2]
ﬁ] SRE M%

e-Joul r;al
R

Volume: 09 Issue: 04 | April - 2025

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.586 ISSN: 2582-3930

Al in Commerce: Innovations in Sales Optimization, Supply Chain
Efficiency and Consumer Behavior Analysis

K Srinivasulu!, K Rahul?

Assistant professor, Department of commerce, Government Degree College for Women Wanaparthy,
Wanaparthy, Telangana.
2L ecturer, Department of Computer Science and applications, Government Degree College for Women
Wanaparthy, Wanaparthy, Telangana.

Abstract

This research paper investigates the impact Artificial
Intelligence (Al) is having on the foundational aspects of
commerce sales optimization, supply chain management,
and consumer behavior analysis. As organizations move
into an era of enhanced competition and changing
consumer needs, business leaders are now incorporating
Al-driven strategies into their business models as the
means for achieving operational excellence, and
responding to market changes. By considering
commercial applications, this research looks in to the
function of Al algorithms, predictive analytics, and
regression-based models (including the significance of
beta coefficients), all of which can have a profound
impact on traditional commercial functions. The findings
demonstrate measurable business benefits and provide
the foundation for a systematic evolution of commercial
practice based on intelligence.

Key Words: Al in Commerce, Sales Strategy, Supply
Chain Automation, Consumer Analytics, Regression
Models, Beta Coefficients.

1.INTRODUCTION

The accelerating digital transformation of the global
economy has underscored the significance of Artificial
Intelligence in reimagining business and commerce. Al's
reach in commerce is narrower than its generalized
applications in technology sectors; Al will analyze those
specific value-generating activities in commerce,
including sales performance, logistics optimization, and
consumer intent understanding Businesses have begun
recognizing the unique advantage of being data-driven,

not only to predict demand but to dynamically adjust
operations based on real-time input. This paper examines
how Al becomes a strategic resource for how enterprises
may adapt faster, operate more effectively and respond to
increasingly personalized consumer expectations.

2. LITERATURE REVIEW

Machine Learning into online retailing practices can
strengthen  strategies though analyzing consumer
behavioral responses. This paper identifies significant
purchasing patterns based on past transactions and
customers’ browsing behavior using models like Random
Forest, Logistic Regression, and Gradient Boosting [1]. It
promotes the future potential of predictive analytics to
personalize the customer user experience, improve
marketing effectiveness, and ultimately, increase online
sales possibilities. This study highlights the importance of
data-driven decision making in e-commerce. The authors
demonstrate that machine learning can improve customer
targeting and engagement. Accessing consumer behavior
generates consumer insights which bridge both
technology-enabled sales optimization strategies and the
customer experiences [1].

The supply chain for online retail is modeled while
accounting for critical factors that influence purchasing
decisions, such as the price of a product and the delivery
of logistic costs. This model constructs a market demand
function based on the various sales characteristics of E-
commerce firms. In addition, a network equilibrium
model is proposed that incorporates the four levels of
decision makers: suppliers, E-commerce platforms,
logistics service providers, and final customers. The
authors demonstrate the modeling approach using
variational inequality theory to assess equilibrium
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conditions under sales promotion circumstances. The
authors, provide potential insights into the determinants
of online consumer behavior and supply chain
coordination. The authors also provide economic
interpretations of the results of the modeling framework.
To demonstrate the validation of the model, a diffset is
demonstrated to assure the framework provides a
practical relevant framework for the optimization of an
online retail strategy [2]. The most unique concept of
improving supply chain efficiency in cross-border e-
commerce through the use of machine learning and IoT
technology. The process of the study consists of two
phases: forecasting order quantity for each merchant by
using a weighted ensemble of neural networks and
optimizing the utilization of resources related to available
inventory and forecasting sales. A new Capuchin Search
Algorithm (CapSA) was used to determine the weights of
the ensemble model, improving learning outcomes and
local error reduction. The ensemble model outputs
predictions using the weighted average of each model,
and its Root Mean Squared Error (RMSE) was 2.27,
which outperformed all comparative methods. Lastly, the
findings of the study also show a reduction in Mean
Absolute Percentage Error (MAPE) by 14.67%,
achieving both predictive performance and practical best
practices in e-commerce logistics [3].

The study referenced discusses a dual-channel (e-
commerce and offline retailing) closed-loop supply chain
looking to strike a balance between the convenience
offered by e-commerce and a service level provided by
offline retailing that aligns with sustainable development
targets. The study uses consumer utility selection theory
to draw demand functions based on individual consumer
preferences for e-commerce and quality offshore retail
service. The study demonstrates that both e-commerce
preference and retail service quality significantly and
independently affect consumer purchasing choices, and,
for a subset of the consumer transaction decision tree used
for evaluating returns, recoverable performance can be
similarly enhanced with ecological benefits as identified
in product returns. The study then examines the
inefficiency associated with double marginalization that
arises in decentralized systems and offers a revenue
sharing-service cost contract to enhance productivity.
Through the establishment of a contract to improve
performance, economic and environmental performance
goes up for all involved and from contract negotiation and
agreement, all parties realize some level of profit [4].

advanced Al-driven solutions for future supply chain
efficiencies across e-commerce, ideally towards Cross-
Border E-Commerce (CBEC). The first study pertains to

an intelligent CBEC framework, which utilizes loT and
predictive ensemble modeling based on the Adaptive
Neuro-Fuzzy Inference System (ANFIS) model. The
novel approach applies Particle Swarm Optimization on
two levels: hyperparameter tuning and weight
optimization where it reduced prediction error
significantly (average absolute error of 2.54) and
improved both the responsiveness as well as efficiency in
the supply chain [6].

The study aims to supersede the traditional limitations
provided by forecasting tools using the CatBoost
algorithm, which is an algorithm that effectively manages
categorical ~ variables  while  minimizing  data
preprocessing. This approach relies on regression and
classification techniques to predict sales, profits, delivery
times, and customer behavior. This study discusses the
hyper-parameter tuning impact, especially of the learning
rate, in improving the model's accuracy but within a
practically acceptable computation time span.

Thus, above studies show the increasing advance of
Al, ML, and optimization techniques in transforming the
e-commerce supply chains. By means of predictive
modeling and intelligent automation, better forecasting
regarding demand, cut delays, increase profits, and usher
better customer satisfaction would all be achieved [6,7].

3. METHODOLOGY

An empirical review of case studies in retail, e-
commerce, and supply chains that show how Al
applications like demand prediction, recommendation
systems, dynamic pricing, automated customer service,
and predictive logistics have been used to enhance
business performance is part of the systematic
methodology used in this study to investigate the strategic
impact of Al on commerce.

3.1 Emphatical review: These case studies offer
empirical proof of Al's ability to improve revenue,
increase productivity, and comprehend customer
preferences in a range of business contexts. Regression
analytics is used to measure commercial aspects on sales
performance, inventory levels, and profitability. These
elements include the effects of pricing, advertising,
seasonal demand, and consumer preferences.

3.2 Data analytics with regression: Systems use
machine learning-enhanced regression and historical data
to assess the effects of each independent variable on
important business metrics. This allows commercial
teams to forecast better performance output, optimize
decisions, and make well-informed decisions based on
assessments of historical behavior. Systems use machine
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learning enhanced regression and historical data to assess
the effects of each independent variable on important
business metrics. This allows commercial teams to
forecast better performance output, optimize decisions,
and make well-informed decisions based on assessments
of historical behavior.

A sales and supply forecasting model's

interpretation of beta coefficients shows how a variable
affects an outcome, like revenue or expenses. In a
regression model, the beta coefficient () shows how the
outcome is mediated by a one-unit increase in a factor like
price or advertising. While a negative 8 value for price
may suggest lower demand, a high value for marketing
activities may imply a large positive influence on
revenue. Beta coefficients that are either positive or
negative in supply chains may show how lead or delivery
times affect overall costs. Analyzing the beta values can
assist in improving the management and overall
commercial strategy as well as informing better business
judgments.
3.3 Cooperative analysis: A study of metric
comparisons before and after the integration of Al in
operations is known as a comparative analysis of
commercial performance metrics. Businesses used
manual, static processes prior to the adoption and
adoption of Al, which could have resulted in longer
reaction times and inefficiencies. Nevertheless,
practically all reports showed a higher rise in
performance-based measures following the Al
integration, with common gains including improved
customer retention, higher inventory turnover, and more
accurate forecasts. For instance, supply chain
enhancements showed a 20% rise, and sales projections
improved by at least 30%. Impacts on customer retention,
inventory turnover, and forecast accuracy are significant,
but real-time data allowed for quicker decision making
and improved business plan management.

Empirical Review

4
Data analytics with
Regression

\4
Interpretation of Beta
coefficients

\ 4

Cooperative analysis

Fig-A: Methodology

The study Fig-A shows how integrating Al might
affect commercial outcomes. Because the approach
supports both qualitative insights and quantitative
validation, we are able to assess how Al is affecting
business operations and strategic decisions.

4. DESIGN AND ANALYSIS

4.1 Sales optimization using Al: Al tools like CRM
analytics, recommendation engines, and automated
pricing models streamline the sales funnel. Predictive
sales models, based on the equation

y= L0+ BIlx1+L2x2+ -+ pnxn (1)

this equation used to estimate outcome like revenue( ¥)
with variables x1 ,x2, ........ ,Xn

including marketing spend, price, customer behavior.

4.2 Supply chaining streaming using with Al: Using
models like ARIMA and neural networks, Al forecasts
demand patterns, optimizes delivery routes, and
automates restocking. Regression-based models indicate
how factors like lead time or demand spikes influence the
cost:

y = B0+ B1(lead time) +
B2 (demand variability) (2)

a high g for lead time implies it strongly impacts supply
chain cost, guiding businesses to reduce delays and
enhance efficiency.
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4.3 understanding Consumer Behavior: Al takes a

close look at your shopping habits, online browsing, and Fig-2- Revenue Growth
what other consumers are saying to really get to know you

better. Consider unsupervised learning models like K-

Means and PCA. They are great at sorting consumers into o

specific target groups for marketing efforts. While beta 20%

coefficients might not always hit the mark by themselves,

regression-based personalization engines can swoop in to o @
customize offers just for you, which can really enhance
your overall value as a customer.

B coefficients represent as:
Fig-3 : Lead Conversion Fate

50 : Intercept

Bn: change in metric (reason is one unit change in xn)

example: if g of 4.2 to spend adverting it indicates each -
extra dollar spent yields a 4.2-unit increase in sales.

5. RESULTS AND DISCUSSION :

[ TR [ e T 1 I e R O I == )

5.1 Sales Optimization: Pre-Al Value Pos-Al Value
Pre-Al Post-Al
Metric Value Value Fig-4:Average Transaction Value
Sales Forecast Accuracy | 65% 95% 3C
Revenue Growth (YOY) | 8% 30% 2z
Lead Conversion Rate 15% 28% 12 4 0
Average  Transaction 2800
Value 3800 31,100 3T g
400
Table 1.1: Sales impact using Al 2300

Predictive analytics and customer targeting by

Metric Improvement (%) o
Al technologies improved sales processes. Table 1.1 and
Sales Forecast Accuracy 30% .
Tablel.2 shows how sales forecast accuracy increased
Revenue Growth (YOY) 22% . .
- from 65% to 95% (+30%), allowing businesses to more
Lead Conversion Rate 13% . . . .
- effectively plan promotions and control inventories.
Average Transaction Value 37.50% - .
More precise customer segmentation and automated

Table 1.2: Sales Improvement using Al recommendations helped to drive a 22% increase in

revenue growth. Further evidence that Al-driven
Fig-1: Sales Forecast Accuracy personalization tactics are successfully raising customer
spending comes from the 37.5% increase in the average
transaction value.
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5.2 Supply chain Efficiency:

Post- Improvement
Metric Pre-Al | Al (%0)
Order Fulfillment
Time (days) 5 3.25 -35%
Inventory
Turnover Ratio 4.2 6.1 45%
Supply Chain
Cost per Unit $12 $9.60 | -20%
Delivery
Accuracy Rate 88% 96% 8%

Table 2: Improvements in Supply chain efficiency

The integration of Al led to improvements in supply
chains. Table 2 shows that delivery accuracy increased by
8% and order fulfillment time reduced by 35%. Because
of more accurate demand forecasting, the inventory
turnover ratio increased from 4.2 to 6.1, indicating faster
circulation of items. Additionally, supply chain cost per
unit dropped by 20%, demonstrating Al's capacity to cut
waste and improve routes.

Fig-5: Improvements in Supply chain efficiency

fhﬂhﬂ

Order Fulfillment
Time [days)

v entory
Turnover Ratio

Supply Chain Delivery
Cost per Unit Accuracy Rate

W Pre-A Post-Al

5.3 Beta and Regression analysis:

Beta
Independent Variable Coefficient
advertising Spend 3.2
Product Price -1.1
Customer Loyalty Score 2.8
Social Media Engagement 15

Table 3: Beta coefficient and regression analysis

Table 3 shows that beta coefficients for key
commercial variables. Advertisement spend ($=3.2) and
customer loyalty ((8=2.8) shows positive sales,
validating the strategic importance of these factors. The

negative beta for price suggests the price in consumers,
reinforcing the need for dynamic pricing models.

5.4 Consumer behavior

Post-Al
Metric Pre-Al Value Value
Conversion Rate 12% 24%
Customer Churn
Rate 22% %
Customer Lifetime
Value (CLV) %4,200.00 %7,500.00
Average  Session
Duration 3.5 mins 5.1 mins

Table 4:Al Impact on Consumer behavior

Table-4 show that to understand consumer preferences
and behavior patterns has been shown through Al driven
analysis of data. Customer attrition decreased by 15%,
and the conversion rate quadrupled from 12% to 24%.
Additionally, the long-term effects of improved
engagement tactics were demonstrated by the over 78%
rise in customer lifetime value (CLV). Improved user
experience and more relevant content or product
recommendations were also suggested by longer session
durations up 45.7%.

6. CONCLUSION

Artificial Intelligence is a foundational element of
transitioning to a proactive, intelligent commerce concept
from a reactive operating model. Regression modeling
and understanding the beta coefficient allow businesses
to determine which commercial levers to apply for the
most significant impact on growth. The use of Al in
commerce can be applied to improve logistics, sales
efficiency, and customer satisfaction. To realize the
commercial possibilities of Al, an organization needs to
pursue data readiness, alignment of strategy to Al, and
ongoing analytics. Transitioning towards an intelligent
commerce concept will preserve competitiveness while
paving the way for future success in an intelligent
commerce context.
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