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Abstract—In today's rapidly evolving business environment, sales teams manage large volumes of opportunities through Customer
Relationship Management (CRM) platforms like Salesforce, yet most decisions remain dependent on manual analysis, experience -
based judgment, and static historical dashboards. This paper presents an Intelligent Opportunity Risk Analysis and Win Prediction
System built natively on the Salesforce platform using machine learning concepts implemented in Salesforce Apex. The system
automatically analyzes key opportunity attributes—including deal size, sales stage, account type, and historical win-loss patterns—
to predict win probability (0-100%) and classify each opportunity's risk level as Low, Medium, or High. A distinguishing innovation
of this work is the integration of Salesforce Agentforce, which enables fully autonomous multi-step workflow execution: unlike
traditional Salesforce Einstein AI that generates passive recommendations requiring human follow-through, Agentforce
independently updates records, creates follow-up tasks, and dispatches manager notifications without any manual trigger. The
system is validated through ten comprehensive test cases achieving a 100% pass rate, sub -5-second batch processing latency for
100+ records, and 100% Apex code coverage. Expert domain validation by experienced sales managers confirms risk classification
accuracy exceeding 90%. The results confirm that an enterprise-grade, autonomous, ML-powered sales intelligence system can be
constructed entirely within the Salesforce ecosystem without reliance on external ML infrastructure, making it immediately
deployable for real sales organizations.

Index Terms—CRM, Salesforce, machine learning, win prediction, risk analysis, Agentforce, Apex, Lightning Web Components,
sales automation, predictive analytics.

accurate win probability estimates and more consistent risk

[5106].

solutions—including Salesforce's

I. INTRODUCTION . . .
classifications However, most existing ML-powered
CRM

function as passive prediction tools that generate outputs and

Customer Relationship Management (CRM) systems have
the backbone
organizations. Salesforce, the world's leading CRM platform, is

own Einstein Al—

become operational of modern sales

then wait for humans to act [7]. This passive architecture

used by over 150,000 companies globally to manage millions preserves the human bottleneck and limits the practical value of

of sales opportunities [1]. Despite this massive data S - .
) o ) ) prediction in time-sensitive sales environments.
accumulation, a critical gap exists: the data is rarely leveraged ) o )
. . .. . This paper addresses these limitations by presenting an
for intelligent, automated decision-making. Most sales

Opportunity Risk Analysis and Win Prediction

System built entirely within the Salesforce platform. The

. . Intelligent
executives and managers continue to rely on manual report

analysis, personal experience, and subjective judgment when o
. . . . system makes three key contributions: (1) an ML-based Apex
forecasting deal outcomes and assessing business risk [2]. o ) ) ) -

prediction engine that automatically scores win probability and

This reliance on manual processes introduces several classifies risk for every sales opportunity; (2) a Lightning Web

significant problems. First, it creates forecast inaccuracies that Component (LWC) user interface that presents predictions with

cascade into poor resource allocation—sales teams invest time intuitive color-coded risk indicators; and (3) integration with

in  low-probability deals while neglecting high-value

Salesforce Agentforce—an autonomous Al agent that executes

opportunities. Second, risk assessment is highly inconsistent

multi-step post-prediction workflows without any human

across team members, as it depends on individual expertise
rather than objective data patterns. Third, the absence of

trigger, transforming passive predictions into active sales

management actions.
automated follow-up mechanisms means that even when risk is

identified, action is delayed by huma n bottlenecks. These

challenges collectively reduce sales efficiency, increase
revenue leakage, and undermine organizational II. RELATED WORK
competitiveness [3][4]. A. Predictive Analytics in CRM
The emergence of machine learning has offered The application of machine learning to CRM data has
transformative potential for sales intelligence. Predictive attracted substantial research attention over the past decade.

models applied to CRM data can systematically identify
patterns that human analysts routinely miss, delivering more
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Chaturvedi and Sinha [4] conducted a comprehensive study
demonstrating that ML models applied to Salesforce CRM
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opportunity data improve sales forecast accuracy by up to 38%
compared to traditional regression methods. Their work
established that deal size,

account history are the three most predictive features for win

stage progression velocity, and

probability estimation.

Ngai et al. [11] provided an early systematic review of
data mining applications in CRM, identifying classification and
prediction as the most common ML tasks in sales analytics.
More recently, Keramati et al. [12] demonstrated that ensemble
learning methods outperform single classifiers for CRM churn
prediction, a finding with direct implications for win probability
modeling. Harvard Business Review [5] conducted large-sca le
industry research showing that data -driven sales teams achieve
5-6% higher productivity and 6% better quota attainment than
those relying on manual judgment.

B. Machine Learning in Sales Forecasting

Bohanec et al. [13] applied decision tree and random
forest models to B2B sales opportunity data, demonstrating that
tree-based methods achieve superior interpretability alongside
also highlighted the
challenge of class imbalance in sales datasets, where lost

competitive accuracy. Their work

opportunities typically outnumber closed-won deals.

Baier et al. [14] investigated the integration of external
data  sources—including macroeconomic indicators and
competitor  signals—into CRM-based prediction models,
finding meaningful accuracy improvements. Filieri and
McLeay [15] examined the role of user-generated content and
social signals in sales prediction, demonstrating that sentiment
data from customer communications can significantly improve

win probability estimates.

C. Autonomous Al and Agentic Systems

Wang et al. [16] provided a comprehensive survey of
autonomous Al agent architectures, classifying them along
dimensions of goal persistence, action space, and environmental
interaction. Salesforce's technical documentation [3] positions
Agentforce as a fundamentally different paradigm from
Einstein Al: while Einstein generates predictions that humans
must act upon, Agentforce maintains persistent goals, monitors
triggering conditions, and executes configured action sequences

without human prompting.

Xu et al. [17] studied human-Al collaboration models in
enterprise software, finding that fully autonomous AI action
execution reduces decision latency by an average of 74% while
maintaining comparable decision quality. This provides strong
theoretical automation

support for the Agentforce-based

approach adopted in this system.
D. Salesforce Platform Research

Islam et al. [18] examined Salesforce Apex as a platform

for implementing business logic, noting its strengths in

governor limits enforcement and multi-tenant security but
acknowledging constraints in computational intensity that make
traditional iterative ML Kumar and

training impractical.

Reinartz [19] provided a comprehensive treatment of CRM
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analytics  frameworks, emphasizing the
embedding predictive insights directly within the
interface rather than in separate analytics tools.

importance  of
CRM

III. SYSTEM ARCHITECTURE

A. Four-Layer Cloud-Native Architecture

The proposed system follows a four-layer cloud-native
architecture deployed entirely on the Salesforce platform,
ensuring enterprise-grade security, scalability, and reliability
without external infrastructure dependencies.

Presentation ~ Layer:  Salesforce  Lightning = Web
Components (LWC) render the user interface including the
prediction panel, color-coded risk indicators, and the Risk
Analysis Dashboard. All UI components adhere to Salesforce
Lightning Design System (SLDS) guidelines,

accessibility compliance (WCAG 2.1 AA).

ensuring

Business Logic Layer: Five Apex classes implement the
ML prediction engine, risk assessment rules, and Agentforce
integration. Salesforce governor limits—which restrict CPU
time, heap size, and SOQL queries per transaction—constrain
the algorithmic design, necessitating an efficient rule-based
scoring approach rather than computationally intensive iterative
training [18].

Data Layer: Salesforce standard objects (Opportunity,
Account) and the custom Risk Assessment__c object store all
system data. Role-based access control (RBAC) enforces data
visibility. Custom fields on the Opportunity object store win

probability, risk level, and prediction timestamp.

Automation Layer: Salesforce Agentforce autonomous
agents monitor post-prediction outputs and execute configured
multi-step action sequences—updating records, creating tasks,
notifications—without

and dispatching requiring  human

triggers.
B. System Flow

The end-to-end system flow proceeds through eight
stages: (1) a sales executive creates or updates an Opportunity
record; (2) the OpportunityTrigger fires automatically; (3) the
trigger invokes OpportunityPredictionEngine asynchronously;
(4) the prediction engine extracts feature data and computes
P(w); (5) RiskAssessmentService classifies the risk level; (6)
results are written to custom fields; (7) Agentforce detects the
updated risk level and executes the configured action workflow;
(8) the LWC displays the updated prediction panel to the user
in real time.

C. Agentforce vs. Einstein Al: Architectural Comparison

A critical architectural decision in this project is the

selection of Salesforce Agentforce over Einstein AIl. This

decision was driven by the fundamental behavioral difference
between these two technologies, as summarized in Table 1.
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TABLE 1. DETAILED COMPARISON: EINSTEIN AI vs.
AGENTFORCE

Feature

Core Behavior

Action Type

‘Workflow Scope

Human Dependency

Trigger Mechanism

Record Updates

Task Creation

Manager Notifications

IV. DESIGN AND METHODOLOGY

A. Module Architecture

The system is decomposed into six functional modules:
(1) Opportunity Management Module—handles the complete
lifecycle of opportunity creation, updating, and deletion; (2)
Data Analysis Module—extracts and preprocesses relevant
feature data; (3) Prediction Engine Module—implements the
weighted ML algorithm; (4) Risk Assessment
Module—converts the continuous P(w) score into a discrete
risk classification; (5) Agentforce Automation Module—

scoring

orchestrates autonomous multi-step post-prediction workflows;
(6) User Interface Module—renders prediction results and risk
dashboards via LWC.

B. Data Model Design

The system extends Salesforce's standard Opportunity
object with five custom fields to support prediction storage and
reporting. Table II presents the complete custom field schema.

TABLE II. CUSTOM FIELDS IN OPPORTUNITY OBJECT

Field API Name Constraint Description

Type

Deal Size_ ¢ Currency NOT NULL Monetary

deal value

Picklist NOT NULL Current

sales stage

Sales_Stage_ ¢

ML-
predicted
win score

(0-100%)

Win_Probability_ ¢ Percent Auto-calculated

Low /
Medium /
High risk

Risk_Level__c Picklist Auto-calculated

DateTime Timestamp
of last
prediction

run

Last_Analyzed_ c System-

generated

C. Prediction Algorithm Design

The prediction engine implements a weighted multi-
feature scoring model operating within Salesforce Apex

| https://ijsrem.com
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governor limits (10-second CPU time, 6 MB heap). The win
probability P(w) is computed as:
Pw) = wif(Stage) + waf(DealSize) + wsf(HistRate) +
waf(AccountTier)

where:
normalized [0,1] score (Prospecting=0.15, Qualification=0.30,
Proposal=0.50, Negotiation=0.75, Closed Won=1.00);
f(DealSize) normalizes deal amount against the 12 -month
moving average; f(HistRate) represents the historical win rate
for the associated account over the trailing 24 months; and
f(AccountTier) assigns a tier score based on account annual
revenue (Enterprise=1.0, Mid-Market=0.7, SMB=0.4).

Weights  (wi=0.35, w>=0.25, ws=0.25, ws=0.15) are
calibrated on historical closed opportunity data. Risk
classification thresholds: Low Risk when P(w) > 70%; Medium
Risk when 40% < P(w) < 70%; High Risk when P(w) <40%.

D. Agentforce Workflow Design

The Agentforce agent the
Risk Level__c field on the Opportunity object and executes a
five-step workflow wupon each prediction completion: (1)
Analyze the updated opportunity record and validate prediction
completeness; (2) Compute and persist win probability and risk
classification; (3) Update the Opportunity Stage field if the risk
level indicates a stage mismatch; (4) Create a Salesforce Task
for all High-Risk opportunities with priority set to High and due
date 3 business days out; (5) Post a Chatter notification to the

f(Stage) maps the current sales stage to a

autonomous monitors

sales manager group for all opportunities transitioning from
Medium to High risk.

V. IMPLEMENTATION
A. Apex Prediction Engine

The prediction engine is implemented as a set of five Apex
classes, each with a single well-defined responsibility following
the Responsibility
OpportunityPredictionEngine.cls—the central class containing

Single Principle: H
the weighted scoring algorithm, implementing batch processing
Database.Batchable; (2)
stateless service class that converts continuous P(w) scores into

via RiskAssessmentService.cls—a

risk classifications, with thresholds read from Custom Metadata

Type records; 3) AgentforceActionHandler.cls—the
integration handler that publishes Platform Events; (4)
Opportunity Trigger.apxt—an Apex Trigger on the Opportunity
object, includes recursive prevention logic; )

PredictionController.cls—an @Aura Enabled Apex controller
that to Lightning Web
Components.

exposes prediction functionality

B. Lightning Web Component Implementation

The opportunityPredictor LWC package provides the
The
renders a three-section layout: a win probability gauge; a risk
badge with semantic color coding (green for Low, amber for
Medium, red for High); and a Predict button. The component

complete user-facing prediction interface. component
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achieves 100% Jest unit test coverage using @salesforce/apex
mocking patterns [20].

C. Risk Analysis Dashboard

A dedicated Lightning App Page the
organizational Risk Analysis Dashboard, presenting three key
a donut chart showing the distribution of
opportunities across risk categories; a ranked list of the top ten
highest-risk opportunities; and a trend chart showing win
probability distribution changes over the trailing 30 -day period.
The dashboard refreshes automatically every 15 minutes.

S€rves as

visualizations:

D. Deployment Configuration

The complete system is deployed to a Salesforce
Developer Edition Org using Salesforce CLI (SFDX) with VS
Code. The deployment package comprises 5 Apex classes, 1
Apex trigger, 1 LWC component package (4 files), 4 custom
fields on the Opportunity object, 1 custom object, 2 Custom
Metadata Type records, 1 Platform Event definition, 1
Agentforce Agent configuration, and 4 Salesforce Reports with
2 Dashboard components. Salesforce's mandatory 75% code
100%

achieved across all Apex classes and triggers [6].

coverage requirement is exceeded with covera ge

VI. RESULTS AND EVALUATION
A. Test Strategy

A comprehensive testing strategy covering five test levels
was executed: Unit testing, Integration testing, System testing,
User Acceptance Testing (UAT), and Regression testing. Ten
functional test cases covering all system modules were designed
and executed. Table III presents the complete test case results.

TABLE III. COMPLETE TEST CASE RESULTS (10/10 PASS)

TC008 | LWC Open Opportunity Predictor
component load | Record panel loads
and render

TC009 | Risk Summary | Click Run Report Report
Report generated
generation correctly

TCO010 | Batch 100 opportunities All complete
performance: processed under 5 sec
100+ records

B. Prediction Accuracy Validation

Prediction accuracy was evaluated by applying the system
retrospectively to a dataset of 200 historically closed
opportunities (120 Closed Won, 80 Closed Lost). The system
achieved a directional prediction accuracy of 83.5% (167/200
correct classifications). Precision for Win prediction was 86.4%
and for Loss prediction was 79.2%, with an overall F1 score of
0.82. Risk
assessments exceeded 90% across all three risk categories.

classification agreement with domain expert

C. Performance Benchmarking

End-to-end prediction latency: single-record prediction
mean latency was 1.2 seconds; batch prediction of 50 records
was 2.8 seconds; and for 100 records was 4.6 seconds,
satisfying the defined requirement of under 5 seconds. Table IV
summarizes the deployment and performance metrics.

TABLE IV. DEPLOYMENT AND PERFORMANCE
SUMMARY

Metric Value

Deployment Tool Salesforce CLI (SFDX) + VS Code

Target Environment Salesforce Developer Edition Org

Apex Code Coverage 100% (Salesforce minimum: 75%)

Components Deployed 5 Apex classes, 1 Trigger, 1 LWC, 4

© 2026, IJSREM | https://ijsrem.com
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TC ID Description Input Expected Custom Fields
TCO001 | High deal, Amount:500K, P(w)=85%, Single-record Prediction 1.2 seconds (mean)
advanced stage | Stage:Negotiate Risk:Low Latency
TC002 | Low deal, early | Amount:10K, P(w)=25%, 50-record Batch Latency | 2.8 seconds (mean)
t Stage:P: ti Risk:High
stage age:Trospecting 1S 100-record Batch 4.6 seconds (mean, < 5s requirement)
TC003 | Medium deal, Amount: 150K, P(w)=55%, Latency
id st Stage:P: 1 Risk:Medi
e stage age:Troposa S Retrospective Accuracy 83.5% (167/200 correct)
TC004 Clqsed Won Stage:Closed Won P(w)'=100%, Expert Risk = 90%
verification Risk:Low ) )
Classification Agreement
TC005 | NULL deal Amount:NULL Validati
amount e oun er?()lr ation :gentforce Action 100% (10/10 test cases)
validation displayed ceuracy
TCO006 | Stage change Update Stage to P(w) auto- EWC Btl:lt;ylv.ser 1S{hr[()).rlne, Firefox, Safari, Salesforce
triggers Closed Won recalculates ompatibility obre
recalculation
TCO007 | Agentforce Risk Level = High Task auto- VIL. DISCUSSION
High-Risk task created in 5
creation sec A. Key Contributions

This work makes three primary contributions. First, it
demonstrates that a practically useful ML-based win prediction
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system can be implemented entirely within the Salesforce Apex
environment without external ML frameworks. Second, the
integration of Salesforce Agentforce closes the loop between
prediction and action, reducing decision latency from prediction
to follow-up by an estimated 74% [17]. Third, the configurable
threshold architecture—implemented via Salesforce Custom
Metadata Types—enables risk classification thresholds and
prediction weights to be adjusted by administrators without

code changes.

B. Limitations

The prediction algorithm is a weighted rule-based model
rather than a trained statistical ML model; weights cannot
automatically adapt as the organization's sales patterns change
and require periodic manual recalibration. The retrospective
accuracy evaluation of 83.5% was conducted on a relatively
small dataset of 200 historical records from a single Salesforce
Developer Org. The system also does not currently incorporate
external signals such as economic conditions, competitive
intelligence, or customer engagement data [14][15].

C. Comparison with Existing Approaches

Compared to the existing manual approach: prediction
latency drops from hours to under 5 seconds for 100 records;
consistency improves from highly variable (subject to
individual analyst judgment) to deterministic and reproducible;
and follow-up action latency drops from typically 24-48 hours

to under 5 seconds for automated Agentforce-triggered actions.

VIII. CONCLUSION AND FUTURE SCOPE
A. Conclusion

This paper has presented an Intelligent Opportunity Risk

Analysis and Win Prediction System that successfully
integrates machine learning prediction logic with autonomous
workflow execution entirely within the Salesforce enterprise
CRM platform. The system replaces manual, judgment-based
sales decision-making with automated, data -driven win
probability scoring (83.5% retrospective accuracy) and risk
classification (>90% expert agreement). Salesforce Agentforce
extends the system's capability from passive prediction to
autonomous action execution, creating a self-managing sales

intelligence platform.

All ten test cases achieved Pass status with 100% Apex
code coverage. Batch prediction latency for 100 records was
seconds, sub-5-second

confirmed at 4.6 satisfying  the

requirement. The work demonstrates that enterprise-grade,
autonomous, ML-powered sales intelligence systems can be
built and deployed entirely within the Salesforce ecosystem

without external ML infrastructure.

B. Future Scope

Several directions for future enhancement have been
identified: (1) Einstein Discovery Integration [7] to replace the
rule-based scoring model with a statistically trained model; (2)
NLP Sentiment Analysis [15] using the Einstein Language API
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for sentiment-enriched prediction; (3) External Market Data
Integration [14] via MuleSoft for macroeconomic context; (4)
Deep Learning Models via Heroku [22] using LSTM or
Transformer architectures; (5) Mobile-First LWC Design for
Salesforce Mobile App priority; (6) Predictive Lead Scoring
[23] extending prediction upstream to lead conversion; (7)
Multi-Tenant
Salesforce AppExchange managed package.

Saa S Deployment [24] as an installable
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