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Because global supply chains are changing so quickly, businesses need to use new technologies to
make them more flexible, accurate, and strong. This study looked into the possible use of
Generative Artificial Intelligence (GAI) in supply chain management (SCM) to make operations
smarter and more proactive. The study looked at GAI's effects on important supply chain tasks like
demand forecasting, inventory optimization, supplier risk assessment, and logistics coordination
using a mix of approaches, including simulation modeling and expert reviews. The results showed
that GAI made forecasts much more accurate, sped up decision-making, improved inventory levels,
and made lead time less variable. Experts agreed that GAI had a lot of technological potential, but
they also stressed the importance of human control, interpretability, and ethical use. The results
showed how GAI can change the way supply chain ecosystems work by making them more proactive
and data-driven, which lets them adapt to changing market conditions.
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1. Introduction

Supply chain management (SCM) has changed from
a cost-focused task to a strategic driver of business
resilience and competitive advantage in today's fast-
paced and extremely unstable global market.
Traditional supply chain management (SCM) models
have had a hard time adapting to changing market
conditions, unexpected shocks, and rising consumer
demands because they depended too much on
historical data and linear forecasting methods. As
companies look for ways to make their operations
smarter, faster, and more flexible, it is necessary to
use new technologies. Generative Artificial
Intelligence (GAI) is one of these technologies that
has the potential to change the way supply chains
work.

Generative Al goes beyond automation to make
smart, self-evolving systems. It can develop,
simulate, and optimize content and decisions from
large data sets. When wused in supply chain
management (SCM), GAI can make predictions in
real time, model supply-demand scenarios, suggest
the best logistics routes, and even come up with
adaptive techniques to deal with new hazards. Most
Al models are merely predictive, while GAI adds a
generative layer that not only predicts future states
but also offers proactive steps to avoid problems
and take advantage of opportunities.

This study looked at how GAI might hypothetically
be used in several supply chain activities to see how
well it could make operations smarter and more
proactive. The study's main goal was to find out
how GAI affected important performance areas like
anticipating demand, managing inventory, analyzing
supplier risk, and coordinating logistics. The study
used both simulation modeling and expert validation
to try to provide a full picture of how GAI may make
supply chains more responsive, efficient, and
resilient in a business world that is becoming more
complicated.

2. Literature Review

Jackson et al. (2024) suggested a capability-
based approach for looking at and using generative
Al in supply chain and operations management.
Their research focused on putting GAI capabilities
into three groups: decision  augmentation,
autonomous generation, and adaptive learning.

The authors found that GAI might have a big effect
on SCM in a few key areas, such as responding to
disruptions in real time, controlling inventory in real
time, and using logistics systems that optimize
themselves. The study also talked about problems
with putting the plan into action, like making sure
the data fit together, the model was easy to
understand, and it fit with the company's overall
goal.

Mohamed (2023) looked at the bigger picture of
how GAI had changed the way supply chains worked
and how well they worked. He said that GAI made
supply chains more responsive by making
simulations for changes in supply and demand. He
also said that its integration let companies switch
from reactive to anticipatory supply chain models.
The study showed that GAI's unique value
proposition is its usage of natural language
generation (NLG) for real-time reporting and
scenario planning.

Yandrapalli (2023) focused on how GAI would
change supply networks, especially how it will make
them more visible and flexible. His findings showed
that GAI-enabled systems could autonomously
generate procurement strategies, supplier risk
assessments, and dynamic route optimizations. The
study gave examples from the retail and
manufacturing sectors where GAI helped speed up
operations and improve warehouse management by
making smart suggestions.

Hemachandran et al. (2024) looked at how
predictive analytics and generative AI may work
together in data-driven initiatives, but their main
focus was on marketing. The editors did say,
though, that the basic ideas of SCM, like adaptive
learning, synthetic data generation, and real-time
insight production, were also true for SCM. Their
talk about how AI can turn unstructured data into
useful information was directly related to SCM
decision-making settings.

George (2024) looked into how AI may be used in
smart manufacturing systems and how it can
improve efficiency, quality control, and operational
insights. The study wasn't just about the supply
chain, but it did give important information about
how GAI may be used at the production level to
make work instructions, guess when maintenance
will be needed, and change production schedules on
its own. When these new ideas were used
throughout the supply chain, they promised huge
increases in efficiency.
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Research Methodology

The use of Generative Artificial Intelligence (GAI) in
supply chain management (SCM) has changed the
way businesses think about operational efficiency
and making strategic decisions. Deterministic
forecasting and linear workflows were very
important to traditional supply chain models, but
they didn't always function well in contexts that
were unstable or complicated. GAI, on the other
hand, might study patterns, make simulations, and
come up with adaptive solutions on its own based
on real-time data.

This study looked into how GAI could have been
used to improve anticipatory skills in SCM tasks like
planning for demand, managing inventory,
managing supplier risk, and coordinating logistics.
The study's goal was to find out if GAI-based
systems could be more flexible, accurate, and
responsive than traditional ones. The study used
simulation models, expert feedback, and key
performance indicators (KPIs) to test the idea that
GAI may help create smart and proactive supply
chain ecosystems.

2.1 Research Design

The study used a mixed-methods exploratory
research design, which means it used both
quantitative and qualitative methods. We used
simulation modeling to create supply chain
scenarios with and without GAI in a quantitative
way. We did expert interviews and validation
sessions to look at the perceived impact,
practicality, and trustworthiness of GAI outputs in
supply chain decision-making.

This research design made it possible to do a full
analysis by balancing the accuracy of computers
with the knowledge of people. The mixed-method
approach made sure that the study looked at both
the technical efficiency and strategic importance of
adding GAI to SCM operations.

2.2 Data Collection
Primary Data

We got primary data by doing semi-structured
interviews with 15 professionals, such as supply
chain managers, Al engineers, logistics analysts,
and data scientists. The goal of these interviews
was to get real-world opinions on what GAI can and
can't do in operational settings.

There were also expert validation sessions where
participants were shown GAI-generated outputs
such risk maps, forecast demand projections, and
inventory policies. We used their feedback to find
out how easy it was to understand and use the
outcomes in real supply chain situations.

Secondary Data

We got our secondary data from publicly available
datasets like Kaggle supply chain repositories,
synthetic ERP databases, and case studies that were
specific to the industry. These datasets gave us
information about past demand patterns, shipment
delays, stock levels, and how well suppliers were
doing. We also examined literature reviews and
white papers from big consulting companies and Al
solution vendors to put the results in context.

2.3 Generative AI Framework Simulation

A GAI simulation framework was developed using
tools such as OpenAI’s GPT architecture, Python,
PyTorch, and relevant transformer models. The
framework was designed to mimic real-time data
environments and autonomously generate decisions
and simulations.

The GAI model was configured to:

= Generate accurate demand forecasts using
historical sales, seasonal trends, and
macroeconomic indicators.

= Recommend optimal inventory strategies using
reinforcement learning to reduce holding costs
and avoid stockouts.

= Simulate supplier behavior under scenarios like
raw material shortages or geopolitical instability.

= Produce natural language summaries and
dashboards to assist in managerial decision-
making.

These simulations allowed for a controlled
evaluation of GAI's performance under both stable
and disruptive supply chain conditions.

2.4 Evaluation Metrics

To evaluate the performance of GAI-infused SCM,
the study utilized a set of standard KPIs:

= Forecast Accuracy: Measured using Mean
Absolute Percentage Error (MAPE) and Root
Mean Square Error (RMSE).
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= Inventory Turnover Ratio: Assessed
improvements in  stock utilization and
minimization of dead stock.

= Lead Time Variability: Measured reduction in
variability and delays across the supply network.

= Decision Latency: Evaluated the time taken to
process data and produce actionable
recommendations using GAL.

Each KPI was calculated for both pre-GAI and post-
GAI simulations to enable comparative analysis.

2.5 Analytical Methods

The study utilized descriptive statistics to look at
raw data and inferential statistics like t-tests and
ANOVA to find big changes in performance.

We used agent-based modeling to create scenario-
based simulations that showed what would happen
if a supply failed or demand suddenly rose. We used
thematic analysis on the transcripts of the
interviews to find the main ideas about trust, how
easy it is to understand, and how ready people are
for Al integration.

All results were triangulated to ensure validity and
consistency across data sources and analytical
techniques.

3. Result and Discussion

This part talks about the results of putting
Generative Al (GAI) into different parts of supply
chain activities in a simulated way. The study looked
at the effectiveness of GAI in allowing anticipatory
and intelligent decision-making in demand
forecasting, inventory management, supplier risk
evaluation, and logistics planning by looking at key
performance indicators (KPIs), expert feedback, and
simulation modeling. We looked at the data to see
both the quantitative improvements and the
qualitative insights that could help us grasp the
strategic benefits and practical constraints of using
GAI.

3.1 Improvement in Forecast Accuracy

The GAI-enhanced demand forecasting model was
far more accurate than classic statistical models like
ARIMA and moving averages. The GAI model was
better at capturing complicated demand patterns
that were affected by both internal and external
factors since the Mean Absolute Percentage Error
(MAPE) and Root Mean Square Error (RMSE) went
down.

Table 1: Forecasting Accuracy Comparison

Model Used MAPE (%) RMSE (Units)

ITraditional (ARIMA) 12.8 K120

GAI Model 5.4 210

mTraditional (ARIMA)  mGAI Modsl

Figure 1: Forecasting Accuracy Comparison

When comparing the accuracy of predictions made
by traditional ARIMA models and the Generative Al
(GAI) model, it was clear that GAI made a big
difference in performance. The Mean Absolute
Percentage Error (MAPE) went down from 12.8% to
5.4%, which means that demand trends may be
predicted more accurately. The Root Mean Square
Error (RMSE) also went down from 420 units to 210
units, which shows that the size of the forecast
errors got a lot smaller. These results showed that
the GAI model was better at capturing complex
patterns and variables that affect demand. This
made supply chain planning more accurate and
dependable.

3.2 Optimization in Inventory Management

GAI-generated inventory policies led to improved
inventory turnover ratios and reduced excess stock.
The model suggested dynamic reorder points and
safety stock levels based on real-time demand
simulations and risk profiles.

Table 2: Inventory Performance Metrics

Inventory Turnover Ratio 4.2 6.8
JAverage Stock-Out 18 6
Events/Year

Holding Cost (USD/year) $7500 $4750

Comparing inventory performance measures before
and after the introduction of Generative measures
before and after the introduction of Generative Al
(GAI) showed significant improvements in how well
inventory was managed and how much it cost.
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The inventory turnover ratio went up from 4.2 to
6.8, which means that inventory was used more
efficiently and moved more quickly. Also, the
average number of stock-outs each year went down
a lot, from 18 to 6. This shows that demand
forecasting and replenishment accuracy have gotten
better. Holding costs also went down from $7500 to
$4750 a year, which shows that GAI can optimize
stock levels and cut down on extra inventory.
Overall, these changes showed that GAI helped
make inventory management more efficient and
responsive, which led to better service and lower
costs.

3.3 Lead Time and Logistics Efficiency

GAI contributed to better logistics coordination by
forecasting potential disruptions (e.g., weather,
traffic, supplier delays) and recommending
rerouting or alternative scheduling. The lead time
variability was significantly minimized.

Table 3: Logistics Efficiency Indicators

Parameter Without GAI With GAI

|Average Lead Time (days) 6.4 4.8
Lead Time Variability (%) 28.5 11.3
Late Deliveries (%) 22.1 8.4

30

25
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5 l

0
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u Without GAT = With GAI

Figure 2: Logistics Efficiency Indicators

Comparing logistics performance metrics before and
after adding Generative Al (GAI) showed a big
increase in the dependability and efficiency of the
supply chain. The average lead time went down
from 6.4 days to 4.8 days, which shows that GAI
can make operations more efficient and predict
delays. More importantly, lead time variability went
down from 28.5% to 11.3%, which shows that
delivery schedules are now much more predictable
and consistent. Also, the number of late deliveries
went down from 22.1% to 8.4%, which shows that
GAI can proactively manage risks and make the
best routing decisions.

These changes showed how GAI helped make the
supply chain system more flexible and reliable.

3.4 Decision-Making Latency Reduction

GAI systems automated the generation of
dashboards and actionable insights in near real-
time. This drastically reduced decision Ilatency,
empowering managers to act swiftly on supply chain
disruptions.

Table 4: Decision-Making Latency

Decision Type Average Time (Manual) Time with GAI Support

Reorder Triggering  [3 hours 20 minutes
Supplier Reallocation |5 hours K0 minutes
Route Optimization [4 hours 30 minutes

Comparing the time it takes to make decisions
between manual operations and those that use
Generative Al (GAI) showed that operational latency
was much reduced in crucial supply chain tasks.
Specifically, the time it took to trigger a reorder
went from 3 hours to only 20 minutes. This shows
that GAI can quickly examine inventory data and
make decisions about whether to restock. Also,
supplier reallocation, which used to take up to five
hours because someone had to manually check on
vendor performance and availability, only took 40
minutes with GAI's help. Route optimization went
from taking 4 hours to 30 minutes, showing how
well GAI can handle complicated logistics factors
and come up with the best delivery routes in almost
real time. These results showed that GAI greatly
sped up decision-making, which made supply chain
operations more flexible and responsive.

3.5 Qualitative
Interviews

Insights from Expert

Experts  who reviewed the  GAI-generated
simulations reported increased confidence in AlI-
assisted planning. However, they expressed
concerns regarding model interpretability and the
need for human oversight in high-risk decisions
(e.g., supplier blacklisting or high-value order
adjustments).

Key themes from qualitative analysis included:

= Trust in AI decisions improved when
transparent rationale was provided.

= Data governance and ethical use of Al
remained top organizational concerns.
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= Upskilling needs were identified, especially in
interpreting Al-generated analytics and
simulations.

Discussion

The results showed that GAI might be a key factor
in changing how supply chains work by making
predictions more accurate and allowing for proactive
actions. The technology's ability to reduce common
SCM bottlenecks was shown by the measurable
improvements in forecasting, inventory control,
logistics efficiency, and decision time.

But the results also showed how important it is to
have human-in-the-loop frameworks to make sure
that things are clear, flexible, and ethically
overseen. To make it work, companies would have
to spend money on digital infrastructure, cross-
functional training, and ways to handle change.

4. Conclusion

The study above found that using Generative Al in
supply chain management greatly improved
operational performance by making demand
forecasting more accurate, optimizing inventory
levels, reducing lead time variability, and speeding
up decision-making. The simulation findings showed
that essential supply chain functions became much
more efficient, responsive, and cost-effective.
Experts also agreed that GAI had strategic potential,
but they also stressed the importance of keeping
human oversight, assuring transparency, and
resolving ethical issues. In general, GAI made it
possible for supply chain operations to be smart and
forward-thinking in business settings that are
dynamic and complicated.
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