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abstract:
The paper herein discusses the significance of Big Data 
Analytics (BDA) to improve the customer experience on 
an e-commerce site. It explores three key dimensions: 
personalization, operational effectiveness and accuracy 
predictions. Several theoretical factors question the 
effectiveness of this approach, yet research findings 
show that much of this contributes little to the increase 
in customer satisfaction, operation results, or retention. It 
was received from questionnaires, sales records and user 
feedbacks then preprocessed before undergoing analysis. 
Studies indicate that while Personalization and Predictive 
analytics are two important concepts; they do not greatly 
enhance customer satisfaction or retention. Savings attained 
from operative efficiencies do not contribute much to the 
improvement of the customers’ experience. In general, 
this study demonstrates that win ‘win’ outcomes cannot 
be driven solely by BDA but by refining it through overall 
strategies in communication such as strategic product 
quality, transparency and firm post sales support. A limited 
scope of analyzed big data, lack of real-time data tracking, 
and thus, could be considered the possible directions for 
BDA future development in more various contexts in the 
field of e-commerce.

Keywords: Big Data Analytics, Customer Experience, 
E-commerce, Personalization, Predictive Analytics

1. Introduction
The advent of e-commerce has revolutionized the 
way businesses interact with their consumers, funda-
mentally altering customer expectations and behav-
iors. In today’s context due to the available digital 
technologies, organizations obtain copious numbers 

of customer-generated data drawn from customer 
interactions such as browsing histories, their behav-
iors and feedback, comments and shares in different 
social media, etc. The utilization of this data is par-
amount to the success of organizations competing 
in the overly saturated e-commerce markets. To be 
more precise, a relatively new approach – Big Data 
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Analytics (BDA), which implies the analysis of significant 
and diverse datasets to reveal unknown patterns, relation-
ships, etc., has become a real breakthrough in this regard 
(Dominguez et al., 2023). The concept of customer expe-
rience (CX) in e-commerce refers to the overall perception 
a customer has about a business based on all interactions 
with its products, services, and customer support.
Whenever companies attempt to set themselves apart from 
competitors notably in the saturated world, it looks at im-
proving customer experience. Research shows that organi-
zations that seek to enhance the value of the customer ex-
perience have higher percentages of customer loyalty and 
organizational revenue in the long run (Rane et al., 2023). 
However, the rapid influx of data presents a major chal-
lenge: companies face significant challenges in capturing, 
sorting, and, most importantly, utilizing this tremendous 
amount of information. The features of big data process-
ing require higher efficiency than traditional methods in 
terms of speed, volume, and increasing the level of data 
complexity (Adadi, 2021).
Big Data Analytics presents a profound approach to recon-
structing e-commerce sites by allowing greater customiza-
tion of the experience for the customers, efficient forecast 
of their behavior, and smoother business functioning. 
Instances of Customer Experience Improvement: For 
instance, online shopping websites such as Amazon and 
ents combine elaborate recommender systems employing 
Big Data Analytics to propose products or programs that 
the users may like (Karamshetty et al., 2022). In addition, 
through Big Data Analytics, businesses are capable of 
predicting buying trends and, in turn, stock control so that 
it is less likely to have inventory shortages on some of the 
most purchased products or have a surplus of substandard 
products (Aljohani, 2023).
The other huge advantage of Big Data Analytics is in 
the aspect of enhancing operations processes within the 
organization. Real-time data analysis will enable e-com-
merce platforms to note issues with the navigation or the 
purchase flow and even post-purchase services (Metsai et 
al., 2021). This makes business easy since most processes 
including warehousing, logistics, and even customer care 
are made easier (Kadłubek et al., 2022)). However, some 
challenges must be overcome to be able to spur Big Data 
Analytics implementation. Data privacy remains a major 
concern in e-commerce, especially with the implementa-
tion of conditions like the GDPR in Europe (Bharti et al., 
2023).
The integration of Big Data Analytics with other struc-
tures could be expensive and time-consuming, which 
leads to the enhancement of technology and human cap-
ital. The scope of this study will therefore be to examine 
the introduction of Big Data Analytics in improving the 

purchasing experience of buyers on e-commerce sites. 
The relevance of the research is based on the fact that the 
emerging field of Big Data Analytics offers some actual 
suggestions for e-business firms seeking to improve con-
sumer satisfaction. This work will use descriptive research 
strategies and a combination of case studies, surveys, 
and data analysis to have a holistic view of how Big Data 
Analytics influences e-commerce customer experience.

2. Literature Review
The significance of Big Data Analytics (BDA) for e-com-
merce has been evidenced by various scholars in scientific 
publications as well as business reports. BDA has become 
a valuable tool in the creation of customer experience 
(CX) as businesses shift to the use of big data in their 
operations. This chapter gives the necessary background 
and summarizes the prior literature on BDA and its contri-
bution to improving customer experience for e-commerce 
companies.

2.1 Big Data analytics: overview and Defini-
tions
Big Data Analytics is defined as the use of large, unstruc-
tured datasets in real-time that are normally collected 
from unknown distributed sources to reveal unknown 
relationships, correlations, and patterns to aid the deci-
sion-making process (Gandomi & Haider, 2015). In Big 
Data, what is traditionally referred to as the four Vs that 
define the concept include volume, velocity, variety, and 
veracity. Volume refers to the amount of data produced, 
velocity refers to the tempo at which data is produced and 
processed, variety refers to the types of data or the format 
and structure of the data (structured, unstructured, and 
semi-structured) and veracity refers to the nature of the 
data or the uncertainty or reliability of data (Silva et al., 
2019).
In an e-commerce setting, BDA means gathering infor-
mation from customers’ engagements and interactions 
such as site visits, commentaries, social media posts, and 
purchasing behavior (Du et al., 2021). The analysis of Big 
Data enables business organizations to gain a profound 
understanding of customers’ preferences, behaviors, and 
expectations. BDA has also been categorized as a ‘disrup-
tive technology’ in the e-commerce domain since it revo-
lutionizes the manner, in which firms operate and address 
consumers (Mariani, and Nambisan, 2021). By processing 
these types of data, the organizations get insights into how 
the customers behave, anticipate their future actions, and 
tailor solutions that enhance user satisfaction and, hence, 
customer loyalty.
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2.2 Customer Experience in E-commerce
Customer experience or CX can be defined as the total of 
the individual interactions any customer may have with 
a brand right from the time a lead is generated, through 
the purchasing stage up to after-sale support (Daqar and 
Smoudy, 2019). Today’s increasingly globalized and dig-
itized environment means that customers are spoiled for 
choices and thus the importance of creating a favorable 
customer experience cannot be overemphasized. Several 
aspects of CX that e-commerce platforms must address 
include;
ð Customization – whereby customers need to feel valued 
through features such as a personalized homepage.
ð UI – The website layout and design must create the cor-
rect first impression and impression of ease of navigation.
ð After Sales – The sellers cannot disregard customers 
after making a sale because this is the aspect that creates 
long-term buyers.
Marketing is achieved by delivering individualized prod-
uct recommendations, special offers, and advertisements, 
which make the process of shopping more relevant for all 
associated stakeholders (Haleem et al., 2022). In addition, 
a critical aspect that greatly influences customers’ percep-
tion is the design of the user interface. Effective website, 
search, and checkout processes which make it possible for 
consumers to move from site to site and from search to 
purchase without frustration are critical to the experience 
(Ritonummi, 2020).
Other determinants of customer experience also include 
after-sales service, including customer support, return 
policies, and delivery tracking. If done correctly, the 
after-sales systems can enhance customer loyalty and 
achieve improved levels of retention. Leading companies 
such as Amazon have established themselves as customer 
support helplines that are available for customers to ac-
cess anytime from any place, quick delivery options for 
customer convenience, and easy ways for returns which 
all go a long way toward making a premium value for the 
customer (Annaraud, and Berezina, 2020).

2.3 applications of BDa in Enhancing Custom-
er Experience
Big Data Analytics presents several different solutions that 
can enhance the customer experience in e-commerce plat-
forms in a very big way. Further, the most well-known use 
of a recommendation system is personalized recommen-
dation. Through studying the customers’ history of web 
browsing and preferences, purchasing habits, and product 
preferences, businesses can offer individualized product 
recommendations that increase overall shopping satisfac-
tion (Gandomi & Haider, 2015). Customized products not 

only enhance customers’ satisfaction but also boost the 
sales conversion ratio and customer loyalty.
There exist several broad categories of BDA applications 
in e-commerce, that includes Predictive analytics. It can 
help businesses to anticipate customers’ requirements, 
and their choice or behavior based on records and patterns 
of past findings (Mariani, and Wamba, 2020). For exam-
ple, predictive analytics can assist e-commerce platforms 
in predicting customer demand for specific merchandise 
so they do not order too much, thereby minimizing the 
risk of stockouts and thus enhancing the shopping expe-
rience of customers by assuring product availability (Yin, 
and Tao, 2021). Customer retention is also an essential 
part of predictive analytics because it helps a business se-
lect clients who are likely to leave and provide them with 
incentives to remain loyal (Lemon & Verhoef, 2016).
Through customer engagement and direct response to 
questions, recommendations, and complaints, this tech-
nology enhances response time and customer satisfaction 
(Rane et al., 2023). Many of these applications use BDA 
to acquire an understanding of customer interactions 
while the system enhances the response and develops it 
over the years depending on the customers’ needs. Be-
sides, these direct applications, BDA can also be applied 
to efficiency improvement of operation activities which in 
turn, affect customers’ experience. The e-commerce firms 
use data from the logistics chain and delivery options to 
support their supply chain, enhance the delivery time, and 
ensure that consumers receive their orders promptly, all of 
which leads to a positive customer experience (Gandomi 
& Haider, 2015).

2.4 Challenges of Implementing BDa in E-com-
merce
Despite its numerous benefits, implementing Big Data 
Analytics in e-commerce is not without challenges. Since 
e-commerce platforms gather extensive personal informa-
tion regarding their users, they have to meet various data 
protection laws that regulate activities in a specific coun-
try, for example, the GDPR for the European Union (Morić 
et al., 2024). Lack of proper data security and protection 
costs may lead to severe legal and financial penalties, 
together with reputational damage in terms of customer 
trust.
BDA demands adequate infrastructure, appropriate tools, 
and competent talent for e-commerce platforms to im-
plement it in line with its benefits (Falahat et al., 2022). 
Some of the challenges that are likely to limit the adoption 
of advanced data analytics solutions include; Small and 
medium-sized enterprises (SMEs) may find it hard to im-
plement the solutions because it is going to be costly than 
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having large corporations who have more resources that 
can facilitate the implementation of advanced data ana-
lytics solutions. Quality of data is a critical component of 
BDA initiatives and this is in respect to the accuracy and 
reliability of the data.
It can be concluded that quality is an important factor 
for e-commerce platforms, and organizations should pay 
particular attention to data cleaning and validation, as 
well as put in place a monitoring system. Changing data 
analytical requires frequent updating of the same, a factor 
that consumes a lot of time within e-commerce companies 
and is also expensive. Lagging on the use of technology 
may lead to failure in exploring ways that can enhance the 
customer experience or increase productivity.

3. analysis

3.1 Hypothesis

3.1.1 Hypothesis 1

H1: Big Data Analytics improves personalization, leading 
to increased customer satisfaction.
Some of the ways Big Data Analytics can help e-com-
merce platforms are by using customers’ records such as 
their buying patterns, their browsing history, and their age 
or gender. Due to the use of complex procedures, these 
platforms can make effective recommendations regarding 
a product that a client might feel attracted to buying by 
their unique taste. Research has proved that if customers 
are recommended the right products, they will feel that 
they are valued and this increases their satisfaction levels. 
Effectively, BDA empowers the design of highly specific 
marketing strategies to better match customer needs and 
demand. Personalization can continue beyond products to 
include content preferences as well as the modes of inter-
action and communication that a customer prefers.
3.1.2 Hypothesis 2

H2: Big Data Analytics enhances operational efficiency, 
leading to faster order fulfillment and delivery, positively 
impacting customer experience.
The use of BDA enhances efficiency at the operational 
level in areas like inventory control, order processing, 
and delivery systems. BDA will also help e-commerce 
platforms avoid stockouts or cases where certain items 
are overstocked in the warehouse while others are out 
of stock. Predictive analytics tools can predict demand 
patterns based on seasonality, past sales, and purchasing 
trends so that businesses can stock the right amount of 
inventory. Big Data Analytics can be applied to enhance 
order fulfillment by automating the process and utilizing 

data on the time taken to process the orders, warehouse 
functioning, and shipping information. Consequently, cus-
tomers benefit from faster order processing and delivery, 
which greatly increases their satisfaction. In addition, it 
will be equally important to enhance the last-mile deliv-
ery performance in the logistics chain where BDA can 
efficiently be implemented in the e-commerce sector. The 
time that is taken to deliver the orders is another important 
key to customer experience, hence using BDA to improve 
on this area can cause an increase in customer returns 
among others.
3.1.3 Hypothesis 3

H3: The use of predictive analytics improves customer 
retention by anticipating customer needs and offering rel-
evant suggestions.
The BDA of data helps the e-commerce platform to 
predict the tendencies in people’s behavior and propose 
the proper suggestion. Besides, the function to deliver 
promptly the recommendations of suitable products helps 
to improve the shopping experience of consumers and 
establish confidence in the brand. It was established that 
customers who have a belief that a platform recognizes 
their needs will be inclined to use the platform again for 
purchase. This hypothesis leads to the assumption that as 
the customer need prediction and response accuracy in-
creases, customer retention will also increase.

3.2 Data Collection

3.2.1 Data Source

Various methods of data collection were employed for this 
study to capture all aspects of the proposed hypotheses. 
The primary data collection method used in this study was 
a survey that was administered to the users of a particular 
e-commerce site. Specifically, this survey was carefully 
constructed to obtain key measures regarding customers’ 
satisfaction, personalization, operating effectiveness, and 
customer loyalty. The survey data referred to include the 
responses of 1000 customers who use the e-commerce 
platform.
Administered through a web-based tool, the survey em-
ployed a set of questions to determine the overall levels 
of satisfaction, the outcomes of the targeted customized 
products, and the customers’ opinions on delivery effec-
tiveness. These responses therefore offered some quali-
tative evidence of the perceptions that customers had of 
the services offered. Besides the survey data, the second 
source of data was the transactional data which was col-
lected from the actual e-commerce platform. This data 
entails several crucial aspects like time taken in order 
fulfillment, time to deliver orders and particular products 
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recommended to each user. These pieces of information 
were insightful for disentangling the various features of 
e-commerce operations and their impact on the customer’s 
evaluations.
The user interaction data was collected to assess the 
customers’ activity on the platform. This dataset also 
contained parameters like the time spent on the site, total 
clicks in a session, and the products visited or placed in 
the shopping cart. Combining survey data, transactional 
data, and user interaction data incorporated by Big Data 
Analytics allows for a thorough evaluation of the impact 
of Big Data on customers’ experience in e-commerce.
3.2.2 Data Preprocessing

Before proceeding with the analysis, it became especial-
ly important to clean up the collected data to make sure 
that the information is valid, coherent, and generally 
high-quality. In this preprocessing phase, several critical 
steps were accomplished. The main issue was how to deal 
with the missing values. Responding to the survey, some 
of the respondents provided only partial answers, and they 
were corrected. In the case of numerical data like ratings 
from customers or time, missing values were replaced by 
mean or median to allow the inclusion of full data sets.
The normalization of numerical data was the next pro-
cedure that was considered. To scale the input data fea-
tures like the duration of the session, the amount of the 
purchase, and the time taken for order fulfillment were 
normalized using Min-Max scaling. This technique was 
applied to normalize the numerical fields to bring them 
to a common scale which in turn helps in handling the 
results of the analysis. The feature extraction turned out to 
be quite instrumental in improving the utility of the data-
set. New features were extracted from the raw data to fa-
cilitate better analysis of the data collected. For instance, 

from the transactional data, the following derived features 
were considered: the average number of days that prod-
ucts in an order were fulfilled and the number of product 
recommendations given to every customer.
The derived features enhanced customer relations by 
offering details and interpretations of customer engage-
ments and encounters. For these preprocessing actions to 
be accomplished efficiently, Python libraries, particularly 
pandas and NumPy were utilized. These libraries offered 
strong abilities of data preprocessing for cleaning the data 
and getting rid of the missing values, normalizing numeri-
cal data, and extracting new features. This systematic data 
preprocessing aimed to guarantee that all data was made 
ready for further detailed analysis that, in turn, would 
help to acknowledge the value of Big Data Analytics in 
enhancing the customer experience in e-commerce com-
panies.

3.3 Data analysis and Discussion

3.3.1 Descriptive Statistics

Descriptive statistics as shown in Tables 1, 2, and 3 are 
useful in matching certain variables on how customer 
experience and operational efficiency can be improved 
on e-commerce platforms. When examining the results 
inferred from the variable of Personalization, we can 
identify it has a mean of 4.90 and a standard deviation 
of 2.92. The range, from a minimum value of 0.05 and a 
maximum of 9.99 evident that there is a different extent of 
personalization accomplished on each platform. Notably, 
the average value of the Customer Satisfaction Index is 
5.07 and its standard deviation is 2.92 thereby indicating a 
fairly good correlation between the degree of personaliza-
tion supplied and customer satisfaction indices.

Table 1: Descriptive Statistics (1)

The mean of Operational Efficiency is 50.24, however, the 
standard deviation of 29.07 indicates that platforms per-
form the indicator in highly varying ways. The variation 
of the use of Big Data for optimization of operations can 
be seen from near zero efficiency 0.001 to almost 99.78 %. 

The lower end of the spectrum is less efficient and such 
efficiency might be detrimental to the customer experi-
ence while the more efficient e-commerce platforms cor-
respond to optimized use of resources. Order Fulfillment 
Time has a mean of 5.018 and a standard deviation of 2.58, 
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which shows that the times for fulfilling orders are not 
very high across the platforms. The values of the median 
and the mean are close (5.00), which points to the fact that 

the times for fulfillment are stable, albeit with significant 
deviations in favor of some platforms and against others.

Table 2: Descriptive Statistics (2)

The Variance of the Predictive Analytics Usage has a 
mean is 4.85, and a standard deviation is 2.89, though it 
ranges from 9.99 to 0.007 which means that the e-com-
merce platform moderately implements the Predictive An-
alytics Usage. Likewise, Customer Retention has a mean 
of 50.01, although the standard deviation of 28.58 means 
that it varies a lot for the different platforms in terms of 
customer retention. A Statistical Analysis of Platform 

performance 25nearly all of them. The second predictor, 
Relevant Suggestions, bears a mean of 5.13 and a stan-
dard deviation of 2.88 to assert the applicability of the 
predictive analytics for the right customer recommenda-
tions. The idea, therefore, is that the more relevant these 
platforms suggest to their users, the higher the rate of cus-
tomer loyalty and satisfaction.

Table 3: Descriptive Statistics (3)

3.3.2 Effect of Personalization on Customer Satisfac-
tion

Hypothesis 1, which focuses on personalization and cus-
tomer satisfaction, yields the expected coefficient for the 
independent variable, implying that in this sample, per-
sonalization has no significant effect on customer satisfac-
tion. Such a negative and negligible value in the R-squared 
of (-) 0.019 suggests that personalization is not a good 
measure since it cannot capture much change in customer 

satisfaction. Furthermore, the adjusted R-squared that is 
equal to -0.000 is virtually non-existent, which supports 
the common claim that our model does not have any pre-
dictive value. The coefficient for personalization is equal 
to 0.0293, which means, for example, if we incorporate 
personalization by one in means, customer satisfaction 
would increase by only 0.0293 but this impact is statisti-
cally insignificant as the p-value is equal to 0.355 which is 
higher than 0.05 – the typical significance level.
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Table 4: Impact of Personalization on Customer Satisfaction

The obtained F-statistic was 0.8581 and the p-value was 
0.355, meaning that the model as a whole is not statisti-
cally significant. The above findings imply that beyond 
personalization alone, there is a need to design other 
strategies to enhance customer satisfaction. In addition, 
there is a large difference between the actual and predict-
ed customer satisfaction values as indicated by the mean 

squared error of 8.69. In conclusion, the outcome of this 
study negates Hypothesis 1 which posits that through the 
application of Big Data Analytics, personalization in-
creases customer satisfaction. This implies that although 
personalization could be an issue, factors like operation 
efficiency, or customer relations could be more influential 
when it comes to customer satisfaction.

Figure 1: Correlation between Personalization and Customer Satisfaction
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The scatter plot that has been depicted in the image de-
notes Personalization on the x-axis against Customer sat-
isfaction which is on the y-axis. These points all fall out 
randomly with no trend. This is affirmed by a coefficient 
of 0.02931 which implies that there is virtually a near zero 
positive relationship between the two variables. In practi-
cal terms, this means that higher levels of personalization 
do not present a clear correlation with higher levels of 
customer satisfaction in the data presented above. The 
correlation matrix also depicts this view very well with 
the correlation coefficient just approximating a zero point. 
Consequently, based on this analysis, it can be concluded 
that the issues concerning personalization are not very rel-
evant to customer satisfaction in the given particular set.

3.3.3 operational Efficiency, order Fulfillment Time, 
and Customer Experience

The findings of hypothesis 2 which examines the rela-
tionship between operational efficiency, order fulfillment 
time, and customer experience indicate that these mea-
sures have no significant impact on customer experience 
within this sample. Hence, the findings for the R-squared 
of - 0.0068 and the adjusted R- squared of - 0.002 suggest 
that the model does not capture any variation in custom-
er experience at all. The negative R-squared asked us if 
operational efficiency and order fulfillment time together 
even help to predict the customer experience; the answer 
is no, a more basic mean-based model would suffice.

Table 5: Operational Efficiency, Order Fulfillment Time, and Customer Experience

The coefficients of both the independent variables also 
underline their non-significance, where the operational 
efficiency, coefficient is, thus, 0.0004; which can be in-
terpreted to mean that a unit increase in operational effi-
ciency only results in a small increment in the customer 
experience (0.0004 units), thus, is not significant, based 
on the very high p-value of 0.907. Likewise, order ful-

fillment time has a coefficient estimate of 0.0121 and has 
a small positive effect in influencing customer experience; 
however, it is not statistically significant (p=0.734). The 
F-statistic of 0.06682 and a p-value of 0.935 suggest that 
the overall model or in essence, the independent variables 
used in this study do not have a bearing on the experience 
of customers.
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Figure 2: Operational Efficiency, Order Fulfillment Time, and Customer Experience Visualizations
The visual and statistical analysis provided presents a 
correlation matrix and a pair plot of three key variables: 
Operational Efficiency, Order Fulfillment Time, and Cus-
tomer Experience. The distribution of these variables is 
depicted in a pair plot and the strength and direction of 
associations between them using correlation coefficients.  
The conclusion section of the paper shows the interpreta-
tion of the results given by the data analysis, concerning 
the nature of the link between the criteria Operational 
Efficiency, Order Fulfillment Time, and Customer Experi-
ence by the use of a pair plot and a correlation matrix. The 
correlation matrix measures the extent of the linear rela-
tionship between them and the pair plot serves to graphi-
cally analyze the interactions of such major variables.
The correlation between Operational Efficiency and Or-
der Fulfillment Time is negative and quite low: 0,047. In 
practical terms, therefore, this implies that even when op-
erations efficiency is improved, this system does not trans-
late to faster order fulfillment. The coupling is relatively 
low thus proving that these two variables are mutually 
exclusive. There is almost no relationship at all between 
Operational Efficiency and Customer Experience as their 
correlation value was 0.004 only. There also exists a very 
weak relationship between Order Fulfillment Time and 
Customer Experience, with an R-squared of 0.011. The re-
ceived results indicate that fulfilling the orders as quickly 
as possible contributes little to the increase in the degree 
of customer satisfaction, at least in the given data set.

3.3.4 The Effects of Predictive analytics usage, Rele-
vant Suggestions, and Customer Retention on Custom-
er Satisfaction

The results for Hypothesis 3 shown in Table 6, testing the 
impact of predictive analytics usage and related sugges-
tions on customer retention, show that none of these vari-
ables is impactful in the data set when it comes to custom-
er retention. An R-squared of 0.0028 deduces that only 
0.2% percent of the customers’ retention variability can 
be predicted by the usage of predictive analytics and rele-
vant suggestions, and thus, can only slightly affect change 
in customer retention. The adjusted R-squared of 0.000 
reflects the fact that this model has a very weak ability to 
capture the dynamics of those factors that contribute to-
ward customer retention.
The coefficients of the independent variables also confirm 
this insignificance. For the use of predictive analytics, the 
coefficient is 0.4185, this indicates that if one uses pre-
dictive analytics customer retention reduces slightly. On 
the other hand, the r-square is weighed using the p-value 
of 0.181 and since this value is far greater than 0.05 the 
correlation observed is not statistically significant. Like-
wise, the value of the coefficient for relevant suggestions 
(-0.1891) shows a negative association with customer 
retention, but again, it is not significant (p-value =0.547). 
The F-statistic of 1.062 and the associated p-value of 0.346 
suggest that the overall model lacks statistical significance 
suggesting that the enhanced use of predictive analytics 
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as well as offering relevant suggestions is not effective in explaining customer retention.

Table 6: Regression Analysis of Predictive Analytics Usage, Relevant Suggestions, and Customer Retention Visualization

The mean squared error with the mean value of 865.44 
reveals a large amount of error in the customer retention 
prediction which also indicates that this model cannot pre-
cisely identify all the factors that may influence customer 
retention. The coefficient of the constant term of 53.0109 
suggests that even without having some form of predic-
tive analytics and useful suggestions given to it, customer 
retention is relatively high, which may mean that other 
factors at work were not considered in the study.
The correlation matrix in Figure 3 measures the intensity 
of these interactions and on the other hand, the pair plot 

gives us the graphical representation of these interrela-
tionships. A weak and slightly inverse nature of the rela-
tionship is found between the variables, Predictive Ana-
lytics Usage, and Relevant Suggestions with a correlation 
coefficient of -0.018. This means that the use of predictive 
analytics does not affect the relevance of the suggestions 
given to the customers at all. When broken down practi-
cally, even if organizations continue to incorporate greater 
levels of Predictive Analytics, the impact on relevance 
may not be seen as improving suggesting other aspects are 
very likely most influential in determining relevance.
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Figure 3: Predictive Analytics Usage, Relevant Suggestions, and Customer Retention Visualization
The relationship between Predictive Analytics Usage with 
Customer Retention is insignificant but negative which 
equals -0.042. The weak negative coefficient means that 
if some link exists, it is extremely small and of reversal 
sign, which reinforces previous conclusions that pure ap-
plication of predictive analytics might not enhance client 
loyalty. The coefficient between Relevant Suggestions and 
Customer Retention is also low and negative at -0.018. 
This analysis reveals that contrary to any conventional 
wisdom that apt and pertinent recommendations boost 
customer loyalty, these factors have a negligible absence 
of a direct and positive relationship.

4. Conclusion and Recommendation

4.1 Conclusion
The research set out to explore the impact of Big Data 
Analytics (BDA) on enhancing customer experience in 
e-commerce platforms, with a particular focus on three 
key areas: functional areas, including personalization, op-
eration, and prognosis. Based on the study, it was revealed 
that BDA is heralded with theoretical advantage and has 

the potential to impact e-commerce performance, but the 
research findings are not very supportive in terms of the 
research hypothesis. In Hypothesis 1 which tested the 
hypothesis that personalization increases customer satis-
faction, it was found that the influence of the variable was 
negligible and insignificant. That is why is recommended 
that personalized recommendations which are an effective 
feature are not sufficient to directly influence customer 
satisfaction. This finding further supports the postulate 
that customers probably rate aspects such as the quality 
of products, usefulness of the platform, and post-purchase 
support as more important in influencing their satisfaction 
levels.
In Hypothesis 2, the study explored the relationship be-
tween operational efficiency, order fulfillment time, and 
customer experience. None of the parameters we linked 
to improved operational efficiency or faster order deliv-
eries had any influence on the customer experience. This 
outcome suggests that operational improvements improve 
back-end operations and maybe cut costs, but are not as-
sociated with improved front-end customer experience. 
Customers may take certain levels of productivity for 
granted but going beyond that will not influence their 
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perception unless other factors like easy communication, 
openness during delivery, and one-on-one follow-up sales 
support are additional services provided.
The analysis showed that strategies such as predictive 
analytics as well as timely recommendations of related 
products, did not enhance customer stickiness in the ex-
amined dataset. This means that even though predictive 
analytics allows for the estimation of consumer behavior 
the e-commerce firm cannot solely rely on this factor to 
secure the loyalty of its consumers. It also seems that fac-
tors such as recency, overall experience, and emotional, as 
well as cognitive, bands with the platform have a stronger 
impact on retention than actual recommendation precision 
and forecasting.

4.2 Recommendations
Based on the results of this study, several key recommen-
dations can be made for e-commerce platforms looking to 
enhance their customer experience using Big Data Analyt-
ics.  E-commerce platforms should therefore shift to an-
other important point of contact. However, including such 
recommendations within other customer outreach tactics 
like improved customer relations, good quality products, 
and easy-to-access follow-up ease may bring about a more 
holistic and gratifying value to the customers. Customiza-
tion should be taken a step further beyond just targeting 
and should include product, communication, content, and 
customer communication.
Although customer experience enhancements by improv-
ing operational efficiency and increasing the speed of or-
der processing was not an issue according to this research 
it remains an important factor for e-commerce companies. 
There is also a need for companies to invest in increasing 
the extent of transparency and customer information, es-
pecially during the purchase and delivery process.
The current state of systems there implies that they are 
not adequately structured to produce optimal predictive 
analytics usage on customer retention. Thus, it is rec-
ommended that the e-commerce platforms focus on the 
improvements of the methods of long-time customers’ 
behavior, preferences, and trends analyses. While buying 
behaviors within platforms remain important, platforms 
should devote resources to models that capture a custom-
er’s complete journey so that the right products can be 
recommended at the right time.
Since data forms the cornerstone of Big Data Analytics, 
it would be highly appropriate for e-commerce organiza-
tions to make changes that ensure that the data collected is 
quality and secure. Lack of proper data management rais-
es issues of poor quality of insights and improper person-

alization while weak data protection is a blow to custom-
er’s trust. E-commerce platforms should carefully collect 
data and validate the information that will be employed in 
analytical procedures.

5. Evaluation

5.1 Limitations and Future Research
It is important, however, to note, that several aspects are 
inherent to this type of research that are important to con-
sider when evaluating the results of this study. The first 
major limitation of the review is that it provides a limited 
scope to customer experience and customer retention in 
e-commerce platforms: the principal drivers identified in 
the analysis are personalization, operational efficiency, 
and predictive analytics. Although these are pertinent 
factors, other significant variables were not incorporated 
in the regression models, they include product quality, 
perceived brand personality, brand familiarity, and per-
ceived brand effect this contributed to the low R-squared 
values obtained in the study. Future works should expand 
the literature investigation including other variables that 
could affect customers’ satisfaction and loyalty, as well as 
psychological and behavioral variables, market factors, 
and technological innovations in e-commerce.
Furthermore, the sample collected for the analysis al-
though adequate for this study was relatively narrow and 
stereotyped and can therefore not give a complete repre-
sentation of the customers’ behaviors across the geograph-
ical and demographic factors, and across different e-com-
merce platforms. A major consideration that was realized 
from the study was the fact that the findings were based 
on only an e-commerce site. Future studies might employ 
a larger sample size together with the participants from 
different regions, or stratified from different SES levels 
and the participants with different types of e-commerce 
platform experience. This would give a better picture of 
the type of part that Big Data Analytics plays in improv-
ing customer experience within divergent settings.
A limitation of the study is that most of the data collected 
were based on Transactional data and self-reported sur-
vey data that can be influenced by social desirability bias 
or recall bias. Regarding the limitations of the presented 
study, it is possible to note future developments where re-
al-time client tracking or customer action monitoring can 
provide researchers with more objective data about cus-
tomers’ behavior with e-commerce platforms. This would 
afford a more fine-grained understanding of the nature of 
Big Data Analytics in driving customer satisfaction, cus-

12



Dean&Francis

288

ISSN 2959-6149

tomer retention, and customer experiences.

5.2 EPQ Performance
In the course of this study, I have learned several things 
that can positively enrich my working skills, particularly 
in the areas of data collection and analysis. To improve 
my capacity to understand the quality and relevance of the 
data collected from the e-commerce users, I had to focus 
on acquiring big data sets from the e-commerce users 
besides correlating the transactions with the survey infor-
mation gathered. This has also helped me develop skills 
in sourcing, scrutinizing, and preparing data for analysis 
which will be quite crucial in subsequent research endeav-
ors.
I have gained more insight into Data analysis tools and 
methods like Regression tests, Correlation tests, and mod-
el building. While some of the analyses do not show sta-
tistical significance, the exercise of using these methods 
has helped me to appreciate the availability of more tools, 
and how I can explain or present quantitative results. I 
will then be more confident and technically equipped 
when handling future data analysis projects. Through the 
research, I have been able to enhance my academic writ-
ing skills in the social sciences and research.
Presenting statistical data briefly and logically to convey 
the results accurately was challenging. Explaining the 
theoretical frameworks on which the work was based and 
presenting statistical results allowed me to sharpen my 
skills in rational and coherent ideas presentation. This will 
be useful in future academic projects in particular when it 
comes to the dissemination of research results in a formal 
and academic setting. Managing the needs of this project 
alongside other assignments was quite challenging be-
cause prior planning and time management were essential. 
Another strategy I was able to embrace is time manage-
ment where I had to dedicate particular hours within the 
day for analysis of data and writing and particular hours 
for reviewing the work.
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