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Abstract: There has been a rise in the total amount of knowledge that is being disseminated across various 

internet platforms. There is a reasonable decline in the implement behavior of the necessary information for a 

user when there is a better level of precision when there is a bigger amount of information. This is because 

the amount of information is increasing. The implication of this is that, as a result of the ever-increasing 

growth of network systems, users may find it difficult to acquire the relevant data they require through 

utilizing the online method in the context of a large and perplexing ecosystem. Consumers can find what they 

are looking for with the assistance of the recommendation engine, which provides them with potential goods that 

may be of interest to them. It typically takes use of preexisting relationships amongst users and/or objects 

in order to predict people's interest for things, and it does this by analyzing the connections between 

customers and products. The scientific research group as well as those working in social design engineering 

are now showing a substantial amount of curiosity in the recommender system. Consequently, the purpose 

of this study piece was to propose an efficient approach for the purpose of generating real estate 

recommendations by using K-nearest Neighbor Segmentation in conjunction with Artificial Neural Networks 

as well as Decision Making. The experimental assessment has been carried out, which has shown that the 

approach that was originally offered is preferable. 
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1. INTRODUCTION 
 

The question regarding what to produce as well as where to consume in today's fast-paced world constitutes 

one of the most difficult challenges. When it comes to picking establishments, there are several 

recommendation systems that provide recommendations according to previous behavior; these systems 

generate recommendations linked to the user's past actions. Yet, because the tastes of many individuals for 

recommend restaurants to individuals based on the state of their emotions. The primary responsibility of 

something like the Recommender System is to identify meaningful patterns by analyzing a database of user 
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selections or components drawn from their interests. Every form of recommendation system makes item-

based, content-based, tailored, acceptable suggestions to customers and has been utilized by various 

organizations, ranging from internet purchases to movie recommendations, whether to enhance the company 

or to expand the organization. 

            At this time, people are living in an age marked by a proliferation of information. People must spend 

a significant amount of time and effort in order to find the knowledge they require. Nevertheless, even though 

the required information can be located, it is typically muddled up with a great deal of other information, 

which makes it difficult for individuals to extract information from larger bodies of data that is genuinely 

valuable, and as a result, the effectiveness with which data is utilized decreases. The occurrence that was 

just described is referred to as information saturation. In addition, it is going to take a significant amount of 

time to look for the essential information that we need. At the exact same time, the effectiveness of employing 

this knowledge has also been lowered, which is what we mean when we say that there is an excessive 

amount of information. Search engine crawlers can handle the issue of filtering information to a greater or 

lesser extent, but they are unable to meet the varying requirements of individual consumers. Is there an 

automated program that can continuously search through a huge number of objects, identify relevant 

information, and afterwards offer suggestions on those items? 

A typical use case for recommendation systems involves the development of apps that need user 

participation. The typical function of a recommendation system is to provide the client and the consumer 

with a list of goods, things, or materials based on their preferences amongst items in order to get further 

knowledge about those items. The system's primary objective is to cut down on expenses and labor while 

also automating the procedure of forecasting future revenues and evaluating client preferences, purchasing 

patterns, and daily visitor numbers. A system that has the capacity to forecast user's future inclinations for 

a group of items and propose the probability of that user's consent those preferences is known as a 

recommendation engine. The most prominent internet businesses of today, like Amazon, Google, Netflix, 

and many more, all use recommendation systems that are powered by the most advanced algorithms. 

Corporations get a more receptive approach throughout their brand when they recommend new goods or 

information that is appropriate to the consumer's preferences. This helps them efficiently secure customer 

satisfaction. As a result, the recommendation algorithm is the most important component that makes up the 

recommender system, and the effectiveness of the classification method is dependent, at least partially, on 

the recommendation system. 

 

2. LITERATURE SURVEY 
       

According to Aruna Pavate [1], figuring out what to consume and where to consume is a key challenge in 

today's fast-paced lifestyle. Several online resources provide users choices for eateries based on their past 

preferences and habits. It might be challenging to provide restaurant recommendations based on someone is 

mood, though, because many people's tastes for dinner vary on a regular basis. After that, they go into detail 

about their suggested system, which is a support vector machine-based restaurant recommending tool. With 
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the help of the support vector machine's unsupervised learning method, the created system is both effective 

and easy to use, therefore resolving issues previously encountered by the restaurant industry. Customers 

may place orders via the component without anyone ever having to speak to a bartender, and the waiters 

and waitresses will have access to an engaging user experience as well. 

 

Bin Li [2] provided an overview of the recommendation system's history and relevance, as well  as an assessment 

of the system's growth and the findings of that study. Next, a variety of elaborate suggestion structures were 

proposed. Data sparseness and global impact factors both contributed to the KNN algorithm's development. 

The research did make some strides forward, but there is still work to be done on problems like the absence 

of information and the variety of suggested purchases. Nevertheless, this research seems to have one flaw 

because just the user's assessment knowledge was utilized and not additional user-own information like the 

user'sown attributes and the moment of rating the item. 

 

A news recommendation system based on information merging use patterns is proposed by Lin Li [3]. 

Secondly, include the passage of time as a variable in the user's interest model building process to mitigate 

the impact of duration on attention shifts. Secondly, a hybrid link prediction approach is presented to improve 

the accuracy of classifying similar users when a wide variety of news items are available. When determining 

behavioral similarity, we also consider the impact of time and information intensity on users' shifting interests. 

The user's actual and prospective interests are then combined, and news suggestions are created using the 

resulting fusion model. The experimental findings reveal that the suggested method outperforms the 

conventional recommendation algorithm in the areas of suggestion correctness, recall, and variety. 

 

Section 2 of this research provides a research survey to provide context for the remainder of the paper 

Section 3 describes the technique that will be used; Section 4 evaluates the effectiveness of the mechanism; 

and Section 5 concludes with suggestions for improvement. 

 

Xiangpo Li [4] recounts how the explosion of e- commerce has led to a phenomenal increase in the volume 

of online information. Customized recommendations of e- commerce gives suggestions of various items and 

services for various consumers to aid in the discovery of required commodities material and enhance the 

shopping experience. E-commerce sites rely heavily on information retrieval technologies, since it has shown 

to be the most effective use ofcustomized suggestion. 

 

Latent Dirichlet Allocation word embedding and Jensen- Shannon separation were the foundations of a 

revolutionary content-based suggestion strategy suggested by Dhiraj Vaibhav Bagul [5]. A academic 

publishing classification method was also built by the researchers. This system takes the user's abstract as 

input and returns the top ten journals most likely to be interested in accepting the user's test depending on 

subject similarities. For new dataset, the suggested Latent Dirichlet Allocation strategy with count- vector 

representation obtained the greatest accuracy score among the top ten suggestions. The findings 
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demonstrate that the algorithm outperforms the cosine-similarity-based method and can identify minor 

thematic relationships across a large and varied corpus. 

 

In this study, authored by Yeongwook Yang [6], a recommender systems system, abbreviated U2CMS, was 

suggested. U2CMS integrates cooperative and content-based similarity algorithms with Markov chain for 

consecutive suggestion. The key premise is that by combining content- based filtering with sequential identify 

the appropriate, we may enhance recommendation effectiveness by highlighting more profound connections 

between objects. The researchers break down the three matrices that represent the content-based filtration, 

usage patterns, and pattern matching into two separate matrices. As there is no difference in the matrix 

components, the authors may merge them into a single model and improve it with the gradient descent 

stochastic approach. 

 

In order to provide ownership-based suggestions, Zhefu Wu [7] modifies the traditional single-step 

antagonistic retraining. The authors offer a framework for possession suggestion that utilizes factorization 

engine and single-step antagonistic learning; its Adversarial Production and Consumption Relationship. This 

method improves the ownership suggestion model's resilience while also allowing researchers to benefit 

from modeling consumption-production relationships using a factorization machine rather of the typical 

singular value decomposition. The authors also unidirectional antagonistic learning to enhance the 

Combative Production and Consumption Model of the relationship; they refer to this improvement method 

as the Adversarial Production and Consumption Relationship-Aware Directional Adversarial Prototype. 

 

In his presentation, Farhan Ullah [8] described a two- stage process for recommending products based on 

their visual characteristics. The suggested method first identifies the product's category or kind. To continue, 

the suggested recommendation system will now obtain goods that are quite similar to the ones you first 

requested in Phase 2. The random forest classifier was employed in the machine learning stage of the 

product's class learning. They used JPEG coefficients as characteristics to extract information from photos. 

The suggested model yields a reliable prediction in the Phase 1 assessment. The random forest algorithm 

has been further included into the deep learning configuration to improve performance, and it produces 

generally accurate predictions. The researchers feel that the suggested method's Phase 2 combination of 

discovering the twenty comparable components based on the Distance measure and the ten closest 

comparable out of twenty using the Struct-Hist approach yields amazingly precise suggestions. 

 

In [9], Abeer Aljohani presents Gated Recurrent Unit and Transformer for Recommendation, an 

unsupervised mask- learning matrix organizational structure recommendation algorithm. We need to 

improve sequence recommendations by using more data and paying more attention to users' preferences. 

By use of a Gated Recurrent Unit, an encapsulation of the user's interests is produced and then utilized as 

the gate for a subsequent gated filtering layer. Directional signals for isolating more-correlated groups and 

embedding their constituent components. In the hopes of acquiring the effective and specific among objects, 
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the Transformer layer employs a personality technique inside its component units, which is learnt in an 

unregulated mask fashion. Further studies comparing Gated Recurrent Unit and Transformer for 

Recommendation's effectiveness to that of several benchmark dataset show that the economically 

advantageous virtually all baseline systems on four publicly available datasets. 

 

Combining sequential political decisions with social network knowledge, Dehua Ma [11] suggested a 

multiple-hop social connections enhanced DDDQN-based architecture SGNR for Interactive Suggestion. 

They deploy a recurrent neural network that takes into account both good and negative comments from 

users to simulate the changing interests of those users. Furthermore, graph attention network may 

successfully capitalize on the social connections between users by dispersing and aggregating the 

intermediate nodes impacts of individuals within a social network. Thorough trials using two primary data 

obtained show that, in comparison with prior Interactive Recommendation systems, this one may lead to 

much enhanced performance by properly overcoming the user cold-start issue. 

 

While the World wide web and big data technologies continue to advance rapidly, Lina Yang [12] warns that 

the growing complexity of information management, the ever- increasing volume of data, and the risk of 

conflicting information are all real concerns. E-learning has steadily replaced traditional classroom instruction 

as the gold standard in education. The success of any online learning endeavor depends in large part on 

the availability of suitable learning materials. Improving the efficiency and quality of online education by doing 

research into the intelligent suggestions of online learning materials is a worthwhile endeavor. It is 

additionally a practical approach to the problem of data glut brought on by the meteoric rise of scholastic 

materials. 

 

3. PROPOSED METHODOLOGY 

 

Figure 1: Sentiment Analysis System Overview 
 

The above-mentioned system overview, which can be seen in figure 1, features a representation of the 

system that has been offered for Accommodation Recommendation. The following section will focus on the 

sequential actions that need to be taken in order to accomplish the strategy that has been described. 
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Step 1: Data collection and Data feeding – The suggested method necessitates not only the user's input, but 

also the accommodation dataset on sites published on the StayZilla startup's website. The following URL, 

https://www.kaggle.com/datasets/PromptCloudHQ/properties- on-stayzilla, has been scraped for a review-

filled dataset to be used in this exercise. 

 

All the necessary details regarding a variety of reviews are included in this collection. The features involve 

the additional info, amenities, check in date, check out date, city, country, crawl date, description, highlight 

value, hotel star rating, image count, image urls, internet, landmark, latitude, longitude, occupancy, pager, 

property address, property id, property name, property type, qts, query time stamp, room price, room types, 

search term, service value, similar hotel, sitename, things to do, and things to note. 

 

Substantial changes were made to the dataset for this application, resulting in the production of a synthesized 

dataset that has since been used for processed in further stages of this methodology's deployment. In order 

to improve the overall system performance, it is necessary to preprocess the dataset's reviews in advance of 

feeding them into the system. In the following phase in the procedure, the preprocessing strategy is broken 

down in further detail. 

 

Step 2: Preprocessing – The first logical phase of the procedure is the preprocessing strategy, which is 

intended to streamline review procedure before the data is sent on to the system. The dataset that was 

retrieved in the preceding phase is used as an input in this one. Since the dataset is in worksheet format, the 

JXL package is being utilized to convert the file format between java and the workbook. 

 

lowest entries in the sorted list have been collected, the parameter K is assigned to the operation of integrating 

the entire list. The score of k is calculated by subtracting these two numbers and dividing the outcome by two. 

The following stage is to utilize this number to calculate the requirements for the inner as well as outer cluster 

boundaries. 

 

Cluster Formation – The k value obtained in the previous step is utilized to partition the data effectively. At 

this stage of cluster analysis, clusters are split in half using the attribute variables obtained from the label list 

produced in the preceding phase of the clustering operation. The most important groupings are identified by 

inspecting the inner clusters generated at this step. The gathered information is used to teach the ANN. 

Algorithm 1 following exemplifies this cluster-making method. 

 

Whereupon, the data collection is transformed into a two-           dimensional list that the computer can 

more readily analyze. 

 

Preprocessing helps effectively realize the conditioning of the offered input reviews. Because of how 

http://www.kaggle.com/datasets/PromptCloudHQ/properties-
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important this is to the execution's success; extra care must be taken to ensure that it is carried out correctly. 

Any extraneous information may lower the system's reliability and increase the likelihood of an error occurring. 

It might be challenging to accomplish efficiency because of the extra time required for processing the 

duplicate data. You can find a detailed explanation of each preprocessing step underneath. 

 

Step 3: K-Nearest Neighbors Clustering – The label list created in the previous phase is utilized as an input 

in this procedure. 

Using these four basic parts, the k-nearest neighbor algorithm may be put into practice. 

 

Distance Evaluation – The difference for the input provided in the configuration of a labelled list is procured 

during first step of cluster formation. This distance is properly computed by using the Euclidean distance of 

each item in the attribute list or labelled list. Hence, the distances are added at the conclusion of the respective 

characteristics, in addition to the additional rows. By averaging the information and distance, we can get the 

row distance RD for each individual row. Equation 1 following accounts for the row distance RD when 

calculating the average distance ARD. 

 

𝐸𝐷 = √∑ (𝐴𝑇i − 𝐴𝑇j)2 (1) 

 

     Were, 

ED=Euclidian DistanceATi=Attribute at index i ATj= Attribute at index j 

 

Centroid Estimation – Only after row distances have already been calculated, one may next extract the 

clustering centroids. These centroids may be effectively created by using a row distance list that is also 

bubble sorted into ascending order of row distances. When the indexes of the highest. 

 

ALGORITHM 1: KNN Classified Cluster Formation 

//Input: Sorted Distance List SL, 

//Output:Cluster List CL1: Start 

2: IL = ∅ [Inner Layer] OL = ∅ [Outer Layer], CL=∅3: MIN= 0, MAX=SLSIZE-1 

4: K= (MAX-MIN) /2 

5: K=MIN+K 

6: for j=0 to Size of SL7: R = SL [j] 

8: if(j<=K), then 

9: IL= IL+R 

10: else 

11: OL = OL +R 

12: end for 
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13: CL [0] = IL 

14: CL [1] = OL 

15: return CL 

 16: Stop  
 
 

Step 4: Artificial Neural Network – The ANN model receives as contribution the resulting cluster list from the Obtained 

list. Every entry of the often-acquired commodities table undergoes a hidden and output layer evaluation for the 

parameters User ID and transaction amount. In order to accomplish this, simply set the random weights W1, 

W2, W3, W4, W5, W6, W7, W8, B1, and B2 to the identical values. The levels of B1 and B2 serve to regulate 

the neurons. Next, the Output layers are determined by applying Equations 2 and 

3. They are the Hidden layer and Activation function, respectively. A second probability list, known as an 

ANN probability list, is generated by adding the weights of thetarget layers towards the output layers. 

 

X= (AT1* W1) + (AT2*W2) + (AT3* W3) + (AT4*W4) +B1(2) 

 

HLV = 1 (3) 

(1+exp (−K 

Where AT1 is the facilities, AT2 is the housing type, AT3 would be the room category, and AT4 is the cost. 

Equation 3 of the neural network gives us the sigmoid function. The HLV notation denotes the value of the hidden 

layer. 

 

Step 5: Decision Making – The decision classification method takes the ANN prediction list generated in 

the previous phase as input and outputs an appropriate accommodation suggestion. By the application of if-

then rules, the probabilistic list of accommodation suggestions may be sorted into a comprehensive 

classification. After the categorization is successfully implemented, the user is provided with a personalized 

suggestion for a suitable place to stay, which is then displayed in the UI. 

 

4. RESULTS AND DISCUSSIONS 
 

The research framework for the explicit intent of acquiring accommodation recommendation has indeed been 

illustrated by employing the java programming language. The platforms interface was completed using the 

NetBeans IDE. There is an Intel Core i5 processor and 8GB of Memory in the development laptop. A further 1TB of 

space is available as storage. The MySQL Database server is in responsible of database duties and responsibilities. 

 

In order to gauge how well the technique is implemented, it is necessary to assess the reliability of the recommended 

accommodation. Artificial Neural Networks are at the core of the proposed method, since they are the ones 

responsible for making the actual suggestions. In order to properly propose an accommodation, this neural network 
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must be implemented with precision. This section is dedicated to assessing the effectiveness of the Artificial Neural 

Networks methodology. 

 

Performance Evaluation through Root Mean Square Approach 

 

We ran a multitude of experiments to determine the accuracy of the proposed method, which makes use of ANNs 

to offer accommodation recommendations. The rate of failure of the technique employed to assess whether a given 

accommodation is appropriate considering the findings and analysis are employed as the performance metric. 

 

The method's error is measured in terms of the Root Mean Square Error (RMSE). Errors in the proposed technique 

for accommodation suggestion using user input and ANN demonstrate the practicability of the approach used in this 

study. The RMSE method simplifies the task of assessing errors between two continuously related quantities. By 

this method, we will compare our anticipated accommodation suggestions with our results of the study. Error is then 

computed by utilizing equation 1 with the recorded data. 

 

_ 

(4) 

 

Were, 

∑ - Summation 

 

(x1 – x2 )2 - Differences Squared for the summation in between the expected accommodation 

recommendations and the obtained accommodation recommendations 

 

n - Number of Trails 

 

Ten different trial runs with variable input values were used to assess these two characteristics. Table 1 

summarizes the findings of these analyses. 

 

Table 1: Mean Square Error measurement 
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Figure 2: Comparison of MSE in between expected accommodation recommendations V/s obtained 
accommodation recommendations 
 

 

Empirical assessment findings for the method make it easier to graphically represent the error rate, The graph 

depicts the system's minimum level of inaccuracy in accommodation advice for a given set of input parameters. 

This is because of how precisely the Artificial Neural Network is implemented, which greatly improves suggestion 

efficiency. Both the MSE and RMSE values are minimized by using the Decision-Making method, at 0.8 and 0.89, 

respectively, demonstrating the method's superior accuracy. This analysis demonstrates the effectiveness with 

which the suggested accommodation strategy was applied. 

 

5. CONCLUSION AND FUTURE SCOPE 
 
This research article provides an overview of the approach that has been given for the purpose of making real 

estate recommendations based on the input parameters provided by users by using Artificial Neural Networks. In the 

system that is being described, the user demand and the dataset are both taken as inputs. The dataset comes in the 

format of an excel file, and it is preprocessed before being used. Even before data is used as an input into the 

system, it must first be preprocessed, which entails removing any duplicate or missing information. Clustering is 

performed on both the preprocessed dataset as well as the input from the user variables by using the K closest 
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Neighbor clustering algorithm. The clustering is carried out with the help of the user input variables, and the 

completed clusters are sent on to the next stage to be used in the production of neurons. In order to acquire the 

probability list, the Artificial Neural Network is put into operation, which, in practice, triggers the assessment of both 

the hidden layer and the output layer via the neurons operating on an activation function. After that, this list of 

probabilities is handed over to the subsequent phase so that categorization may take place. The if-then rules are 

used in the decision-making technique in order to accomplish the categorization of the probabilities list. The user's 

output, after it has been generated, is presented to them via an interactive user experience. Quantification of the 

method has been accomplished by analysis of the mistake that was made in the advice. The findings have shown 

a satisfactory level of RMSE, which points to a successful use of the accommodation recommendation strategy. 

The next step in study ought to be to develop this recommendation method into an application programming 

interface (API) that is suitable for widespread application and incorporation. This research needs to be developed 

in order to improve the ideas depending on a dataset that is both larger and more varied. 

 

ACKNOWLEGEMENT  

It gives us great pleasure and satisfaction in presenting this project report on “Real Estate 

Recommendation Through Artificial Neural Network and Natural Language Process.” 

We thankful to and fortunate enough to get constant encouragement, support, and guidance from all Teaching 

staffs of Information Technology which helped us in successfully completing our project work. Also, we would like 

to extend our sincere esteems to all staff in laboratory for their timely support. 

We have furthermore to thank Information Technology to encourage us to go ahead and for continuous 

guidance. We would also like to thank our project team members who showed immense pa- tierce and 

understanding throughout the project. We would like to thank all those, who have directly or indirectly helped 

us for the completion of the work during this project. 

 

REFERENCES 
 

[1] Pavate, A. Chaudhary, P. Nerurkar, P. Mishra and 
a. M. Shah, "Cuisine Recommendation, Classification and Review Analysis using Supervised Learning," 2020 

International Conference on Convergence to Digital World - Quo Vadis (ICCDW), Mumbai, India, 2020, pp. 1-6, doi: 
10.1109/ICCDW45521.2020.9318646. 

 
[2] Li, S. Wan, H. Xia and F. Qian, "The Research for Recommendation System Based on Improved KNN 

a. Algorithm," 2020 IEEE International Conference on Advances in Electrical Engineering and Computer Applications 
(AEECA), Dalian, China, 2020, pp. 796- 

b. 798, doi: 10.1109/AEECA49918.2020.9213566. 
 

[3] L. Li and L. Wang, "News Recommendation Based on Content Fusion of User Behavior," 2020 13th International Symposium 
on Computational Intelligence and Design (ISCID), Hangzhou, China, 2020, pp. 217- 220, doi: 
10.1109/ISCID51228.2020.00055. 

 
[4] X. Li, "Research on the Application of Collaborative Filtering Algorithm in Mobile E-Commerce Recommendation System," 2021 

IEEE Asia-Pacific Conference on Image Processing, Electronics and Computers (IPEC), Dalian, China, 2021, pp. 924-926, 
doi: 10.1109/IPEC51340.2021.9421092. 

 
[5] V. Bagul and S. Barve, "A novel content-based recommendation approach based on LDA topic modeling for literature 

recommendation," 2021 6th International Conference on Inventive Computation Technologies (ICICT), Coimbatore, India, 
2021, pp. 954-961, doi: 10.1109/ICICT50816.2021.9358561. 

 



Multidisciplinary Journal of Research in Engineering and Technology  

Volume 10 No.2 Pg. 8-21  

19 | P a g e  

M3-10-2 

[6] Y. Yang, H. -J. Jang and B. Kim, "A Hybrid Recommender System for Sequential Recommendation: Combining Similarity 
Models with Markov Chains," in IEEE Access, vol. 8, pp. 190136-190146, 2020, doi: 10.1109/ACCESS.2020.3027380. 

 
[7] Z. Wu, A. Paul, J. Cao, and L. Fang, "Directional Adversarial Training for Robust Ownership-Based Recommendation System," 

in   IEEE Access, vol. 10, pp. 2880-2894, 2022, doi: 10.1109/ACCESS.2022.3140352. 
 

[8] F. Ullah, B. Zhang and R. U. Khan, "Image-Based Service Recommendation System: A JPEG-Coefficient RFs Approach," in 
IEEE Access, vol. 8, pp. 3308-3318, 2020, doi: 10.1109/ACCESS.2019.2962315. 

 
[9] Aljohani, M. A. Rakrouki, N. Alharbe and R. Alluhaibi, "A Self-Attention Mask Learning-Based Recommendation System," in 

IEEE Access, vol. 10, pp. 93017-93028, 2022, doi:10.1109/ACCESS.2022.3202637. 
 

[10] H. Wang, M. Hong, and Z. Hong, "Research on BP Neural Network Recommendation Model Fusing User Reviews and 
Ratings," in IEEE Access, vol. 9, pp. 86728-86738, 2021, doi: 10.1109/ACCESS.2021.3080079. 

 
[11] Ma, Y. Wang, J. Ma, and Q. Jin, "SGNR: A Social Graph Neural Network Based Interactive Recommendation Scheme for E-

Commerce," in Tsinghua Science and Technology, vol. 28, no. 4, pp. 786-798, August 2023, doi: 10.26599/TST.2022.9010050. 
 

[12] L. Yang, Y. Yu and Y. Wei, "Data-Driven ArtificialIntelligence Recommendation Mechanism in Online Learning Resources," in 
International Journal of Crowd Science, vol. 6, no. 3, pp. 150-157, August 2022, doi: 10.26599/IJCS.2022.9100020 

 
 

REFERENCES 

 

A. Pavate, A. Chaudhary, P. Nerurkar, P. Mishra and 

M. Shah, "Cuisine Recommendation, Classification and Review Analysis using Supervised Learning," 2020 International 

Conference on Convergence to Digital World - Quo Vadis (ICCDW), Mumbai, India, 2020, pp. 1-6, doi: 

10.1109/ICCDW45521.2020.9318646. 
 

B. Li, S. Wan, H. Xia and F. Qian, "The Research for Recommendation System Based on Improved KNN 

Algorithm," 2020 IEEE International Conference on Advances in Electrical Engineering and Computer Applications 

(AEECA), Dalian, China, 2020, pp. 796- 

798, doi: 10.1109/AEECA49918.2020.9213566. 

 

[1] L. Li and L. Wang, "News Recommendation Based on Content Fusion of User Behavior," 2020 13th International Symposium on 

Computational Intelligence and Design (ISCID), Hangzhou, China, 2020, pp. 217- 220, doi: 10.1109/ISCID51228.2020.00055. 

 

[2] X. Li, "Research on the Application of Collaborative Filtering Algorithm in Mobile E-Commerce Recommendation System," 

2021 IEEE Asia-Pacific Conference on Image Processing, Electronics and Computers (IPEC), Dalian, China, 2021, pp. 924-926, 

doi: 10.1109/IPEC51340.2021.9421092. 

 

[3] D. V. Bagul and S. Barve, "A novel content-based recommendation approach based on LDA topic modeling for literature 

recommendation," 2021 6th International Conference on Inventive Computation Technologies (ICICT), Coimbatore, India, 2021, 

pp. 954-961, doi: 10.1109/ICICT50816.2021.9358561. 

 

[4] Y. Yang, H. -J. Jang and B. Kim, "A Hybrid Recommender System for Sequential Recommendation: Combining Similarity 

Models with Markov Chains," in IEEE Access, vol. 8, pp. 190136-190146, 2020, doi: 10.1109/ACCESS.2020.3027380. 

 

[5] Z. Wu, A. Paul, J. Cao and L. Fang, "Directional Adversarial Training for Robust Ownership-Based Recommendation System," 

in IEEE Access, vol. 10, pp. 2880-2894, 2022, doi: 10.1109/ACCESS.2022.3140352. 

 

[6] F. Ullah, B. Zhang and R. U. Khan, "Image-Based Service Recommendation System: A JPEG-Coefficient RFs Approach," in 

IEEE Access, vol. 8, pp. 3308-3318, 2020, doi: 10.1109/ACCESS.2019.2962315. 

 

[7] A. Aljohani, M. A. Rakrouki, N. Alharbe and R. Alluhaibi, "A Self-Attention Mask Learning-Based Recommendation System," 

in IEEE Access, vol. 10, pp. 93017-93028, 2022, doi:10.1109/ACCESS.2022.3202637. 

 

[8] H. Wang, M. Hong and Z. Hong, "Research on BP Neural Network Recommendation Model Fusing User Reviews and 

Ratings," in IEEE Access, vol. 9, pp. 86728-86738, 2021, doi: 10.1109/ACCESS.2021.3080079. 

 

[9] D. Ma, Y. Wang, J. Ma and Q. Jin, "SGNR: A Social Graph Neural Network Based Interactive Recommendation Scheme for  E-

Commerce," in Tsinghua Science and Technology, vol. 28, no. 4, pp. 786-798, August 2023, doi: 10.26599/TST.2022.9010050. 

 



Multidisciplinary Journal of Research in Engineering and Technology  

Volume 10 No.2 Pg. 8-21  

20 | P a g e  

M3-10-2 

[10] L. Yang, Y. Yu and Y. Wei, "Data-Driven ArtificialIntelligence Recommendation Mechanism in Online Learning 

Resources," in International Journal of Crowd Science, vol. 6, no. 3, pp. 150-157, August 2022, doi: 

10.26599/IJCS.2022.9100020 
 

[11] L. Li and L. Wang, "News Recommendation Based on Content Fusion of User Behavior," 2020 13th International Symposium 

on Computational Intelligence and Design (ISCID), Hangzhou, China, 2020, pp. 217- 220, doi: 10.1109/ISCID51228.2020.00055. 

 

[12] X. Li, "Research on the Application of Collaborative Filtering Algorithm in Mobile E-Commerce Recommendation System," 

2021 IEEE Asia-Pacific Conference on Image Processing, Electronics and Computers (IPEC), Dalian, China, 2021, pp. 924-926, 

doi: 10.1109/IPEC51340.2021.9421092. 

 

[13] D. V. Bagul and S. Barve, "A novel content-based recommendation approach based on LDA topic modeling for literature 

recommendation," 2021 6th International Conference on Inventive Computation Technologies (ICICT), Coimbatore, India, 2021, 

pp. 954-961, doi: 10.1109/ICICT50816.2021.9358561. 

 

[14] Y. Yang, H. -J. Jang and B. Kim, "A Hybrid Recommender System for Sequential Recommendation: Combining Similarity 

Models with Markov Chains," in IEEE Access, vol. 8, pp. 190136-190146, 2020, doi: 10.1109/ACCESS.2020.3027380. 

 

[15] Z. Wu, A. Paul, J. Cao and L. Fang, "Directional Adversarial Training for Robust Ownership-Based Recommendation System," 

in IEEE Access, vol. 10, pp. 2880-2894, 2022, doi: 10.1109/ACCESS.2022.3140352. 

 

[16] F. Ullah, B. Zhang and R. U. Khan, "Image-Based Service Recommendation System: A JPEG-Coefficient RFs Approach," in 

IEEE Access, vol. 8, pp. 3308-3318, 2020, doi: 10.1109/ACCESS.2019.2962315. 

 

[17] A. Aljohani, M. A. Rakrouki, N. Alharbe and R. Alluhaibi, "A Self-Attention Mask Learning-Based Recommendation System," 

in IEEE Access, vol. 10, pp. 93017-93028, 2022, doi:10.1109/ACCESS.2022.3202637. 

 

[18] H. Wang, M. Hong and Z. Hong, "Research on BP Neural Network Recommendation Model Fusing User Reviews and 

Ratings," in IEEE Access, vol. 9, pp. 86728-86738, 2021, doi: 10.1109/ACCESS.2021.3080079. 

 

[19] D. Ma, Y. Wang, J. Ma and Q. Jin, "SGNR: A Social Graph Neural Network Based Interactive Recommendation Scheme for E-

Commerce," in Tsinghua Science and Technology, vol. 28, no. 4, pp. 786-798, August 2023, doi: 10.26599/TST.2022.9010050. 

 

[20] L. Yang, Y. Yu and Y. Wei, "Data-Driven ArtificialIntelligence Recommendation Mechanism in Online Learning 

Resources," in International Journal of Crowd Science, vol. 6, no. 3, pp. 150-157, August 2022, doi: 

10.26599/IJCS.2022.9100020 



Multidisciplinary Journal of Research in Engineering and Technology  

Volume 10 No.2 Pg. 8-21  

21 | P a g e  

M3-10-2 

 

[21] L. Li and L. Wang, "News Recommendation Based on Content Fusion of User Behavior," 2020 13th International 

Symposium on Computational Intelligence and Design (ISCID), Hangzhou, China, 2020, pp. 217- 220, doi: 

10.1109/ISCID51228.2020.00055. 

 

[22] X. Li, "Research on the Application of Collaborative Filtering Algorithm in Mobile E-Commerce Recommendation System," 

2021 IEEE Asia-Pacific Conference on Image Processing, Electronics and Computers (IPEC), Dalian, China, 2021, pp. 924-926, 

doi: 10.1109/IPEC51340.2021.9421092. 

 

[15]D. V. Bagul and S. Barve, "A novel content-based recommendation approach based on LDA topic modeling for literature 

recommendation," 2021 6th International Conference on Inventive Computation Technologies (ICICT), Coimbatore, India, 2021, 

pp. 954-961, doi: 10.1109/ICICT50816.2021.9358561. 

 

[16] Y. Yang, H. -J. Jang and B. Kim, "A Hybrid Recommender System for Sequential Recommendation: Combining Similarity 

Models with Markov Chains," in IEEE Access, vol. 8, pp. 190136-190146, 2020, doi: 10.1109/ACCESS.2020.3027380. 

 

[17] Z. Wu, A. Paul, J. Cao and L. Fang, "Directional Adversarial Training for Robust Ownership-Based Recommendation System," 

in IEEE Access, vol. 10, pp. 2880-2894, 2022, doi: 10.1109/ACCESS.2022.3140352. 

 

[18]F. Ullah, B. Zhang and R. U. Khan, "Image-Based Service Recommendation System: A JPEG-Coefficient RFs Approach," in 

IEEE Access, vol. 8, pp. 3308-3318, 2020, doi: 10.1109/ACCESS.2019.2962315. 

 

[19] A. Aljohani, M. A. Rakrouki, N. Alharbe and R. Alluhaibi, "A Self-Attention Mask Learning-Based Recommendation System," 

in IEEE Access, vol. 10, pp. 93017-93028, 2022, doi:10.1109/ACCESS.2022.3202637. 

 

[20] H. Wang, M. Hong and Z. Hong, "Research on BP Neural Network Recommendation Model Fusing User Reviews and 

Ratings," in IEEE Access, vol. 9, pp. 86728-86738, 2021, doi: 10.1109/ACCESS.2021.3080079. 

 

[21] D. Ma, Y. Wang, J. Ma and Q. Jin, "SGNR: A Social Graph Neural Network Based Interactive Recommendation Scheme for  E-

Commerce," in Tsinghua Science and Technology, vol. 28, no. 4, pp. 786-798, August 2023, doi: 10.26599/TST.2022.9010050. 

 

[22] L. Yang, Y. Yu and Y. Wei, "Data-Driven ArtificialIntelligence Recommendation Mechanism in Online Learning 

Resources," in International Journal of Crowd Science, vol. 6, no. 3, pp. 150-157, August 2022, doi: 

10.26599/IJCS.2022.9100020 


