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Abstract
	E-commerce systems are now more widely used and present in practically every industry. Customer behavior is a crucial element that aids retailers in predicting product sales and maintaining cost effectiveness, particularly in e-commerce. On e-commerce platforms, numerous algorithms have been implemented to analyze the customer behavior. In this research, we have analyzed the customer behavior using machine learning approaches such as Turicreate Factorization, Collaborative filtering, K-Means clustering and Temporal Cluster Migration Matrix (TCMM) algorithm. The proposed study is compared with the previous works and this work provides more precise product recommendations on e-commerce platforms. 
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1. Introduction
Earlier than the advent of the internet, entrepreneurs would take a look at a client’s behaviour to decide what merchandise they could be interested for buying. Customer surveys were used for prediction which was expensive and time-consuming. The study of people, groups, or organizations is known as customer behaviour research, and it aims to shed light on how people choose things in future [1]. Durmaz et al., [2] identified that marketers place a high priority on the need to anticipate customer behaviour. Advanced showcasing applications are multiplying and developing more compelling as computerized stages are increasingly more coordinated into promoting systems and day to day existence, as well as people progressively use advanced contraptions instead of going to actual stores. Digital analytics are being used more frequently by marketers to gain a more thorough insight of consumer behaviour. 

In particular, consumer behaviour analytics can aid marketers in developing more precise ads and a deeper comprehension of the customer experience. According to [3], the definition of target marketing is the segmentation of markets into manageable groups that include consumers who have particular demands, traits, or behaviours. The secret to behavioural analysis marketing success is being able to recognize what your clients want and then giving it to them. This give more insight of client behaviors, however the development technologies helps to learn more about the client interaction with their goods and services.Then, marketing campaigns can be informed by this knowledge. 

Any business can benefit from knowing how to predict client behaviour. While some firms have the resources to use their own data analytics technologies to provide certain projected insights, other businesses do not.  Predicting customer behaviour is achievable if you have access to a customer behaviour analytics platform that can offer insights into how customers interact with your business.  Customer Relationship Management (CRM) data base gives historical data to study their customer’s behaviors to understand the capacity of purchasing how much prompt supply they made.

2. Literature Review

With the help of internet, the social media became the platform for sharing the reviews and those reviews are taken as the input for e-commerce. Customer behaviour analysis received significant study attention because of the implications for both businesses looking to increase sales and consumers looking to have more influence over their purchases. The characteristics, including the quantity of "interactions," the length of "playtime," and the location, to mention a few, giving us more precise insight into what influences a consumer's purchase choice. Gupta et al. [5] used data mining techniques to analyse consumer behaviour. 
An overview of the business and technological aspects of data mining is presented in this paper, as well as ways to maximize the profitability of customers through data mining. Data mining may improve and alter the relationship with the consumer when used in conjunction with business practices and complementing technologies. 
When used in conjunction with sound business procedures and complementary technologies, data mining can strengthen and reshape the relationship with the customer. 

By using the Customer Relationship Management (CRM) and data mining approaches, it is possible to increase productivity and increase the response in effective for clients request. A study was conducted on digital marketing and social media by Tiago et al. [7]. There is currently a significant amount of research on digital marketing that is more customer-centric and firm-centric. Data mining and Customer Behaviour Analytics were presented by Haastrup et al. [8]. By monitoring consumer behaviour through the web logs can create precise profiles of consumer requirements and interests for customer satisfaction and to encourage business. 

Armando Vieira [9] provided a reliable classifier to forecast buyers' intentions based on user activity on a large e-commerce website. In this paper, the authors analysed and compared the deep learning methodologies with conventional machine learning techniques. In anticipation of online buying habits during the COVID-19 pandemic, a prediction model was proposed. Examination of five classification models yielded the best result of 94.6% accuracy for Decision tree. Then, Bagging and Boosting ensemble meta-algorithms are applied to increase the classifiers' accuracy. The best results were once again obtained by decision trees, and DT ensembles with bagging outperformed other basic classifiers with 95.3% accuracy.

3. Materials and Methods

For this proposed work, data that explains consumer purchasing behaviour from an online retailer web log was gathered. Invoice number, date of invoice, customer ID, item description, stock code, quantity, unit price, and country of purchase, customer registration date, and customer last purchased date are just a few examples of the information that was collected from the UCI repository and reviewed. Twenty two attributes and around 3,10,000 rows are included in the dataset. These attributes of consumer behaviour serve as the proposed model's input variables. In order to predict the customer purchasing behaviour, Factorization Turicreate Ranking Algorithm is employed as the methodology for recommendation. K-Means clustering algorithm is used for clustering.  


3.1 Dataset Description

For processing the data set used is a structured transactional data set made between January 3, 2019, and January 10, 2020 which includes every online consumer transaction, for an internationally based and registered e-store. The company mainly sells garments for both male and female. There are 22 attributes of continuous, nominal and string in online retailing dataset to analyse customer behaviour. The Store location in string datatype is the first attribute, and the product purchased with unique item code is the second attribute.The third attribute, Unique Group ID, contains a unique number that is associated with each product type. Fourth field is Sku's Unique group Id Definition, it holds definition each product type.A six-digit integer number allocated to each customer is the client ID as the fifth attribute.
 	Sixth attribute is brand name, string datatype and it holds brand name. Seventh attribute is product type, it holds uniquely assigned to each distinct product type. Eight attribute is art style and its holds grouping of works into related product categories. Ninth attribute is Product Style and it holds the style with visuals or outer look of a product. Tenth attribute is added to Cart Date, it holds date of visit or customer adds the product(s) in the shopping bag. Eleventh attribute is added to Cart Time, it holds time of visit or the time when customer add the product(s) in the shopping bag. Twelfth attribute is Purchased Date, it holds of customer first purchased date. RFM value is nothing but it denotes thirteenth attribute. RFM value measures customers recent, frequent and monetary of purchase. It gives analysis of customers purchase by marketing technique and to determine the quantitative and behavior of customer best and recent purchase and how much they spent and their frequency.


A 5-digit number for holding the height of the customer is the fourteenth attribute. Fifteenth attribute holds the measurement details of both the kids and adult customers.  Sixteenth attribute is Customer Last Purchased Date, it holds of customer last purchased date in respective domain. Seventeenth attribute is Customer Last website Visited date, it holds of Customer Last Visited date. Eighteenth attribute is Customer Registered Date, it holds of Customer Registered Date. Nineteenth attribute is Customer name, varchar data type of 25 characters. Twentieth attribute holds the city name of the customer. The state and country name of the customer is holds in twenty first and the last attribute.
The sample dataset is shown in Figure 1.
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Fig. 1: Sample dataset

Table 1 shows the features and the description for the online retail store purchase. 


Table 1. Features of the online retail store purchase dataset

	S.No.
	Features
	Description

	1
	Domain
	String which mentions the name of the store’s location

	2
	StockCode
	5-digit inter number describes the item code

	3
	Unique Group ID
	String assigns a Unique Code to each and every product

	4
	SKU’s unique ID
	String which describes the unique code

	5
	Customer ID
	6-digit integer number assigned to each customer

	6
	Brand Name
	String datatype describes the name of the brand

	7
	Type
	String datatype describes the product type

	8
	Art style
	String datatype describes the type of art like zari work, embroidery, printed, beads, etc.

	9
	Product style
	String which describes the style of the product like palazzo, frock, anarkali, etc.

	10
	Cart date
	Date field which gives the date on which the customer added the items to the cart

	11
	Cart time
	Time field which gives the exact time at which the customer added the items to the cart

	12
	Purchased date
	Date attribute describes the purchased date of a specific customer

	13
	RFM value
	Holds RFM (recent, frequency, monetary) analysis used to determine best customers.

	14
	Height
	Floating point attribute describes the height of a customer

	15
	Readymade size
	String describes the measurement of the customerslike small, medium, large etc.

	16
	Last purchased date
	Describes the last date on which a customer purchased

	17
	Last website visit date
	Describes the last date on which a customer visited the site

	18
	Registered date
	Customer’s registered date in the website

	19
	Customer name
	Describes the name of the customer

	20
	City
	Describes the city in which the customer resides

	21
	State
	Describes the state in which the customer resides

	22
	Country
	Describes the country in which the customer resides



3.2 Data Pre-Processing

Prior to develop a recommendation model, the data should be explored and cleaned. During this stage, relevant and meaningful data is separated from the data collected in previous step. From the above dataset, it has been found that some of the fields are having lot of null and missing values. So, those rows and columns are dropped out and only the rows and columns having full details are taken as the final dataset. In addition, web logs of a particular website contain information about all the web pages visited by all the users. These visits could have been successful or not i.e. the user may have been able to view the web page successful or it may have resulted in some error. For the next stage of analyzing the collected information, only those pages successfully displayed to the user are considered. A pie chart is created to better understand the data after removing the unwanted rows and columns and it is shown in the Figure 2. 



Fig. 2: Trends of frequency in E-retail online store


3.3 Proposed Methodology

	Understanding consumer behavior and segmenting clients based on their demographics and purchasing patterns is essential in today's competitive market. This crucial component of client segmentation enables marketers to more effectively tailor their marketing initiatives to different audience subgroups. Clustering analysis in customer segmentation is the application of a mathematical model to identify groups of similar consumers based on identifying the smallest variations among customers. Using accurate consumer segmentation through personalization, cluster analysis aims to increase the effectiveness of customer marketing. 

In this research, a Ranking Factorization Recommender acquires the factors of each and every user and item employs them to rank suggested things in future. For this study, we have used the Turicreate Ranking Factorization algorithm for personalization of customers. And then the customers are grouped based on the purchase behavior by using k-means clustering algorithm and also the customers are grouped based on loyalty using TCMM algorithm. In the following sections, the ranking factorization algorithm and clustering techniques are explained in details. The overview of the proposed methodology is shown in Figure 3.
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Fig. 3: Proposed Methodology

Turicreate Ranking Factorization Algorithm
	
	Every user and item has latent variables that the recommender learns, and it utilizes these factors to rank recommended items based on how likely the pairings will be seen. When executing collaborative filtering on datasets with explicit ratings or datasets with implicit feedback, ranking prediction is identified. In Ranking Factorization algorithm, the recommender develops a model that can predict a score for any potential user-item combination. From previously recorded user and item scores, the internal model coefficients are learned. These scores are then used to determine recommendations. Weights and factors are used to represent both users and items. Weight is used to give the item or user lower or higher ratings whereas the factors stimulate the interests between users and items.  For instance, a product that consistently receives positive reviews would be given more weight, or the criteria might take into account a user's preference for cotton fabric over silk fabric. 

	Formally, user i's expected score on item j is provided by



Where µ is a global bias term, ωi  is the weight for user i and ωj  is the weight for user j. xi and yj are the user and item side feature vectors, and a and b are the weight vectors for those side features. The latent factors are ui and vj. 

Collaborative Filtering 

	In 1992, Goldberg et al. introduced the concept of "collaborative filtering" (CF), arguing that "information filtering can be more successful when humans are involved in the filtering process” [11]. Two years later, Resnick et al. [12] proposed the notion of collaborative filtering in its current form. They believed that consumers liked things that other users shared their interests in, and that two users were regarded to be similar in their rating preferences. Items that were highly rated by one user were recommended to another user when similar users were found, and vice versa. CF provides three benefits. The first benefit of CF is that it is content independent, therefore no laborious item processing is needed [13-15]. Second, because CF uses human ratings, it considers actual quality evaluations [16]. Last but not least, because CF bases recommendations on user similarity rather than item similarity, it is expected to offer coincidental recommendations [17-18].


By grouping users according to their preferences, we create a collaborative filter for the website logs  Items were then suggested based on the common preferences of users within each group. The more frequently consumers engage with and assess the items on display, the more accurately the algorithm can suggest acceptable items. The main idea behind collaborative filtering algorithms is to find user commonalities based on how users have previously ranked or rated objects. The weighted total of user "u" input that users have provided for item i is predicted. Then the prediction of user rating on the item “i” is calculated as follows:



Here, iv,i    is the interest of user v on the item “i”, su,v  is the common interest of the two users “u” and “v”. If any of the users are having common interests among the products, then the customers are grouped together using K-means clustering algorithm for future predictions. The concept of collaborative filtering is illustrated in the Figure 4.
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Fig. 4: Illustration of Collaborative Filtering 


K-Means Clustering Algorithm

	The mathematical model in cluster analysis is used in grouping the related customers by comparing the smallest difference. Using accurate consumer segmentation through personalization, cluster analysis aims to increase the effectiveness of customer marketing. K-means cluster analysis, a mathematical algorithm, is a popular cluster analysis technique. The resulting clusters help to improve consumer modelling and predictive analytics. Additionally, they are utilized to target customers with incentives and offers according to their needs, wants, and preferences. Unsupervised learning, or K-Means clustering, is used to address clustering-related issues [19]. 

The dataset is split into a predetermined number of clusters using the K-Means clustering algorithm, each of which will have k centres.  The approach is centroid-based, and each cluster has a distinct centroid. The main objective is to reduce the distance between each data point and the associated cluster centroid.The algorithm separates the dataset into clusters using the raw, unlabeled data as its input before repeating the procedure until the best clusters are identified. K-Means is fairly simple to use and implement. It is extremely scalable and has a wide range of uses. K-Means is an all-around straightforward and reliable technique that makes clustering relatively simple.

Working of K-Means Clustering Algorithm

	The K Means Clustering technique groups observations in a dataset into sets based on how similar they are to one another. The initial assignment of each data point to a group is random, and the centroid for each group is computed. A centroid is the term for the group's centre. After that, the algorithm goes as follows:

1) Every observation is evaluated before being assigned to the closest cluster. The "closest" group is one in which the Euclidean distance between a data point and the centroid of the group is smaller than the distances to the other centroids.
2) The K-means clustering algorithm updates a cluster's centroid whenever it adds or loses a data point.
3) The process iterates until no closer group of data points can be assigned.

The K-means clustering algorithm makes all groups as compact as possible by ensuring that they all have the lowest within-cluster variance after it is finished. Through behavioral pattern, it is possible to group the customers who share the same qualities or purchase intentions, such as high spending, a desire for special offers, or a desire for new arrivals. Behavioral segmentation variables are examined differently by each web shop, but the RFM is the most reliable model. Advanced behavioral segmentation depends on RFM, which stands for Recency, Frequency, and Monetary. It is a method for understanding a customer’s behavior based on: (i) the most recent purchases, (ii) the total number of purchases made, and (iii) amount they spent at a specific online shop. The "high value" customers will actually be the repeat customers who frequently visit, make a sufficient purchase, and return. This can be represented in the Figure 5 as follows:


[image: ]
Fig. 5: Highest value customer in RFM model [20]


In the following sections, the result are discussed by K-Means clustering algorithm in clustering  the customers into three groups.

Temporal Cluster Migration Matrices (TCMM) Algorithm

	When analyzing web usage, time might be a very important factor. Finding natural groups of web resources or web users is a common task in web mining operations called clustering. Modifications in clusters can offer crucial hints regarding the evolving nature of website usage as well as shifting user loyalty. This algorithm can be used to analyze how a website's nature changes over time as well as how specific web users' purchasing patterns change. TCMM can be used as a visualization approach to explore these results.

	TCMM is defined as a set of U, C, n, and Ω, where U is a collection of users, C is a collection of clusters, the quantity n denotes the number of time intervals and each user's progression through the clusters across n time periods is represented by the mapping Ω. In this study, based on how often they visit within a month, the customers are divided into three clusters such as (i) Loyal visitors, (ii) Semi-Loyal visitors, and (iii) Infrequent visitors.  Here, n = 6 means the cluster behavior was examined for six months.

Working of TCMM Algorithm

Step 1: Get a website's web log data for a period of six months from reliable sources.

Step 2: Preprocess the web logs such as clean up the web log information, identify the users, sessions, URL, and Timestamp.

Step 3: Determine the number of pages that each user viewed each month.

Step 4: Each user is divided into one of the above clusters according on the number of pages they have viewed.

Step 5: Every month, this clustering is performed.

Step 6: The TCMM matrix is built in accordance with the format shown in Table 2 using the clustering results.

Step 7: Use SQL or MySQL to analyze the data in the TCMM table to obtain the required results.
				
Table 2: Sample TCMM Matrix

	CustomerID
	I Month
	II Month
	III Month
	IV Month
	V Month
	VI Month

	
645652
	
4
	
6
	
3
	
2
	
4
	
6

	
357576
	
1
	
5
	
2
	
2
	
5
	
4

	
338693
	
3
	
4
	
2
	
3
	
2
	
1

	
200231

	
2
	
4
	
3
	
5
	
6
	
1

	
428997

	
4
	
3
	
5
	
2
	
1
	
2




4. Results and Discussion

	The goal of this research work is to create a recommendation engine that would present customers with similar products depending on how they have previously rated other products. For this, we will first do Exploratory Data Analysis (EDA) and then develop recommendation algorithms, using collaborative filtering and ranking factorization methods. After developing the recommendation model, clustering is done to group the customers with the help of K-Means clustering algorithm. This recommendation model is evaluated using offline method to measure the accuracy of the developed recommender system. 
	Python software is used to develop the recommendation model and for K-Means clustering. After the data pre-processing (explained in section 3.2) step, EDA is done with the help of info() and describe() functions in Python. The summary of data with number of records can be produced one by info() methods. It provides a general overview of the data. The describe() function generates descriptive statistics, such as summaries of a dataset's distributions' central tendency, dispersion, and form.From the results, some of the columns have been dropped which are all no use for the development of recommendation model. For instance, the columns like Sleeve length, Blouse length, Blouse Neck style, etc.. have been dropped. A screenshot of the results of both the info() and describe() functions are shown in the Figure 6 and Figure 7.
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Fig. 6: Results of info() function
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Fig. 7: Results of describe() function

A Python scikit called Surprise library is used as recommender systems to create and analyze that deal in rating data. Here, we apply the Singular Value Decomposition (SVD) technique from the Surprise library to reduce the Root Mean Square Error (RMSE), which is determined by K fold Cross Validation, and provide excellent recommendations. A matrix is created using SVD with a row of users, columns of items, and elements determined by user ratings. The whole data set is divided in the ratio of 70:30 as training data testing data. For our objective, we want to employ product similarity metrics like cosine, Pearson, etc. to recommend new items. 

	A part of collaborative filtering is matrix factorization. The matrix factorization procedure involves joining two rectangular matrices with smaller dimensions to create the user-item interaction matrix. The benefit of using this method is that we will now have a smaller matrix in a lower-dimensional space rather than a multidimensional matrix with a large number of missing values [21]. Observe the MSE [Mean Squared Error] and RMSE [Root Mean Squared Error] values obtained by K Fold Cross Validation. The average Root Mean Squared Error that we obtain is approximately 1.23, which is acceptable. The results are shown in the Table 3.
Table 3. Results of K-Fold Cross Validation


	Metrics
	Fold 1
	Fold 2
	Fold 3
	Fold 4
	Fold 5
	Mean
	Std

	RMSE
	1.37
	1.40
	1.42
	1.37
	1.39
	1.40
	0.02

	MAE
	1.13
	1.15
	1.13
	1.16
	1.16
	1.15
	0.01

	Fit Time
	0.63
	0.62
	0.65
	0.63
	0.63
	0.62
	0.01

	Test Time
	0.14
	0.11
	0.13
	0.14
	0.11
	0.13
	0.02




In order to predict the test data, we fit the train data. Cross validation was done to obtain correct values, and the result was an RMSE [Root Mean Squared Error] of 1.24, which is not significantly different from the average RMSE. After developing the recommendation engine, the model is tested with five users giving their Customer IDs and the number of recommendations to be printed, recommendation which generates a list of all the items and their actual items bought by that specific user. The results of our developed recommender model are shown in the Table 4.


After this step, the customers are grouped with the help of K-Means clustering technique using RFM attribute in the dataset. As a result, we have obtained three clusters such as High spenders, Medium spenders and Low spenders and the results are represented in the following Table 5 and the pictorial representation of clustering results are shown in the Figure 8. Figure 9 shows the top 10 active IP addresses, the number of active IP addresses per day is shown in Figure 10 and Figure 11 shows the top 10 frequently used websites.

Table 5. Clustering Results based on RFM Value

	Type of Customers
	Days since last purchase (R)
	Number of Purchases (F)
	Net Revenue (M)

	High Spenders
	16
	6
	$180

	Medium Spenders
	55
	4
	$130

	Low Spenders
	187
	2
	$20
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Fig. 8: K-Means Clustering Results
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Fig. 9: Top-10 active IP addresses
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Fig. 10: Number active IP addresses per day
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Fig. 11: Top-10 frequently used Websites



5. Comparison with existing works

	In [22], Zhiyuan Fang et al., suggested a new behavior-based hybrid recommender system. In their study, they create sequences of user activity and extract those that involve frequent purchases in order to further predict the probability of user’s interest in purchasing activities. Also, they make use of the matrix factorization-based collaborative filtering technique, which has been shown to deliver the best results when analyzing customer’s purchasing preferences. In order to improve the hybrid model's accuracy, it predicts the payment behavior of the consumer. Lianhuan Li et al., [23] examines and studies user-collaborative filtering and content filtering-based recommendation systems, and then suggests a hybrid recommendation algorithm. This method can filter out and promote products to consumers and performing similarity matching filtering on all items, particularly when those items have not been assessed by any users. On the basis of K-means clustering, suggestions were given for the user set. 

	Compared to previous two hybrid algorithms, in this study, two types of clustering have been done. The purchase behavior is analyzed using K-means clustering technique and the customer’s loyalty is analyzed using TCMM algorithm.  We have used Turicreate Factorization algorithm and collaborative filtering for recommendations.


6. Conclusion

	As the prediction of customer behavior has grown as an important topic in e-commerce, numerous researchers have offered various methods to improve the prediction accuracy. On online retail sites like Flipkart, Myntra, and Amazon, it can help to offer better suggestions for customers. This study proposes a customer behavior analysis in e-retail weblogs using Turicreate Matrix Factorization algorithm, Collaborative filtering techniques and developed a recommendation model. Further, the customers are grouped into three types by applying K-Means clustering algorithm. The proposed method offered higher accuracy. 
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Art style
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Added to Cart Date
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Purchased Date
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Body height
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Customer Registered Date
Customer Name

city
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Waist To Floor size
Front Neck Style

Back Neck Style

Sleeve Style

Kameez Style

Pant Style
KameezLength
SleeveLength

Waist Type

Blouse Type

Blouse Length

Blouse Pattern

Blouse NeckStyle
Blouse BrassierSize
Blouse Front NeckDesign
Blouse back NeckDesign
Blouse SleeveDesign

dtypes: float6d (5), int6d (1),
memory usage: 18.4+ MB

object (33)

Non-
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A Hybrid Ranking - Driven Matrix Factorization and Collaborative  Filtering Framework for Customer  Behaviour   Analysis     Mrs.S.Sathya 1  Dr.E.Ramaraj 2  Dr.A.Padmapriya 3     1 Reasearch   Scholar,   Department   of   Computer   Science Alagappa University,  Karaikudi  –   630 003.   2 Formaly   Head   and   Professor,   Department   of   Computer   Science Alagappa  University, Karaikudi  –   630 003.   3   Professor   and   Head,   Department   of   Computer   Science Alagappa University,  Karaikudi  –   630 003.   tncsathya@gmail.com   9566277634   1 ,   eramaraj@gmail.com   8778868093   2 ,   padmapriyaa@alagappauniversity.ac.in   9443747211   3 ,     Abstract     E - commerce systems are now more widely used and present in practically every  industry.  Customer behavior is a crucial element that aids retailers in predicting product sales  and maintaining cost effectiveness, particularly in e - commerce.  On e - commerce platforms,  numerous algorithms have been implemented to analyze the customer behavior.  In this  research, we have analyzed the customer behavior using machine learning approaches such as   Turicreate Factorization, Colla borative filtering ,  K - Means clustering   and Temporal Cluster  Migration Matrix (TCMM) algorithm .  The proposed study   is compared with the previous  works and this work  provides  more precise product recommendations on e - commerce  platforms.       Keywords:   Customer behavior, Turicreate Factorization, Colloborative filtering, K - menans  clustering, TCMM algorithm.   1.   Introduction   Earlier than the advent of the internet, entrepreneurs would take a look at a client’s  behaviour   to decide what merchandise they could be interested  for buying.  Customer surveys   were used for  prediction which was   expensive and time - consuming .  The study of people,  groups, or organizations is known as customer behaviour research, and it aims to shed light on  how people choose things in future   [1] .  Durmaz et al.,  [2]  identified  that marketers place a high  priority on the need to anticipate customer behaviour.   Advanced showcasing applications are  multiplying and developing more compelling as computerized stages are increasingly more  coordinated into promoting systems and day to day existence, as well as people progress ively  use advanced contraptions instead of going to actual stores.   Digital analytics are being used  more frequently by marketers to gain a more thorough insight of consumer behaviour.       In particular, consumer behaviour analytics can aid marketers in developing more precise  ads and a deeper comprehension of the customer experience.  According to [3], the  definition of target marketing is the segmentation of markets into manageable groups that  include consumers who have particular demands, traits, or behaviours.   The secret to  behavioural analysis marketing success is being able to recogni z e what your clients want  and then giving it to them.  This give more insight of client behaviors, however   the  development technologies helps to learn more about the client interaction with their goods  and services. Then, marketing campaigns can be informed by this knowledge.       Any business can benefit from knowing how to predict client behaviour.  While some firms  have the resources to use their own data analytics technologies to provide certain projected  insights, other businesses do not.     Predicting customer behaviour is achievable if you have  access to a customer behaviour analytics platform that can offer insights into how 

