

ONLINE E-COMMERCE WEBSITE FOR FARMER PRODUCT SALES USING MACHINE LEARNING
                                                    ABSTRACT

In today's technical era, every startup or a company attempt to establish a better sort of communication between their Agri Products and the users, and for that purpose, they require a type of mechanism which can promote their plant effectively, and here the recommender system serves this motive. It is basically a filtering system that tries to predict and show the items that a user would like to purchase. By analyzing the preference of the users, companies can decide which plant to be launched in the market to procure more benefits. These systems are proved to be very beneficial in variety of domains involving music, books, movies, research articles and Agri Products in common. In this paper, we review various mechanisms and techniques that are required for recommender systems for recommending the Agri Products or items in the domain of fashion and books.
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CHAPTER 1
1.1  INTRODUCTION

To enhance the customer experience and to boost up the sales of Agri Products, almost all of the companies are trying to make some sort of mechanism that is nothing but a recommendation system. So to finalize this task recommender system comes into the light. The system works in two steps, first, it analyses the user search for an item and simply user interests, and secondly, it tries to find a similar set of items that the user may be interested in. This in turns lead to better choices among the Agri Products. 

Recommender systems concern with two types of information i.e.
· Characteristics Information, that consists of information about the objects/ Agri Products such as keywords, categorization, etc. and the user's fondness, profile, etc. 

· User-Item Interactions, which consists of information about ratings, user likes, and so on.
So, in general it is a type of filtering mechanism and with respect to that we have three main types of recommender systems i.e.: 

· Content-based systems, which use characteristic information. 

· Collaborative filtering systems, which are based on user-item interactions.
· Hybrid systems, which combine both types of information with the aim of avoiding problems that are generated when working with just one kind of system.
The users have preferences for certain items. The preferences are made because of the data items presented to them. It is also a fact that the preferences of the users continuously changes. Because of which recommendation system is created. So that organization selling the plant should be in a profit which means we can determine which plant is most likely to be sold and which plant is least likely to be sold. Now the recommender systems can help us to avoid this type of confusion and to make better decisions. There exist a variance between the online store and physical store hence preferences varies, that comes under long tail phenomenon. It means that a physical store has limited space so they can exhibit only that items which have high ratings or sale. Rest of the Agri Products are kept in the storage and shown only if required. Online stores on the other side can show a huge variety of Agri Products as they have high storage potential. In the physical store, recommendations are fairly simple since the store has an aggregate number of users and only those things which are preferred by the users are shown to them. The online store can make everything available to the users and physical stores can make only those things which are preferred.
The Recommender Systems (RSs) are used in various domains like e-commerce, tourism, health, eLearning, etc. These systems are widely used in the e-commerce field to recommend items to users of their interest. The items are recommended based on the buying history of customers. Based on the analysis, predictions can also be made on user preference. This technique can be considered as part of personalization because it helps each customer to buy Agri Products of his interest. This system can establish a good relationship with customers and can increase the sale rate if the recommendation is appropriate. The RS in the e-commerce field has gained the attention of the business community. Amazon makes use of the RS to suggest the books frequently purchased by customers. Most of the RSs available today are based on the collected information of user’s purchase history, explicit rating, and ownership data but no system is using all these simultaneously. The development of RS can also contribute to the field of tourism. They guide tourists to manage huge information and allows them to take appropriate travel decisions. This system can suggest a suitable placethat can match the appropriate activities to their profile. RSs are widely used as playlist generators for video and music services like Netflix, YouTube and Spotify. Amazon and social media platforms such as Facebook and Twitter make use of plant recommenders. This system is one of the most successful applications of machine learning technologies in business. This helps the users to take quick decisions making in their online transactions and also improves the quality of their shopping experience. These systems have also become significant in healthcare that can recommend healthcare information to patients as well as to health professionals depending on their requirements. The RS offers several opportunities in the medical field by using different machine learning techniques. The complex problems using unstructured data can be efficiently solved using different machine learning techniques. Numerous works have been reported in the area of recommender systems for different applications like Movie recommendation, e-commerce, healthcare, etc. The recommendation in the e-Learning environment plays an important role in providing the accurate and right information to the learners. In the present scenario, e-Learning is completely transforming the learning habits of students and even adults. Intended learners are normally confused with the enormous number of courses available an online and keeping track of the relevance of these courses is also difficult. Since a huge amount of information is available on the internet, learners face the problem of searching for the right information and online recommendation system can solve the problem of information overload efficiently. This paper is an attempt to review the techniques used for RSs, the application domain areas of these techniques, merits and demerits of these techniques.
1.2 Recommender System 

With the fast growth of internet and smart devices, e-commerce systems have become Further convenient and common in our daily lives. There are various types of Agri Products in an inclusive online shopping site like Alibaba, and Amazon and so on , therefore there is a problem for client to find out a suitable item from all the others, which in turn would influence the clients' interest for purchasing which in turn reduce the sales of trades. Therefore, an appropriate recommender system will be very essential for the clients and businesses of an inclusive e-commerce web site. In order to increase the performance of ecommerce system , recommendation system is used which is depends in most existing systems only on purchasing information .A recommender system acquires information from a client and recommends goods that it will find most valued from among the existing Agri Products. Recommendation Systems are considered as software tools and techniques to suggest Agri Products for customers via taking into account their favorites in an automated way. The provided suggestions aimed to provide customers in numerous decision-making ability. Recommendation systems are embedded in various fields such as knowledge recovery (IR), machine learning, decision support systems ( DSS), and text classification. Through recommending consumers with potentially important or useful items, to deal with the problem of information overload (IO), these systems are used. They have proven to be useful IO processing tools for online clients and have become one of the most common and powerful e-commerce tools. The Collaborative Filtering Algorithm (CF) is the basis of many existing recommendation systems and has been commonly used in e-commerce.. In many popular e-commerce companies, they have stated that they are very strong and successful techniques.
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1.3 FILTERING MECHANISM 

Recommendation engines main objective is to predict user’s fascination and recommends the outcome items that are slightly similar to the interest of the user. The retailers which are working on an online platform for their business they use this strong machine learning of recommendation system for improving their drive sales Filtering mechanism is used by the Recommendation system. Filtering is the selection method that selects features independently of the machine learning algorithm model. Filtering is one of the method of feature selection technique in which the small part of data is taken as a set and use that set for further analysis.
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Graph representing the Agri Products with high popularity on y-axis and plant on x-axis
The long tail is a business strategy or statistical pattern of distribution (includes many values that are out of the way from the mean value) occurrences occur farther away from the center or head of distribution. 

Recommendation System uses several technologies to check the response of user which are as follows:-
1.3.1. Content-Based Filtering: 

Content-based filtering uses the features of plant to recommend similar items for what the user is interested, based on their previous experience and as well as the feedback of the user. For example, if the searching for formal clothes is done by the user then the system should recommend the formal shoes to the user.
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Content-Based Filtering
In contrast Collaborative Filtering techniques that only manipulate the user ratings matrix. Content based method treat all Agri Products and items as ordinary units, where predictions are made without looking at specifics of each plant or users. However, this method tries to create a model based on user’s features or even information about items. These features could be age, Sex, Job, nationality, genre of a movie, the director, or any other personal features about users/ Agri Products. For example, given game genre information, and knowing that a player liked “call of duty game” and “battlefield game”, one may infer that the player prefers playing actions games, and could hence recommend “Halo game”. Content-based methods provide suggestion by comparing the description of plant to other description of that interests the user. More research has been conducted in on recommending items within regards of textual content, like website pages, newspapers, and books; where the internet sites themselves or associated content like user reviews and descriptions are available. Some methods have labelled this method as an Information Retrieval (IR) task, where the information related to user’s preferences is considered as a query, and the unrated items are linked to the similarity to this query. In NewsWeeder, each document is classified into many categories based on rating, then transformed to Tf-Idf word vectors, and computed the averaged of vectors for each category. To classify a new item based on content, it is compared with each averaged vector and assign rating according to cosine similarity for each category. Another way to treat recommendations is employing classification algorithms, where items descriptions represent the data, and a user’s ratings are considered as labels for these data. In the scope of book recommending, Mooney et al. used textual content such as author, the title, reviews, synopses, and subject terms, to build a multinomial naïve Bayes model. Ratings varies from scale of 1 to k which can be straightly mapped to k labels, otherwise these ratings could be utilized to find the weight of training data in a probabilistic binary classification setting. Other classification algorithms have as well been exploited for content-based recommender engines, decision trees, including k-nearest neighbor, and neural networks.
1.3.2. Collaborative Based Filtering: 

Collaborative-based filtering uses the interactions and data gathered by the system from other users. It makes recommendations based on user preferences for plant features. For example, if a user is interested in a watch then the system should recommend the watch which is liked by most of the users.
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Collaborative Based Filtering
The goal of this approach is offering consumers Agri Products they have not yet seen it, based on the rating history and tastes of similar users’ profiles, the similarity between different consumers as well as Agri Products (items, videos, pages, books) that are used in recommended system. Collaborative Filtering cannot apply semantics and systematically analyzes for Agri Products. So, Collaborative Filtering has been employed accurately and quickly in recommendations without seen any information about plant (item) itself. There are two main categories for Collaborative Filtering: memory-based and model-based method. Where Memory-based methods utilize the directly the data that obtained from consumers to measure the affinity between consumers or Agri Products to predict the recommendations. However, memory-based techniques used only those data from consumers, which enhance the efficiency of method implementation and make it easier.
[image: image5.png]Recommender

System
Content based filtring Collaborative fitering Hybrid fltring
technique technique technique
Model-based filtering Memory-based filtering
technique technique
Clustring tchriques
Assodiation techniques,
Bayesian networks,
Neural Networks User-based

Cremmsa >




The main types of recommendation system
Model-based technique used data to create matrix where columns represented Agri Products and also rows represented users with latent characteristics. Whereas latent factor basically a database of Agri Products and consumers usually stored the latent features. Latent variable is another name for latent factor that cannot be detected right away. Also, it is possible to used observed variables to derive latent factor. For instance, in the movie’s recommender engine, the latent features may be animation, crime or documentary. Then, recommender engine can predict new movies relying on the latent factor models. 

1.3.2.1 Memory based techniques 

The main idea of memory-based method is that users with same traits having similar taste. For instance, if you are interested in recommending a song to our friend Jack, suppose Jack and I have seen many songs together and we rated them nearly same. So, by using this similarity, the recommendation engine would suggest new songs to Jack that I like them. So, User based collaborative filtering method measures the similarity between consumers by comparing the ratings on the same plant, then forecasting the rating for a plant by the active consumer would be an average of the ratings of the plant by other consumers those similar to the active user. Meanwhile, Item-based filtering methods find the predictions of new items using the similarity between Agri Products. This method restores all items that rated by an active consumer from the user-item matrix, it shows how affinity the restored Agri Products are to the target plant, then it picks the k most similar plant and their similarities are decided as well. Prediction is done by finding a weighted average of the active consumer rating on the similar Agri Products k. Many types of similarity measures are used to calculate similarity between plant /consumer. The two most known similarity measures are cosine-based and correlation-based as discussed later. 

1.3.2.2 Model-based techniques
This method utilizes machine learning, machine learning algorithms to learn a model to predict consumer’s rating for unrated plant. These algorithms can rapidly suggest a group of Agri Products which are similar to neighborhood-based recommender methods. There are many model-based algorithms such as Clustering models, Bayesian Networks, latent semantic technique and Dimensionality Reduction technique such as Singular Value Decomposition (SVD). However, the goal of implementing dimensionality reduction techniques is to improve efficiency and accuracy of memory-based method. On this matter, algorithms like singular value decomposition, principal component analysis, described as latent factor models, which can create a low-dimension representation in terms of latent factor by compressing user-item matrix. One benefit of using this algorithm is that dealing with a low dimensional matrix that does not contain a lot of missing values, also could be applied in either user-based or item-based. Also, it could process the sparsity problem of the matrix more efficient than memory-based ones.
1.3.3 User-based neighborhood: 

User-based neighborhood approaches first figure out who shared the same trend in the target user ratings and then use the same user ratings to predict forecasts and then suggestions. For that specific item, this method of calculating the rating for an active user's unrated item averages the ratings of the nearest neighbors. Weights are assigned to neighbor ranking values according to their similarity to the target client to create more reliable predictions. Weights allocate this technique to generate a more precise prediction of neighboring values based on their similarity to the active customer. Mahamudul Hasan, Ahmed Shibbir, Md. In order to find three classes of related users that are super similar, super dissimilar and average similar, Ariful Islam Malik and Shabbir Ahmed suggested a method to combine some traditional metrics of similarity. They are also implementing a new measure of similarity that is useful in the case of an efficient average of identical clients pairs. Lastly, The proposed Recommendation Process is tested through experimentation Including actual data from both Movielens and Epinions. Therefore, they may conclude that the proposed similarity metric paves the way for a comprehensive approach to the proposed user-based collaborative filtering system and performs better than other traditional similarity metrics. Similarity calculation that are made in this proposal increases system complexity (time consuming ) which is considered as drawbacks but on the other hand these calculations have benefit of increasing accuracy of prediction .  

1.3.4 Item-based neighborhood: 

User-based methods are converted into item-based nearest neighbor methods that produce predictions depending on item similarities. The similarity among objects takes advantage of an item-based system. This approach looks at the collection of items rated by a client and measures the similarity between the Goal Object (To decide whether to suggest it to the consumer,). In order to improve the accuracy of item-related recommendations by using the Apache Mahout library, we proposed a new data model based on user expectations to Ammar Jabakji, Hasan Da g. They also present descriptions of the operation of this model on a dataset taken from Amazon. Our experimental findings indicate that the proposed model will achieve significant changes in terms of recommendation efficacy. With no feedback from clients the method may face cold start situation as a problem but from another view point recommendation accuracy is increased as benefit.  

1.3.5 Similarity metrics in collaborative filtering: 

An essential step in the CF algorithm is to computer the similarity between goods and customers and, eventually, to select a set of nearest neighbors as an active customer's recommendation partner. It is likely to reason about the similarities between clients or artifacts after a set of profiles is generated via the recommendation method and considers a community of nearest neighbors as suggestion partners for an active client [ 22] . A. Gujarathi, S. Kawathe, D. Swain, S.Tyagi and N. Shirsat A special CR pool solution was suggested based on the clustering algorithm of k-means. To find out the similarity between clients in the same clusters, the modified cosine similarity IS ADOPTED. Recommendation results for the target customers are then given for. The clustering algorithm beats the conventional k-means algorithm by mathematical analysis.

The necessity for the accuracy of the recommendation algorithm continually makes it complicated and hard to apply a single algorithm in the field of CF recommendations. It is simple, efficient and effective to implement the slope-one algorithm. Yet this algorithm's prediction accuracy is not very high. Moreover, when dealing with customized recommendation processes it does not achieve that well given the relationship between clients. By proposing a slope one algorithm that can be used in many RSSss based on the fusion of trusted data and customer similarity,, these problems were solved. There are three procedures to this algorithm. First, trusted data needs to be selected. Second, the similarity among clients must be determined. Third, this similarity must be applied to the improved algorithm 's weight factor, and then the final recommendation equation is made. There have been several studies with Amazon's dataset, and the findings show that the proposed recommendation algorithm performs more reliably than the conventional algorithm.

1.3.6 Demographic based recommender system 

Demographic based recommender system recommends Agri Products based on the client demographic profile. The hypothesis is that different suggestion should be provided for different demographic records. Many solutions based on demographic. For example, about customers language or nationality, they are sent to certain websites. Recommendations about the age of the client can be customized. The advantages of a demographic approach are that a client's rate record is usually not needed for a style which is desirable in the form of collaborative and content-based approaches. There are few recommendation approaches that have used demographic date because of the complexity of crabbing data in this type of recommendation. The recommendation can be made according to clients’( interest, interpersonal interest, and interpersonal influence likeness). The social factors included provided a help to advise the plant to the client in the extra personalized way. The social circle involves clients having alike interests to the clients. plant recommendations are provided by E-commerce sites to the clients to increase the sale of goods. Data mining is used for extracting the necessary information because of the gathering of a huge amount of data in a vast rate. Attacks on recommendation systems can be either push attack or nuke attacks. Fake recommendation is resulted from attack that can affect the satisfaction of the client. In order to enhance efficiency in the recommendation of the Agri Products, fake profiles must be distinguished from genuine profiles , which in turn avoids the handling in the recommendation of Agri Products in an e commerce website. When the data that is available for recommendation is not enough this situation is called the cold start , to make recommendation the location feature is involved . The cold start clients are also supplied with recommendation by considering location characteristic which is stated during registration time. A new client with no buying history is provided with recommendation same as the interest of clients who are belonging to the same location. M.Wu.et.al has implemented an FRS focused on location choice, which recognizes temporal , spatial and social relationships. Firstly, the Markov chain algorithm was used to compute the similarity of user friendships on social networks. Then, user's area inclination similitude within the real world was calculated based on the history check-in information, the experimental results on using dataset consist of (604138) user relationships, and check-in data showed that can suggest friends with both similar companionship and area inclination to clients within the large-scale. LBSN combines online and offline knowledge from the user, which significantly Strengthens the bond between the real world and the virtual world. Apart from the profile of the user (such as age , sex, occupation, interests, etc.) and mutual contacts, LBSN also records user check-in history activity (such as time and location check-in), which indicates the actual behavior habits of the user and consumption preferences which can be considered as a benefit, as a limitation The similarity of friendship among clients is computed by walking randomly in a restricted range.
1.3.7 Knowledge based recommender system (KB) 

Knowledge-Based systems suggest Agri Products depending on certain domain knowledge about how particular plant attributes fulfill clients’ requirements and favorites and, eventually, the way that the client makes use of the Agri Products. Remarkable knowledge-based recommendation algorithms usually are Case-Based (CB). For any KB systems a similarity function considers problem description (needs) and Issue solution (match the recommendation) and approximate how much the client require them. The similarity result also can be straight explained as the benefits of the user recommendation. Depending on The practical method of KB is recognized that information in them causes how a certain plant meets certain client requirements and can also clarify the relation between a requirement and a probable recommendation. In KB systemThe client profile may be a data source to help the above inference. Google can be viewed as the modest case that usages a customer enquiry for its recommendations K. Wang's, T. Zhang, T. Xue, Yu Lu, S.G. Na A customized recommendation framework based on learning clustering representation is proposed for an ecommerce plant. Traditional kNN process restricted selection of the adjacent object group. Thus, to pick the adjacent object set, the neighbor factor and time function are implemented and exploit the dynamic selection model. We combine RNN as well as the attention framework to design the recommendation system for ecommerce Agri Products. Reducing the limits of traditional recommendation method such as cold start, data sparsity and information overload can be considered as benefit of this method , on the other hand it’s not adequate method for small e-shop. 

1.3.8 Community-based: 

This kind of system works on the preferences of the users friends to recommend items. Evidence demonstrates that customers They seem to focus more on their friends 'recommendations than on related yet anonymous users' recommendations . Community-based networks are also related to the and popularity of open social networks with the growth of community-based or social recommendation systems. This kind of recommender systems models obtains information from the social relations of the group of the clients and the preferences of the client’s friends in that group. To identify the community of the social relations in community-based recommender system, several statistical and graphbased approaches have been implemented. In this case a few instances are Bayesian generative models, hierarchical clustering ,graph clustering methods, and modularity-based approaches. Old-style supply chain networks do not match the needs of e-commerce in the era of big data. It is important to evaluate the needs and behaviors of customers to take advantage of potential insights and to develop intelligent supply chain structures that can be done by recommending systems. Due to their ability to capture the possible relationships between objects, graph-based recommendation methods function well for top-N recommendation systems. Zhuoyi Lin, Lei Feng, Chee-Keong Kwoh, Chi Xu submitted an article that proposes a new graph-based recommendation model to achieve personalized item ranking. In order to be precise, we establish an effective semi-supervised learning technique to capture item smoothness, item fitting, and faith in the item. The proposed approach achieves remarkable efficiency and efficacy by moderate use of the form of the item graph. Furthermore, detailed experimental results on real-world datasets show that our suggested method consistently exceeds the state-of-the-art equivalents of the top-N recommendation mission. Its time consuming method due to huge calculations but improve performance and efficiency of recommendation system.
1.3.9. Hybrid Filtering: 

Hybrid filtering uses both content-based filtering and collaborating-based filtering. Hybrid filtering recommends the items to the user of his/her interest as well as the items which are liked by most of the user i.e. the highest rating items.
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Hybrid Filtering
1.4 Challenges and Limitations 

Collaborative Filtering methods have some significant privileges over content-based method in that it can proceed in domains where textual content is not abundant for each plant and where textual content is difficult for a collaborative filtering to analyze such as opinions and comments. Also, CF method has capability of providing coincidental recommendations, that means it can suggest Agri Products are related the user even without textual content being available in the user’s profile. in the user’s profile. 

Nevertheless, collaborative filtering reveals some potential problems like cold start, sparsity, scalability as described below: 

1.4.1 Cold start problem

The first issue appears in Collaborative Filtering technique, where a plant cannot be suggested unless some consumer has rated it before. This problem does not appear only on new Agri Products, but also on obscure Agri Products. The profile of such new plant or user will be blank since he has not rated any Agri Products; thus, his taste is unknown to the recommendation system. This problem can occur under three cases: 

New user: When a user register and create account with a service, there is no any recommendation to be generated because lack of ratings. For instance, a new consumer to Amazon has no ratings in the history, so a neighborhood of similar consumers cannot be detected. This may be fixed in various ways:
· Let the consumer rate some Agri Products before first time using the service. 

· Showing non-personalized recommendations until the consumer rated more Agri Products. 

· Inquiring the consumer to describe their preferences in aggregate, e.g., “I like documentary movies”. 

· Collect demographic information about the consumers. 

· Exploitation ratings of other consumers who have the same demographics to generate recommendations.

New Item: When a new plant is added to a recommendation system, it will not be suggested to other consumers because it lacks ratings. For instance, MovieLens is not capable of recommending new movies recently release until another user rate it. Unluckily, in many fields, consumers are less probably to rate Agri Products that are not recommended to them. However, in fields with high plant turnover like newspaper, the cold-start issue can be particularly irritating. 

New Community: The major cold-start problem is bootstrapping which relate to the startup of the RS, when almost no data available the recommender can rely upon in present. This scenario shows the drawbacks of both the new user and the new item scenarios, as all Agri Products and users are new. The most popular solution for new community issue is to gather rating from small subset of community, before allowing the whole community to utilize the service.
1.4.2 Data Sparsity problem 

Data Sparsity occurs as an outcome of lack of data, which only few of rated Agri Products are available in a database. This always drive to a sparse user-item matrix, which could not be able to detect successful neighbors and finally, creating weak recommendations. As a result of increasing number of consumers and Agri Products with few ratings, most data records remain zero. The level of sparsity is calculated by the dividing number of zeros in the matrix by the total number of entries. When new Agri Products are uploaded to the system, they need to be rated by a large number of consumers before they could be suggested to consumers who have same tastes to the ones who rated them. Meanwhile, the new plant problem is not impacted by content-based methods, because the recommendation of a plant is based textual content rather than its ratings.

1.4.3 Scalability 

Scalability problem arises when the time required to process large amount of data increased. Because computation increased linearly with datasets contain millions of consumers and Agri Products, collaborative filtering algorithm with the complexity of (n) becomes too large. A recommendation method would be effective when it deals a limited number of datasets, but it would not be able to generate sufficient number of suggestions when the size of datasets is increased. furthermore, many recommendation engines need to react instantly to online requirements and create suggestions for all consumers irrespective to their activities and ratings history, which require a higher scalability of a recommendation system. Big web companies like Twitter employ clustering algorithms to scale suggestions for their millions of users, they used huge memory machines for most computations happening.
1.4.4 Other methods 

It is a very complicated issue to provide recommend for goods and services in new online systems (e.g., e-shops, etc.) , especially as the sizes of the included clients, services, goods and data rise fast. Promoting social communications contributes is necessary to providing more effective recommendations, and this is what customers do. Enhancing these communications over the Internet through social networks so that they can access stores and electronic services. There is a need to obtain elaborate recommendations due to several problems in large systems such as the long tail problem. As process balances become more complex, it will be important to function efficiently, fruitfully and quickly scale / adapt to the growth of customer number / interconnection and volume of existing data (goods, information, etc.) with the new recommendation approach. N. Papadis, E. Stai, V. Karyotis emphasis on addressing these features of online recommendations suggested a technique that relies on combining network embedding with greedy routing in hyperbolic space, taking advantage of metric of hyperbolic space features. The suggested recommendation method produces a progressive path of recommendations by greedy routing through hyperbolic space-embedded networks towards a final (known or inferred) target object, compared to current recommendation systems that rank items to suggest the highest valued ones to customers. It therefore prepares the client to increase the ability for the client to accept the recommendation of the target item(s) by intermediate recommendations. Where the efficacy of greedy routing is leveraged in graphs embedded in hyperbolic spaces and special network structure extracted, dividends are paid, if any, it raises the issue of finding an effective recommendation as a problem along the way. Only local information is needed The path-based recommendation algorithms for their operation can therefore efficiently scale their functionality and provide clients with various recommendations. As benefit this method prepares the consumer to optimize the chances of following the recommendation of the target plant(s) by means of intermediate recommendations, greedy routing has a drawback that a greedy algorithm, in each step, will make a locally optimum solution such that it will lead to a globally optimal solution. Once a choice is made, retract is not allowed in later stages, not all greedy algorithms lead to globally optimum solution.

The greedy approach demands that any decision is locally optimum. Finally, these locally optimal methods will add up to a globally optimal solution. 

The greedy approach can overcome only a few optimization issues. 

To resolve the limitations of the previous method and design a more powerful recommendation system other methods have been used ,some of them are as follow:

A-The association-rule-based recommendation model : 

This is used extensively in e-commerce sites as commercial recommendation engines. Resent studies mostly focus on the way of selecting qualified rules to improve the recommend efficiency , but the performance of recommendation has been taken special treatment. In order to solve the previous limitation, C. Li, W. Liang, Z. Wu, and J. Cao proposed a framework using distributed-computing to improve the computational effectiveness of recommendation using rule-based. Precisely, a structure called Ordered-Patterns Forest (OPF), which is considered as tree-typed is proposed to reduce and store common patterns. Then,converting qualified rules mining to a problem of rout-seeking on OPF, and produce the algorithm of rout-seeking executing on unattached machine[46]. This method Enhancing the computational efficacy of recommendations based on rules but it is time consuming and space consuming. 

B-Recommendation system: 

As a cost active solutions handling the information-overwhelming problem, that is accredited via numerous e-commerce framework, like eBay, Amazon, Asos, etc. Item -based or User-based CF, is considered as traditional recommendation approaches, has significant problem when including big data due to matrix complexity and due to it huge consumption computational.from other side neural network structure depending on deep learning techniqu achieves exceptionally as an alternate choice to solve issue of classification and regression and , particularly with scarce inputs. Moreover, deep learning decrease the problem of cold start to a specific degree which can not be avoided flaw in (CF) method based recommendation algorithms. Y. Sun , H.Lv , X. Liu , P. Xu , Y. Huang , Y. Sun suggested a network structure of deep learning for Weibo clients by using the artificial neural network and the Restricted Boltzmann Machine . The suggested construction is trained and tested over the real dataset given by VComic, who is a provider of online book of comic and shares the information with Weibo.com the largest social network in China . The results conducted from offline experiment presents that the suggested framework performs better than the user-based CF approach in accuracy and coverage. Precisely, the suggested technique proves the capability of mining the long tail under the hypothesis of accurateness guarantee, also decrease the complexity of the scheme intensely . The suggested approach shows the potential to mine the long tail under the assumption of guaranteeing accuracy and significantly decreasing the complexity of the system which is considered as advantage but not all ecommerce websites offer long tail plant which is one of the principles that this method built on .

1.5 ALGORITHM 

A recommendation system filters the data using many algorithms and recommends the most suitable items to users. If there is an engine which can recommend some items to a user based on their needs as well as interests then it will leave a good impact on the user experience and may lead to form regular customers. A recommendation system initiates by capturing the previous records of a customer and on the bases of that the system recommends items that make the users might be likely to buy. For this type of work the recommender engine uses several algorithms such as: 

1.5.1 K-Nearest Neighbor: 

K-Nearest Neighbor (KNN) algorithm is the simplest algorithm which is used to solve classification problems as it is defined as distance-based supervised learning algorithms. According to this algorithm, first we will give the new points with the help of classes of the k nearest neighbors and assign it to the class to which most of the k neighbors belong too. To find out the nearest neighbors we can use various techniques of measuring distance, the most commonly used technique is to find the ‘Euclidean Distance’. This algorithm is also a non-parametric and lazy learning algorithm. KNN algorithm’s purpose is to use the data points which are separated into several classes in a database to predict the classification of a new sample point.
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K- Nearest Neighbour
1.5.2 Matrix Factorization 

Matrix factorization algorithms is applied by break downing the actual matrix into two matrices in which one is the upper triangle (U), and the second is the lower triangle (L). Matrix factorization solves the problems by minimizing the number of free parameters and then by fitting the minimized parameters to the data that exists. This is a class of collaborative filtering algorithms which is used in recommendation systems to recommends suitable results. Matrix factorization is used to represent items and users in a lower dimensions of the latent space.
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1.6 APPROACH 

Apache Mahout is used for a set of highly scalable ML libraries. Its recommendation section is used for recommending the items for the user according to the preferences. It is used to implement some ML techniques such as clustering, recommendation and classification. It is helpful in analysing a large volume of data in a short time. It contains matrix and vector libraries. Naive Bayes classification implementation is supported by Apache Mahout. 

There are some packages that define the mahout interfaces:
· User Similarity: This package is used to define the concept of similarity between the different users. This is a critical part of the recommendation system as it is attached to the neighbourhood implementation. 

· User Neighbourhood: This package is used for determining the neighbourhood .For determining the nearest neighbour we use User Neighbourhood package. 

Machine learning is application of Artificial intelligence. It focuses on the development of computer programs that can access data and use it for themselves.

Some types of Machine Learning are as follows:- 

1.6.1 Supervised Learning 

Supervised learning is the machine learning or we can say it is a method where the program is given characterized input data and the appropriate output results to create artificial intelligence (AI). Supervised learning is very efficient at classification and problems based on regression. This algorithm examines the trained data and generates a conclude function, which can be used for mapping other examples.
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Supervised Learning
1.6.2 Unsupervised Learning 

Unsupervised Learning is a machine learning which tries to make recognition of the data by its own. In this type of machine learning there is no external calculations or any guidelines in unsupervised learning. It allows the model to work on its own to determine figures and information that was previously undetected. It mainly deals with uncharacterized data. This algorithms also includes clustering, neural networks, and anomaly detection.
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Unsupervised Learning
1.6.3 Reinforcement Learning 

Reinforcement learning is a type of machine learning in which it works with interacting with an environment. This is the technique that allows an agent to learn in an interactive environment by trial and trains by the errors in which feedbacks are used by its own actions and experiences. As both supervised and reinforcement learning both uses mapping of inputs and outputs to give correct action that are given to the reinforcement learning agent from the correct set of actions for performing a piece of work.
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Reinforcement Learning
1.7 The hybrid approach 

There are two main datasets used in building and evaluating our system: transaction data and demographic data. We describe both datasets, including datasets derived from them, in Sect. 5. The main stage of the architecture is the hybridization stage where we combined predicted ratings from item-based collaborative fltering approach and average ratings from the demographic-based approach.
1.7.1 The dynamic weighting method 

Since our goal is to recommend Agri Products to both existing and prospective/new customers, we adopt a hybrid approach that combines the predicted ratings and average ratings in a weighted fashion for a target customer c (on a per- plant basis), as shown in the formula below. Where and are weights, = 1 − , pred(c, p) is the predicted rating for plant p, and avgR( gc, p ) is the average rating of customers in cluster g (where c belongs) for plant p. Existing research adopted diferent methods for determining. The idea is to come up with optimal values of α and  that improves prediction accuracy signifcantly. We leverage their works to come up with a suitable weighting method. In our plant ratings dataset, majority of the customers have 1–3 Agri Products (which seems to refect common practice in the banking domain). This creates sparsity in our customer- plant rating matrix and causes the similarity value or score between each pair of Agri Products to be low. As customers subscribe to more Agri Products, the count of ratings increases and the similarity scores receive a gradual boost as well. We, therefore, propose a per- plant (hence dynamic) weighting method that gradually increases the value of α as Agri Products similar to the target plant receive more ratings. We set the initial or base value of α to 0.3, based on the results of the experiment conducted while varying the value of α.
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Sp is the set of Agri Products similar to the target plant p, count(rm) is the number of ratings for each m in Sp , count(C) is the number of customers in the customer plant rating matrix, count( Sp ) is number of Agri Products in Sp, and b is a constant used for adjusting  such that does not exceed 1. Thus, if is less than or equal to 1, the value of b is 0. Moreover, b may be deemed negligible as’s increase is gradual and unlikely to exceed 1 since sparsity will always exist. The default value of b is 0. The dynamic weighting method’s efciency is tested in the second experiment. For a prospective or new customer without preferences or ratings, is set to 0, so becomes 1.
1.8 Dataset 

We used transaction data and demographic data of 393,816 customers (of a Bank) for our experiment. The transaction data contains the following attributes: account number, customer number, plant number, transaction type, transaction amount, transaction date, transaction status, transaction currency, and so on. We anonymized both customer number and plant number for privacy reasons. To determine how often each customer uses a plant, we extracted (from the transaction data) the last transaction date per plant for each customer. The extracted data (called plant usage data) contains the following attributes: customer number, plant number, and last transaction date. This plant usage data is used in determining the plant ratings, as described. Furthermore, the demographic data contains the following attributes: customer number, age, gender, marital status, and profession. The customer number was anonymized to protect customers’ identity. 

1.8.1 The plant ratings dataset 

To generate implicit ratings for the Agri Products, we applied the plant rating (PR) algorithm on the plant usage data. The algorithm, a version of which is applied in this work, is based on the relationship between plant usage and customer preferences. In other words, if a customer uses a specific plant more often, it means he/she is satisfied with that plant which, in turn, will be assigned a higher rating implicitly. Thus, the PR algorithm rates a plant on a numeric scale of 1–5 per customer based on the number of days the plant is not used (i.e., inactive days). A rating of 1 represents low plant usage, while five represents high plant usage. The PR algorithm can be modified to suit the need of any Bank that will use our system. For instance, a Bank can decide the criteria that determine which rating should be assigned to a plant based on the number of inactive days, and can also consider other parameters such as average balance and transaction volume. 

1.8.2 Demographic data 

The demographic data contains the customer number, age, gender, marital status, and profession. We converted the gender, marital status, and profession values to numeric form. For instance, we assigned 1 to male and 2 to female. 
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Detecting the appropriate number of clusters k using Elbow
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1.8.3 Derived datasets 

Prior to predicting ratings for Agri Products per customer using our hybrid approach, we created additional datasets required for prediction to take place. 
Customer‑ plant rating matrix 

From our plant ratings dataset, we generate the customer- plant rating matrix. The row labels represent unique Agri Products and the column labels are unique customers. 
Plant similarity matrix 

Based on the item-based collaborative filtering approach described, we compute the similarity between every pair of Agri Products in our plant ratings dataset using the cosine similarity measure. Prior to the computation, we set all unrated Agri Products to 0 to prevent null values. The result is an n × n plant similarity matrix, where n is the number of Agri Products. 

Cluster‑ plant rating matrix 
Prior to generating the cluster- plant similarity matrix, we partition customers into clusters based on the similarity in their demographic data. To create the clusters, we used the K-Means clustering algorithm which is an unsupervised machine learning algorithm. In determining the appropriate number of clusters k , we applied the Elbow method. The appropriate value for k is 4, which is the elbow point. Afterwards, we ran the K-Means clustering algorithm on the demographic dataset having specifed the number of clusters as 4. To visualize the clusters on a two-dimensional space, we reduced the dimensionality of the data using the Principal Component Analysis (PCA) technique.The clusters were diferentiated using distinct colour schemes. We generate the cluster- plant rating matrix by computing the average rating of customers in a cluster for each plant.
1.9 TOWARDS PERSONALISED RECOMMENDATION SYSTEMS 

Consumers face information overload every time they access the Internet to make a purchase. In today’s fast-paced world, they have neither the time nor the patience to explore all these suggestions. Therefore, the main idea behind Recommendation Systems is to address the above-mentioned problem and aid users in narrowing down their list of choices through an understanding of their preferences and personalising the experience, as depicted in Figure 1. Generally speaking, Recommendation Systems use content-based filtering (CBF), collaborative filtering (CF) or hybrid approaches (Abdulrahman et al., 2019). These systems rely on two basic inputs: the set of users in the system, U (also known as customers), and the set of items to be rated by the users, I (also known as the Agri Products) (Kumar and Thakur, 2018). The systems employ matrices based on past purchase patterns. With CBF, the system focuses on item matrices, whereby it is assumed that if a user liked an item in the past, he or she is more inclined to prefer a similar item in the future. Therefore, these systems study the attributes of the items. On the other hand, CF systems focus on user-rating matrices, recommending items that have been rated by other users with preferences similar to those of the targeted user. Thus, these systems rely on historic data consisting of user ratings and similarities across the user network. As hybrid systems employ both the CBF and CF approaches, they concurrently consider items based on users’ preferences and on the similarity between the items’ contents. In recent years, research has trended toward hybrid systems. Another growing trend is the use of ML algorithms to identify patterns in users’ interests and behaviours, including supervised, unsupervised and one-class learning algorithms. In essence, the recommendation process consists of three main phases, namely, information collection, learning and recommending (Kumar and Thakur, 2018). During information collection, as the name suggests, the aim is to learn more about the users. As many authors have noted, the accuracy of the recommendation is highly related to the quality of information about the users in the system. This information enters the system in the form of users’ feedback. There are three types of feedback that could exist in the system: explicit feedback, where the user provides a rating through the system interface; implicit feedback, where the system monitors user behaviour, history, and purchases; and hybrid feedback, which is a combination of explicit and implicit feedback. During the learning phase, an algorithm is applied to learn the users’ preferences. Finally, the system turns out predictions in the form of prediction scores, where a particular prediction score measures how likely it is that user Ui will be interested in item Io, or recommendations, each of which list the top N items that might be of interest to a specific user. As noted above, recommendation systems have been highly successful in tracking existing customers with typical profiles. However, when clients are firsttime users of e-business systems, as is the case with the surge in online shopping during the COVID-19 pandemic, their preferences are unknown. Furthermore, an increasing number of users have unique and exotic tastes, which makes it harder for the system to match their interests with the current customer base. These two categories of users may also overlap, leading to inaccurate or nonsensical recommendations. 

1.9.1 Cold-start Users
Recall that a cold-start user refers to a new user with unknown preferences. In recommendation systems, users’ preferences, historic data regarding what they like and dislike and their item ratings and reviews are used to match them with other users. In cold-start situations, such information does not exist, which makes it difficult for the system to calculate similarity scores. Indeed, the tremendous increase in the use of e-commerce websites during the current COVID19 pandemic has highlighted the importance of, and difficulty in, providing accurate recommendations to many first-time users (Argaman, 2020). To address this problem, some researchers use CBF systems, in which information about the items is used to find the best match (Lu, 2015). Other systems simply present these users with a predefined recommendation list. Although these solutions may be successful with some users, they often result in redundant lists being presented, which causes these users to lose interest. Another solution is to use conversational learning models, where the new user is presented with a list of questions to build a preference profile (Lamche et al., 2014). Doing so might also drive them away due to the time it takes to build the profile or privacy concerns. Recently, (Abdulrahman et al., 2019) proposed the Popular User Personalized Prediction (PUPP-DA) framework, which combines active learning, ML, and deep learning algorithms to accurately recommend items to new users. 
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1.9.2 Grey-sheep Users 

As mentioned above, grey-sheep users are difficult to identify or characterize. These users are often willing, to some degree, to share their feedback. However, their preferences typically do not match the majority of preferences in the system. In contrast to cold starts, the system might have the information it needs to calculate similarity scores and produce recommendation lists. However, such lists may not be accurate due to their unique tastes and characteristics. Typically, grey-sheep users are treated as outliers and removed from the system (Srivastava et al., 2020). Other researchers move them to a separate system where their preferences can be better matched with those of others (Zheng et al., 2017). However, doing so is not a realistic option in large and online systems, as identifying and moving users/items to a secondary system is time consuming. (Abdulrahman and Viktor, 2020) presents the Grey-Sheep One-Class Recommendation (GSOR) framework, which is designed to create accurate prediction models while considering both regular and grey-sheep users. The GSOR framework utilizes one-class classification, whereby the learning process is accomplished with information from the majority class, while predictions are made for the minority class, i.e. the grey-sheep users.
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