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Abstract 

In recent years the popularity of e-commerce has increased. The e-commerce is providing services at user’s door 

step. It is a business ecosystem, which includes three category of users i.e. product buyers, sellers and 

administrators. The buyers and sellers are the users who are connected using ecommerce platform. The e-commerce 

is implementing business logic and applications for making the balance between the users, products, sells and other 

business activities. These activity is generating a significant amount of data. The analysis and utilization of this data 

will help in improving the functional and operational capability of e-commerce business. The proposed work is 

motivated to explore opportunity of applying Machine Learning (ML) techniques over the e-commerce data. The 

aim is to help the e-commerce stakeholders by enhancing the e-commerce services. The work simulate three 

different applications. First is focused on the spam review classification. The reviews in e-commerce may influence 

the buyer’s decisions. Therefore, authentic reviews are needed for maintaining the healthy e-commerce. The 

proposed model uses TF-IDF and chi-square test for feature extraction. Then, an Artificial Neural Network (ANN) 

is trained for identifying the spam reviews. Second module is also focused on the review classification with the 

prospective of product seller. This include sentiment analysis. That analysis will help the product sellers as a 

feedback to improve their product or service. Additionally, the model is also recovering the level of user 

satisfaction. In this context, a ML technique is proposed using the TF-IDF based text features and sentiment score 

for categorizing the review text according to five satisfaction levels. Third model is a recommendation system as a 

solution to rare product recommendation and cold start problem. This system is helping to the administrators to 

make balance between new and old sellers. Thus, a weighted recommendation system is proposed. The model 

utilizes a feedback for refining and recommending products. The experiments are conducted on Amazon product 

review dataset. Based on the experiments and comparison, we found the proposed methods are able to provide 

optimal solutions. Additionally, the employment of ML techniques will help the e-commerce business at different 

levels. 

Keywords: machine learning, e-commerce, spam review classification, sentiment based classification, 

recommendation system, business logic implementation. 

1. Introduction 

E-commerce is a business approaching consumers through websites and mobile applications. It also provide 

opportunity for new sellers for expanding their business. In this paper, we are investigating the applications of 

Machine Learning (ML) in e-commerce. The primary aim of e-commerce is to providing high quality of product 

delivery, return and exchange [1]. Additionally, fast resolution of the consumer complains enable reliability and 

faith. Next, stakeholder of ecommerce is product sellers. The e-commerce is also providing the opportunity to the 

sellers to reach new consumers [2]. Additionally, management and balance between sellers and consumers is done 

by e-commerce administration. The activities generate a significant amount of data. This data is large therefore the 

analysis requires to using ML technique. The ML based data analysis can provide a new research opportunity [3]. In 

this paper, three different ML applications are studied, which are benefiting the e-commerce business. The study 

includes: (1) A spam review classification model to deal with spam reviews which influences the buyer’s decisions. 

(2) Performing sentiment based text classification for collecting the product feedback and (3) A recommendation 

system is proposed for enhancing the new product vendor’s product visibility. The aim is to enhance the 

productivity of e-commerce platforms for all their stakeholders. Additionally, demonstrate how the ML techniques 



 

 

 

 

will help in doing this improvement. E-commerce business is rising and growing day by day. But most of the e-

commerce only concentrated on consumer satisfaction but neglecting the supplier’s interest. That is a critical 

business issue. Therefore, we need to maintain healthy relationships and coordination among all the e-commerce 

stakeholders. The paper is focused on applications to enhance the experience of e-commerce users i.e. consumer, 

business owner and e-commerce administration. Additionally, empower the users to get positive benefits from the e-

commerce.  

2. Analyzing Spam Product Review to Help Consumers 

The ecommerce is an application for providing the ease in selection of appropriate products. It provides an online 

showcase of products and services. User are visiting the ecommerce platform and can select appropriate service or 

product [40]. In order to make buying decision, the product review and rating is providing a significant role. Most of 

the online buyers are reading the product reviews and evaluate the rating of the product before parches. Therefore, 

the false or spam reviews are influencing the behavior of buyers [4]. In this context, we need a system, which 

classify and/or identify the false reviews. In this paper, we are exploring the techniques of spam review 

classification using ML. The key problem in classifying the review is the limited amount of text and features, which 

are not sufficient to decide whether a given review is a spam or legitimate. Thus, we proposes a new ML model 

based on text classification to identify fake or spam product reviews. In this context, the Amazon product review 

dataset is considered. The preprocessing of the review text has been performed and the feature extraction technique 

has also been employed. Next, the ML algorithm has been implemented to classify the review text. Further, the 

performance of the proposed technique is measured in terms of accuracy and time for performing classification. The 

main aim is to design a spam review detection system for providing correct information about product. In this 

context, (1) Developing an enhanced spam detection model for ecommerce product review and (2) Evaluation of the 

proposed technique experimentally and perform comparative study. Here we are motivated to analyze the e-

commerce review post text in order to identify the spam or misleading posts. In this context, a spam review 

classification model has been implemented and overview is presented in figure 1. 

 



 

 

 

 

Figure 1 Demonstrate the flow of the spam review classification model 

Dataset: The proposed system accepts the product review dataset. This dataset is taken from the Kaggle repository 

and known as Amazon product review dataset [5]. The dataset consists different categories of product such as 

electronics, home and kitchen, toys and games, and many others. The dataset is available in the format of JSON. 

Among them, we have selected the Toys and Games category. Therefore, we first read and parse the JSON files for 

obtaining the attributes. The obtained attributes from the review file are: Id, Reviewer Name, votes-down/up, 

Review Text, Rating, Summary, Review Time, Category, and Class. Now we need to preprocess the data. 

Preprocessing is used to remove the non-essential data. In this context, we remove some non-essential attributes like 

ID, Reviewer Name, review time, and category. After the elimination, we prepare two subsets of the dataset. This 

data processing is demonstrated as Feature separation and identification. The two subsets are: (1) Set 1: In this set of 

information the following attributes are included: Votes Down, Votes Up, Rating, and Class. (2) Set 2: In this set of 

information the review text and summary are combined with the class attribute for classification. 

Training of set 1 attributes: Now, we have implement two ML algorithms for processing both the set of data. 

Thus, the random forest algorithm has been applied on information set 1. Random forest is an ensemble learning 

technique for classification, and regression. That is constructed by a number of decision trees during training. 

During classification the output is calculated by most trees outputs. The random forest can also be used for 

regression or prediction. In order to predict a continuous values, the mean prediction of the all the trees are used. It 

overcome the issues of over fitting. Random forests are normally more accurate than the individual decision trees. 

Training of set 2 attributes: On the other hand, for processing of the data, we combine the review summary and 

review text. So, we utilize the Term Frequency and Inverse Document Frequency (TF-IDF) method for extracting 

the text features. TF-IDF is one of the popular and frequently used text feature selection technique. It is computed in 

two parts, first part is measuring the frequency of keywords additionally the second part include the measurement of 

importance of the keyword in a document. Based on both the parts are combined as a weight, which is used to select 

essential keywords. The term frequency (TF) is measured using: 

   
 

 
 

Where, N is the count of a keyword in a document and T is the total word count in a document. 

Additionally the Inverse Document Frequency (IDF) is denoted using: 
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Where,    is number of document and    is the number of documents contains the target keyword. 

Additionally, the combined weight or TF-IDF is denoted by: 

         

Using the calculated weight w, top k keywords from the list of keyword has selected as the text feature. This vector 

of text is utilized with Artificial Neural Network (ANN) algorithm for performing the training. The ANN is an 

artificially created neural network, used for solving various problems based on classification, recognition and 

prediction. This technique is effectively works on all kinds of data formats. The ANN is made with of three main 

layers: Input layer, Hidden layer, and Output layers. The input layer consist of similar number of neurons as the 

number of inputs, hidden layer may consist of a number of layers and huge number of neurons for performing the 

calculation. Finally, at the output layer the similar number of neurons is available as the output variables. For 

improving the learning the error is back propagated for optimizing the weights of neurons. 

After training both random forest and ANN the model is become able to predict the spam reviews. In this context, 

with the similar ID the test dataset has been prepared. This test dataset is used with the trained algorithms using the 

trained attributes. Here both the models are predicting the nature of review according to their learning. After getting 

the prediction from both the algorithms the predictions are combined using the following equation. 

                 



 

 

 

 

Where,    is the final prediction value for the given review,    is the prediction made by the random forest and    

is prediction done by the ANN algorithm. 

Here, the weight of ANN-based prediction is considered higher as compared to the random forest because the ANN 

provides the prediction based on the content of the review and summary of the review given by the reviewer. The 

random forest-based prediction considers the attributes of the opinion of others and the reliability of the reviewer. 

The implementation has been done on the basis of python and performance analysis was performed. 
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Figure 2 (A) Accuracy of the model in three scenarios (B) Accuracy of the model comparing with SVM (C) 

Training time of the spam review classification system (D) Comparison of training time of the classification using 

SVM based approach 

2.1 Results Analysis 

Spam reviews are very influential facts by which the decision of buyers is frequently changed. Therefore, accurate 

product review is essential for a healthy e-commerce system. In this section, we have tested the spam product review 

detection technique and compared it with a traditional approach of SVM-based spam detection. In this context, we 

have considered the two key performance parameters namely accuracy and training time. The performance analysis 

is performed based on the following experimental scenarios: (1) Providing the performance of random forest 

classifier with the additional information (2) Providing the performance of ANN algorithm based on the review 

content and (3) Providing the performance of combined prediction and compared with the SVM based classification 

approach 
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The accuracy describes the correctness of spam identification by the trained classifiers. In our case the accuracy can 

be defined as a ratio of total correctly identified spam reviews over total reviews provided for classification. That is 

given by the following equation: 

         
                                

             
     

The accuracy of the experimental scenarios is given in figure 2(A) and comparison with the SVM is given in figure 

2(B). According to the accuracy as given in figure 2(A), we found that the accuracy for classifying the additional 

review parameters provides lower accuracy as compared to review content classification. Moreover, the combination 

of additional review features with the review content enhances the accuracy of the spam identification. On the other 

hand, the performance reported on figure 2(B) shows the proposed technique is far superior than the traditional 

SVM based classification approach. Additionally, the training time is also measured, which is an essential parameter 

of measuring resource consumption. That indicates the amount of time required to train the algorithm using the 

given amount of data. The time consumption can be measured using following equation: 

                                  

Table 1 Accuracy of three different scenarios 

Accuracy 

Sample ratio  Scenario 1 Scenario 2 Scenario 3 

70-30 62.8 91.4 94.3 

75-25 61.2 92.7 95.1 

Training time  

70-30 7.3 27.89 28.01 

75-25 6.7 29.14 29.97 

The performance of experimental scenarios in terms of training time is demonstrated in figure 2(C). According to 

the performance, additional feature based classification requires very fewer time as compared to the content based 

approach and the combined feature based approach. Here, the combined feature based approach and content based 

approach consumes similar amount of time. Similarly, in figure 2(D) shows comparative training time of the 

proposed and traditional technique. The traditional approach includes SVM classifier. Based on the performance, the 

proposed technique found efficient as compared to SVM based spam review classification. The proposed 

methodology is efficient as well as accurate for spam review classification on e-commerce platform. 

Table 2 comparing accuracy of the proposed model with SVM 

Accuracy  

Sample ratio SVM Proposed 

70-30 84.2 94.3 

75-25 84.6 95.1 

Training time  

70-30 59.26 28.01 

75-25 62.68 29.97 

3. Sentiment based Review Analysis for Feedback and consumer 

satisfaction 

When some consumer has any compliant about the product, then the consumer utilize the reviews or forums to 

discuss the complaints about the product. In both the cases, the user feedback is obtained is valuable for the product 



 

 

 

 

designers, vendors and manufactures to improve the quality of the product [6]. In this context, the automatic review 

classification based on the product quality and consumer sentiment evaluation is essential [7]. However, a number of 

efforts are done for analyzing the e-commerce product reviews based on sentiments. But most of the work is not 

considering the product quality [8]. Additionally, very limited work is focused on product quality feedback, which 

are either not much accurate or not much effective due to partial data exploration [9]. The proposed work is 

motivated to design a ML technique, which will deal this problem in two steps. First, the technique of information 

retrieval is utilized for extracting the review post related to product quality. And then utilize the sentiment based text 

classification and grading to describe the consumer satisfaction level in five grade scale. The satisfaction grade is 

defined as highly satisfied, satisfied, neutral, not satisfied and disappointed. Next, the details of proposed system is 

discussed, thus first we provide the algorithm to identify the review post related to product quality, then the 

sentiment analysis process and review grading technique is described. Further, the experiments are conducted on 

Amazon product review dataset and performance is measured. The proposed work is providing benefit to the product 

vendors or manufactures by providing the consumer feedback and quality improvement suggestions. In this context, 

the system design is divided into main parts: (1) Extracting the review post which are discussing the product quality 

and (2) Analyzing the review post to indicate the consumer satisfaction level 

3.1 Review Post Extraction  

The aim is to understand the review of user and collect the feedback, which may help the product vendors to 

improve their quality. In this context, it is required to find an appropriate dataset, which can use for analysis. In this 

context, a product review dataset available on Tensorflow library is utilized. This dataset is known as the Amazon 

product review dataset [10]. This dataset may contain a significant amount of product categories, among them we 

just utilize a subset of review dataset which is termed as “Mobile_Electronics”. The attributes of the dataset is listed 

as: customer_id, helpful_votes, Marketplace, product_category, product_id, product_parent, product_title, 

review_body, review_date, review_headline, review_id, star_rating, total_votes, verified_purchase and Vine. From 

these set of attributes, we need only limited attributes thus we just selected “review body”, “review headline” and 

“star rating”. The dataset has 104975 instances and a total 3 attributes. Now, before the utilization of data samples, 

we have prepared three subsets. Among 10% of random samples (10497) are selected for vocabulary development. 

Next 20% of samples (20995) are used for testing and remaining 70% of samples (73483) samples are preserved for 

training. In addition, the star rating is encoded. The rating is available between 1 and 5. Disappointed is given as (-

1), Not satisfied as (-0.5), Neutral is given by (0), Satisfied is denoted by (+0.5) and Highly satisfied is given by 

(+1). 

3.2 Vocabulary development 

In this phase we consider the 10% of samples and then performed cleaning of the samples using the following steps: 

(1) Stop word removal, (2) Special character removal and (3) Also removed the abbreviations. Then, the remaining 

keywords are organized according to the rating associated with the considered samples. In this manner, we produced 

five individual vectors to process the remaining samples. Let these vector are defined as                   . 

3.3 Extracting Quality Relevant Reviews 

In order to select relevant post, the concept of information retrieval is being utilize. Therefore, the k-means 

clustering is used for finding the related review post. The k-means algorithm is slightly modified and prepared two 

versions. The k-means clustering algorithm accepts N reviews              to be cluster [11]. Algorithm select k 

samples as initial cluster centers, but in this modified clustering algorithm we have k=5 and our initial cluster 

centers are                   . Next, we calculate the distance between each review    and each cluster center 

V, then assign each object to the nearest cluster [12]. For calculating distance, we use the following equation: 
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Additionally, for making another variant we utilize the cosine similarity as: 
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Additionally, for converting it to distance we use the following equation: 

 (     )       (      )       

Where,         is the distance between data   and cluster  . 

Additionally, to calculate the new cluster centers the mean of reviews are calculated as: 
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Where,    is the number of reviews in current cluster  . 

 

Figure 3 Filtered Reviews based on both the k-means versions 

We repeat these steps till the stopping criteria is not reached, and finally calculated cluster centers are returned as the 

outcome. Now, let the resultant centroids are                   . To filter the less relevant reviews, we create a 

threshold by using: 

  
     

 
         

Using this threshold we refine the reviews and obtain relevant reviews. The number of samples are given in figure 3. 

The figure demonstrate the number of samples, before and after applying the threshold for filtering the review 

content. Here, we found reduced number of reviews which are more relevant. According to the results, by using k-

means algorithm using Euclidean distance the 28% of samples (20575) samples are removed thus we get a total of 

52908 relevant samples. On the other hand, when we used the cosine similarity based k-means then 32% of samples 

(23515) are reduced, and finally we get the 49968 review samples for training. 

3.4 Sentiment Analysis 

In this section, we utilized refined samples for performing the sentiment analysis. In this context, we first apply the 

preprocessing on the review data. Further, we extract the relevant text features using the TF-IDF. Here, we have 

selected only 2000 features for utilizing with the classification algorithm. But, we need to include the sentiment 

features also, therefore, we have utilized the Natural Language Toolkit (NLTK) for parsing the reviews text.  
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Table 3 Filtered Reviews of the k-means versions 

Algorithms  Total Remain 

K-Mean V1 73483 52908 

K-Mean V2 73483 49968 

Using this toolkit, we extract the part of speech tagging based features and we obtained 40 features [13]. Then, a 

combined feature vector is prepared. The total feature size of the review data is becomes 2040. Both the kinds of 

training samples and testing samples are utilized with the feature selection techniques and the feature vectors are 

prepared. Finally, two classification algorithms are used namely ANN [14] and random forest [15] for classification 

and validation. Here, we utilize the star rating as the class label. After training, we performed the classification of 

the test review. The predicted class is in form of star rating and further we denote this predicted rating using   . 

After classification, we need to grade the review according to user satisfaction level. Therefore, we utilize a 

sentiment scoring API Valence Aware Dictionary and sEntiment Reasoner (VADER). In order to calculate the 

sentiment score the library provides a function which is known as “polarity_scores”. The polarity score results four 

different scores and the value range. The negative, positive and neutral are having range between 0 and 1. 

Additionally the compound score is varying between -1 and +1. Here, we utilize the compound sentiment score for review 

headlines and review body. This compound sentiment score is denoted as    and   . Finally, to calculate the satisfaction level of 

the consumer, we calculate a score W using: 

                          

Where,   ,    and    are weighting factor and decided by the constraint of           . In this work we have utilized 

             . 

Finally, for grading the following decision function will be used: 
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3.5 Results Analysis 

The proposed work involves the evaluation of two different experimental scenarios: (1) Evaluation of clustering 

algorithms: Both the prepared versions of k-means are evaluated in terms of accuracy and training time. and (2) 

Evaluation of sentiment based text classification: The classification performance of random forest and ANN 

algorithm is provided for both kinds of review samples. Here, we also calculated the accuracy and training time of 

both the techniques. Figure 4(A) demonstrate the performance of clustering approach for filtering the less relevant 

review posts. In figure 4(A) the performance in terms of accuracy is reported. The X-axis of the diagram shows the 

variants of algorithms, where K-Mean V1 is developed on the basis of Euclidean distance and K-means V2 shows 

the performance of cosine based k-means algorithm. Additionally, Y axis shows accuracy in terms of percentage 

(%).Similarly, figure 4(B) shows the performance in terms of training time.  

Table 4 clustering algorithm’s Performance  

Algorithms  Accuracy Training Time 

K-Mean V1 71.2 189 

K-Mean V2 79.5 204 

The training time is measured in terms of seconds (Sec). In this diagram, X axis shows the versions of the clustering 

algorithms and Y axis shows the training time. According to the performance, modified k-means is providing high 

accurate results but the method consumes additional time.  

Table 5 Sentiment based review classification Accuracy (%) 



 

 

 

 

Figure 4(C) shows the performance of the proposed sentiment based review classification system. The classification 

performance for both kinds of samples is evaluated and the performance of both the classifiers (i.e. Random forest 

and ANN) is also described. Figure 4(D) describes the performance of sentiment based review classification in terms 

of accuracy. The accuracy is demonstrated in terms of percentage (%). In X-axis, the sample generations algorithms 

are given and in Y axis the accuracy is given. 

  

(A) (B) 

  

(C) (D) 

Figure 4(A) performance of clustering algorithms in terms of Accuracy (B) performance of clustering algorithms 

in terms of Training Time (Sec) (C) Sentiment based review classification Accuracy (%) (D) performance of 

sentiment based review classification Training Time (Sec) 

Similarly, in figure 4(D) the training time of the algorithms are discussed where the X axis is remains same and Y 

axis shows the training time. Based on the performance in terms of accuracy, we found the random forest is 

providing more accurate classification as compared to ANN, additionally, it is efficient also as compared to ANN. 
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 Accuracy (%) Training Time 

Algorithms  Random Forest ANN Random Forest ANN 

K-Mean V1 89.7 88.9 59.26 128.88 

K-Mean V2 94.5 94.1 62.68 152.21 



 

 

 

 

4. Product Recommendation Using Enhanced Product Visibility 

New product sellers are not making profit in ecommerce, due to low product visibility and low conversion rates. In 

this situation, new sellers may drop e-commerce. Additionally, the promotions and advertisements are the expensive 

way of increasing the product visibility. This problem is known as rare product recommendation problem. In 

addition, the recommendation systems are not able to recommend products for new costumers. This problem is 

known as the cold start problem. In this presented study, both the problem has considered to solve using redesign of 

a recommendation system. The available recommendation systems are utilizing already popular products or those 

products which are already have higher sales. Therefore, we introduce a ML technique to enhance the 

recommendation problem. This technique is utilizing user feedback and progressive method to improve the 

recommendation. This technique is useful for enhancing the rare product visibility and also can handle the cold start 

problem. Next section provides the details of the proposed recommendation system. Based on the implemented 

technique the experiments are conducted using web access log file, and the performance is measured.    

 

Figure 5 The web server and access log 

4.1 Proposed Recommendation System 

The recommendation systems are designed for e-commerce for supporting the consumer’s need and suggesting the 

appropriate products. It is the representation of user web access behavior. Therefore, recommendation system is an 

application of the Web mining. This data is generated at the servers during the different activities involved in server 

and application execution on server such as web access logs. The aim of this system is to guide for suitable products 

to the consumer. This system is a data driven application and consumes historical user information. The user 

information is used with the data analytics techniques of recovering the user access behavior. This recovered 

information can be relevant to the user’s intrest based on frequency, brands, cost, new products/brands, and others. 

This information used to establish relationship among user and product, and also help to understand the 

requirements of the user. Additionally, highlighted features are utilized with ML techniques to suggest relevant 

products. The recommendation systems are also used to employ business logic. The business logic is an essential 

component of a successful e-commerce and help to create funds. These business logics are marketing, promotions, 

discounts, and coupons. Therefore, the proposed enhancement incorporates the solution for rare product 

recommendation and the cold start problems using a consumer feedback system. 

4.2 Initialization of Recommendation System 

The proposed system is a feedback oriented system. The recommendation of products has been done in steps. At 

initial phase of recommendation, the system utilizes the web access log. The access log generation process is 

demonstrated in Figure 5. According to the diagram, web access log is prepared on the web server, which is 

maintaining different log files for different events. Among them, the web access log contains the entry about 

requests and responses of the web resource. The generated access log is utilized with the proposed system for 



 

 

 

 

extracting the essential insights. Web access log can include different properties such as timestamp, IP address, 

protocol, response, methods, resource name, and others. However, in this work all access log attributes is essential. 

Therefore, we eliminates unwanted attributes. Only limited attributes i.e. IP address, resource name, and time stamp 

are preserved. These attributes are transformed and kept into a database table for further utilization. 

4.3 Basic Recommendation 

The recommendation system provide suggestions without any prior user information as given in figure 6. This 

system performs recommendation based on initial user activities. Therefore, previously preprocessed web log is 

utilized. The preprocessed data contains the products URLs, which are requested by the user. The aim is to produce 

a list of products, which is combination of promoted, advertised, popular, highly demanding product and brands, as 

well as the new seller’s relevant products are also used. This product list is needed to use with frequent pattern 

analysis therefore this list of product has transformed into transaction sets based on user sessions. Among different 

frequent pattern mining algorithms the apriori algorithm is one of the popular association rule mining algorithm. 

 

Figure 6 Primary Product Recommendation 

That algorithm is accurate than other association rule mining techniques therefore the apriori algorithm is used. The 

apriori calculates the subset of the product, which are frequently occurred in user sessions. The apriori algorithm 

calculate frequent set of products and user’s product search keywords are used to find the appropriate product from 

the product list. The relevant product from this list is recommended as first stage recommendation. The user’s 

product search keywords and frequent products obtained from apriori algorithm is used as final outcome of this 

stage. Next, the user feedback is involved to optimizing the product search results. Table 6 highlights the steps of the 

product recommendation based on user initial search activity. This algorithm works as a search algorithm, which 

accepts the web access log file L, business logic B, and user search query Q. In first step the algorithm read the log 

file L and then preprocessed. The preprocessed data and the business logic is used to generate list of products. The 

product list   , and the frequency based on access log file is used with apriori algorithm. The apriori algorithm 

prepares frequent pattern    and works as database for making the search using user query. Then relevancy between 

   and Q is calculated to recommend the products   . 

Table 6 Algorithm for search based Recommendation 

Input: Web access log L, Business constraints B, Initial Search query Q 

Output: Products recommended    

Process: 

1.                      

2.                         



 

 

 

 

3.                        

4.                  

a.   (              ) 

i.            

b.        

5. End for 

6. Return    

4.4 Involving User Feedback in Recommendation  

The initial recommendation generates a list of products that are relevant to the user search product and the frequency 

of purchased products of different users. It is a large list of products. Now, we identify the user behavior and 

requirement based on the user feedback by using product clicked.  

 

Figure 7 User Feedback based product recommendation 

The generated list of products    is demonstrated in front of the user, and the user can select some products among 

the results according to their interest. The list of products in which the user is interested is recognized here as the 

user feedback. The selected product by the user is used with the k-Nearest Neighbor (k-NN) algorithm for finding 

similar kinds of patterns. Here, the user interest-based behavior is matched with the other user’s product interest 

behavior. Similar behavior-based products are recommended by including user feedback. Table 7 demonstrates the 

process of feedback involved in the initial product recommendation. 

Table 7 second stage of prediction 

Input: Initial Recommendation   , Entire Preprocessed data    

Output: Refined recommendation S 

Process: 

1.                          

a.   (   
        ) 

i.             (   
) 

b.        

2. End for 

3.                           

4. Return S 



 

 

 

 

Therefore, the initially recommended product    is used for obtaining user feedback about the initially recommended 

products. The feedback-based selected products are then utilized as queries for searching similar products in the 

entire preprocessed product database. In this experiment, the KNN algorithm is used for searching and the outcomes 

of the KNN algorithm are produced as the feedback-centric recommendation. The process of feedback-centric 

recommendation is also demonstrated in figure 7. 

4.5 Final Recommendation  

The aim is to provide precise product recommendations by using previous-stage recommendations. This phase of 

recommendation is working as a filter to remove additional products obtained from the previous phase of 

recommendation. Figure 8 shows the limited search space for making precise product recommendations to the end 

user. This recommendation is made based on the recommendation made in the feedback-based recommendation, 

which contains less data as compared to the entire preprocessed data. Using the feedback-based product 

recommendation we recover two key facts namely the product cost range and brands popular among a similar set of 

users. Therefore, based on the cost and popular brands we tried to filter the list of products. In order to find the mean 

cost of the product and bands, all the brands and costs of the product are considered, which are found in likely hood 

of the feedback-based recommendation. 

 

Figure 8 Final stage recommendation 

Both the factors cost and brand are combined to rank the list of recommended products from the behavior based 

recommended products. The entire process of product recommendation is demonstrated in figure 8 and table 8. 

Table 8 consists of the steps to follow for final stage recommendation. The algorithm accepts the user feedback 

based on generated product recommendation S and produces a refined and precise final recommendation R. First, 

we recover two factors average cost of similarly behaving user and the list of product brands, which are used by the 

similar group of user. Then using both factors, we calculated a rank for each product obtained in the recommended 

product list S. using the calculated rank of all the products we sort the list S. From the sorted product list of S is used 

to return the top-ranked list of products as the final recommendation. 

Table 8 Final Stage of product recommendation 

Input : Feedback based product recommendation S 

Output : Final recommendation R 

Process: 

1.                         

a.               



 

 

 

 

b.                

c.           

2.         

3.                

4. Return R 

4.6 Results Analysis 

In this section, we evaluated the performance of the proposed recommendation system. Therefore, a list of products 

from the Amazon e-commerce platform is created, and using a previously available web access log file is modified 

using the collected product URLs. In this context, accuracy, error rate, time used in prediction, and memory 

utilization of the proposed system is calculated and reported in table 9 and figure 9. 

Table 9 Performance of the proposed recommendation system 

Exp. No Accuracy % Error rate % Time consumed (MS) Memory usages (MB) 

1 92.8 7.2 188 110 

2 91.3 8.7 198 118 

3 93.7 6.3 193 121 

4 94.8 5.2 201 106 

5 95.2 4.8 210 119 

6 94.1 5.9 183 122 

7 95.6 4.4 191 113 

The accuracy of the proposed recommendation system is given in figure 9(A) and table 9. In this figure, dataset 

sample size used in experiments is given in the X axis and the obtained accuracy of experiments is included in the Y 

axis. The accuracy of the system is measured in terms of percentage (%). According to the results, the accuracy is 

increasing with the sample size for building the model. Next parameter is the Error rate. That is used to find the 

misclassification of prediction. That is measured based on outcomes and total samples for the recommendation. The 

error rate can be computed using: 

           
                     

             
     

Figure 9(B) contains the results in terms of error rate (%). According to the error rate, we find that the error rate is 

not fluctuating highly, thus the performance is consistent even when the data samples are increasing. So, the 

developed recommendation system is reliable for solving the addressed issues. Further, we also calculated the time 

and space utilized. Thus, we calculated the time required for performing the prediction. The amount of time 

consumed is called the time consumption. The time consumption of the proposed model is demonstrated in figure 

5.7. The X-axis contains the sample size and the Y-axis contains the time consumed. The time is measured in 

milliseconds (MS). 



 

 

 

 

  

(A) (B) 

  

(C) (D) 

Figure 9 (A) Accuracy (%) of the proposed recommendation model (B) Error rate (%) of the recommendation 

model (C) Time utilization (D) Memory utilization of the proposed model 

According to the results, the time consumption are varying with the sample size and remains consistently increasing. 

Time consumption is also reducing with the amount of data in web access log file. Therefore, system is acceptable. 

Finally, memory usage is measured in terms of kilobytes (KB). That can be measured based on the process. The 

execution of a process takes an amount of main memory. This memory size is known as memory usage. It is the 

difference between the total memory assigned and the free space. That can be calculated using:  

                                      

The measured memory usage is given in figure 5.8 and table 4. In this diagram, X-axis contains the sample size 

used, and Y axis shows the used memory. Memory usage is depending on the amount of data. The memory is not 

varying much rapidly for the product recommendation. 

5. Conclusion and future work 

The e-commerce applications are including three main users i.e. consumer, seller and administrator. The consumer is 

the product buyer. The consumer browses the products and decides the appropriate product. In deciding the 

appropriate product, the product reviews are playing essential role. Therefore, for providing the legitimate 
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information to the consumers a spam review classification technique is proposed. Second, a sentiment based review 

classification technique was introduced to classify the product review for identifying the satisfaction level of 

consumer. This helps the product seller to understand the product feedback. Next, the recommendation system is 

studied with the aim to solve the administration issue for implementing the business logic and improve the new 

product visibility. That system will also help to make balance between new and old seller’s product 

recommendation.  

The ecommerce clients are utilizing product review and rating for making product purchasing decisions. Thus, a 

spam review identification model for helping the users is introduced. This model usage TF-IDF and chi-square test 

for text review feature extraction. Then, an ANN is used for spam review identification. The experiments on 

Amazon product review dataset have been carried out. Additionally, compared with SVM based method. The e-

commerce review classification can be analyzed for finding consumer feedback. The business companies are 

utilizing these reviews for identifying consumer’s expectations. Thus, a sentiment analysis technique for product 

review classification was proposed, to understand consumer satisfaction level. This model utilizes the text features 

and sentiment score for grading the product review in to five satisfaction levels. The Amazon product review dataset 

used. The new product vendors are suffering from low product sales. To enhance the product visibility needs some 

improvements on the existing recommendation system. The current algorithms are considering the products based 

on ratings and reviews, existing sales, and brand size. Therefore, new vendors feel the biased. Another option to 

enhance product visibility is using advertisements, which is expensive. Therefore, a new recommendation model is 

proposed for obtaining a win-win situation for all the ecommerce parties’ i.e. consumers, vendors, and 

administrators. A weighted recommendation system is proposed and evaluated for recommending a set of products 

to existing customers. The model utilizes a feedback for refining products to consumers.     

The ecommerce and application of ML is studied. In this work, different solutions at the different user prospective is 

discussed and relevant ML techniques are implemented. Based on the results, we suggest the following extension: 

(1) Most of the work in research is focused on consumer centric approach. Now, we need to explore the domain of 

administration and business logic implementation on e-commerce using ML. (2) The weighted classification 

approach is a promising for adopting and identifying properties of data. Therefore, it is needed to explore the 

performance influence of algorithm by extending attribute selection approaches. (3) The recommendation module 

need more parameters for identifying appropriateness of product, which will enhance the criteria of product 

visibility. Therefore, in near future it is required to consider. 
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