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Abstract - The paper explores the incorporation of predictive analytics into Customer Relationship Management (CRM)
systems and its impact on business operations and customer service. A comparison of Salesforce Einstein, Microsoft Dynamics
365 Al, and Pegasystems reveals varied capabilities in using artificial intelligence to enhance customer interactions. Focusing
on Salesforce Einstein, a case study demonstrates its effectiveness in predicting hospital readmission for diabetic patients,
with the eXtreme Gradient Boosting model outperforming the Generalized Linear Model. The analysis emphasizes the
potential of predictive analytics to improve CRM strategies despite data handling and privacy challenges. Insights from this
research indicate that correctly leveraged CRM tools with predictive analytics can lead to better decision-making and

increased customer satisfaction.
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1. Introduction

CRM system is a repertoire of tools to manage business
services that a customer needs. It is essential for managing
customer interactions and nurturing loyalty. This software
system captures customer data from various touchpoints,
streamlines processes, and enhances customer
experience. Email and social media marketing efforts often
lead to customer disengagement, as many
customers disable notifications to avoid solicitation. In an era
of limited attention spans, capturing customer interest with
appropriate products or understanding their interaction
patterns poses a significant challenge. CRM systems are
tasked with accurately capturing essential details from
customer interactions across multiple platforms, including
social media, chat, and omnichannel presences, to deliver
timely and relevant offerings. However, tools designed to
track customer behavior have faced criticism over privacy
concerns. Thus, when a customer initiates contact, it
represents a critical opportunity for engagement, enabling
organizations to harness this rich stream of real-time data.
When fed into predictive analytics systems, this data
transforms customer insights into actionable forecasts.

Predictive analytics is the practice of using data,
encoding past information, and statistical modeling to
forecast future trends and events [1-6]. The role of predictive
analytics in CRM is increasingly critical as businesses strive

to enhance customer experiences, improve sales, and
maintain  competitive  advantages  while  providing
personalized offerings. Predictive analytics allow businesses
to make informed, proactive decisions. The evolution of
CRM technologies has been characterized by the progressive
integration of advanced data analysis techniques, enhancing
personalized customer interactions and strategic decision-
making. Initial CRM systems focused on operational
efficiencies; however, with the advent of Big Data, Al, and
machine learning, contemporary CRMs embody predictive
analytics, enabling nuanced customer insights and foresight-
driven management.

Adoption of predictive analytics iskey because
successful  implementation and utilization of these
systems are crucial for reaping the benefits of enhanced
customer insights and improved decision-making.
Implementation comes with significant challenges, including
the necessity for high-quality data, the development of
advanced data infrastructure, adherence to data privacy and
security standards, and the integration of analytics into
current infrastructure. Additionally, there is a need for
specialized skills to manage predictive tools, analyze diverse
data sources, and translate insights into actionable CRM
strategies. Successfully navigating these hurdles is crucial for
harnessing predictive analytics. Some of the popular CRM
tools available in the market today have data analytics
features as an extension.
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Business leaders often wonder which CRM tool best
suits their current and future needs. This research identifies
the most important features that impact business
stakeholders’ decision-making. To aid the tool selection
process, this review work fills the gap by comparing and
contrasting top CRM vendors with the latest analytical
capabilities. The study will evaluate the depth, efficiency,
and integration of analytics within each platform, offering
insights into how these capabilities align with diverse
business needs and contribute to data-driven decision-
making in dynamic market environments.

2. Literature Review

The evolution of Customer Relationship Management
(CRM) systems can be traced back to the early 1980s,
marking the inception of using database technology for
storing and analyzing customer information. Over the
decades, CRM systems have undergone substantial
transformations.  Initially — designed as  on-premises
installations, these systems have transitioned to cloud-based
platforms that offer greater flexibility, scalability, and
accessibility. Today, leading CRM vendors such as
Salesforce, Microsoft Dynamics, and Pegasystems equip
organizations with robust tools for managing customer data,
automating workflows, and driving revenue growth,
fostering long-term customer loyalty and satisfaction through
personalized engagement strategies (Peppard & Rogers,
2017).

Significant scholarly works have studied this shift
towards more data-centric CRM solutions. Research works
[8] and [9] discuss transitioning from transactional to
interactional and  predictive  customer  relationship
paradigms. The potential of leveraging customer data
through data mining to enhance service offerings was
explored in the study [10]. Further evolution in CRM has
been towards utilizing machine learning and artificial
intelligence techniques, as discussed in [11], which signals a
trend toward advanced analytics in CRM research.
Additionally, a study [12] advocated for an analytical CRM
approach, emphasizing the systematic application of data
analytics in CRM functions like customer segmentation and
targeting to augment the effectiveness of CRM efforts.

A pivotal report by McKinsey [6] underscores advanced
CRM technologies’ practical application and benefits. It
highlights using predictive systems to improve Customer
Experience (CX) by analyzing extensive data across various
systems to identify operational breakpoints and proactively
address customer issues. This strategy, a testament to the
power of predictive analytics, not only streamlines customer
interactions but also fosters a proactive engagement strategy,
enhancing customer satisfaction and retention.

Moreover, predictive analytics is increasingly integral in
sales forecasting within CRM. By examining past sales data,

businesses can identify patterns and trends to forecast future
sales more accurately. This capability supports better
inventory management and marketing strategies and aids in
adjusting pricing to maximize profitability and customer
acquisition [7].

In the context of customer interactions, Al-driven
sentiment analysis, a subset of predictive analytics, assess the
tone and emotion behind customer communications.
Understanding customers’ feelings towards a brand or
product allows companies to refine their CRM strategies,
enhancing personalization and customer service and thus
improving the overall customer experience [7].

However, implementing predictive analytics in CRM
systems is not without its challenges. Ensuring high-quality
data, integrating with existing technology stacks, and
developing a skilled workforce to manage and interpret
predictive analytics effectively are crucial hurdles.
Furthermore, navigating the ethical and privacy
considerations associated with using customer data is
essential. Acknowledging these challenges is the first step
towards effectively leveraging the power of predictive
analytics in CRM.

By understanding and anticipating customer needs,
creating more personalized interactions, and driving efficient
business processes, businesses can enhance customer
engagement and satisfaction and achieve substantial growth
and success.

Technology evangelists produced works to perform
honest comparisons of CRM tools, as seen in [20][21].
However, a detailed comparative analysis of how these
systems employ analytics to process and leverage customer
data is missed. Our review identifies a gap in the literature
regarding a holistic comparison that assesses the depth,
efficiency, and practical application of analytics across these
top CRM vendors. This paper aims to bridge this gap by
methodologically comparing the analytical capabilities of
Salesforce, Microsoft Dynamics, and Pegasystems, thus
offering a unique contribution to CRM research.

The remainder of this paper is organized as follows:

First, we present a comparison in Table 1 outlining Al
capabilities across three primary CRM tools:

Salesforce, Microsoft Dynamics and Pegasystems. This
Table 1 focuses on the critical aspects of each tool, which are
further highlighted in subsequent sections. To illustrate the
practical application and effectiveness of these tools’
analytics capabilities, we conduct a case study using diabetes
data with Salesforce.

The results and insights from this case study are
discussed in detail, demonstrating the potential of integrating
advanced analytics within CRM systems to drive impactful
decisions and outcomes.
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Table 1. Al capabilities of different tools

Features Salesforce Einstein

Microsoft Dvnamics 365 Peaasystems

Offers  robust  segmentation
capabilities, leveraging Al to
categorize audiences based on
preferences, behavior, and other
factors.

Customer
segmentation

Provides segmentation tools to | Offers segmentation features
categorize customers based on | for categorizing customers
various  criteria  such  as | based on diverse factors like
demographics, behavior, and | behavior and preferences.

interactions.

Utilizes Al-driven models to
analyze customer data and

. Dey .EIOP identify  potential ~ customers
identification L - )
models similar to existing ones, enabling

targeted marketing efforts.

Employs machine learning | Employs predictive analytics
algorithms to analyze customer | to  develop models for

data and identify potential | identifying potential
leads with similar | customers resembling
characteristics  to  existing | existing ones, aiding in
customers. targeted marketing efforts.

Offers tools like Churn Prediction
to analyze customer data and
Customer retention | predict which customers are
likely to churn, enabling
proactive retention strategies.

Offers features for analyzing Provides churn prediction
customer data and predicting tools to analyze customer
churn, enabling proactive data and identify those at
retention efforts. risk of churn, facilitating
proactive retention actions.

Provides insights from customer

Offers advertising optimization | Offers advertising

data to optimize advertising features based on customer optimization capabilities
Effective strategies and target the right insights to enhance the based on customer data
advertising audience effectively. effectiveness of marketing analysis to improve the
campaigns. effectiveness of advertising
efforts.
Utilizes Al-driven algorithmsto | Offers product Utilizes Al and predictive
analyze customer behavior and recommendation capabilities analytics to provide
Product preferences, providing based on customer data personalized product
recommendation | Personalized product analysis to provide recommendations based on
recommendations. personalized suggestions. customer behavior and
preferences.
Offers inventory optimization Provides inventory Offers inventory
features leveraging Al and optimization capabilities to optimization tools leveraging
Inventory L - . - . .
AP predictive analytics to optimize help businesses manage Al and predictive analytics
optimization : . L L
inventory levels based on demand | inventory levels efficiently to optimize inventory based
forecasts. based on demand projections. | on demand forecasts.
Offers Al-powered chatbots for | Provides chatbot functionality | Offers Al-driven chatbots for
automating customer interactions | for automating customer automating customer
Chatbots LY . : : -
and providing personalized support and engagement, interactions and providing
assistance. enhancing customer service. personalized assistance.

3. Detailed Analysis of CRM Tools

Table 1 looks at the supporting features of Al
capabilities for CRM needs. Further detailed analysis of
highlights of analytics functionalities are discussed.

3.1. Salesforce Einstein Discovery
Salesforce Einstein Discovery stands out with its ability
to democratize data science, offering developers a suite of

tools to automate complex data analysis tasks. This platform
prepares data, identifies significant variables, and creates
predictive models efficiently, enabling developers to focus
more on application logic rather than intricate data
processing. Integrated within the Salesforce ecosystem, it
optimizes CRM systems by leveraging customer data to offer
not just forecasts but also actionable, explainable Al insights
[13]. Despite its robust features, it imposes a daily prediction
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limit of 5,000,000 requests per organization, which can be
restrictive in high-volume settings. More details on these
limits can be found in the Analytics Platform Setup Guide
[14].

3.2. Pegasystems’

Next-Best-Action  Advisor revolutionizes customer
engagement by integrating a decision hub that expertly
manages interactions to maximize cross-sell, up-sell, and
retention strategies. This approach not only boosts customer
satisfaction but also enhances revenue generation. With its
streamlined platform, Pegasystems enables more efficient
decision-making processes, improves operational
efficiencies, and minimizes errors. The Prediction Studio
further empowers businesses by allowing the creation and
customization of predictive models that harness data mining
and machine learning to serve specific business needs and
improve insight effectiveness. Although the deployment of
these models demands specialized skills due to their
complexity, the meticulous management of data preparation,
analysis, and model selection underscores the essential
balance between sophisticated automation and human
expertise. This strategic combination keeps Pegasystems at
the forefront of the predictive analytics tools market [15].

3.3. Microsoft Dynamics

Microsoft Dynamics 365 Al enhances Enterprise
Resource Planning (ERP) and Customer Relationship
Management (CRM) by integrating predictive analytics,
which automates tasks such as lead qualification, customer
service, and invoice processing to boost productivity and
reduce errors [16]. It enables developers to create
applications that utilize customer data to deliver personalized
recommendations and targeted marketing efforts, improving
proactive customer support [17]. However, challenges exist,
including potential biases in Al algorithms, issues with
transparency, and the high costs of Al development [18].
Moreover, the effectiveness of these Al solutions depends on
their integration with existing workflows and systems,
necessitating careful planning and execution. Organizations
also need to manage the oversight and continuous updating
of Al models to ensure their effectiveness and fairness,
which is crucial for maintaining the reliability and ethical use
of Al in business operations.

The trajectory of these discussed tools with Al
highlights a trend towards industry-specific customizations
and the ability to handle stringent compliance and regulatory

demands in sectors such as healthcare, finance, and
government. These platforms are increasingly developing
self-tuning systems that autonomously adapt to changing
data patterns, minimizing the need for manual intervention,
and ensuring the accuracy of insights.

As these technologies become more integrated into the
core business operations, the importance of ethical Al
ensuring fairness, unbiasedness, and transparency—parallels
their technical advancements. Although costs remain a
challenge for smaller entities, cloud-based and as-a-service
models are making these advanced tools more accessible.

4. Case Study
4.1. Background

We utilized a dataset [19] representing a decade of
clinical data from 130 US hospitals detailing patient
encounters for those diagnosed with diabetes. The pivotal
goal was to predict early readmission within 30 days of
hospital discharge, addressing the systemic issue of
inadequate diabetes management during hospital stays.

4.2. Problem Statement

Inadequate  in-hospital ~ diabetes care increases
management costs due to patient readmission and adversely
affects patient health outcomes. Early identification of
patients at risk for readmission can optimize care delivery
and resource allocation.

4.3. Approach

The developer edition org is designed explicitly for
experimentation in a sandbox-like environment. We
performed feature selection and model training using
available models from the tool. We focused on two models:
the Generalized Linear Model (GLM) and eXtreme
GRADIENT Boosting (XGBoost). The dataset is explored
for the best-performing model.

4.4. Model Comparison and Selection

As per Table 2.

e The GLM yielded an AUC (Area Under the Curve) of
0.642, suggesting moderate discriminative ability in
predicting readmissions.

e In contrast, the XGBoost model demonstrated superior
performance with an AUC of 0.7506, indicating a higher
likelihood of effectively distinguishing between patients
who would be readmitted and those who would not.

Table 2. Comparing the performance metrics of the two models being used

Model Accuracy | True Positive Rate Positive Predictive Negative Predictive F1 Score
Value Value
GLM 0.642 0.493 0.583 0.673 0.535
XGBoost 0.7506 0.545 0.655 0.709 0.595
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4.5. Deployment Readiness
The XGBoost model was evaluated for deployment

readiness, showing no major issues and a singular data alert
that was addressed.

4.6. Key Findings (Refer Figures 1 to 4)

e The top predictors for readmission included the number
of inpatient visits, specific diagnoses, and patient age.
XGBoost’s true positive rate was 54.49%, with a false
positive rate of 20.58%.

4.7. Outcome

The XGBoost model, with its higher AUC and
satisfactory performance metrics, was deemed suitable for
deployment to assist in predicting patient readmission. The
feature selection is limited to only 13 features at a time. To
transition the work done in the Sandbox to a production
environment, migrate the datasets used for model training,
and transfer and deploy the trained model. This might
involve re-training the models with production data to fine-
tune their accuracy.
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5. Conclusion

This exploration study outlined the Al capabilities of
CRM tools. The case study analysis using one of the tools is
performed to assess the complexities and benefits of
generating the production-ready model quickly.
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With most of the heavy lifting being done by the tool for
determining the feature importance, data transformations,
model training, and data visualization, it is found useful to
perform quick experimentation with a chance of deploying
different versions of the model.
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Developer sandboxes have lower data storage limits ~ CRM tools will extend the capabilities required to solve new
compared to production environments, which can restrict the problems. This exploration study is needed every couple of
volume of real data one can use for training models. As  years to assess the latest features.
machines’ general intelligence improves, production-ready
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