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Leveraging Retail Retention Strategies Using
Al-Driven Predictive Customer Insights

Lakshmi Priya Kudupudi
X23333367

Abstract

Customer churn remains a major concern for retailers, where even minor service
issues can trigger customer loss. This study develops a scalable, Al-driven churn
prediction and prevention system integrating cloud storage, predictive modeling,
CRM automation, and business dashboards. Using the 90,0004+ record Olist e-
commerce dataset, Data was stored in Azure Blob Storage, processed in Jupyter
Notebook, and modeled using Naive Bayes, KNN, XGBoost, and Bi-LSTM.

XGBoost and Bi-LSTM achieved perfect accuracy and ROC-AUC, with Bi-
LSTM excelling at sequence-based behavior analysis. High-risk customers i.e, churn
score above 0.80 were passed on to Salesforce via REST API, with custom objects,
Apex Triggers enabling automated follow-up and email notifications. Power BI
dashboards aggregated Azure and Salesforce data for real-time churn monitoring.

Results show that integrating AI predictions with Salesforce significantly en-
hances proactive retention, yielding a practical, reproducible model for operation-
alizing churn prevention in real CRM environments.

Keywords: Customer Churn, Predictive Analytics, Bi-LSTM, XGBoost, Sales-
force CRM, Azure Blob Storage, Power BI, Machine Learning, Deep Learning, Re-
tail Analytics.

1 Introduction

Customer turnover is one of the largest retail woes, especially in our present high-velocity
digital era. With customers having so many options, it’s easy to switch from one brand
to another. Even a small issue like late delivery or a bad product review becomes the
reason for the customer to change allegiance. Unless approached early with proper care,
businesses are at risk of losing their customers in a short period. Customer churn has
been established to have a direct connection to brand profitability and cost of operations
through recent research, and predictive retention is one of the most critical business
strategies in retailing. Putra et al.| (2024)combining descriptive and predictive analytics
in an interactive dashboard environment has the potential to enable decision-makers to
act on churn insights more effectively. This research builds on that principle by ensuring
that predictive outputs are not isolated in a data science environment but are made
actionable through Salesforce and visualized in Power BI for real-time business usage.
To overcome this limitation, most of the companies are now embracing machine learn-
ing (ML) and artificial intelligence (AI) strategies to predict customer churn well in ad-
vance. Corporate CRM solutions like Salesforce are being utilized to a significant degree



with automated functionalities to offer real-time customer insights and customized inter-
ventions. Large service and internet businesses like Amazon, Nykaa, and Zomato have
already implemented Al-powered CRM systems to automate engagement programs and
maximize customer lifetime value. Small and medium-sized businesses generally cannot
finance such advanced end-to-end systems on the basis of cost, data volume, and limited
integration.

Cloud infrastructure is essential to make integration possible. AsMulpuri and Mathew
(2024)noted, modern CRM implementations rely on modularity, design favorable for use
in the cloud, and the capability to scale data ingestion and model deployment for multiple
platforms. In echo with this, this project utilizes Azure Blob Storage to scale dataset
management, Jupyter Notebook to develop models, and Salesforce for CRM automation,
but each component is developed to run within an integrated environment supportive of
the cloud.

Data engineering and processing are also critical. Saini et al.| (2024) underscore the
advantage of using Azure not only for mass storage but also for high-performance, secure
data pipelines that go directly into machine learning pipelines. Consistent with this
strategy, my project utilized Azure Blob as the central data storage, enabling easy pull
into Jupyter for preprocessing, training model, and prediction build-up.

In my research journey, I wanted to take a practical, industry-aligned approach to
solving the churn problem. The main goal was to design a working solution that could
not only detect churn risk using AI models but also trigger automated retention workflows
using Salesforce CRM. I began with a comprehensive e-commerce dataset sourced from
Kaggle and hosted it on Azure Blob Storage, given the data limitations of Salesforce
Developer Edition. From there, I utilized Jupyter notebooks to build machine learning
and Bi-LSTM-based deep learning models that forecasted the probability of churn from
signals such as late deliveries and negative product reviews two known antecedents of
retail dissatisfaction.

After developing the model predictions, I took the top 2,000 high-risk customers and
imported their records into Salesforce through a custom object named Retail_Churn_Pred__c
with fields like Customer_Id__c, Churn_Score__c, and High_Risk__c. T also created an easy-
to-see layout in order to see these records within the CRM itself. I next created an Apex
Trigger that regularly made follow-up tasks and email notifications each time an updated
high-risk customer record or new one had been made. This caused the CRM system to
respond in real time, simulating how real-life sales teams would engage with at-risk cus-
tomers prior to losing them. To bring business visibility into the entire churn landscape,
I developed a set of interactive Power BI dashboards. Since I had data from two systems
Salesforce and Azure. I merged the datasets on the Customer_Id__c field and created a
unified dashboard view. These dashboards provide real-time insights into the number
of customers flagged as high-risk, pending follow-ups, churn distribution by region, and
CRM pipeline saturation, which is in line with recent findings on Azure-based churn
analytics (Gokulnath and Revathi (2024).These kinds of dashboards provide real-time in-
sights into the number of customers that are high-risk flagged, the number of pending
follow-ups, distribution of churn by region, and overall saturation of the CRM pipeline.
The importance of visual dashboards in real-time churn monitoring and decision-making
has also been strongly emphasized in recent industry-focused studies.

Research Problem and Objectives: The main research question that I explored
is:

Can Al-driven churn prediction models, when integrated with Salesforce



CRM, assist in proactively targeting and engaging high-risk customers for
minimizing churn in retail?

To address this question, the following objectives were defined: To develop machine
learning and deep learning models that identify churn-prone customers based on beha-
vioral data. To integrate Al outputs with Salesforce CRM through custom objects and
automation triggers. To simulate real-world CRM responses using Apex-based email
alerts and task creation. To build a Power BI dashboard for visualizing churn trends and
tracking follow-up performance.

Contribution to Scientific Literature: This research contributes to the growing
academic field of Al-integrated CRM systems by presenting a fully functional, cloud-
based churn prediction pipeline using open-source tools and commercial-grade platforms.
While prior work has focused on individual aspects such as Bi-LSTM for churn pre-
diction or Power BI dashboards, this study brings together Azure ML, composite deep
learning, CRM automation, and BI dashboards into one scalable and replicable solu-
tion. It demonstrates how real-world retail systems can be enhanced using affordable
technologies accessible to startups area where practical academic case studies are still
limited.

Limitations: This project has some platform-related and modeling limitations. The
Salesforce Developer Edition allows only a maximum of 2,000 records and has field count
limitations. The churn model also assumes that customers with delivery delays or poor
reviews are likely to leave a simplification that may not hold in all industries. More robust
results could be achieved in future work by incorporating broader customer behavior
histories, browsing patterns, and longitudinal sentiment data.

2 Related Work

Understanding the importance of customer retention in modern retail has led many re-
searchers to explore how Artificial Intelligence (AI), Machine Learning (ML), and Cus-
tomer Relationship Management (CRM) systems like Salesforce can be used together.
This section gives a critical review of academic work in two key areas: Al-powered Sales-
force CRM applications, and predictive modeling for customer churn using machine learn-
ing and deep learning.

2.1 Al and Salesforce CRM for Predictive Insights

Many researchers have studied how Salesforce can be enhanced with Al to make CRM sys-
tems more predictive and proactive|/Gao and Liu| (2022)) explored how Al and ML can be
embedded into Salesforce to improve customer insights and predict behaviour using real-
time analytics. Their work focuses mostly on the architecture, showing how Salesforce
Einstein can support intelligent decision-making, but does not provide implementation
results using custom deep learning models like Bi-LSTM.

Similarly, a study by [Sanodia| (2023) focused on how personalization in Salesforce can
be improved by using Al technologies. The author highlights tools like sentiment analysis
and behavioral tracking, but the work is more theoretical and lacks a hands-on integration
with actual high-risk churn prediction and task automation like we have implemented in
our project.

A \Gudurul (2024)) provided a literature review on Salesforce + Al integrations and
noted that most projects focus on prebuilt tools rather than building custom models.



They emphasize the need for combining predictive intelligence with CRM automation,
which directly supports the idea behind our work.

Another Salesforce-specific article by Pethad| (2022)) discussed predictive insights using
out-of-the-box features in Salesforce. However, they did not explore external platforms
like Azure for model development, which is an area where our research expands upon
existing knowledge by bringing together Azure + Salesforce using REST API.

Overall, most of the literature on Al in Salesforce shows how companies are using
prebuilt tools like Einstein or standard workflows. But very few go into custom ML or
DL model integration, automated Apex triggers, and linking external model outputs with
Salesforce automation flows. which is the core innovation in our project.

2.1.1 Data Integration and Storage for Large Retail Data

Managing 90,000+ records with limited CRM space requires scalable architecture. Grant
et al.| (2022)book explains how to use Azure Blob Storage and Machine Learning Studio
for scalable model training. We followed a similar approach by storing datasets in Azure
Blob Containers, generating SAS URLs, and accessing them inside Jupyter Notebook for
ML model training.

Also, (Chatterjee et al. (2021) in his dissertation emphasized that personalization is
key, but real-world CRM solutions often lack proper data pipelines and integrations.
By bridging Azure (data + model), Salesforce (CRM + automation), and Power BI
dashboards, That’s how our study goes one step further than earlier works.

2.1.2 Real-Time Automation for Churn Management

Our work also includes automated engagement with churn-prone customers. We imple-
mented Apex Triggers and Email Alerts using Salesforce Flow. While|Chinta et al.| (2023))
touched on automation flows in their paper, they did not fully implement follow-up tasks
or email templates triggered via ML output.

In the real world, platforms like Zomato and Nykaa regularly use automated email+SMS
triggers based on customer behavior. But such flows are not yet documented in academic
work with technical architecture. That’s another reason to our research stands out.

2.2 Machine Learning and Deep Learning for Churn Prediction

In the context of customer churn, researchers have applied various ML and DL techniques
to large-scale e-commerce data,Zhang et al.| (2023) proposed a Bi-LSTM-based churn
prediction model which performs better than traditional methods due to its ability to
capture sequential patterns. While the model is strong, it was only tested in a controlled
environment and not connected to any CRM system for real-world action.

Similarly, Khattak et al.| (2023)) introduced a composite deep learning technique for
churn prediction and showed high accuracy. But again, the paper focuses only on the
model and ignores the operational deployment like how to act on those predictions using
email automation or customer follow-ups. Another study by |Gao and Liu (2022) priorit-
ized the importance of Al personalization in marketing experiences. From their findings,
it attain more efficient campaign outcomes with the help of predicting customer behavior.
However, their work is more about strategy than technical implementation.

The authorBarga et al.| (2015)explain step-by-step how Azure can be used to prepro-
cess large datasets and deploy ML models. But the book does not cover how to connect



these predictions to external CRM platforms like Salesforce. Laaksonen (2020) and Bil-
geri (2020) both did comprehensive studies on how Al improves CRM in B2B companies.
They highlight that most companies do not use predictive analytics to its full potential
because they lack integration across platforms. This supports the gap that our project
tries to solve.

In short, while many research papers show how to build strong ML models or use
Salesforce automation, very few combine both sides into a working solution. Our project
fills this gap by using Bi-LSTM and XGBoost in Azure, pushing only high-risk records
to Salesforce, and triggering actions like email alerts and tasks using Apex and Flow.

2.3 Summary and Research Gap

The thorough analysis after reading the research papers and referencing the most relevant
ones, here the existing solutions are either focused only on building Machine Learning
and Deep Learning models or on using Salesforce tools for automation. What’s missing
is a full pipeline. Where I processed large-scale data in Azure, applied predictive models,
sent the results to Salesforce, and then automated follow-ups based on churn score.

3 Methodology

This research project was implemented using a structured methodology, starting from
data acquisition to modeling, evaluation, and final deployment. The entire project was
designed to simulate a real-world scenario where customer churn is predicted in an e-
commerce environment and acted upon using Salesforce automation and Power BI dash-
boards. The steps taken reflect not only a technical pipeline but also a practical business
intelligence framework for actionable insights.

3.1 Data Collection and Preparation

The project began by collecting the full Olist e-commerce dataset from Kaggle, which
contained more than 90,000 records including customer data, order history, payment
details, product reviews, and logistics timelines. Due to the storage limitations of the
Salesforce Developer Edition, I decided to offload the data into Microsoft Azure Blob
Storage. I created a new Azure Storage account, configured blob containers, and uploaded
all CSV files. To securely access them in Jupyter Notebook, I generated SAS (Shared
Access Signature) URLs for each file. This approach was inspired by literature advocating
scalable cloud storage solutions, especially when dealing with enterprise-scale datasets.

After successful loading into the Jupyter environment, I merged various tables such
as customers, orders, reviews, order_items, and payments into a unified dataset using
customer_id and order_id as join keys. Missing values were filled using mean imputation
for numerical features and most frequent values for categorical ones. Label Encoding was
used to convert non-numeric columns. Additionally, numeric columns were standardized
with the help of StandardScaler specifically for algorithms like KNN and XGBoost as
they are scale-sensitive. All the preprocessing methods aided in creating a clean, well-
organized dataset that can be utilized to train predictive models.



3.2 Churn Definition and Feature Engineering

One of the most important tasks was defining the target variable. The original dataset did
not explicitly mark churners. Therefore, I referred to customer behavior-related literature
and used the logic: if a customer had a bad review (review_score j= 2) and delivery delay
was more than 5 days, the record was marked as a churned customer (churn_flag = 1).
Otherwise, it was labeled 0. Features like delivery_delay, review_score, and approval_time
were selected because they indicate dissatisfaction and were also highlighted in papers
like |Zhang et al.| (2023) and the Journal Article on churn prediction using deep learning.
The final dataset had both numerical and categorical columns, normalized and encoded,
ready for model training.

3.3 Machine Learning Models

For the classification problem, I used four models i.e. Naive Bayes, K-Nearest Neighbors
(KNN), XGBoost, and Bi-LSTM. T began with Naive Bayes because it is simple and
appropriate for categorical features. However, its feature independence assumption didn’t
align with the data structure, and its accuracy and AUC were understandably worse.
Second, K-Nearest Neighbors (KNN) was used to evaluate an instance-based approach.
Although it offered better accuracy than Naive Bayes, it was computationally costly on
large datasets and input feature scaling-sensitive.

The most effective traditional model was XGBoost. It uses gradient boosting over
decision trees, and I selected it for its performance on tabular, imbalanced data. I used
RandomizedSearchCV for hyperparameter tuning and included the scale_pos_weight para-
meter to address class imbalance. This model produced the highest ROC-AUC score
among traditional models.

For all models, I used confusion matrices to evaluate their performance. This helped
in identifying the true positives (correctly predicted churners), false positives, and false
negatives. In churn prediction, minimizing false negatives is of utmost necessity as failing
to predict a true churner results in losing a customer permanently. Hence, confusion
matrix, precision, recall, Flscore, and ROC-AUC all were a part of the evaluation metrics.

3.4 Deep Learning Model — Bi-LSTM

After testing Machine Learning models, I proceeded to develop a Bi-LSTM (Bidirectional
Long Short-Term Memory) deep learning model using Keras and TensorFlow. The reason
for choosing Bi-LSTM was that customer behavior, especially churn, often follows sequen-
tial patterns. Such as repeated delays or bad reviews. This sequential nature cannot be
fully captured by traditional Machine Learning models.

I created sequences from the dataset using features like delivery_delay, approval_time,
and review_score, and reshaped the input to feed into the Bi-LSTM network. The model
architecture included a Masking layer to ignore padded inputs, a Bidirectional LSTM
layer for sequence learning, a Dropout layer to avoid overfitting, and Dense layers for
final classification. I used Binary Cross-entropy as the loss function and Adam optimizer.
Early stopping was also implemented to ensure the model didn’t overfit. The Bi-LSTM
model outperformed traditional models in terms of accuracy and ROC-AUC and proved
to be very effective for time-series-like retail data.



3.5 Model Comparison and Selection

All four models were compared using accuracy, ROC-AUC score, and confusion matrix.
Among them, XGBoost and Bi-LSTM showed the best results, with Bi-LSTM slightly
better in capturing complex patterns. XGBoost was more interpretable, while Bi-LSTM
was more powerful in learning sequences.

Table 1: Model Comparison.

Model Accuracy | ROC-AUC
XGBoost 100.00% 1.0000
Bi-LSTM 100.00% 1.0000
Naive Bayes 89.00% 0.9940
K-Nearest Neighbors | 99.00% 0.9893

As seen, Bi-LSTM had the best performance, especially in capturing complex temporal
relationships, while XGBoost was a close second and offered better Interpretability.

3.6 Integration with Salesforce CRM

Post-predictions, only high-risk churn records (churn_score >0.80) were sent to Sales-
force using Python’s Simple Salesforce library and the REST API. I have created a cus-
tom object called Retail Churn_Pred_c in Salesforce with fields such as Customer_Id_c,
Churn_Score_c, and High Risk c.

For automating retention activities, I have created Apex Trigger. The Trigger was set
to run when a high-risk record was updated. It would send an Email Alert to the assigned
sales representative and create a Follow-Up Task with details about the customer. This
real-time response allows sales teams to intervene before the customer actually churns.
This integration is one of the major contributions of this research.

3.7 Power BI Dashboards

As part of the business intelligence layer, Microsoft Power Bl was utilized to create an
interactive and insightful visualization environment for both technical and non-technical
users. The cleaned datasets stored in Azure Blob Storage and the churn prediction
outputs pushed to Salesforce were imported into Power Bl and merged using the common
key customer_id. This integration allowed for a consolidated view of customer behavior,
churn scores, order performance, and delivery patterns.

Two primary dashboards were created to support different aspects of the business.
The first dashboard, titled Retail Operations Overview & Logistics Insights, focused on
supply chain efficiency, monthly order patterns, cancellation trends, and top-performing
product categories and seller locations. The second dashboard, Salesforce Churn Pre-
diction, provided a focused view of customers at risk of churn, based on Al-generated
predictions. Visuals included a donut chart showing the distribution of high-risk custom-
ers, a histogram of churn scores, churn score bands (Very High, High, Medium), and a
searchable customer-level table. A scatter plot of churn score versus risk flag provided a
deeper understanding of customer segmentation.

Power BI drag-and-drop interface was used to build these dashboards, along with
slicers, filters, and tooltips for interactivity. Custom metrics such as Churn_Score_Band__c



were calculated using DAX (Data Analysis Expressions). The dashboards were pro-
grammed to refresh automatically with scheduled data imports from Azure and exports
from Salesforce so that real-time monitoring of churn dynamics was possible. The inter-
active dashboards allowed business users to track high-risk customer segments in real-
time and act in response proactively without being required to interpret model output
raw data.

3.8 Evaluation Strategy

To validate the strength of models, I conducted an 80:20 train-test split. For XGBoost, I
utilized RandomizedSearchCV for tuning hyperparameters like learning rate, max depth,
and subsample ratio. For Bi-LSTM, I monitored validation loss through early stopping to
prevent overfitting. This identified the best epoch before the model started memorizing
training data.

All the metrics of evaluation accuracy, precision, recall, F1l-score, confusion matrix,
and ROC-AUC were recorded.But most importantly, the models were evaluated for busi-
ness usefulness.How well they identified high-risk churners and triggered automated action
in Salesforce. The confusion matrix, in particular, helped in visualizing true churners vs
false alarms, which is very important when customer retention campaigns are involved.
Precision and recall were considered more critical than just accuracy, because catching
actual churners and avoiding false positives saves both effort and marketing cost.

This end-to-end process from Azure to Jupyter to Salesforce to Power BI rendered
the predictions not just theoretical but also practically actionable. It also demonstrated
how predictive analytics may be applied in a live CRM system to make better decisions.

4 Design Specification

In this section, I present the technical design and architectural layout of the customer
churn prediction system that I developed. The aim was to create a solution that is
scalable, modular, and easy to integrate into a real-world retail CRM system. Unlike the
methodology section, which talks about what I did and how I did it, this section focuses
more on the design decisions, the structure of the system, and why I selected certain
technologies and frameworks to solve this problem.

4.1 System Architecture Design

The pipeline-based architecture was utilized, and four fundamental components were
integrated: business intelligence dashboards, machine learning and deep learning model-
ing, CRM (Salesforce), and data storage. I was working with big data containing more
than 90,000 records, so the architecture had to be capable of supporting smooth data
interaction among tools like Azure, Jupyter Notebook, Salesforce, and Power BI.

Data journey starts from Azure Blob Storage, where I had uploaded all the raw CSVs
like customers, orders, payments, reviews, and order items. Next, I utilized SAS (Shared
Access Signature) URLs to retrieve data securely to Jupyter Notebook for preprocessing
and training of models.

After the predictions had been generated, only high-risk churn records (churn_score
>0.80)werepushedtoSales forcethrougha REST API.InSales force, Lalsodesignedacustomobjectname



4.2 Dataset and Feature Design

For the dataset design, I started by working with several CSV files like customers, orders,
payments, order_items, and reviews. Since the data was normalized across these files, I
had to carefully merge them using common fields like customer_id and order_id to bring
everything into one combined table for analysis. This step was important to make sure all
customer-related information was linked properly before starting the model building. For
modeling, I created a new binary target label called churn_flag based on two conditions:
Review score < 2 Delivery delay > 5 days

This was inspired by existing literature |[Zhang et al. (2023) that shows customers are
more likely to churn when deliveries are late and reviews are poor. These two features
became the foundation of my labeling system.

4.3 Model Design and Architecture
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Figure 1: System Design Architecture Diagram

The model selection included a mix of baseline, traditional, and deep learning models.
I carefully designed this mix so that I could compare different types of models on the
same dataset.

Naive Bayes: Selected as a baseline due to its simplicity and fast runtime.

KNN: Used to test how instance-based learning handles customer churn classification.

XGBoost: Chosen for its ability to handle class imbalance and perform well on tabular
data. I used RandomizedSearchCV for hyperparameter tuning.

Bi-LSTM: Since churn can be a result of sequential behavior, I designed a Bidirectional
Long Short-Term Memory (Bi-LSTM) network. The architecture included:



Masking Layer is to ignore padding

Bidirectional LSTM Layer to learn sequence dependencies

Dropout Layer to avoid overfitting

Dense Layer for output final prediction

Features used for the Bi-LSTM were reshaped into sequences. Such as delivery_delay,
review_score, and approval_time.

4.4 Salesforce CRM Integration Design

In Salesforce, I created a custom object Retail Churn_Pred__c with three main fields:

Customer_Id__c stores unique customer ID

Churn_Score__c stores score from Machine learning model

High Risk__c — TRUE if churn score > 0.80

I then implemented:

Salesforce Email: Sends an email alert when High Risk__c¢ = TRUE

Apex Trigger: Automatically creates a follow-up task for the CRM team

This CRM-side automation design ensures that churn predictions are not wasted.They
are used for actual business actions like customer re-engagement.

4.5 Power BI Dashboard Design

As part of the business-facing layer of my system design, I created a Salesforce Churn
Prediction dashboard in Power Bl.Das et al. (2023) The idea behind this dashboard
was to help non-technical users, like the CRM team or marketing department, easily
understand which customers were at risk of leaving. I designed the layout to be simple,
yet informative. At the top left, I included a donut chart to show the total number of
high-risk customers using the High_Risk_c field. Next to it, there’s a table that lists
each customer’s ID, churn score, and risk status. This helps the sales team immediately
identify which customers need attention.

To make the score distribution more understandable, I included two graphs one that
shows the distribution of churn scores across all high-risk customers, and another that
splits them into bands like Very High (0.98-1), High (0.95-0.98), and Medium (0.92-0.95).
This classification was done using DAX inside Power BI to convert numeric scores into
readable categories. It helps stakeholders decide which segment should be prioritized
first.

I also added an interactive filter panel and a scatter plot that maps churn scores
against the number of customers. Together, these visuals form a complete picture not
just raw predictions but how they translate into business action. The dashboard pulls
data from both Salesforce (predicted records) and Azure (original retail data), merged
using customer_id__c, giving a unified view across the pipeline. This visual design supports
decision-making in real time.

5 Implementation

The actual implementation of my proposed solution for predicting customer churn using
machine learning and deep learning models, integrating the predictions into Salesforce
CRM, and visualizing the results through Power BI dashboards. The aim was to build a
full pipeline that not only predicts churn with high accuracy but also allows the business to
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act upon it. All the development and implementation were done using cloud-based tools
like Microsoft Azure, Salesforce, and Power BI, with Jupyter Notebook serving as the
main programming interface for machine learning and deep learning model development.

It should describe the outputs produced, e.g. transformed data, code written, models
developed, questionnaires administered. The description should also include what tools
and languages you used to produce the outputs. This section must not contain code
listing or user manual description.

5.1 Code Outputs and Deliverables

The first step of implementation was preparing the dataset. I started with raw CSV
files downloaded from Kaggle’s Olist e-commerce dataset. These included customers.csv,
orders.csv, order_items.csv, payments.csv, and reviews.csv. Since these were normalized,
I combined them on customer_id and order_id as foreign keys to provide me with a neat
and single dataset. The combined data was saved as merged_data.csv and kept in Azure
Blob Storage for later reference. After data preparation, I created a new feature called
churn_flag, which acted as the target variable. This flag was generated based on two
business conditions: If the review score was less than or equal to 2 and the delivery delay
was more than 5 days, then that customer was marked as churned (1), else not churned
(0). This approach was grounded in customer behavior studies and aligned with how
real-world businesses track customer dissatisfaction.

Top 10 Feature Importances

0.000 0.025 0.050 0.075 0125 0150 0175

Figure 2: Top 10 Feature Importances

I trained and evaluated four models Naive Bayes, K-Nearest Neighbors (KNN), XG-
Boost, and Bi-LSTM. The outputs from these models included churn predictions in the
form of probabilities and binary risk labels (High_Risk__c = TRUE/FALSE). These results
were saved to a predictions file named high risk_customers.csv.

5.2 Tools, Libraries, and Technologies Used

The whole implementation was done in Python on Jupyter Notebook. Pandas was utilized
to manipulate data, and Scikit-learn and XGBoost were utilized for conventional ML and
preprocessing respectively. The deep learning model (Bi-LSTM) was done with Keras
and TensorFlow.

For CRM operations and automation, I used Salesforce, where I created custom ob-
jects and fields to capture the high-risk churner data. The integration between Python
and Salesforce was handled using Simple Salesforce library and REST API. All the model
predictions were pushed into Salesforce automatically.
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Finally, to visualize results, I made use of Microsoft Power BI, which could connect
with both Azure data sets and Salesforce. Dashboards were developed through the use
of the drag-and-drop feature of Power Bl and automatically refreshed as data evolved.

5.3 CRM Configuration and Automation

Inside Salesforce, I created a custom object called Retail Churn_Pred__c. This object
included fields like Customer_Id__c, Churn_Score__c, and High_Risk__c. Whenever a new
record was added to this object from Python (via REST API), a Flow in Salesforce was
triggered.

This Flow triggered an automatic email to the sales team or CRM to inform them of
the risk customer. I also wrote an Apex Trigger that would automatically create a follow-
up task for the assigned user so that the customer was contacted before they actually
churned. This automation provided real business value to the implementation aside from
just prediction.

5.4 Power BI Dashboards

As a final step, I created two Power BI dashboards:

The first dashboard addresses Azure-based retail performance metrics such as region-
wise customer trends, monthly sales quantity, order cancellations, and late deliveries.It
gives the business a complete view of operational efficiency.

The second dashboard shows the churn prediction results from Salesforce. It displays
key metrics that help CRM teams directly track and monitor customers who are at high
risk of leaving. One of the main visuals is the donut chart showing the total number of
high-risk customers. In this case, around 2,000. This is a quick way for stakeholders to
get a snapshot of the churn severity. Right next to that, there’s a dynamic table that has
customer IDs, their churn scores, and the High_Risk__c flag, so that the team can quickly
see and prioritize which customers are in need of focus.

Salesforce Churn Prediction
Total High-Risk Customers er Details Table et r:hurn Score Distribution

O

Churn Score vs High Risk | Fietoaram of Churn Score Bands
i High Risk_c @7

Mmoo

Figure 3: Salesforce Churn Prediction

The other key chart is the Churn Score Distribution, which indicates how churn
scores are distributed among customers. As would be predicted, the majority of high-risk
customers have scores very nearly 1.0, meaning that they are highly likely to churn. I also
added a scatter plot titled ”Churn Score vs High Risk” that helps to note the correlation
between churn score values and customer numbers. This helped me to confirm that as
the churn score increases, a greater number of customers as high risk.

Under that, I created a Histogram of Churn Score Bands that segments the high-
risk customers into three bands Very High (0.98-1.0), High (0.95-0.98), and Medium
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(0.92-0.95). This was useful to segment risk further, so that even in the high-risk category,
the sales or support team can identify how urgently each customer needs to be contacted.

The left-hand Toggle Filter Panel enables filtering of the dashboard by customer 1D,
risk flag, and churn score. This makes the dashboard interactive and friendly to the
business team. All these visualizations were built using Power BI and are connected to
both Azure and Salesforce data. As explored in Murugan et al. (2024)), interactive Power
BI analytics can help uncover retail sales trends, customer demographics, and regional
performance insights—enabling data-driven strategic planning. The dashboards are set to
auto-refresh, so decision-makers can always work with the latest churn insights without
depending on the technical team.

Overall, this second dashboard plays a major role in operationalizing churn predic-
tions. Instead of just keeping churn scores in a CSV or model output, we brought them
to life through Salesforce and Power BI, allowing the CRM team to act on the data
immediately and reduce actual customer loss.

Retail Operations Overview & Logistics Insights

Order Distribution by Status Top 10 Seller Cities by Revenue Monthly Cancelled Orders Trend

Count of order_id

Top Product Categories by Number of Orders

Monthly Revenue Trend Actual vs Estimated Delivery Time
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Figure 4: Retail Operations Overview & Logistics Insights

order_purchase_timestamp

5.5 Final Outcome and System Functionality

The end result of the implementation was a fully automated predictive churn pipeline.
It starts with data in Azure, moves to model building in Jupyter, integrates predictions
into Salesforce CRM, triggers real-time business actions, and provides visual dashboards
in Power BI. This system doesn’t just stop at building models. It delivers real business
value by helping customer service teams act before losing high-value clients.

The implementation confirmed that the XGBoost and Bi-LSTM models were the most
effective for this problem. Not only were their predictions statistically accurate, but they
were also actionable. The pipeline demonstrated how modern AI technologies can be
assembled to solve real business problems in customer relationship management.

6 Evaluation

The evaluation of the machine learning and deep learning models that I developed to
predict customer churn in a retail e-commerce environment. The results are analyzed
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from both technical and business perspectives to understand how well each model per-
formed and how useful it was in identifying high-risk customers. I have also discussed the
dashboards created in Power BI and how they helped in interpreting the model outputs
visually. The evaluation was done on different models using standard metrics such as
accuracy, precision, recall, Fl-score, ROC-AUC, and confusion matrix. Visual aids like
charts and screenshots have also been included to support the analysis.

6.1 XGBOOST

The best-performing machine learning algorithm was XGBoost, a gradient boosting lib-
rary that is tuned to optimize between performance and speed.Recent studies have ex-
plored combining spatial and machine learning techniques for churn prediction Phan et al.
(2023)).I performed parameter optimization of n_estimators, learning rate, max_depth,
and subsample using RandomizedSearchCV. The model was 100% accurate and 1.0 ROC-
AUC, a perfect fit for tabular data with imbalanced classes. The confusion matrix showed
no false negatives, signifying the model was capable of predicting all the churners accur-
ately. In terms of business impact, this is a very important achievement. Since churners
are usually a small portion of the customer base, XGBoost’s ability to highlight them
accurately helps the sales team act faster.

XGBoost Confusion Matrix
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Figure 5: XGBOOST CONFUSION MATRIX

6.2 NAIVE BAYES CLASSIFIER

The Naive Bayes classifier was the second model that I utilized. I chose it mostly as
a baseline because it is fast, straightforward, and works fairly well with categorical
data.After pre-processing the dataset, I trained this model using the churn_flag as the
target variable. The accuracy was around 89%, and the ROC-AUC score was 0.994. How-
ever, the confusion matrix showed that the model had difficulty correctly identifying all
the high-risk churners, resulting in some false negatives, which is not ideal in a business
setting. Even though the performance looked okay in numbers, the assumption of feature
independence made this model less suitable for our dataset, This agrees with [Patil et al.
(2017) findings, in which Naive Bayes fared poorer than tree models due to its strong
independence assumptions, which rarely happen in customer data sets with dependent
features.
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Naive Bayes Confusion Matrix
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Figure 6: Naive Bayes Confusion
Matrix

6.3 K-Nearest Neighbors

Then as a third case I attempted to use a distance-based classifier with the K-Nearest
Neighbors algorithm. The model KNN produced 99% accuracy and ROC-AUC of 0.9893,
outperforming Naive Bayes.This is also supported by research in the Atay and Turanli
(2025) which stated the sensitivity of KNN to dataset size and reliance on proper fea-
ture scaling. Although KNN had better true positive rates than Naive Bayes, its lack
of scalability makes it less appropriate for application in enterprise churn prediction sys-
tems.However, it took more time to train and predict because KNN requires storing and
comparing with all training samples. The confusion matrix showed better true posit-
ive rates, but KNN was still not efficient on large datasets like ours (90k+ records).
Moreover,the model required feature scaling using StandardScaler to work properly

KNN Confusion Matrix
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Figure 8: KNN Confusion Matrix

6.4 Bi-LSTM MODEL

Finally, I employed a Bi-directional Long Short-Term Memory (Bi-LSTM) model con-
structed using TensorFlow and Keras. I employed Bi-LSTM to detect sequential pat-
terns of customer action such as frequent delays or frequent negative reviews. I selected
features like delivery_delay, approval_time, and review_score, reshaped the data into 3D
sequences, and fed it into the model. The architecture included Masking, Bi-LSTM,
Dropout, and Dense layers. The model used binary cross-entropy loss and the Adam
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optimizer, with early stopping to prevent overfitting. The Bi-LSTM model also achieved

Bi-LSTM Confusion Matrix
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Figure 10: Bi-LSTM Confusion Matrix

100% accuracy and a 1.0 ROC-AUC score, similar to XGBoost. But it did a better
job in learning complex relationships over time. This confirms the findings of (Chandar
(2019) who pointed out that proactive churn prevention gains from models that can learn
temporal dependencies, allowing for earlier intervention.

6.5 Discussion

Both XGBoost and Bi-LSTM were generally excellent, just for different reasons. XGBoost
was extremely interpretable and compute-efficient, especially when hyperparameter tun-
ing with RandomizedSearchCV.It worked particularly well with structured tabular data
like ours and was easier to explain to stakeholders in business terms. Bi-LSTM, on the
other hand, was more powerful when it came to recognizing sequential patterns in cus-
tomer behavior. Since churn often results from a series of negative experiences, such as
delivery delays followed by bad reviews, Bi-LSTM was effective in modeling those de-
pendencies. However, it also came with certain challenges. Training time was longer, and
tuning the parameters required deeper technical expertise, which can make enterprise
deployment more complex unless the system infrastructure is strong.

One limitation in my implementation was that the churn logic was manually defined. I
considered a customer as churned if their review score was less than or equal to 2 and their
delivery delay exceeded 5 days. This binary rule was necessary due to the dataset lacking
an explicit churn label. But as noted by [Putra et al.| (2024) real-world churn is much
more dynamic and influenced by multiple factors like customer service issues, frequency of
purchase, or inactivity over time. Another practical constraint was Salesforce Developer
Edition’s storage limitation, which only allowed me to push 2,000 out of 90,000 records.
This restricted the full-scale CRM integration of predictions, though it was enough to
demonstrate the pipeline.

When comparing my findings with existing academic work, I can say this project goes
a step further in implementation. For instance, Zhang et al| (2023)) used a Bi-LSTM-
based churn model for e-commerce data, but their work stopped at evaluation. I took it
further by deploying Bi-LSTM predictions into Salesforce CRM and triggering automatic
follow-up tasks using Apex code and Salesforce Flows. Similarly,Gao and Liu (2022)
explored how Salesforce Einstein can be used to personalize customer experience using
Al, but they relied on prebuilt tools. My approach was different — I trained models
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externally using Python and Jupyter Notebook, and then integrated the output with
Salesforce using REST APIs and the Simple Salesforce library.

Furthermore, [Scholar et al.| (2024) highlighted that modular machine learning pipelines
integrated with Salesforce CRM enable seamless data ingestion and faster deployment
of predictive insights, which aligns with my Azure — Jupyter — Salesforce workflow.
Mishachandar and Kumar| (2018) also discussed proactive churn prevention and tar-
geted retention campaigns. My Apex Trigger and Flow automation directly reflects such
strategies by notifying sales teams and assigning follow-up tasks in real time.

In terms of cloud infrastructure, [Scholar et al| (2024) described “Analytics as a Ser-
vice” in Azure as a scalable approach to storing and processing large datasets, which
mirrors how I used Azure Blob Storage for raw CSVs and intermediate files before feed-
ing them into models. From a model performance perspective, My findings also resonate
with 7, who benchmarked Logistic Regression, k-NN, Decision Trees, and Random Forest
for churn prediction. In my case, XGBoost and Bi-LSTM outperformed these traditional
models by achieving perfect accuracy and ROC-AUC, while still producing actionable
business outputs.

From a visualization standpoint, |Abedin et al. (2023) emphasized incorporating spa-
tial and geographical patterns in churn analysis for retail e-commerce. My Power BI
dashboards directly address this by using region-wise churn heatmaps alongside churn
score segmentation. This combination provides both technical and non-technical users
with a clear understanding of where and why churn risk is concentrated.

If T had more time or resources, I would also improve the system by using clustering
algorithms like K-Means in order to automatically assign customers to Low, Medium,
and High churn risk segments instead of using a static churn logic. Furthermore, I would
collect behavioral signals such as email open rates, customer support interactions, or
cart abandonment, as also suggested by |Gao and Liu (2022) in their customer journey
research. Using model interpretability methods such as SHAP or LIME could also help
to make Bi-LSTM predictions explainable and build trust with non-technical business
stakeholders.

In summary, this project not only demonstrated the technical feasibility of churn pre-
diction but also that custom AI models can be deployed into enterprise platforms like
Salesforce and Power BI. Unlike prior studies that stop at modeling or dashboarding,
my work connects all layers from data ingestion in Azure, predictive modeling in Jupy-
ter, deployment into Salesforce, to visualization in Power BI. This full-stack approach,
though challenging, reflects how predictive customer analytics can be made operational
and valuable for real-world business use cases.

7 Conclusion and Future Work

This research attempted to answer an essential question: Whether or not it is possible
to combine CRM systems like Salesforce with machine learning and deep learning-based
Al to forecast and avoid customer attrition in retail environments proactively. The main
objectives were to load a large e-commerce data set in a scalable cloud platform (Azure),
deploy predictive models through Python, send high-risk customer records to Salesforce,
automate follow-ups and notifications through Apex triggers and Flows, and finally, rep-
resent the outcomes on Power Bl dashboards. I am happy to declare all these objectives
were accomplished successfully within a real-world simulation setup.
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The key findings of this study were insightful. In all models, Bi-LSTM outperformed
traditional algorithms like Naive Bayes and KNN because of the capability to learn se-
quential behavior, and XGBoost offered the optimum performance among tree-based
classifiers with high ROC-AUC and precision score. Execution of high-risk churn pre-
dictions in Salesforce through REST APIs enabled Real-time streaming churn detection
through technology like Apache Kafka can also be scoped out for implementation in
the future, and model deployment on cloud functions or containerized microservices to
provide better scalability. And finally, cross-industry pilots of this end-to-end system in
industries like telecom, banking, or healthcare, for example, can drive new use cases and
revenue streams.

There were some limitations, however. The churn flag was also manually built by a
rule (delivery delay > 5 days and review score <= 2), which would not likely be exhaustive
in depicting actual-world churn behavior. Salesforce Developer Edition storage space was
limited as well, so I could only push out about 2,000 high-risk customer records out of over
90,000, partially inhibiting full-scale testing. In addition, explainability in deep learning
models like Bi-LSTM remains a challenge, especially for business environments where
stakeholders normally ask "why” questions about the prediction that was achieved.

Despite these limitations, the success of the application in real-world implementations
is evidence of the robustness of the framework. It extends the work of researchers like
Zhang et al.| (2023) not just by using Bi-LSTM for churn prediction but also by integrating
the output into a real-time CRM system. Likewise, while |Gao and Liu| (2022)) discussed
Salesforce Al personalization using Einstein, my approach showed how custom models
trained externally in Python can still power internal Salesforce workflows. The integration
with Azure Blob Storage, as well as the dynamic dashboarding with Power BI, also
builds upon the insights from Mulpuri and Mathew| (2024) work on multi-cloud CRM
architectures.

As for future work, there are several meaningful directions this project could take.
One refinement can be the development of improved churn labeling logic with the assist-
ance of unsupervised clustering so that churn behavior can be dynamically specified as
opposed to static rules. Alternatively, additional behavioral attributes like customer sup-
port interactions, responses to marketing campaigns, cart abandonment, or even social
media indicators can be included. From a model perspective, application of explainable
AT tools like LIME or SHAP for the Bi-LSTM model would yield business trust as well
as transparency.

Lastly, the project not only showed that Al and CRM integration is technologically
viable, but also established that it can generate real business value to decision-making.
The framework outlined here can serve as a roadmap for businesses who wish to better
forecast churn, respond quicker via automation, and view risk in interactive dashboards.
All based on a smart, scalable, and modular architecture.
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