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Abstract: The detection of fraud in banking operations experienced significant advancement through the integration of
Artificial Intelligence (Al). This research examines the performance benefits of integrating predictive analytics solutions
within Salesforce Customer Relationship Management (CRM) automated systems for fraud detection procedures. A
system using artificial intelligence models, including Machine Learning (ML) and Deep Learning (DL), has been
established to examine financial patterns and customer activity. Additionally, this paper examines how Salesforce CRM
automation functions in fraud detection operations. These technologies combine to support on-time fraud discovery,
which reduces spurious alerts and boosts banking safety levels. Al-driven technology shows its efficacy through multiple
case research and experimental findings. System efficiency is evaluated through the assessment of precision together with
recall and accuracy performance indicators. This paper enhances existing research through empirical findings and offers
a model structure that integrates predictive analytics using Al with CRM automation systems.
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1.1 Background

The rise in banking institution fraud occurs because
online transactions have grown in popularity, so banks need
strong systems to detect and prevent fraud early on.
Predictive analytics powered by Al techniques are intelligent
detection systems that discover fraudulent deeds through

suspicious transaction prediction. [1-4] The combination of
Salesforce CRM automation with fraud detection workflows
accelerates reporting security risks through automated alert
responses that generate higher security performance.

1.2 Role of Al in Modern Fraud Detection
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Figure 1: Role of Al in Modern Fraud Detection

e Al in Fraud Detection: However, artificial
intelligence has taken fraud detection of banks and

financial institutions to a whole new level by
equipping them with tools that can detect fraudulent
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activities more effectively and faster than any other
old system previously. Static, rule-based fraud
detection systems were typical they could not learn
from new or evolving threats. However, when
compared to Al, real-time and dynamic analysis of
transaction data can be done by Al, which provides
the ability to identify patterns and anomalies that
may suggest fraudulent activity. Due to how Al can
continually learn from new data, Al has become an
indispensable tool for combating financial fraud.
Machine Learning Algorithms for Fraud
Detection: In the case of Al used in the fraud
detection process, machine learning (ML) is
essential. Decision Trees, Random Forests, and
Support Vector Machines (SVM) are common
algorithms that classify transactions as legitimate or
fraudulent. For paying from past transaction
records, these algorithms learn to recognize patterns
of behaviour regarding fraud. As more data is
received, the models become increasingly more
sophisticated and better at predicting fraud and
recognizing new types of fraudulent activity
without manual intervention.

Anomaly Detection and Outlier Identification:
Identifying anomalies and outliers in the transaction
data is one of the most powerful capabilities of Al
in fraud detection. Typical transaction patterns
deviate from normal activities, making them
difficult to detect through rule-based systems. Real-
time anomaly detection models are based on Al to
check transaction data and recognize significantly
different transactions from normal transaction
patterns, such as sudden large withdrawals or
unusual spending patterns. Al flags these anomalies
to reduce the chances of undetected fraud.
Real-Time Fraud Detection: One of the key
advantages of Al is that it helps in real-time fraud
detection, which is the biggest reason for preventing
financial loss. Instead of batch-processing the data
and only taking action on something fraudulent
once it has happened, Al can process transactions as
they happen and point out suspicious activities
immediately. This real-time capability catches
fraudulent transactions before they are completed,
so it will help maintain the painting injury of the
financial institution and its customers.

Natural Language Processing (NLP) in Fraud
Detection: A second Al technique that can help
with fraud detection is Natural Language
Processing (NLP). NLP makes it possible for
machines to understand and analyze human
language to identify certain kinds of fraud in
communication-based data, such as email, customer
interactions, social media, and more. In this sense,
Al allows us to read the content of customer
messages, transactions, or even online reviews to

find inconsistencies, strange language patterns, or
the possibility of scams, which is essential to detect
fraud linked to phishing, identity theft, or fraudulent
creation of accounts.

e Adaptive Learning and Model Refinement:
Adapting and refining its model, Al is one of the
major advantages of using Al in fraud detection. As
fraudsters develop new practices, gradually from
new incident patterns to explain why they failed, the
Al model can continuously learn from the new data
to increase accuracy. The data is being adapted
every time to the 'new fraud scene' by incorporating
new fraud cases in the training data and allowing
the system to identify new types of fraud that it
could not identify previously. With continued
improvement in this practice, the Al system can
remain relevant and effective despite such fraud
increasing in sophistication.

e Fraud Detection in Complex Data Structures: Of
course, fraud detection is many, but they are both
complex and high dimensional data, suggesting that
they also fit well with the Al model and, more
precisely, the deep learning that is neural networks.
Al systems can process transaction data and
combine and analyze other data sources such as
customer behaviour data, account activity, device
info, and location-based information. The Al can
analyze this multi-dimensional data to give more
accurate profiles of both legitimate customers and
fraudsters so that it can make things such as
improve the ability to detect fraud in any case or
context that might turn a legitimate customer into a
fraudster in an environment where things would be
simple and rule-based.

e Reducing False Positives in Fraud Detection:
One major problem in this segment, for example, is
managing fake positives (legitimate transactions
marked as fraud). Traditional rule-based systems
result in high false positive rates, causing Customer
frustration, disrupted services, and wasted
investigations. According to the Al model, they use
more sophisticated data-driven techniques to
classify transactions, hence the less false positives.
Including some characteristics, such as historical
transaction behaviour data, customer profiling, and
contextual information, Al models can better
differentiate legitimate from fraudulent transactions
and enable a more efficient and positive customer
experience.

1.3 Predictive Analytics and Salesforce CRM Automation
By combining predictive analytics and Salesforce
CRM automation to improve the efficiency and accuracy of
fraud management processes, the duo of money laundering
detection in banking is changing the face of the otherwise
mundane fraud detection and management processes. With
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historical transaction data and machine learning models,
predictive analytics uses this data to predict when there is a
possibility of fraudulent activity taking place. Predictive
models can analyze patterns and trends in past transactions to
identify anomalies and symptoms of suspicious activities in
real time. Banks can proactively monitor for fraudulent
behaviour instead of responding to already completed fraud.
Predictive analytics further decreases the number of false
negatives (fraudulent transactions that go undetected) as this
continuous learning process learns from new data and adapts
to ever-changing fraud techniques. Statistical models,
including regression analysis, decision trees, and neural
networks, are used to forecast potential fraud, save time, and
prevent financial losses inside the transaction process.

Meanwhile, Salesforce CRM automation is very
helpful in automating workflows, communications, and case
management to speed up the fraud detection process. Fraud
detection systems must be integrated with Salesforce CRM
to create an automated fraud alert mechanism. When
Salesforce  CRM identifies a potentially fraudulent
transaction, it automatically alerts customers and fraud
analysts. It can auto-generate a case auto-choose to assign
tasks and track the status of investigations. Thus, it reduces
manual effort and improves operational efficiency by
reducing response time. Furthermore, Salesforce CRM can
help customers get updates for suspicious activities and
communicate this to customers instantly so that they can
quickly verify or deny flagged transactions. Combining the
proactive power of predictive analytics with the real-time
capabilities of Salesforce CRM to banks can not only detect
fraud earlier but also enable more automatic and secure fraud
investigation and resolution processes and streamline the
entire experience of the customer (end-user) of the financial
institution.

2. Literature Survey
2.1 Al in Fraud Detection

As Atrtificial Intelligence has come along, the way
of detecting fraud has changed and become more dynamic
and adaptive; it analyses financial transactions. The
traditional way to detect fraud until today was through rigid
rule-based methods that had to be updated manually. [5-9]
However, decision trees, random forests, and neural
networks could explore complex patterns and anomalies in
transaction data more than mere than it. These models
always learn and apply new input to improve their ability to
identify fraudulent activity. It helps detect fraud in real time
and reduces financial losses and response time.

2.2 Predictive Analytics in Banking

We use Statistical models and ML to apply
prediction analytics to historical transaction data to predict
fraudulent activities. Unlike traditional ‘rule-based’ models,
based on previously defined thresholds, predictive analytics
can discover hidden correlations and evolving fraud patterns.

3

Logistic regression and other methods of support vector
machines help banks prevent lending to a fraudulent
customer before it even occurs. This data-driven approach
helps risk management strategies and significantly reduces
false positives, increasing fraud prevention ability.

2.3 Salesforce CRM in Fraud Prevention

Real-time data integration with Salesforce CRM,
workflow automation and customer communications has
made Salesforce CRM a great instrument in fraud detection
mechanisms. Salesforce automates the alert of fraud, ensures
that investigations are streamlined, and helps them maintain
an efficient case management system. Financial institutions
can now use Salesforce to integrate Al-driven predictive
analytics to take proactive steps and detect fraudulent
activities before they spend, thereby minimizing risks and
increasing customer’s trust in the financial institutes.

e Advanced Data Integration: This is one of the
main strengths that Salesforce CRM brings in fraud
prevention, as it easily integrates with different
sources of financial data. Salesforce connects to
transaction databases, third-party fraud detection
tools and regulatory compliance systems to give
you a complete picture of customer behaviour. This
integration makes real-time and historical
transaction data available to fraud detection models
to increase accuracy in detecting suspicious
activities. Meanwhile, Salesforce’s open API
architecture allows for easy integration between
banks and criteria partners, so all necessary changes
can meet the dynamic standards of the regulators.

e Automated Fraud Workflows: Recurring fraud
makes the business more challenging for those
responsible for fighting it, thanks to the sheer
volume of false negatives faced each day and the
additional complexity caused by the various
stakeholders and processes that must be applied to
each case. If fraudulent transactions are detected,
Salesforce starts an immediate case escalation to
fraud investigation teams to tackle every issue
promptly. If an account is flagged, it will rank and
assign the case to that team for immediate response;
the templates can also be predefined. With this,
banks can integrate  Al-driven automation,
significantly reduce manual intervention, shorten
response times, and improve fraud detection
efficiency. It automates the process of avoiding the
operational bottlenecks and delivering the fraud
cases promptly and efficiently.

e Enhanced Customer Experience: Salesforce
CRM s vital in balancing security with customer
satisfaction, which is necessary for fraud detection
efforts. Customers are alerted immediately through
personalized fraud alerts and proactive engagement
strategies whenever suspicious activities occur in
their accounts. The ability to communicate with
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customers through multiple channels email, SMS,
and mobile notifications allows financial
institutions to respond to fraud quickly and reduces
its impact. On top of that, Al-based chatbots and
virtual assistants built into and integrated with
Salesforce offer real-time help to customers,
guiding them through fraud resolution steps and
minimizing their frustration. In addition to securing
the bank, it also increases customer confidence in
the bank’s ability to protect its financial assets.

2.4 Gaps in Existing Research

Research gaps remain despite the progress made in
Al-driven fraud autos and CRM. To the best of our
knowledge, very few studies have been conducted to
investigate how predictive analytics can be seamlessly
integrated with CRM systems to enhance fraud detection.
Although most existing research does not address the
combined potential between Al and CRM automation, most
of it has been done separately on Al techniques or CRM
automation. Additionally, the integration of the AI-CRM
approach is rarely really implemented in the real world, and
very few studies evaluate its efficacy. Apart from this, there
is also a need for a standardized fraud detection framework
that can be operated by all financial institutions reliably so
that all of these institutions can adopt appropriate fraud
prevention strategies together to give better results.

3. Methodology

3.1 Data Collection and Preprocessing

Data collection and preprocessing are crucial for an
effective fraud detection system. Fraud patterns are
understood from multiple sources, i.e., transaction logs,
customer interaction records, and external fraud databases, to
ensure that all data sources are used. Real-time financial
activities in transaction logs and observations of customer
behaviour as seen from customer interaction records such as
login patterns, account modification, and history of
communication. [10-15] Contributing is the existence of
external fraud databases, which house cases of known fraud
and emerging threats carried out by regulatory bodies and
financial institutions. The data is collected and then prepared
for processing, which involves cleaning, normalization, and
feature engineering. Data cleaning concerns removing
duplicates, handling missing and imperfect values, and
eliminating errors as much as possible so that data is as
accurate as possible. Normalization will standardize the
numerical values in a uniform range to improve the model’s
performance. Feature engineering proves as crucial as it is by
obtaining relevant attributes from raw data, such as spending
behaviour patterns, transaction frequency, and location
anomalies. Pre-processing the data significantly improves the
quality and reliability of data for the learning machine
learning model to detect fraud with better precision and
efficiency.

3.2 Al Model Implementation
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Figure 2: Al Model Impleme

Supervised Learning Models: Fraud detection
uses supervised learning models because they learn
patterns from the labelled historical transaction
data. An ensemble learning technique based on
Random Forest boosts fraud classification in which
multiple decision trees are aggregated to address the
problem of overfitting and improve accuracy. Since
SVMs can build optimization function boundaries
that distinguish ~ fraudulent from legitimate
transactions in high dimensions, they effectively
detect fraud. Since complex fraud detection tasks
involve intricate associations between transaction

ntation

features, Neural Networks are also used to employ
several hidden layers to model relationships.

Unsupervised Learning Models: Highly useful for
cases that have limited or changing patterns of fraud
and few or no labelled data (we use this a lot),
unsupervised learning models. Autoencoders are
neural networks that explicitly learn to reconstruct
normal transactions and detect fraud cases
previously unseen by measuring reconstruction
errors, so they are very successful at distinguishing
between normal and anomalies. Another popular
technique is Isolation Forest, which isolates outliers
or comprises anomalies by randomly partitioning
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data points, focusing on detecting fraudulent
activities as outliers. These models are useful as
they allow financial institutions to learn about
emerging fraud trends without requiring prelabeled
fraud instances, which is helpful for real-time fraud
detection in an environment where fraud is
dynamic.

e Deep Learning Models: However, deep learning
models, particularly Long Short Term Memory
(LSTM) networks, are powerful in assessing
sequential transaction data. Since LSTMs are
RNNs, they can recognize long-term dependencies
within a time series, making them an excellent tool
for detecting fraudulent patterns based on past
spending patterns. LSTMs can analyze transaction
sequences to determine if something is wrong, like
strange spikes in the transaction quantity or location
discrepancy. Such models are great at detecting
contextual fraud patterns that might escape the
grasp of traditional machine-learning tools and will
prove important in modern fraud detection methods.

3.3 CRM Automation Integration

CRM AUTOMATION
INTEGRATION

01

02

e Automated Fraud Alerts: An automated fraud
alert system incorporating Al-driven predictive
models integrated with Salesforce CRM improves
fraud detection. If Al models identify suspicious
activities, for instance, abnormal activity patterns or
inconsistent locations, Salesforce CRM sends real-
time alerts to fraud analysts and applicable
stakeholders. Banks can prioritize these alerts based
on risk scores and resolve the problems first of the
high-risk cases. Organizations can reduce response
time, save on financial loss, and increase security
by automating fraud alerts.

e Case Management System: The process of
investigating fraud is streamlined by a well-
structured case management system in Salesforce
CRM that automatically creates cases when fraud
transactions are hit. The transaction metadata,
customer history, and even Al-generated fraud risk
assessments are critical details in each case.
Predefined rules assigned the cases to proper fraud
analysts for effective resolution. It also guarantees
workflow efficiency and regulatory compliance in
fraud prevention by offering case tracking,
escalation, and team collaboration.

Customer
Notification
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Case Management
System

Automated Fraud
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Figure 3: CRM Automation Integration

e Customer Notification: Salesforce CRM organizes
customer notification workflows in response to
detected fraud to increase transparency and
stimulate customer engagement. The system
triggers real-time alerts into multiple channels like
email, SMS, or mobile app notifications to the
customers when suspicious activities happen and
requests the customers to verify the transaction.
Automated responses like account freeze or step-up
authentication requests can help prevent potential
fraud but, at the same time, do not affect the
customers’ experience. Through CRM automation,
businesses can avoid proactively addressing fraud
concerns, damaging their customers’ trust, and, in

turn, being slower to respond to potential security

threats.
3.4 Performance Evaluation Metrics

Robust metrics must be used with Al-based fraud
detection models to evaluate their effectiveness. He balances
contemporaneity, the bias of omission of non-frauds, and
precision (the ratio between several correctly classified
frauds versus all classified frauds) to minimize the number of
false positives. As a consequence, recall (or sensitivity)
describes the quality of the model in terms of the reduction
of false negatives. F1 score (a harmonic mean of precision
and recall) is an appropriate estimator for balancing the
assessment when the affected transactions are sparsely
present. A popular metric called ROC AUC (Receiver
Operating Characteristic - Area Under the Curve) is
calculated to decide how well the model distinguishes
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legitimate and fraudulent transactions; higher AUCs
represent better performance. These are then compared
against the common rule-based fraud detection systems
whose fraud detection computations rely on pre-defined
thresholds and static rules. A rule-based system is a poor-
performing system with low adaptability and a high false-
positive rate. Financial customers can benchmark Al models
against traditional methods to calculate the improvements in
fraud detection accuracy, response time, and overall
operational efficiency.

3.5 Salesforce Agentforce for Fraud Detection
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Recently, fraud detection in banking has been
changed with the introduction of Salesforce Agentforce. At
Agentforce, we engineer Al-powered modules, such as an
agent force, an Al-managed solution for detecting
cybercrime and fraud, case management and improving
customer interactions within a CRM. Agentforce then
combines machine learning and deep learning techniques to
track suspicious activities through fast, continuously
processing transaction datasets using high precision. Because
of its capacity to evolve with the fraud patterns they
represent, modern banking security also uses it as a powerful
tool.
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Figure 4: Salesforce Agentforce for Fraud Detection

e Automated Transaction Monitoring: Agentforce
monitors real-time Al-based transaction monitoring
and flags suspicious activities. The system uses
machine learning models trained on historical fraud
cases that can identify unusual transaction patterns
such as significantly bigger and faster withdrawals,
rapid fund transfers, or unprecedented location-
based transactions. This means that financial
institutions do not have to wait for manual reviews
and then detect fraud in real-time. Agentforce also
continuously monitors. Banks are aware of
continuously  refining their fraud detection
algorithms over time so that legitimate customer
transactions are never falsely flagged.

e Intelligent Case Management: Efficient case
handling is necessary for fraud investigations to
minimize  financial loss and  customer
inconvenience.  Agentforce  automates  the
prioritisation of cases with Al, allows case
managers to load cases into relevant teams, and
enforces priority orders for cases. Fraud severity is
calculated based on the number of transactions,
account history, and past fraud patterns taken into
account by the system. Once an alert is triggered,
Agentforce creates a case, assigns it to a proper
fraud analyst and feeds it to an intelligent dashboard
with the recommended actions. Using this
automation will also reduce investigation time,
quickly complete fraud resolutions, and avoid lost
or overlooked cases.

e Customer Interaction Management: Effective
fraud prevention needs effective customer
communication, necessitating efficient handling of
fraud cases. Agentforce makes customer support
more efficient by using Al-driven chatbots, email
alerts, guided processes, and all in relation to
customer fraud. Customers immediately receive
notifications regarding a warning of a fraudulent
transaction using their preferred channel and
confirm or dispute the same. If additional action is
required, the system automates these tasks so that
walking customers through or connecting them to
fraud specialists themselves is automated. A
proactive effort will help avoid customer frustration
and facilitate a smooth flow to the fraud resolution
process.

e Integration with Predictive Analytics: The
ongoing integration with Al predictive analytics is
improving Agentforce’s fraud detection to become
better and better. It is designed to learn from
historical fraud patterns, customer behaviour, and
updates on cyber threats to improve predictive
accuracy. The Agentforce leverages the power of
deep learning models such as neural networks and
LSTMs (Long Short Term Memory networks) to
detect fraud schemes that rule-based approaches
might not have been able to catch. It also allows
Agentforce to change dynamically with new fraud
trends so that banks stay ahead of the fast-moving,
sophisticated cybercriminals.
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4. Results and Discussion
4.1 Experimental Setup

An experimental setup was planned to evaluate Al
models integrated with Salesforce CRM automation and
fraud detection. As it contains 500,000 financial transactions
tagged as genuine or fraudulent, the dataset consists of
500,000 financial transactions. The basis for creating and
validating the Al models is this labelled dataset. To
guarantee that the models are trained on most of the data and
are evaluated on the test set unbiased, | split the data into 80
per cent training and 20 per cent testing. The model training
process makes use of different machine learning algorithms
in applying them to learn patterns of fraudulent behavior in
the historical transaction data. At the same time, Salesforce
CRM automation is configured alongside the Al model
development to enhance fraud detection efficiency. To avoid

manual fraud alerting, the Al models are designed to initiate
an automatic workflow whenever a potential fraud alert
occurs. They include real-time notifications to fraud analysts,
case creation for suspicious transactions automatically, and
customer communication alerts, which enable a prompt and
effective reaction to the detected fraud. By combining these
components, the setup works in a good manner for a process
of fraud detection and management by using advanced Al
models in CRM automation for a smooth process of
operation and better security.

4.2 Model Performance Analysis

They then evaluated the Al models regarding
precision, recall, F1-score, and ROC-AUC (fraud detection
accuracy, completeness, and robustness). The LSTM model
performed best across all metrics, especially in capturing
sequential fraud patterns.

Table 1: Model Performance Analysis

Model Precision | Recall | F1-Score | ROC-AUC
Random Forest 92% 87% 89% 94%
SVM 88% 85% 86% 91%
LSTM 95% 91% 93% 97%
98%
96% —
94% |
92% —
90% —
B Random Forest
88% —
u SVM
86% —
LSTM
84% |
82% |
80% —
78%
Precision Recall F1-Score ROC-AUC

Figure 5: Graph representing Model Performance Analysis

e Random Forest: The Random Forest model
achieved notable performance with 92% precision;
most flagged transactions were falsely flagged. This
means the model only missed 13% of all fraudulent
transactions (i.e., 13% were only identified). The
model had a good trade-off between false positives
and false negatives, which was balanced between
precision and recall and resulted in an 89% F1
score. Such a high ROC-AUC of 94% indicates a
model that performed very well in distinguishing

legitimate and fraudulent transactions, as it did well
in identifying true fraud cases and False alarms.

e SVM (Support Vector Machine): The SVM
model has a higher precision (which is 88%) but
lower recall (85%), slightly more false positives but
still a higher number of false negatives than
Random Forest. This trade-off concerning precision
and recall results in the 86% F1 score, which is
moderate. The ROC-AUC score of 91% for the
SVM indicates that the algorithm did well but was
not as good as the random forest for separating
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fraudulent and legitimate transactions. Although it
has slightly lower recall and F1-score, SVM is a
sound model for fraud detection, with a high power
of separating the two classes.

LSTM (Long Short-Term Memory): With 95%
precision, the LSTM model beat SVM and Random
Forest in all important metrics. This means that all
of the transactions labelled as fraudulent were
correctly captured. LSTM’s recall was 91% with
minimum false negatives. This well-balanced
approach with a 93% F1 score will indicate

precision and recall. However, the 97% ROC-AUC
score reveals that LSTM is much better at
distinguishing between legitimate and fraudulent
transactions than any of the baselines, especially in
the case of sequential or time-dependent patterns in
the transaction data. As a result, LSTM becomes the
most appropriate model for detecting fraud patterns
that may occur at some point.

4.3 Effectiveness of CRM Automation

Table 2: Effectiveness of CRM Automation

Metric Improvement
Average Fraud Response Time 60%
Customer Fraud Alerts 40%

Average Fraud Response Time: Integrating Al-
driven fraud detection models within Salesforce
CRM automation reduced average fraud response
time by 60%. Before integration, each suspicious
transaction had to be manually reviewed and
investigated by the fraud analyst, which invariably
meant that the fraudulent activities that occurred
found delays in identifying and responding to them.
Thanks to Al models, identifying high-risk
transactions automatically flagged them out, which

was handled by fraud analysts immediately being
notified and having all the relevant case details
forwarded by Salesforce CRM in real-time through
real-time fraud alert workflows. This automation
significantly cut the time spent on manual tasks and
allowed fraud teams the time to investigate and
mitigate threats faster. This enabled the
organization to promptly deal with fraudulent
activities, minimize possible losses, and thus
improve the security of the whole organization.

70%

Improvement

60%

50% +——

40% +——
30%
20%

10% +——

Improvement

0% T
Average Fraud Response
Time

Customer Fraud Alerts

Figure 6: Graph representing the Effectiveness of CRM Automation

Customer Fraud Alerts Acknowledged: The
number of customer fraud alerts notified increased
from 40% to 40%. In automated cases before
automation, customers were contacted via manual
means, and the speed of responding to these
customers was slow, considering the use of
traditional modes of communication. Automated

workflows were introduced immediately, alerting
customer via email, SMS, and mobile app alerts,
among other channels, upon notice of a suspicious
transaction on their account. Customers received
these automated notifications, encouraging them to
swiftly verify or flag transactions and enabling
quicker verification and response to fraud alerts. It
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expedited the solving of deals with possible frauds
and boosted customer satisfaction and trust by
keeping them in the loop and doing their bit to
protect their accounts.

4.4 Comparative Analysis with Traditional Systems

It shows the advantages of Al-driven fraud
detection over traditional rule-based fraud detection systems,
such as integrating Al-driven fraud detection with Salesforce
CRM automation. A 35% reduction in false positives was a
sign of major improvement. Static thresholds that proved
very useful in traditional rule-based systems allow many
legitimate transactions to be flagged as fraudulent, leading to
heavy workloads and customer dissatisfaction. While serving
as the opposite, Al models dynamically analyze transaction
patterns and learn with changing fraud trends to balance
fraud detection and false positives. Furthermore, the
automating CRM assisted fraud case management
significantly in terms of efficiency. Traditionally, fraud
investigations commenced with manual intervention, and
CRM automation simplified it by automatically kicking off
alerts, creating cases, and notifying interested parties. It
eliminated manual effort, minimized delays in resolving
fraud cases, and enabled better operational efficiency as it
led to faster responses to fraud incidents. Therefore, Al-
based fraud detection with CRM integration proved more
accurate, efficient, and scalable than conventional
approaches, resulting in cost savings and better fraud
prevention.

4.5 Effectiveness of CRM Automation with Salesforce
Agentforce

Integration between Al-based fraud anticipation and
Salesforce CRM automation can easily thwart the frauds that
are taking place in the banking domain, thus enhancing the
efficacy of fraud case handling by about 60%. With the
introduction of Salesforce Agentforce, it took that further
that fraud detection is no longer simple rules-based alerts but
an intelligent, automated approach. Using Al models trained
in self, real-time anomaly detection, and an easy case
management workflow, the candidate force can increase the
accuracy of their predictions, reduce responsiveness time,
and improve trust in the system. The continuous change in
fraud patterns makes the fraud prevention strategy more
proactive and effective.

e Faster Fraud Case Resolution: Paradoxically
intimated by it (O2), Agentforce helps the franchise
reduce the investigation time from 45% for the
traditional CRM workflow to 55% that could
otherwise be spent on case assignment. Agentforce
uses machine learning models and assigns the case
to the most beautiful fraud analyst in the team to be
gifted if the case is suspicious. It takes offline work
of pop-click fraud out of the inbox, sorting it by
risk, and removes delays in manual sorting. For
fraud investigators, Agentforce enables them to get

intelligent dashboards with the details of the fraud
historical data, including their next suggested step
to assist in making more decisions faster.

e Improved Customer Trust: Prevention of fraud is
to protect the financial house and soothe the
customer’s confidence. Proactive fraud notifications
by Agentforce have also helped banks see up to a
40 per cent increase in customer engagement, as
clients are fond of receiving real-time alerts and
quick fraud resolution. The fraud alert is
automatically sent to customers at their disposal by
Agentforce through email, SMS, or mobile apps,
and they do not need to wait for the bank to detect
unauthorized transactions and then get the alert.
Agentforce avoids 20% of customer customer
disputes on fraud issues through its quick response
mechanisms that prevent fraudulent transactions,
reduce financial loss, and increase

e Lower False Positives: Unfortunately, however,
traditional fraud detection systems are getting a
great number of false positives, which is a pain to
the customer, who should not be flagged as
fraudulent in the first place by traditional fraud
detection systems. Agentforce solves this problem
using Al-powered fraud detection models and
machine learning, continuously updating transaction
history, fraud patterns, and customer use. The
company uses advanced machine learning
algorithms, such as anomaly detection and deep
learning, to cut down fraud alerts by 30 per cent so
that people are alerted to suspected fraud only on de
facto suspicion. This improvement reduces
unnecessary transaction declines due to customer
frustration and improves fraud detection system
efficiency.

5. Conclusion

This paper capped it off by suggesting that an
overall intelligent fraud detection framework be achieved
through Al with predictive analytics and Salesforce CRM
automation for smarter, better, and more effective ways of
identifying and dealing with fraudulent activity. The
available transaction data can also be dynamically analyzed
by integrating machine learning models such as Random
Forest, Support Vector Machines (SVM), and Long Short
Term Memory (LSTM) networks, and complicated fraud
patterns will be effectively caught by the transaction data
analysis machines other traditional rule-based systems can’t
find. Experimental results demonstrate that LSTM performs
best by detecting sequential fraud patterns regarding
precision, recall, F1 score, and ROC-AUC. As you can see
here, the operation of Al to new, always evolving fraud
activities and adaptation of Al to such new fraud activities
will increase false positive reduction and detection accuracy.
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Salesforce CRM Automation worked well within
the fraud case process to optimize operational efficiency.
Automating fraud alert workflows, case creation, and
customer notification speeds up response to potential fraud
by 60% and 40% more customers engaged. Customers were
promptly notified to continue the verifications and resolution
of fraudulent transactions. The Al-driven system reduced
false positives by 35% compared to traditional rule-driven
systems, where false alerts grow due to a static threshold.

In this case, works were combined with an Al-
driven predictive model with real-time automation to give a
better, more efficient, and accurate fraud detection solution.
However, there are some areas for further research and
improvement. The other way would be to build more
sophisticated Al models by expanding the dataset with
additional types of transactions, customer behaviour, and
emerging fraud techniques to improve the accuracy and
robustness of the Al models. Furthermore, Al models can be
better at detecting new fraud patterns and/or identifying
anomalies of fraud patterns found by using more powerful
machine learning models (such as deep learning) or more
advanced anomaly detection approaches. Finally, the scheme
also proposes an exciting future direction of work: the
scheme integrates blockchain technology to improve the
security of transaction data while maintaining the immutable
record for fraud detection, further enhancing the
transparency and trustiness of the financial systems. Using
Al + blockchain, we would have two layers of protection on
fraud detection and tamper-proof integrity. The paper
generally paves the way for innovation in future fraud
detection to impede a better and sounder overall financial
system.
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