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    I have the pleasant task of writing the foreword for the book Artificial Intelligence and Data Science in Recommendation System: Current Trends, Technologies, and Applications. This is a work edited by Abhishek Majumder, Joy Lal Sarkar of Tripura University, India, and Arindam Majumder of NIT Agartala, India. This book spans certain very crucial and current issues on the theory and application of Artificial Intelligence and Machine Learning. One of the most widely used applications is recommendation systems, which millions of people use on an everyday basis for shopping and entertainment.




    The methods in AI and NLP have been in development for several decades. Classification methods and neural networks have also existed for a long time. However, the advent of large-scale gathering of social and user data has recently allowed theoretical techniques to be tested and proved in everyday practice. As a student of AI in the late 80s at IISc, it was difficult for me to imagine this day. We have seen the progression of the methods of pattern recognition and statistical classification methods. There was an interesting twist in the developments of AI systems where in the late 60s, it appeared that linear classification systems and Perceptron training algorithms would progress far. But the failure to solve XOR logic problems led the researchers to believe that these would be ineffective. This has now been very much established to be a fallacy. But the twist took AI research into the development of logic and systems called expert systems. It was imagined that these expert systems would have the real world and the real world experts' knowledge. The knowledge acquisition bottleneck and lack of trainability of the expert systems were their downfalls. There is now a resurgence of another type of system that is filling in this role: the recommender system. These systems are bringing together diverse methods and techniques in AI, Data Science, and large data sets into human interfaces.




    Thus, it gives me immense pleasure to see that this compilation has various applications, such as industry 4.0. Going further, we have applications presented here on deep learning, developing applications, movie recommendations, and movie reviews. One of the major applications these days is through natural language processing methods to perform sentiment analysis with data from social media. This is applied to movie reviews for tourist reviews, assessment of prediction and fashion retail, and exploring human resource recruitment and selection aspects. In addition to the very current topics that have been compiled, it is seen that there is a good diversity in the contributors to this volume.




    I wish this compilation the best wishes and that the readers might benefit most from it.




    

      Atul Negi


      Professor


      School of Computer and Information Sciences


      University of Hyderabad


      Hyderabad


      India
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    A recommendation System is an intelligent computer-based system that serves as a guide and suggests, as per the preferences of the person. It uses state-of-the-art technologies like Big Data, Machine Learning, Artificial Intelligence, etc., and benefits both the consumer and the merchant. Recommendation System is becoming very popular as it serves as a guide for the activity that a person or a group plans to perform in the best possible manner, given the constraints imposed by the user(s). Software tools and techniques provide advice on items to be used by a user. The recommendations are to inspire its users to buy different products. This music creation initiative includes specialists in several fields, including Artificial Intelligence, Human-Computer Interaction, Data Mining, Analytics, Adaptive User Interfaces, and Decision Support Systems, etc. In this book, the major concepts of recommender systems, theories, methodologies, challenges and advanced applications of recommenders systems are imposed on this diversity. This book comprises various parts: techniques, applications and assessments of recommendation systems, interactions with these systems, and advanced algorithms. The topic of recommendation systems is highly diverse, since it makes it possible for users to make recommendations using different types of user preferences and user needs data. Collaborative filtering processes, content-based methods, and knowledge-based methods are the most common methods in recommending systems. Such three approaches are the basic foundations of recommendation systems. Specialized methods for different data fields and contexts, such as time, place, and social information, have been developed in recent years. Many developments for specific scenarios have been suggested, and techniques have been adapted to different fields of use.
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      Abstract




      This study provides an overview of recommendation systems and machine learning and their types. It briefly outlines the types of machine learning, such as supervised, unsupervised, semi-supervised learning and reinforcement. It explores how to implement recommendation systems using three types of filtering techniques: collaborative filtering, content-based filtering, and hybrid filtering. The machine learning techniques explained are clustering, co-clustering, and matrix factorization methods, such as Single value decomposition (SVD) and Non-negative matrix factorization (NMF). It also discusses K-nearest neighbors (KNN), K-means clustering, Naive Bayes and Random Forest algorithms. The evaluation of these algorithms is performed on the basis of three metric parameters: F1 measurement, Root mean squared error (RMSE) and Mean absolute error (MAE). For the experimentation, this study uses the BookCrossing dataset and compares analysis based on metric parameters. Finally, it also graphically depicts the metric parameters and shows the best and the worst techniques to incorporate into the recommendation system. This study will assist researchers in understanding the summary of machine learning in recommendation systems.
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      INTRODUCTION




      

        Recommendation System




        The recommendation system [1] is the main part of digitization as it analyses the interest of users and recommends something based on those interests [2-5]. The aim of these systems is to reduce information overload by retrieving the most sim-




        ilar items depending on the customer's interest [6-10]. The primary use of these systems is decision making, maximizing profits, and reducing risks. This reduces customer’s efforts and time in information searching. It works as a filter that suggests alternatives based on massive data. Moreover, it acts as a multiplier that contributes to the expansion of the client’s options [11-22].




        Over the last few years, the enthusiasm for recommendation systems has increased tremendously [23]. This is the most widely used service on high-end websites like Amazon, Google, YouTube, Netflix, IMDb, TripAdvisor, Kindle, etc. A number of media companies develop these systems as a service model for their clients. Furthermore, the implementation of such systems at commercial and non-profit sites attracts the attention of the customer [24-32]. These also satisfy clients more with online research results. These systems help customers search for their loved items faster and acquire more authentic predictions leading to higher sales at an eCommerce site.




        Regarding knowledge of these systems, there are various undergraduate and graduate courses at institutions around the world. Conferences, workshops, and contests are organized in accordance with these systems [33-47]. One of the competitions was the Netflix Prize, organized around machine learning and data mining. In this competition, participants were required to develop a movie recommendation system whose accuracy is 10% more precise than the existing system, also known as Cinematch. After a year of hard work, the Korbell team won first place using the two main algorithms: matrix factorization (Singular value decomposition (SVD)) and Restricted Boltzmann machines (RBM).




        Real applications [2] employ different ML algorithms, such as K-nearest neighbor (KNN), Naive Bayes, Random Forest, Adaboost, Singular value decomposition (SVD), and many others. The evolution of the recommendation scheme has led to the application of ML and AI algorithms for effective prediction and accuracy. In addition, the results provided by some ML algorithms are expected to be slightly promising. Due to the broad classification of ML algorithms, the choice of an ML algorithm may become a challenge depending on the different situations where recommendation systems are needed. To select an effective ML algorithm, the best way for the researcher or programmer would be to have a thorough knowledge of ML and recommending systems [48, 49]. This knowledge enables the researcher to create a model appropriate to a specific problem. Here, the study provides an overview of ML briefly.


      




      

        Machine Learning




        Machine learning demonstrates the imitation of human learning in computers by learning from experiences and applying them to recently encountered situations. ML originated in the 1950s but became more popular in the 1990s. Humans understand, but on the other side, the computer uses algorithms.




        Machine Learning is classified into four categories:




        1. Supervised learning




        2. Semi-supervised learning




        3. Unsupervised learning




        4. Reinforcement learning




        

          Supervised learning




          This learning deals with algorithms that provide training data with a set of features and the correct prediction according to those features. The task of the model would be to learn from this data and apply the information learned into new data with the input features and predict its outcome. An example would be predicting the price of a house according to the area.


        




        

          Semi-supervised learning




          In this learning, the model learns from training data that includes missing information. These types of algorithms focus more on concluding from insufficient data. An example is the evaluation of movies where not all viewers will give a review, but the model ends with the reviews provided.


        




        

          Unsupervised learning




          This learning focuses on algorithms that do not require training data. These algorithms use real-world information to learn by themselves. It focuses primarily on relations hidden in the specified data. An example is YouTube, which parses the viewed videos and recommends similar videos to the user.


        




        

          Reinforcement learning




          This type of learning involves algorithms that learn from feedback from an external body. It is similar to a student and teacher where the teacher may give fewer grades (negative feedback) or more grades (positive feedback). An example is to offer a treat to a dog for a positive response and not give that treat for a negative one.


        


      


    




    

      METHODS




      The idea of recommendation systems is to provide recommendations to the user according to their behavior or profile. It analyzes the user's interest dynamically so that when the user carries out actions, he recommends according to his tastes. Various types of recommendations also involve recommendations based on trust, context, and risk. The types discussed in this document can be found in Fig. (6). The Recommendation System [4] is mainly divided into three categories:




      1. Collaborative filtering




      2. Content-based filtering




      3. Hybrid filtering




      

        Collaborative Filtering




        In this approach [5], recommendation systems work according to user information. It compares users of similar preferences and recommends trying items that other users have tried shown in Fig. (1). An example is book applications in which the model would search for similar preferred users and would recommend what was purchased by those users to the current user. This type of system is further divided into a memory-based and model-based approach The Difference between memory-based and model-based method is shown in Fig. (2).
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Fig. (1))


        Example of Collaborative filtering [6].



        

          Model-Based




          In this method [7], the information base is past evaluations by which the model learns for better future predictions. This method functions on items that are not yet seen or used by the user. This method increases the accuracy of the system. Model-based approaches include matrix factorization, clustering, association techniques, Bayesian networks, and many more.


        




        

          Memory-Based




          In this method, the basis of the information is the likes and dislikes of other users, which is similar to the profile of the user who requires recommendations. This approach analyses the similarity between user interests to predict an item to the desired user. The approach is divided into subtypes, particularly user-based and item-based methods Fig. (3) shows the difference between user-based and item-based method. .




          

            User-Based




            This approach analyses the similarity among users in predictions. It can also predict, depending on the desired user's behavioral patterns. For example, if a user purchases a book, they will analyze other users' preferences on that book and recommend new items to the user.


          




          

            Item-Based




            This approach analyzes the similarity between the items researched or purchased by users for predictions. In other words, it computes the similarities between items unknown to the user and items known to the user and displays unknown items if the similarity value is high. For example, if a user buys an item, this system will look for items with similar features to the item purchased and recommend it to the user.
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Fig. (2))


            Difference between memory-based [8] and model-based [9].
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Fig. (3))


            Difference between user-based and item-based [10].

          


        


      




      

        Content-based Filtering




        In this approach, the recommendation system functions based on the data of the item the user is looking for. The model analyses other items with attributes similar to those in the search and recommends them to the user. An example, shown in Fig. (4), is online shopping, where the user searches for an item with specific features and recommends similar items.
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Fig. (4))


        Example of Content-based filtering [6].

      




      

        Hybrid Filtering




        This approach is a combination of the two earlier methods, as illustrated in Fig. (5). This means that these recommendation systems are based on item data and user information. The first step consists of analyzing the user information. The second step is to analyze the data element you are looking for or using. Finally, the relevant dataset of the first two steps appears in the form of recommendations (Fig. 6).




        
[image: ]


Fig. (5))


        Mechanism of Hybrid filtering.
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Fig. (6))


        Tree diagram of Filtering Techniques.

      




      

        Algorithms




        This article includes a detailed explanation of Singular value decomposition (SVD), Non-negative matrix factorization (NMF), K-means clustering, K-nearest neighbors (KNN), Co-clustering, Naive Bayes, and Random Forest algorithms.




        

          Co-clustering




          Co-clustering, also known as bi-clustering [11], is a method wherein there is a simultaneous clustering between rows and columns of a matrix. This matrix represents information as a function of user characteristics and item characteristics. In other words, co-clustering can also be visualized as grouping two different kinds of entities according to their similarity. The result of a co-clustering algorithm is commonly termed a bi-cluster [12, 13]. The kinds of bi-clustering are classified according to the nature of these bi-clusters. It depends mainly upon constant and consistent values.




          1) Bi-cluster with constant values: Rows and columns within a clustering block have the same constant value.




          2) Bi-cluster with constant values in rows or columns: Every row or column in a clustering block has the same constant value.




          3) Bi-cluster with coherent values: These bi-clusters identify more complex similarities between genes and conditions using an additive or multiplicative method.




          It is used across a wide variety of applications. Rege et al. [14] use co-clustering for clustering documents and topics. Chen et al. [15] and Felzenszwalb and Huttenlocher [16] use image co-clustering for image processing. It also helps to identify interaction networks [17, 18]. It is also an analytical tool for election data. The clustering technique is implemented through a variety of matrix factorization techniques.


        




        

          Matrix Factorization




          Matrix factorization is a type of algorithm associated with the decomposition of the user-item interaction matrix into the product of two rectangular matrices. This is usually done by minimizing the mathematical cost function RMSE (Root mean square error) which is done using gradient descent. Because of its effectiveness, this method became more popular during the Netflix Prize challenge (as discussed above). Recommendation systems use different matrix factorization techniques. Furthermore, a detailed study on Singular value decomposition (SVD) and Non-negative matrix factorization (NMF) is given below.




          

            Singular Value Decomposition




            This method is associated with linear algebra and is increasingly popular within ML algorithms. Its application is mainly recommendation systems for e-commerce, music, or video streaming sites.




            SVD refers to the decomposition of a single matrix into three additional matrices. The general form is:




            

              

                	[image: ]



                	(1)

              


            




            where M is the given mxn matrix,




            X is an mxn orthogonal matrix that denotes the relation between the user and latent factors,




            S is an nxn diagonal matrix that denotes the strength of these latent factors, and




            Y is nxn orthogonal matrix and it represents the similarity between the user and latent factors.




            The steps involved in SVD are given below:




            1. In the first step, the data is represented as a matrix with rows as user and columns as items.




            2. If there are any empty entries in the matrix, provide the average of the other entries so that there is no major error in the calculation.




            3. After this, compute the SVD. (Done using numpy and surprise library)




            4. After calculating the SVD, you only need to reduce it to obtain the expected matrix that will be used for the prediction by looking at the appropriate user/article pair.




            The primary benefit of SVD is that it simplifies the data set and eliminates noise from the data set. It also functions with the numerical data set. Also, it could improve the precision. There are many issues related to the SVD. One of the most important issues is data scarcity, also called the cold start problem [20]. This occurs due to a new community, user, or item. If a new community, user, or item is added, the recommendation system will not work properly due to a lack of information. Black sheep is also an issue, meaning some customers also agree and disagree with the same group of people. If so, it is impossible to make recommendations. Due to its temporal complexity (O (n)), it also suffers from scalability issues.




            There are different applications of SVD. The most common applications are pseudo- inverse, resolving homogeneous linear equations, minimizing total least squares, range, null space and rank, and approximation to the lowest rank matrix. In addition, it is used for signal processing, image processing, and big data.


          




          

            Non-negative Matrix Factorization




            This is also a matrix factorization technique [21]. As with SVD, the analogy for this approach is to break down or factorize a given matrix. The only difference, on the other hand, is that the matrix is split into two parts. The two parts are called W and H. W matrix is for weights which represent each column as a basic element. These are building blocks from which to obtain predictions to the original data item. H matrix is hidden, which represents the coordinates of the data items of W. In other words, it guides us in converting to the original data item from the group of building blocks of W.




            The order of execution in NMF is given below:




            1. Import the NMF model using the surprise library.




            2. Then, load the dataset and isolate it to the given model.




            3. Later, clean the data and create a function to pre-process data.




            4. Successively create a document term matrix 'V'(given matrix).




            5. Create a function to display the mode features.




            6. Then, run NMF on the document term matrix 'V'.




            7. Continue checking and iterating until useful features are found.




            The advantage of NMF is that it breaks down the given matrix into two smaller matrices whose dimensions can be controlled by the given matrix. It differs from other matrix factorization algorithms because it works only on positive numbers which makes the data interpretable. The dataset can become smaller if W and H are depicted sparsely. The issue with the semi-supervised NMF is that depending on the number of data points available, there is a reduction in the fitted data points.




            Applications of the NMF include the processing of audio spectrograms, document clustering, recommendation systems, chemometrics, and many others. It is also used for dimensionality reduction in astronomy, statistical data imputation, as well as nuclear imaging.


          




          

            Difference between SVD and NMF




            So as stated above, both SVD and NMF are matrix factorization techniques. But there are also some differences between them, which could help us to choose the best algorithm for a situation between these two.




            1. The SVD includes both negative and positive values, while the NMF has strictly positive values. That makes NMF useful because it provides more sense and connections are made easier.




            2. SVD factors can be related to the eigenfunctions of a system where the original matrix denotes a system about which one is taking interest from a signal processing perspective. This makes SVD more effortless. Although NMF can also be used for the same purpose because the association is indirect in this approach, it becomes more tedious.




            3. The factors of SVD are unique, whereas the factors of NMF are not unique. As a result, NMF is better for algorithms with privacy protection.




            4. SVD factors into three matrices, out of which the sigma matrix gives the information stored in the vector. Whereas NMF only factors into two matrices which do not include the sigma matrix.


          


        




        

          K-Nearest Neighbors




          KNN is an easy machine learning algorithm based on supervised ML learning. It finds similar items based on the distance between test data and individual training data using a variety of distance concepts. In this algorithm, predictions are mainly made using the calculation of the Euclidean distance of the nearest neighbors. Besides, the use of Jaccard similarity, Minkowski, Manhattan, or Hamming distance can be done instead of Euclidean. This is a non-parametric algorithm that assumes nothing about the given data. It is also referred to as a lazy learning algorithm, which does not learn from data, but instead stores and performs actions on the data.




          The steps involved in KNN are given below:




          1. Load the dataset and preprocess it.




          2. Fit the KNN algorithm (defined as Nearest-Neighbors) to the training dataset (use the sklearn library). For using the surprise library, it is defined as KNNBasic.




          3. Predict the test result.




          4. Creating the confusion matrix and finding the test accuracy of the result.




          5. After this, the visualization of the test result can be done.




          This algorithm is used as it is easy to interpret the result. It also has great predictive power and less computing time. The main issue with KNN is that it becomes much slower as the volume of data increases. As such, it does not give good accuracy with large datasets. It is also highly sensitive to missing values, outliers, and noise from the dataset.




          It is primarily used for classification and regression problems. The result of a classification problem is a discrete value while for a regression problem, the result is a real number (containing a decimal). It is commonly used for text extraction. It is used in finance for stock prediction, management of loans, and analysis of money laundering. It is used in agriculture for weather forecasting and estimation of soil water parameters. It is also used in medicine to predict different diseases.


        




        

          K-means Clustering




          The k-means algorithm is the most widely known clustering algorithm. It is the simplest method of unsupervised learning to resolve the clustering issue. It also aims at solving the Expectation-Maximization problem. In this algorithm, a k value is received that represents the number of clusters. Then it classifies the data set by dividing it into a given number of clusters of similar characteristics/preferences. The similarity is calculated using the distance between the two items. In this method, the distance is measured using a square Euclidean, Manhattan, Euclidean, or Cosine distance measure. This method is evaluated using the elbow method or silhouette analysis [22, 23, 24].
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          where x1, y1, x2, y2 are the coordinates of the data points and ([image: ]) and ([image: ]) are the polar coordinates of x and y.


        




        

          Naive Bayes




          Naive Bayes [3] is an ML probabilistic algorithm that is based on the Bayes theorem. Such algorithms result in each pair of items or features being independent of each other. In Naive Bayes, the assumptions are that each feature provides an independent and equal part in the outcome. To start, the Bayes theorem is discussed below [26].
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          where P(X/Y) is the probability of X given that Y event has occurred, P(Y/X) is the probability of Y given that X event has occurred,




          P(X) is the probability of event X, and




          P(Y) is the probability of event Y.




          The types of naive Bayes are: Bernoulli, Multinomial, and Gaussian naive Bayes.




          Bernoulli naive Bayes: This is a binary algorithm that interprets whether a feature is present or not. It is used when there are binary function vectors (i.e., ones and zeroes). One of its applications is the bag of words model for text classification [27].




          It follows the following rule:
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          where x and y are two events and i is a subevent of x.




          Multinomial naive Bayes: Feature vector refers to the frequencies that are made using the multinomial distribution. It is used efficiently for working with texts in natural language processing.




          Gaussian naive Bayes: Values associated with each feature vector are generated by Gaussian distribution or Normal distribution. If this is shown graphically, it results in a bell-shaped curve. The equation for this is as follows:
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          The steps involved in naive Bayes are written below:




          1. The dataset is first preprocessed.




          2. The fitting of Naive Bayes in the training data.




          3. Predict the features of the test data.




          4. Create the confusion matrix and get the accuracy of the model.




          5. Try to visualize the result of the testing set.




          The advantage of naive Bayes is that it is quick and precise for predictions. Such an approach also reduces the complexity of the computations. It can be used not only for one but also for problems with multiple feature classes. This algorithm works best if the variables are discrete and not continuous. The main disadvantage of naive Bayes is the assumption that features are independent of each other, which is not possible in real life. Moreover, if there is no training set for a particular class feature, this may result in a posterior probability of zero. This is known as the zero-frequency problem.




          There are a variety of applications of naive Bayes. A major application of Naive Bayes lies in the recommendation system. If collaborative filtering and naive Bayes are both integrated into the recommendation system, it can predict through the unseen information regardless of preferences. As well, text classification is a popular application of naive Bayes. Applications of naive Bayes are real-time predictions and multiclass predictions for classification problems. It can also be used for facial recognition, medical testing, and weather forecasting.


        




        

          Random Forest




          The random forest algorithm [29] is a common supervised machine learning technique based on the ensemble learning concept. Ensemble learning is a method of combining various classifiers to improve model accuracy. In this algorithm, the dataset is split into several subsets and then contained in the same number of decision trees. Instead of depending on a decision tree, this algorithm takes an average of the predictions of all decision trees. This makes the outcome of the predictions more accurate.




          The steps involved in implementing a random forest algorithm are given below:




          1. The dataset is loaded and then preprocessed by splitting the data into a training and testing set.




          2. The training and testing data are then feature scaled.




          3. The training set is used to fit the random forest algorithm (defined as RandomForestClassifier). This is done by importing the sklearn library.




          4. Prediction of the test result is made using a new prediction vector.




          5. To conclude, a confusion matrix is created. This matrix gives the correct and incorrect predictions.




          6. Visualization of the test result is done.




          The main advantage of this algorithm is its versatility. It has increased predictability. So, this is a handy algorithm to use. It also overcomes the biggest problem of overfitting. It can handle a large dataset and also needs less time to train the dataset. The major drawback is that many decision trees can delay the algorithm and not function efficiently in the real world. It is used for both classification and regression, although it is not appropriate for regression.




          There are various application domains of the random forest method. In banking, it is used for fraud detection, and loan risk identification, and various identifications and detections are performed based on banking services. In medicine, it is used to find the combination of medications and also to predict the risk and patterns of the disease. In commercialization, it can be used to predict stock prices and trends. It is also used in satellite imagery and object and multiclass detection.


        


      




      

        Evaluation Methods




        There are various methods used in the evaluation of machine learning methods. One of the commonly used methods is the absolute error and accuracy-based evaluation methods such as RMSE (Root mean squared Error), MSE (Mean square error), and MAE (Mean absolute error). There are decision support methods like precision, recall, F1-measure, and ROC (Receiver operating characteristic) curve. In addition, there are ranking-based evaluation methods, such as nDCG (Normalization of discounted cumulative gain), MRR (Mean reciprocal rank), mean precision, and Spearman rank correlation. Moreover, different metric evaluation methods assess performance based on prediction, decision, and ranking power. Examples of these metric-based approaches include coverage, popularity, novelty, diversity, and temporal evaluation. Finally, business sector metrics can be used to reach its objective. The above-mentioned algorithms will be evaluated using F1-measure, RMSE, and MAE.




        

          



          F1. Measure




          This accuracy measurement combines accuracy and recall and is also called the harmonic average of the model. This is used to measure the accuracy of the model.




          The formula for the F1 measure is F1=2*P*R/(P+R), where P and R are the precision and recall of the model.




          Precision: This measure, also known as the TP (True positives), is defined as the ration of TP to the sum of TP and FP (False positives).




          Recall: This measure, also known as sensitivity, is defined as the ratio of the TP to the sum of TP and FN (False negatives).
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          To avoid the least robustness of normal accuracy measurements, this measurement is preferred since it can take note of variations of different types of errors. The F1 measure is efficient whenever there is a presence of different costs of FP(False positives) and FN(False negatives). The F1 measurement can also be useful if there is an imbalance in the class feature numbers because, in such cases, the precision can be very misleading. The weakness of the F1 measurement is that the value calculated for one feature is independent of the other. In other words, it cannot compute the effectiveness of two features combined or based on each other's information. The applications for the F1 measurement include information retrieval in NLP (Natural Language Processing). This is most frequently used in search engine systems. In addition, it is most commonly used in binary classification systems.


        




        

          RMSE (Root Mean Squared Error)




          It is a performance measure of the ML models that are primarily calculated to see how well the model fits (i.e., less error, more accuracy). In other words, this is used to predict quantitative data. It is defined as:
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          In the above RMSE equation, [image: ] is the original data and [image: ] is the predicted data.




          This measure is used because it is quite easy to distinguish. This makes it easier to work with methods such as gradient descent. This is also good for evaluating the standard deviation for distributing the errors generated.




          RMSE has square errors, so even a small error can affect the value immensely, which allows us to ensure that the model yields as little error as possible. This means that an error of 10 will become 100 times worse than an error of 1. RMSE could become difficult to understand from an interpretation point of view as it contains square values, whereas MAE would be clear to understand due to absolute values.


        




        

          MAE (Mean Absolute Error)




          This measure is also used as an alternative to RMSE. MAE is the average of the absolute difference between the original data and the predicted data. If this absolute value is not taken, this will become the mean bias error (MBE).




          To represent MAE mathematically:
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          In the above MAE equation, yj is the original data and yj^ is the predicted data. MAE is more stable than RMSE when the variation in frequency error distribution increases. This means that an error of 10 will be 10 times worse than an error of 1. MAE is generally preferable when scales of error are linear, whereas RMSE is preferable when scales of error are non-linear. MAE is not useful when no absolute value is required, in such cases, RMSE is preferable.


        


      


    




    

      EXPERIMENTATION




      

        Dataset




        The BookCrossing dataset [34] is built by CAI-Nicolas Ziegler from Amazon Web Services. There are 270,000 books read by 90,000 users with 1.1 million reviews. The data consist of three tables which include information about ratings, books, and users. This data is downloaded from Kaggle. The rating dataset provides a list of book ratings given by the users. It includes 1,149,780 rating records containing 3 fields: userID, ISBN, and bookRating. The ratings are either explicitly expressed on a scale of 1 to 10 or implicitly expressed by zero. As shown in Fig. (7), the vast majority of ratings are 0 and these ratings are distributed very unevenly. The books dataset provides book information, which includes 271,360 book records containing 8 fields. First, 5 fields containing the content-based information: ISBN, Book-Title, Book-Author, Year-Of- Publication, Publisher, and the last 3 image-URL fields: Image-URL-S, Image-URL- M, Image-URL-L. These 3 different URL images are linked to the cover page of the books according to their size. The user dataset provides demographic information of users. It includes 278,858 user records and 3 fields: user id, Location, and Age. Fig. (8) shows that the majority of active users are youth between the ages of 20 and 30.
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Fig. (7))


        Rating Distribution of the books in dataset.
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Fig. (8))


        Age Distribution of users in user-data.

      




      

        Implementation




        The book recommendation system has been done using item-based and user-based collaborative filtering experimented in python and compiled in Jupyter Notebook. After evaluating the RMSE scores of the user and the item, optimization of the book recommendation system is done by integrating various other algorithms, such as co- clustering, SVD, NMF, KNNbasic, KNNwithMeans, and KNNwithZScore models from the surprise library.


      




      

        Result




        In this article, the BookCrossing Dataset was implemented. It contains three tables. One table contains the user's information. The second table includes information on books. The final table includes the book routing information. Experimentation employed user-based and item-based collaborative filtering methods for the desired recommendation system. The RMSE score of these methods varied from 7 to 8. For improvement, the use of co-clustering, SVD, NMF, KNNbasic, KNNwithMeans, and KNNwithZScore models is done. The use of the above algorithms allowed a dramatic improvement of RMSE and MAE errors. The following table shows the RMSE value, the MAE value, and the F1 score for the implemented algorithms.


      


    




    

      Discussion




      By comparing the values obtained from the above analysis, the graphic display is shown below in Fig. (9) and Fig. (10). For a suitable algorithm, it is necessary to use a smaller RMSE and MAE measurement and a greater F1 measurement. Fig. (9). also represented that RMSE is higher than MAE. This is due to the differences mentioned earlier in Table 1. Thus, in the measure of errors, for comparison, the RMSE value is much better than the MAE value. As well, the F1 measurement is used for the confusion matrix Table 2 shows the comparison of different techniques in term of RMSE, MAE, and F1.
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Fig. (9))


      RMSE and MAE comparison of implemented algorithms. (Error(%) on y-axis and Algorithms on x-axis).
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Fig. (10))


      F1 measure of implemented algorithms. (F1-measure(%) on y-axis and Algorithms on x-axis).



      

        Table 1 Difference between RMSE and MAE [33].




        

          

            

              	MAE



              	RMSE

            


          



          

            

              	It doesn’t consider the sign of the input, if the input is negative it takes the positive value.



              	It considers the sign of the input whether it is positive or negative.

            




            

              	It is less biased towards large values. Thus, when it comes to a large error, it does not reflect the result of the algorithm.



              	When it comes to large errors, it reflects in the result of the algorithm. Thus, it is much better than MAE.

            




            

              	The MAE value is comparatively smaller as the sample size increases.



              	RMSE is comparatively higher than MAE for increasing sample size.

            




            

              	MAE restricts larger errors.



              	RMSE does not restrict large errors.

            




            

              	MAE is preferred where there is a proportion between overall performance and an increase in error.



              	RMSE is preferred where the overall performance and the increase in error are disproportionate.

            


          

        




      




      

        Table 2 RMSE, MAE, and F1 measure of algorithms implemented on dataset.




        

          

            

              	Algorithm



              	RMSE



              	F1 measure



              	MAE

            


          



          

            

              	Co-clustering



              	1.8393



              	0.4289



              	1.4274

            




            

              	SVD



              	1.5726



              	0.4428



              	1.2046

            




            

              	NMF



              	2.4767



              	0.4202



              	2.0717

            




            

              	KNNBasic



              	1.9473



              	0.4434



              	1.5263

            




            

              	KNNwithMeans



              	1.7994



              	0.4404



              	1.3925

            




            

              	KNNwithZScore



              	1.7967



              	0.4402



              	1.3819

            


          

        




      


    




    

      CONCLUSION




      Hence, this work concludes that the SVD technique is the most preferred among the algorithms implemented. Fig. (9) shows that the NMF has a large RMSE and MAE and less F1 measurement compared to others. It further concludes that the NMF alone is not suitable for this dataset. Moreover, KNN (includes KNNBasic, KNNwithMeans, KNNwithZScore) is much better compared with NMF, primarily based on RMSE and MAE values. In addition, it concludes that the evaluation of the RMSE is much better than that of the MAE.
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