

▪ So, its equation is like that of mean square error, the only difference is that we 

must get the square root. It is called the standard deviation of the error. 

▪ This is always a positive value.  And once it gives a low value that means it 

has high performance.  

▪ It is beneficial to have lower RMSE scores because they measure mistakes. 

 

 

 

 

 

 

 

 

 

 

 

4.1.2 Mean Squared Error (MSE) 

 

▪ This is always a positive value; therefore, its result is closer to zero or a lower 

value is preferable to a higher value.  

           

 

 

 

 

 

 

 

 

 

4.1.3 Mean Absolute Error (MAE) 

 

▪ When the sample size increases, MAE will be a small value than the RMSE. 

▪ Determine the average of all errors by taking the positive values of all the errors 

and summing them together. 

           

 

 

 

 

 

Figure 4. 3: Root Mean Squared Error 

Figure 4. 4: Mean Squared Error 

Figure 4. 5: Mean Absolute Error 
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4.1.4 Fraction of Concordant Pairs (FCP) 
 

▪ Even this method is not much popular, I could find this from the paper called 

"Collaborative Filtering on Ordinal User Feedback" done by Koren & Sill [33] 

▪ I have performed this FCP method to evaluate the recommender accuracy for 

both the general CF model and CDRS model. 

▪ First, it uses pairs of ratings from the test set of the data.   

▪ That sense every pair is two rated items from the same user.  

▪ Then every possible combination of items that are rated by that user is a pair. 

             Ex: 

▪ If a user has rated items 1, 2, and 3, then we would have the pairs (1, 2),  

            (2, 3), and (1, 3). Each pair is either concordant or discordant.  

▪ For a pair (X, Y), if the user rated X higher than Y and the model predicted a 

rating for X higher than the predicted rating for Y, then the pair is concordant. 

Otherwise, it is discordant. 

▪ Then we get the summation of the number of pairs from all users that are 

concordant and divide it by the total number of pairs.  

▪ This is our FCP value, which makes sense since it is equivalent to the 

percentage of pairs that are concordant. 

▪ Higher FCP value is indicated higher recommender accuracy. 

 

 

 
 

 

 

 

 

 

 

 

Table 4. 1: Accuracy Results of CDRS and General-CF Model 

Matric General CF Model CDRS Model 

RMSE 0.8935932539 0.8783505664 

MSE 0.7985089018 0.7714997175 

MAE 0.6886527983 0.6738383664 

FCP 0.6624670517 0.6636247302 
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4.1.5 Accuracy Comparison Results 

 

Accuracy (RMSE) comparison with other popular industry research benchmark 

models which have been performed with the same dataset (Movielens100K). 

The below table (Table:4.2) shows the results of RMSE performance in each model, 

how some recent popular research works, and my research works have been performed 

using the MovieLens100k dataset with using different techniques and tactics. 

Furthermore, in below chart (Table 4.2), I have added six columns like below. 

 

“RMSE” Column = this column indicates the individual RMSE value of each model 

“RMSE Improvement with relatively my approach” (Last column of the Table4.2) = 

In this column you can see, among the other benchmark models how RMSE has 

improved with comparing each other models with relatively my proposed one.  

I have calculated the difference between each other model’s RMSE value and my 

model’s RMSE value. As an example, let’s see the UDI-IS model in below table. 

Difference of the RMSE = (UDI-IS RMSE value – CDRS RMSE value) 

                                         = (1.0135 – 0.878) = +0.1355  

“+” notation indicates that there is a RMSE improvement in my model with comparing 

other model (UDI-IS) since we already know the smallest RMSE has the highest 

performance. Furthermore, I have made that calculation for other models also.  

 

Table 4. 2: RMSE Improvement with Relative My Proposed Model 

Model 

User  

Feedback  

Type 

ML / 

Deep 

Learning 

Rec-

Model  

Type 

RMSE 

RMSE  

Improvement 

with relatively 

my approach 

UDI-IS Explicit ML CF 1.0135 + 0.1355 

UCF-IS Explicit ML CF 1.0082 + 0.1302 

ISCF Explicit ML CF 1.0076 + 0.1296 

AutoSaved  Implicit DL 
Hybrid 

CF 
0.901 + 0.023 

AutoSVD++ Implicit DL 
Hybrid 

CF 
0.904 + 0.026 

mSDA-CF Implicit DL 
Hybrid 

CF 
0.8849 + 0.0069 

COFILS Implicit DL CF 0.885 + 0.007 

Glocal-K Implicit DL CF 0.891 + 0.013 

CDRS (My 

Model) 
Explicit ML CF 0.878 0 
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As per the above table smallest RMSE value is belongs to my approach. Let’s focus 

on more accuracy comparisons via following graphs. 

 
Figure 4. 6:  Comparison of RMSE values with different studies 

 

 
Figure 4. 7: Comparison of MAE values with different studies 

Here also my approach has the best MAE performance. 
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Big Picture: RMSE, MSE & MAE results comparison all together 

 

 
 

Figure 4. 8: Big Picture: RMSE, MSE & MAE results comparison all together 

Findings from Figure 4.8: 

Among all above models lowest RMSE, MSE &MAE values are achieved by my 

proposed approach. 

 

Furthermore, I have added more necessary details for those benchmark models in the 

below table to get a clear idea of the variety of all those models with my proposed one. 

 

Table 4. 3: Significant model's Specifications 

Model 
Specific used 

techniques 
MF Technique Goal 

AutoSVD 

contractive auto-

encoder paradigm  

in conjunction with 

SVD 

Conventional MF 

Improving 

accuracy using   

implicit feedback 

AutoSVD++ 

contractive auto-

encoder paradigm  

in conjunction with 

SVD++ 

auto-encoders with 

probabilistic MF 

Improving 

accuracy using   

implicit feedback 

mSDA-CF 

 

 

Deep architecture 

for CF by deep 

feature learning 

Denoising stacked 

auto-encoders with 

probabilistic MF 

Building, efficient 

ways to learn the 

effective latent 

UDI-IS UCF-IS ISCF AutoSVD++ AutoSVD Glocal-K COFILS mSDA-CF
My

Approch[CDRS]

RMSE 1.0135 1.0082 1.0076 0.904 0.901 0.891 0.885 0.8849 0.878

MSE 1.02718225 1.01646724 1.01525776 0.817216 0.811801 0.793881 0.783225 0.78304801 0.770884

MAE 0.7533 0.7746 0.7501 0.722 0.72 0.695 0.697 0.681 0.6738

0

0.2

0.4

0.6

0.8

1

1.2

RMSE

MSE

MAE
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factors via deep 

learning 

ISCF 

 

LCSIS -longest 

common sub is and 

ACSTIS-All 

common sub-IS 

Sparse Covariance 

MF  

for Collaborative 

Filtering 

To build new CF 

based method on 

user interest 

sequences   

GHRS 
Graph-based 

Features. 

Probabilistic 

Matrix 

Factorization 

Improving 

accuracy using the 

implicit feedback 

Glocal-K 

Performed two 

kernels called 

global and local. 

A local low-rank 

sub-MF 

Building both 

kernels for high-

dimensional sparse 

matrix 

completion. 

COFILS 

 

  

Stacked Denoising 

autoencoder used 
SVD++ 

Applying COFILS 

to reduce data 

scarcity 

CDRS (My 

Model) 

Surprise python 

library, 

KNNBaseline 

recommender, 

Pearson & Pearson-

baseline similarity 

matric 

Singular Value 

Decomposition 

(SVD) 

Improving 

recommender 

accuracy by  

focusing on 

diversity using 

explicit feedback 
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4.2 Precision@k 
 

Setting “k” 

 

▪ Is the user most likely interested in seeing top-N things in a recommendation 

system? That's why you should focus on the first N items when calculating 

precision and recall scores. Precision@k, which the user sets to match the top-

N goals, are defined as the user-definable integer k. 

 

Definition of precision 

 

▪ The precision@k is the percentage of relevant features inside the top K set 

recommended mainly through the algorithm. 

▪ The following is how it should be interpreted. For example, let's assume   If 

our precision at 10 in a top-10 suggestion problem is 80 percent.  This means 

that about 80% of the suggestions I make have some connection to the user's 

current circumstance. 

▪ precision@k can be found below. 

 

  

                    𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =
 𝑵𝒐 𝒐𝒇 𝒐𝒖𝒓 𝒓𝒆𝒄𝒐𝒎𝒎𝒆𝒏𝒅𝒂𝒕𝒊𝒐𝒏𝒔 𝒕𝒉𝒂𝒕 𝒂𝒓𝒆 𝒓𝒆𝒍𝒆𝒗𝒂𝒏𝒕

 𝑵𝒐 𝒐𝒇 𝒊𝒕𝒆𝒎𝒔 𝒘𝒆 𝒓𝒆𝒄𝒐𝒎𝒎𝒆𝒏𝒅𝒆𝒅
  

  

 

Table 4. 4: Precision@k Results Comparison 

 

 

 

K General CF Model CDRS Model 

10 0.813728207129846 0.834262945615404 

20 0.813589004565505 0.824252557601032 

30 0.799569140153965 0.819144608482268 

40 0.796091551854567 0.814832328922597 

50 0.788783975417775 0.812482904436214 
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This table shows that the CDRS model has the best precision@k performance under 

various k values. The proposed cross-domain recommender model's precision, recall, 

and F1 score are shown in the graph below. The CDRS model is expected to remain 

stable at K=30. 

 

 
Figure 4. 9: CDRS -Precision, Recall & F1-Score 

 

Here, below graph shows the result of precision values between some past research 

works. All models are focused on same data set.  

 

 
Figure 4. 10: Comparison of Precision values with different studies 
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By considering all above comparison results, it’s clear that my proposed approach has 

showed an improvement in all matrices like RMSE, MSE, MAE and Precision. 

 

4.3 Hit Rate   
 

We can measure the recommender quality of top-N recommendations. We employ a 

hit rate to determine the top-10; If a user gives a positive rating to one of the top-10 

we recommend, we consider it a "hit." 

 

The procedure for calculating the hit rate for a single user is as follows: 

 

▪ In the training data, locate all items in this user's history. 

▪ Remove one of these items with the intent of doing so (Leave-One-Out cross-

validation). 

▪ Next, request the top 10 recommendations from the recommender using the 

remaining items. 

▪ Once the removed item appeared in the top_N recommendation list, then it is 

considered a success. If it doesn't, it would not be a "hit". 

▪ Here we can see out our calculated hit rate values are small since we are 

performing Leave-One-Out cross-validation. 

▪ So, I have calculated the hit ratio in the same manner in both the general CF 

model and CDRS model and the results are shown in the below table. 

 
Table 4. 5: Hit Ratio Results Comparison 

Top N General CF Model -Hit Ratio CDRS Model-Hit Ratio 

10 0.0365187188612096 0.0368655737704918 

20 0.0550163934426229 0.0557137049180327 

30 0.0678852459016393 0.0683718335583297 

40 0.0786885245901639 0.0868852459016393 

50 0.0918032786885245 0.0934426229508196 
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This table indicates the best Hit rate performances achieved by the CDRS model   

under Leave-One-Out cross-validation  

4.4 Hit Rate by Rating value 
 

▪ Predicted rating values can also be used to break down the hit rate. Our goal is 

to predict what people will like, so we worry about high ratings rather than low 

ones. 

▪ I anticipated our hit rate to look like this, and it does, with a considerably 

greater hit rate for rating score 5 than for 4 or 3. 

▪ Our CDRS model's hit rate by rating value is shown in the below table.  

  
                       

                            Table 4. 6: Hit Rate by Rating Value 

 

      

 

       

 

 

 

 

 

 

 

▪ Rating 5,4 has a substantially higher hit rate than the rest. As a result, the higher 

you go, the better. 

▪ It's great that it has a high success rate for 4, 4.5, and 5-star ratings rather than 

low ratings. 

          Our proposed cross-domain recommender system can provide effective  

          results for Rate by Rating value  

 

Question: How we can Justify that proposed CDRS model has the best performance 

improvement? 

I have made this question to show how my CDRS model has best performance rather 

than other recommender models. 

 

From Table4.1: we can clearly see that, 

Best values for the RMSE, MSE, MAE and FCP have been achieved by CDRS model. 

Even it has small difference in value vise but there is a RMSE, MSE, MAE & FCP 

improvement in CDRS  -------------------------------------------------------------------01  

 

Hit Rate by Rating value 

2.5 0.03666666666666667 

3.0 0.00869565217391301 

4.0 0.04444444444444444 

4.5 0.09433962264150944 

5.0 0.05691056910569105 
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From Table4.4: we can clearly see that, 

Best value for the Precision@k has been achieved by CDRS model  --------------02 

 

From Table4.5: we can clearly see that, 

Best value for the Hit Ratio has been achieved by the CDRS model   -------------03 

 

Finally, according to all above 01,02 and 03 facts, it’s very clear that my proposed 

CDRS has the best performance improvement via RMSE, MSE, MAE, FCP, Hit Rate 

and Precision@k evaluation protocols. 

 

4.5 Diversity 
 

▪ Although diversity appears to be a subjective measure, it can be determined by 

comparing the similarity of recommended items. 

▪ We can compute the similarity between recommended items and average the 

similarity score. 

▪ For the similarity matrix, similarity measure protocols such as cosine, Pearson, 

MSD, and Pearson_baseline can be applied. 

▪ Compute the average similarity score of the top N recommendations (N). 

▪ Diversity can be defined as the inverse of the average similarity score. 

▪ Following formula can be used to calculate the diversity. 

 

𝑫𝒊𝒗𝒆𝒓𝒔𝒊𝒕𝒚(𝑻𝒐𝒑@𝒌) = 𝟏 − 𝑺𝒊𝒎𝒌 
         

▪ Not only that I have calculated and measured diversity in my proposed CDRS 

model by using different kinds of similarity measures which are provided in 

surprise. 

Table 4. 7: CDRS Diversity Results 

Diversity in CDRS 

Top N 

Cosine MSD Pearson 
Pearson 

Baseline 

0.031385722 0.44588575 0.776653201 0.964291724 10 

0.035001745 0.44601719 0.787268406 0.970817127 20 

0.037695422 0.445757136 0.792992469 0.974581553 30 

0.040856006 0.446081011 0.797426866 0.977034585 40 

0.044607557 0.447319215 0.800843425 0.978822341 50 
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▪ We can see when top-N increases then diversity also increases here. 

▪ Highest Diversity value is achieved via Pearson & Pearson-baseline similarity 

measurements. 

 

4.5.1 CDRS diversity via a Cosine similarity score 
 

▪ Cosine Similarity score: Going to calculate the cosine similarity between all 

user pairs (or items) 

▪ The “cosine similarity” is defined as like below  
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Figure 4. 11: Cosine Similarity 

Figure 4. 12: CDRS Diversity via Cosine Similarity 
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4.5.2 CDRS diversity via MSD similarity score 
 

▪ “MSD” similarity is defined as like below  
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Figure 4. 14: CDRS Diversity via MSD Similarity 
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4.5.3 CDRS diversity via Pearson similarity score. 
 

▪ Pearson-similarity score: For each user pair, we'll calculate Pearson's 

correlation coefficient (or items). 

▪ It can be calculated from the below formula.  
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Figure 4. 16: CDRS Diversity via Pearson Similarity 
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4.5.4 CDRS diversity via Pearson_baseline similarity score. 

 

▪ The Pearson_baseline similarity can be calculated from below equation.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. 17: Pearson Baseline Similarity 

Figure 4. 18: CDRS Diversity via Pearson Baseline Similarity 



44 

 

4.6 Novelty 
 

▪ The easiest method for quantifying novelty is the average popularity of top_N 

recommended items.  

▪ We can measure novelty like how popular the items are that we are 

recommending. 

▪ However, this is important because the point of recommender systems is to 

show items in what we call the "long tail," which is what we show. 

▪ Once the K value is increased, novelty also increasing, and it’s clearly proved 

in below graph. 
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5: CONCLUSION 

 

Under the major domain RS, cross-domain recommender system is one of the not 

much-explored areas and it needs more research works and there existing many 

research gaps. The most preferred method when it comes to cross-domain 

recommender systems is to analyze, measure and evaluate their significance using 

widely used predicted accuracy metrics such as RMSE, MAE, and so on. Since the 

more need than accuracy to maintain high-quality recommendations, we need to pay 

attention to a few specific areas beyond accuracy like diversity and novelty. 

 

With the purpose of finding an effective solution here, I have tried to build a matrix 

factorization-based collaborative filtering cross-domain recommender system using 

explicit user feedback with movilens100k research data set. The major target was 

implementing a CDRS model with improving accuracy by focusing on diversity. Here 

I have built two CF recommender models using the SVD MF method, one is the 

general CF recommender model and the other one is a CDRS model. 

 

Basically, I could compare my CDRS model with the genera CF model. Furthermore, 

I have compared the proposed CDRS model’s RMSE, MSE, MAE and precision 

performances with other recent recommender models which based on 

Movielense100K data as benchmarks. My CDRS model is a machine learning-based 

model and finally, it is achieved satisfactory RMSE, MSE, MAE and precision 

performance rather than other CF benchmark models. Not only that CDRS has good 

performance for MSE, MAE, and FCP accuracy protocols than the general CF model 

which I have built. 

 

Furthermore, hit ratio results and Precision @k results are also far better achieved in 

CDRS rather than the general CF model. Those results clearly highlight that our 

proposed CDRS model has good recommender accuracy rather than a general 

collaborative recommender model.  

 

Next, I calculated similarity between recommended items and got the average 

similarity score using four major similarity measure protocols like cosine, MSD, 

Pearson, and Pearson_baseline and CDRS model’s diversity was calculated from all 

above for types. As per the CDRS diversity results, we could see when the Top-N 

recommender list is increasing model’s diversity also increases. The novelty of the 

CDRS also calculated by me and that is also increased when top-N increases. 

Especially after the top-30 recommender list, diversity, and novelty both are increasing 

rapidly. 
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Finally, here we could achieve our expected goal and these findings would be pretty 

much worthy when we are implementing enterprise-level cross-domain recommender 

systems to reach modern business use cases as the future work we hope to expand this 

CDRS model via content-based filtering and a new hybrid approach to reach more 

recommender user goals. 
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