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 A B S T R A C T 
e-Commerce is an inherently variable and uncertain industry. It needs solid and adaptable logistics strategies to sustain 

effective operations and gain a competitive advantage. Most traditional logistics planning methods are inadequate to handle 
dynamic challenges such as sudden changes in demand or supply chain disruptions. This paper investigates how AI-based 
approaches to 'what-if ' scenario simulation can help decision-making and operational resilience within the e-commerce context 
of logistics. The different scenarios can be modeled using AI while applying machine learning algorithms with historical data to 
provide crucial insights about their potential impact on the performance of the supply chain. This paper seeks to develop and 
evaluate AI models with an inbuilt feature for surge demand simulation and disruption of supplies to test their effectiveness in 
enhancing logistical preparedness. For these aspects, it simulates various scenarios of inflation, adverse weather, and supplier 
constraints to the firm to test that AI is more beneficial in terms of outputs delivered in real-time, with the ability to learn and 
adapt and assess all kinds of risks involved. The results indicate that adaptive strategies were necessary to maintain production 
efficiency and cost control amidst fluctuating economic conditions. This work empirically and theoretically contributes to 
portraying how surges in demand and shocks in supply can be mitigated with AI-driven simulation of scenarios, with related 
recommendations provided for partners in the industry to establish more proactive and responsive logistics structures within 
the e-commerce sector.

1. Introduction
E-commerce is characterized by high variability and 

uncertainty, requiring robust and flexible logistics strategies to 
ensure operational effectiveness and competitive advantage. 
These disruptions include sudden surges in demand, supply 
chain interruptions, or any other ruining effects likely to affect 
production schedules, inventory levels, and overall business 
performance. Traditional logistics planning methods fail to 
capture these dynamic challenges, thus demanding state-of-
the-art technologies to predict and reduce the risks of such 
eventualities.

AI, a powerful tool in the e-commerce industry, holds 

immense potential for generating new solutions to enhance 
decision-making and operational resilience. AI-driven ‘what-
if’ scenario simulations are particularly promising for proactive 
logistics management, enabling manufacturers to anticipate and 
prepare for various eventualities. These simulations, powered by 
machine learning algorithms and historical data, provide crucial 
insights into the potential impact of diverse scenarios on supply 
chain performance, ushering in a new era of preparedness and 
adaptability (Smith, 2019; Johnson, 2020).

The proactive nature of AI-driven simulations in ‘what-if’ 
scenarios provides logistics companies with valuable insights 
into the feasibility and effectiveness of specific strategies 
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before implementation. For instance, AI can simulate a sudden 
surge in demand for a product, allowing companies to adjust 
production, inventory management, and resource allocation 
accordingly. Similarly, AI-driven simulations can model supply 
chain disruption delays from key suppliers, enabling firms to 
develop contingency plans that minimize service level losses 
and downtime, providing a sense of security in uncertainty 
(Brown, 2021; Davis, 2020).

Although several potential benefits could be reaped from 
introducing AI into ‘what-if’ scenario simulations in the 
e-commerce industry, such technology has yet to be fully 
adopted. Existing research into this topic highlights developing 
interest, although big gaps exist in understanding what AI 
applications can and cannot do in logistics. Such gaps are what 
this research hopes to fill by developing and evaluating AI 
models that simulate surges in demand and disruptions to supply 
for enhanced logistical preparedness and decision-making. 
According to Clark (2021) and Miller (2019), the proposed 
research will be based on critically reviewing the literature to 
summarize primary existing studies on AI applications in the 
e-commerce and logistically oriented corporate sectors. It will 
also be developing AI models using machine learning techniques 
that will simulate different ‘what-if’ scenarios, all of which 
present a highly detailed analysis of how well those scenarios 
might be in improving the logistical outcome. Since this study 
integrates qualitative insights from its industry experts with 
quantitative metrics of cost savings and lead time reductions, 
the aim is to understand better how AI can drive and enhance 
logistical resilience for the e-commerce industry (Adams, 2020; 
Evans, 2018).

This, therefore, would culminate invaluable contributions 
to practical and academic knowledge by demonstrating the 
potential of AI-driven ‘what-if’ scenario simulation in lessening 
demand surges and supply disruptions at the tail end. This study 
is expected to yield relevant recommendations to industry 
stakeholders, developing a more proactive and responsive 
framework for logistics in the e-commerce sector.

2. Literature Review
High variability and uncertainty characterize the operating 

environment in this industry; therefore, it is essential to ensure 
that robust, flexible logistics strategies are adopted to guarantee 
operational efficiency and competitive advantage. Sudden falls 
in demand or breaks in the supply chain can create a domino 
effect on production schedules, inventory levels, and overall 
business performance. Traditional methods of planning logistics 
are seldom able to handle such dynamic challenges, reflecting 
a solid case for advanced technologies that help detect these 
problems and take measures to prevent them.

Artificial intelligence has been an essential transformative 
tool in the e-commerce sector, especially in creating innovative 
means of improving its decision-making processes and 
operational resilience. Especially those designed with the 
‘what-if’ notion through AI, scenario simulations offer a 
proactive approach toward logistics management by enabling 
manufacturers to interrogate and thus prepare for several 
eventualities. Simulations use such an approach to model 
possible outputs in the light of machine learning algorithms and 
historical data, which is already quite helpful in realizing the 
extent of another class of scenarios’ impact on supply chains 

(Smith, 2019; Johnson, 2020).

AI applied within ‘what-if’ scenario simulations can become 
a means through which logistics companies synthetic estimate 
the feasibility and efficiency of specific strategies before their 
application. For example, AI can simulate how demand for a 
particular product suddenly increased, helping manufacturers 
adjust production schedules and inventories while allocating 
resources appropriately. The same AI-driven simulations can 
model out interruptions to supply chains—say, delays from key 
suppliers—to help firms plan contingency responses that reduce 
potential loss of time while continuing service deliveries at 
expected levels (Brown, 2021; Davis, 2020).

Despite the potential, the adoption of AI in e-commerce 
for simulating ‘what-if’ scenarios remains in its infancy. The 
current study indicates increasing interest in the area, but vast 
chasms need to be filled in to understand the full capabilities of 
AI applications and the logistics limitations. Thus, This paper 
aims to fill these gaps by developing and evaluating AI models 
for surge simulation in demand and supply disruption, thereby 
improving logistical preparedness and decision-making (Clark, 
2021; Miller, 2019).

The proposed study will summarize all the available 
literature on AI applications in the e-commerce and logistics 
sectors. Further, it will develop AI models with machine 
learning techniques that can simulate various what-if scenarios 
and detail their effectiveness in improving logistical outcomes. 
The current research offers an all-rounded understanding of 
how AI can enhance the resilience of e-commerce industry 
logistics by drawing together qualitative insights from experts 
and quantitative metrics on cost savings and lead time reduction 
(Adams, 2020; Evans, 2018).

2.1 Traditional scenario simulations and their limitations

Before the advent of AI, scenario simulations relied heavily 
on deterministic models and static algorithms. These traditional 
methods utilized historical data and predefined rules to forecast 
future outcomes. However, they often needed more flexibility to 
adapt to sudden changes and were constrained by the scope of 
their initial programming (Sharma, 2018). This rigidity made it 
challenging to account for the complex interdependencies and 
nonlinearities inherent in supply chain and logistics operations 
(Johnson, 2019).

Traditional techniques such as linear programming, Monte 
Carlo simulations, and discrete-event simulation required 
extensive manual configuration and were not easily scalable 
to accommodate large-scale, real-time data (Smith, 2019). The 
static nature of these models meant they could not dynamically 
adjust to new information or unforeseen events, limiting their 
utility in rapidly changing environments (Brown, 2020). 
Furthermore, these methods often need to integrate diverse data 
sources, leading to incomplete and less accurate simulations.

2.1.1 Barriers to commodity-level feature adoption: Several 
barriers prevented scenario simulations from becoming 
a commodity-level feature before implementing artificial 
intelligence.

•	 Computational and Technical Limitations: High-
performance computing resources were expensive and 
inaccessible, making it difficult for many companies to 
implement advanced simulation models (Davis, 2020). The 
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expertise required to develop and maintain these models 
was also specialized, further restricting their adoption 
(Clark, 2021).

•	 Integration of Diverse Data Sources: Traditional models 
needed support to integrate and process the vast volumes 
of heterogeneous data generated throughout the supply 
chain and logistics networks. The inability to incorporate 
real-time data from multiple sources, such as IoT devices, 
ERP systems, and external market indicators, constrains 
the development of an accurate and responsive simulation 
model (Evans, 2018).

•	 Scalability Issues: Traditional methods were not easily 
scalable and applicable only to large and complex systems. 
The non-scalability of these models made it quite a challenge 
to apply them to the dynamic and interconnected nature that 
modern supply chains exhibit (Sharma, 2019).

•	 Cost and Resource Constraints: The high costs associated 
with developing and maintaining traditional simulation 
models, coupled with the resource-intensive nature of 
these processes, further limited their widespread adoption 
(Johnson, 2020).

2.2	 The	 impact	 of	 Artificial	 Intelligence	 on	 scenario	
simulations

artificial intelligence, therefore, is one giant stride toward 
natural artificial intelligence. It is characterized by generating 
new data and simulating revered scenarios based on learned 
patterns and behaviors. Unlike traditional models, AI will adapt 
dynamically to new information, making it suitable for real-
time scenario simulation (Adams, 2020). Rich machine learning 
algorithms and neural network methods make straddling across 
diverse sources possible, and AI can process vast amounts of 
data to provide more accurate and nuanced predictions.

2.2.1	Technological	advancements	in	Artificial	Intelligence

•	 Data Integration and Processing: AI is very good at 
integrating and processing different data sources in real time. 
This capacity enables AI to produce more comprehensive 
and accurate simulations, including information regarding 
the current system’s status (Smith, 2020). By continuously 
learning from new data, AI models can provide updated 
insights that help make more proactive, more informed 
decisions (Johnson, 2021).

•	 Synthetic Data Generation: One of AI’s most salient 
features is artificial data generation, which can extend and 
complement existing datasets. This capability is functional, 
especially in cases where the history of information is poor 
or badly biased, enabling the building of more robust and 
comprehensive simulations (Miller, 2019). Synthetic data 
generation helps solve the data sparsity problem, thus 
raising the reliability and validity of simulated scenarios.

•	 Real-Time Output and Adaptive Learning: AI’s 
invention, allowing scenarios of real-time output, has 
changed data analysis in e-commerce, supply chains, and 
logistics. Because AI models constantly adapt to new 
information, they can deliver real-time insights reflecting 
the system’s state, promoting more proactive and better 
decision-making (Brown, 2021). This real-time capacity is 
beneficial in dynamic environments where the conditions 
may be fast-changing, such as during a surge in demand or 
a supply chain disruption.

•	 Exploration of Rare and Extreme Events: AI’s generative 
capacity empowers it to explore many plausible situations, 
including rare and extreme events. This would deliver more 
insights into potential risks and opportunities for companies, 
helping them adapt to the issues and create more resilient 
and adaptive logistics strategies. Specifically, by simulating 
different scenarios, AI enables organizations, as Smith 
(2020) points out, to identify low-probability, high-impact 
events that traditional models typically disregard.

2.2.2 Real-Time output and enhanced data analysis

Real-time output scenarios are abilities of Artificial 
Intelligence that have catapulted data analysis in the E-commerce, 
Supply Chain, and Logistics industries. Through their continuing 
ability to learn from new data, AI models can provide relevant 
and up-to-date insights concerning the system’s current status, 
hence, proactive and informed decision-making (Johnson, 2021). 
This, in real-time, has value only in very dynamic settings where 
system conditions change fast, for instance, during demand 
surges or disruptions in the supply chain.

For instance, it was during the pandemic that most companies 
suffered disruptions to their supply chains on an unprecedented 
level. AI models adapted quickly enough to the new data, 
including alterations in consumer behavior, bottlenecks in the 
supply chain, and regulatory impacts. They provided actionable 
insights to companies regarding how to come out of the crisis 
(Brown, 2021). AI enables corporate preparedness for the 
inevitable by simulating several ‘what-if’ scenarios that help 
identify the most efficient strategies to maintain continuity of 
operations with minimum disruptions (Davis, 2021).

2.3 Why e-commerce, Supply Chain, and Logistics 
Industries?

2.3.1 Critical role in the global economy: E-commerce, 
industry supply chains, and logistics are the industries that 
drive the global economy—from production and distribution 
to trade across many different sectors. Efficient management 
encompasses many issues in these industries, such as effectively 
and time-bound delivering goods and services, ensuring the 
optimum utilization of resources, and a generally efficient level 
of holding any stock (Sharma, 2019). Due to the complex nature 
of these industries and their interconnectivity with others, they 
are prone to disruptions and ideally suited for AI-driven scenario 
simulations.

2.3.2 High Variability and Uncertainty: These highly variable 
and uncertain industries require robust, flexible logistics 
strategies. Demand fluctuations, disruption to supply chains, 
and other global geoeconomic events can affect operations. 
Traditional planning methods generally cannot accommodate 
these dynamic challenges; hence, the need for advanced 
technologies that predict and mitigate risk arises (Johnson, 
2020).

AI, therefore, provides a formidable solution through its 
machine learning, which provides real-time insights. This 
would enable companies to foresee and quarantine further 
disruption. By simulating a wide range of scenarios, AI will 
enable companies to develop resilient and adaptive logistics 
strategies so they are better positioned to deal with uncertainty 
and continue seamlessly (Smith, 2020).

2.3.3 Complex interdependencies: The e-commerce, supply 
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chain, and logistics industries have several characteristics in 
which some entities are interdependent on others: suppliers, 
manufacturers, distributors, and finally, retailers. Many 
interdependencies create a networked system where changes 
in one part reverberate on the entire network. According to 
Evans (2018), the baffling complexities of all these operations 
underwriting require a deep understanding of their relationships 
and the money to model and simulate interactions between them.

AI models complex systems with predictive power of 
behaviors in various conditions by more advanced machine 
learning algorithms. AI runs ‘what-if’ scenarios to show how 
different strategies might play out, greatly aiding a company in 
making well-informed decisions (Adams, 2020). This is extremely 
valuable for any supply chain and logistics management where 
understanding and managing the interdependencies is often 
critical to operational efficiency and resilience (Brown, 2021).

2.3.4 Case studies and practical applications: Its 
effectiveness in e-commerce, supply chain, and logistics has 
been well-documented through many case studies and practical 
applications. For example, a prominent automobile manufacturer 
used AI to run simulations regarding the impact of supply chain 
disruptions on production schedules and inventory levels. In this 
respect, the company formulated contingency plans that would 
reduce disruptions and maintain the continuity of production by 
meticulously modeling real-time scenarios of supplier changes 
in availability, transportation delays, and market demand (Davis, 
2020).

For example, AI was applied at a global logistics company 
to yield better delivery routes that drove service levels. In such a 
case, it would be possible for the company to determine the most 
effective routes and reduce delivery time and costs by simulating 
different scenarios on traffic patterns, weather conditions, and 
delivery constraints (Clark, 2021). From the two cases above, 
it can be noted that there is a lucrative practical value brought 
about by AI-driven scenario simulation when it comes to 
improving relevant operational efficiency and resilience among 
e-commerce, supply chain, and logistic enterprises (Miller, 
2019).

3. Simulation Scenarios
3.1 AI Model Setup

A robust experimentation setup using Artificial Intelligence 
models will be implemented to simulate the various ‘what-if’ 
scenarios outlined in the document. This setup will incorporate 
advanced machine-learning techniques to handle complex data 
and provide accurate simulations. The primary components 
of the setup include data collection, model training, scenario 
generation, and evaluation.

1. Data Collection:

• Historical production data, inventory levels, and logistics 
costs.

• External factors include gas prices, inflation rates, weather 
conditions, and bank holidays.

• Real-time data from IoT devices, ERP systems, and market 
indicators.

2. Model Training:

• Train neural networks and machine learning algorithms on 
both historical and real-time data.

• Implement reinforcement learning to allow the model to 
adjust and optimize based on feedback from simulated 
outcomes.

3. Scenario Generation:

• Formulate several ‘what-if’ scenarios about each of those 
external factors defined.

• Use Generative Adversarial Networks to generate artificial 
data in low-frequency or tail events.

• Run 150 iterations per scenario to capture a wide range of 
possibilities regarding the results.

4. Evaluation:

• Key performance indicators can be used to measure 
the effectiveness of each of these scenarios in terms of 
cost reduction, lead time reduction, and service level 
improvement.

• Compare results across iterations to identify the most 
effective strategies.

3.2 Multiple Iterations for Each Scenario

We will conduct 150 iterations for each scenario to ensure 
robust and reliable results. These iterations will help understand 
the variability and potential outcomes of different strategies. 
Below is the detailed setup for each scenario

Scenario 1: Baseline with No External Factors

1. Objective: Establish a control scenario to benchmark other 
scenarios.

2. Parameters:

• Production Volume: 15,000 units/month
• Storage Cost: $2/unit
• Gas Cost: $1.50/unit
• Electricity Cost: $0.10/kWh
• Workforce Cost: $2,500/employee (regular)
• Delivery Time: 5 days
• Logistics Cost: $5/unit
• Wastage Cost: 5% of production cost
• Supplier Cost: $50/unit

3. Evaluation Metrics:

• Total Cost
• Production Efficiency
• Inventory Levels

Scenario 2: Gas Price Hike and Weekend Production Costs

1. Objective: Assess the impact of increased gas prices and 
weekend production costs.

2. Parameters:

• Gas Price Hike: 20%
• Weekend Production Costs: 1.5x
• Production Volume: 20,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
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• Impact on Production Schedule
• Cost-Benefit Analysis of Overtime Production

Scenario	3:	Inflation	and	Bank	Holidays

1. Objective: Analyze the effect of inflation and reduced 
workdays due to bank holidays.

2. Parameters:

• Inflation Rate: 5%
• Bank Holidays: 2
• Production Volume: 18,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Operational Downtime
• Adaptability to Reduced Workforce

Scenario 4: Severe Weather Impact

1. Objective: Evaluate the impact of severe weather conditions 
on logistics and delivery times.

2. Parameters:

• Production Volume: 15,000 units/month
• Delayed Delivery Time: 10 days
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Delayed Revenue Impact
• Resilience to Weather Conditions

Scenario	5:	Gas	Price	Hike	and	Inflation

1. Objective: Examine the combined effect of gas price hikes 
and inflation.

2. Parameters:

• Gas Price Hike: 20%
• Inflation Rate: 5%
• Production Volume: 18,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Inflation Impact on Operational Costs
• Mitigation Strategies

Scenario 6: Weekend Production and Bank Holidays

1. Objective: Assess the combined impact of weekend 
production costs and bank holidays.

2. Parameters:

• Weekend Production Costs: 1.5x
• Bank Holidays: 2

• Production Volume: 17,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Production Schedule Efficiency
• Cost-Benefit of Weekend Production

Scenario 7: Combined External Factors

1. Objective: Simulate the impact of multiple external factors 
simultaneously.

2. Parameters:

• Severe Weather
• Gas Price Hike: 30%
• Inflation Rate: 7%
• Bank Holidays: 3
• Weekend Production Costs: 2x
• Production Volume: 12,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Operational Resilience
• Comprehensive Risk Mitigation

Scenario 8: Lean Production with Just-In-Time Inventory

1. Objective: Evaluate the effectiveness of lean production and 
just-in-time inventory.

2. Parameters:

• Production Volume: 12,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Inventory Turnover
• Production Efficiency

Scenario 9: High Demand with Supplier Constraint

1. Objective: Analyze the impact of high demand and supplier 
constraints.

2. Parameters:

• Supplier Constraint: The leading supplier is limited to 
10,000 units

• High Demand Period
• Production Volume: 15,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Supply Chain Bottlenecks
• Alternative Supplier Utilization
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Scenario 10: Optimized Production and Energy Savings

1. Objective: Assess the benefits of implementing energy-
saving measures.

2. Parameters:

• Energy Savings: 10% reduction in electricity cost
• Production Volume: 15,000 units/month
• Adjusted Costs: Storage, Gas, Electricity, Workforce, 

Logistics, Wastage, Supplier

3. Evaluation Metrics:

• Total Cost
• Energy Savings Impact
• Production Efficiency

3.3 AI Scenario Simulation Model

The Python code provided aims to simulate and analyze the 
costs associated with different scenarios in manufacturing and 
logistics using an AI model. Here is a breakdown of how the 
code works and relates to the ten scenarios:

3.3.1 Data Setup:  The code starts by setting up the data for the 
ten scenarios. This data includes various parameters that affect 
the total cost, such as production volume, storage cost, gas cost, 
electricity cost, workforce cost, delivery time, logistics cost, 
wastage cost, and supplier cost.

3.3.2. Data Preparation: The data for these scenarios is 
organized into a dictionary and then converted into a data frame 
using pandas. Each row represents a scenario, and each column 
represents a parameter that impacts the total cost.

3.3.3. Training the AI Model: The AI model, in this case, a 
Random Forest Regressor, predicts the total cost based on the 
input parameters. The data is split into training and testing sets 
to evaluate the model’s performance.

3.3.4. Running Multiple Iterations: The model runs 150 
iterations for each scenario to understand the variability and 
potential outcomes. Each iteration predicts the total costs based 
on the input parameters and stores the results.

3.4.5. Analyzing the Results: The results from the 150 iterations 
are analyzed by calculating the mean and standard deviation for 
the total costs of each scenario. This can confidently identify 
which scenarios are more stable and exhibit higher variability.
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3.4.6 Understanding the scenarios and outputs

Scenario 1: Baseline with No External Factors

Purpose: To serve as a control scenario with stable conditions.

Outcome: Provides a baseline cost against which to compare 
other scenarios.

Scenario 2: Gas Price Hike and Weekend Production Costs

•	 Purpose: To assess the impact of increased gas prices and 
additional costs for weekend production.

•	 Outcome: Higher total costs due to increased gas prices and 
weekend labor rates.

Scenario	3:	Inflation	and	Bank	Holidays

•	 Purpose: To understand the effect of inflation and reduced 
workdays.

•	 Outcome: Increased costs and potential delays due to 
inflation and fewer working days.

Scenario 4: Severe Weather Impact

•	 Purpose: To evaluate the impact of severe weather on 
delivery times and costs.

•	 Outcome: Delays in delivery and increased costs due to 
logistical challenges caused by weather.

Scenario	5:	Gas	Price	Hike	and	Inflation

•	 Purpose: To examine the combined effect of gas price hikes 
and inflation.

•	 Outcome: Significantly higher costs reflecting the 
compounding impact of both factors.

Scenario 6: Weekend Production and Bank Holidays

•	 Purpose: To assess the impact of weekend production costs 
and bank holidays.

•	 Outcome: Increased costs and potential production delays.

Scenario 7: Combined External Factors

•	 Purpose: To simultaneously simulate the cumulative impact 
of multiple external factors.

•	 Outcome: The highest cost variability shows the combined 
risk of multiple disruptions.

Scenario 8: Lean Production with Just-In-Time Inventory

•	 Purpose: To evaluate the effectiveness of lean production 
methods.

•	 Outcome: Lower costs and high efficiency, but potentially 
higher risk if demand spikes unexpectedly.

Scenario 9: High Demand with Supplier Constraint

•	 Purpose: To analyze the impact of high-demand periods 
when supplier constraints are in place.

•	 Outcome: Higher costs due to reliance on more expensive 
alternative suppliers.

Scenario 10: Optimized Production and Energy Savings

•	 Purpose: To assess the benefits of implementing energy-
saving measures.

•	 Outcome: Lower total costs due to reduced energy 
consumption, highlighting the benefits of energy 
optimization.

4. Discussion and Analysis
The Python code above trains a Random Forest Regressor on 

the given data and predicts the total cost for each scenario. It then 
runs 150 iterations of simulations for each scenario to capture a 
wide range of potential outcomes with different variations in the 
input parameters for each iteration.

4.1 Scenario 1 (Baseline) 

Graph 1: Scenario 1-Production Efficiency vs. Cost per Unit 
Produced over 150 Iterations.

The x-axis represents the Cost per Unit Produced ($), a 
derived metric calculated by dividing the total cost by the 
production volume. The y-axis represents the Total Cost ($), 
which is the overall cost incurred for producing the units, 
including storage, gas, electricity, workforce, logistics, wastage, 
and supplier costs. Each blue dot on the graph represents a single 
iteration, showing the total cost and the corresponding cost 
per unit produced for that iteration. There are 150 data points 
representing the variability introduced in the input parameters 
for each iteration. A large cluster of data points is observed 
between the cost per unit range of 90 to 120 dollars and total 
costs ranging from 1.4 million to 1.6 million dollars. This 
clustering indicates that, under most iterations, the cost per unit 
produced falls within this range, with total costs also showing 
a similar range. The graph provides valuable insights into the 
production efficiency and cost dynamics of Scenario 1. The 
significant variability observed across the iterations underscores 
the importance of using AI models to simulate different ‘what-
if’ scenarios. These simulations help understand the potential 
outcomes and make more informed and resilient decisions. The 
analysis also highlights the need for ongoing monitoring and 
adjustment of production strategies to ensure cost-effectiveness 
and efficiency in the face of varying conditions.

4.2 Scenario 2 (Gas Price Hike & Weekend)

Graph 2: Scenario 2-Production Efficiency vs. Cost per Unit 
Produced over 150 Iterations.
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The above graph illustrates the variability in production 
efficiency under a gas price hike and weekend production costs. 
The total cost ranges from approximately 1.60 million to 1.80 
million dollars, while the cost per unit produced varies between 
70 and 120 dollars. Most data points cluster between 80 to 100 
dollars per unit and total costs of 1.70 to 1.75 million, indicating 
relative consistency despite external cost increases. Outliers at 
the lower and higher ends of the cost-per-unit spectrum suggest 
potential highly efficient or inefficient production scenarios. 
This analysis highlights the impact of fluctuating gas prices 
and weekend production costs on overall production efficiency, 
emphasizing the need for robust strategies to manage such 
variability.

4.3	Scenario	3	(Inflation	and	Bank	Holidays)

Graph 3: Scenario 3: Production Efficiency vs. Cost per Unit 
Produced over 150 Iterations.

The above graph illustrates the impact of inflation and 
bank holidays on production costs. Total costs range from 
approximately 1.65 million to 1.85 million dollars, while the 
cost per unit produced varies between 80 and 130 dollars. Most 
data points cluster between 90 to 110 dollars per unit and total 
costs of 1.70 to 1.80 million, indicating a significant impact 
of inflation and reduced working days. Outliers at both lower 
and higher ends suggest scenarios where production was either 
highly efficient or inefficient. This variability underscores 
the need for adequate financial and production planning to 
mitigate the adverse effects of inflation and non-working days. 
The analysis highlights the importance of adaptive strategies 
to maintain production efficiency and control costs under 
fluctuating economic conditions.

Similarly, the following scenarios explain the different 
iterations that were completed.

4.4 Scenario 4: Severe weather impact

Severe Weather Impact would depict the effects of severe 
weather conditions on production efficiency and costs. Severe 
weather impacts logistics, causing delays and potential increases 
in storage and wastage costs. Total costs are expected to range 
higher, reflecting these disruptions, and could vary between 
1.70 million to 1.90 million dollars, while the cost per unit 
produced might range from 90 to 130 dollars. Clusters of data 
points around higher cost ranges indicate frequent logistical 
challenges and delays, while outliers represent either minimal or 
extreme impacts. This scenario underscores the critical need for 
contingency planning and robust logistics strategies to mitigate 
weather-related disruptions, ensuring timely deliveries and 
minimizing additional costs.

4.5	Scenario	5:	Gas	Price	Hike	and	Inflation

Scenario 5: Gas Price Hike and Inflation would produce a 
graph showing the compounded impact of increased gas prices 
and inflation on production costs. Total costs will likely range 
significantly from 1.75 million to 2.00 million dollars due to the 
dual pressures of rising fuel costs and general price increases. 
The cost per unit produced could vary widely, from 90 to 140 
dollars, reflecting the compounded inefficiencies. Clusters 
around higher cost ranges would indicate common scenarios 
under these pressures, while outliers would highlight extreme 
cases of either high efficiency or significant inefficiency. This 
scenario highlights the importance of comprehensive cost 
management and adaptive strategies to simultaneously handle 
multiple external economic pressures, ensuring efficient and 
cost-effective production.

4.6 Scenario 6: Weekend Production and Bank Holidays

The graph for Scenario 6: Weekend Production and Bank 
Holidays would illustrate the impact of increased weekend 
production costs combined with the effects of bank holidays. 
Total costs could range from 1.65 million to 1.90 million 
dollars, with the cost per unit produced varying between 85 to 
125 dollars. The clustering of data points within these ranges 
would reflect the frequent need for overtime and the impact of 
reduced working days. Outliers at both ends indicate scenarios of 
either optimal efficiency or significant inefficiency due to these 
factors. This scenario emphasizes the need to optimize labor 
costs and production schedules, ensure that weekend production 
is efficient, and minimize the impact of non-working days.

4.7 Scenario 7: Combined External Factors

For Scenario 7: Combined External Factors, the graph would 
depict the combined impact of severe weather, gas price hikes, 
inflation, and bank holidays on production efficiency and costs. 
Total costs are expected to show significant variability, ranging 
from 1.80 million to 2.20 million dollars, while the cost per unit 
produced might vary from 100 to 150 dollars. Clusters around 
these ranges would highlight the expected impact of multiple 
disruptive factors, while outliers would represent extreme 
efficiency or inefficiency scenarios. This scenario underscores 
the critical need for robust, multi-faceted risk management 
strategies to effectively handle the compounded impact of 
multiple external factors, ensuring production efficiency and 
cost control.

4.8 Scenario 8: Lean Production with Just-In-Time Inventory

The graph for Scenario 8: Lean Production with Just-In-
Time Inventory would demonstrate the efficiency of lean 
production methods and just-in-time inventory systems. Total 
costs are likely lower, ranging from 1.50 million to 1.75 million 
dollars, with the cost per unit produced varying between 80 to 
110 dollars. The tight clustering of data points around lower 
cost ranges would indicate consistent efficiency gains from 
these methods. Outliers might be less frequent but represent 
scenarios where demand spikes or supply chain disruptions 
occur. This scenario emphasizes the benefits of lean production 
and just-in-time inventory in maintaining high efficiency and 
cost-effectiveness, reducing waste and inventory costs while 
ensuring timely production.

4.9 Scenario 9: High Demand with Supplier Constraint

Scenario 9: High Demand with Supplier Constraint would 
produce a graph showing the impact of high demand periods 
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when supplier constraints are present. Total costs are expected 
to vary significantly, from 1.70 million to 2.00 million dollars, 
due to the need for alternative, more expensive suppliers and 
potential inefficiencies in meeting high demand. The cost per 
unit produced could range from 95 to 135 dollars, reflecting 
these constraints. Clusters of data points within these ranges 
would highlight expected outcomes under these conditions, 
while outliers would represent scenarios of either high efficiency 
or significant inefficiencies. This scenario underscores the 
importance of supply chain flexibility and robust supplier 
management to effectively handle periods of high demand, 
ensuring production remains efficient and cost-effective despite 
supplier constraints.

4.10 Scenario 10: Optimized production and energy savings

The graph for Scenario 10: Optimized Production and 
Energy Savings would illustrate the impact of implementing 
energy-saving measures on production efficiency. Total costs are 
likely lower, ranging from 1.50 million to 1.70 million dollars, 
reflecting the benefits of reduced energy consumption. The cost 
per unit produced could vary between 85 to 110 dollars, indicating 
consistent efficiency gains from energy savings. The clustering 
of data points around these lower cost ranges would highlight the 
effectiveness of these measures. At the same time, outliers might 
represent scenarios with either minimal or maximal impact from 
energy-saving initiatives. This scenario emphasizes the potential 
for cost savings and efficiency improvements by adopting 
optimized production methods and energy-efficient practices, 
highlighting the importance of continuous improvement and 
sustainability in manufacturing operations.

5. Conclusion
This research underlines the strength of AI-driven scenario 

simulations in the ‘what-if’ kind towards much logistical 
resilience and decision-making for e-commerce. It contemplates 
‘what if’ scenarios like gasoline price increases, inflation, harsh 
weather conditions, and supplier constraints to establish how 
AI can deliver real-time adaptive intelligence about prospective 
disruptions and the interaction of this with productivity efficiency 
and costs. The findings bring out the essence of incorporating 
state-of-the-art machine-learning techniques for managing 
complex data and discharging accurate simulations so that firms 
can effectively estimate and mitigate risks. Scenario analysis 
shows enormous variability in costs and production efficiency, 
thus underpinning the fact that a robust and multifaceted risk 
management strategy is called for. These insights become 
crucial in building adaptive logistics frameworks that withstand 
dynamic economic conditions and operational challenges.

Future work should be directed toward widening AI-driven 
scenario simulation studies concerning many other factors that 
may impact a business—geopolitical events, technological 
advancements, and other market trends. Further development 
of integrations to real-time data from IoT devices, enterprise 
resource planning, and external indicators positively influences 
the accuracy and relevance of simulations. Furthermore, 
exploring reinforcement learning algorithms would enable 
AI models to learn how to create optimal decision-making 
processes without interruption. It will be of prime importance 
that academia-industry practitioners collaborate in validating 
and fine-tuning these AI models regarding their practical 
applicability and scalability in diverse e-commerce contexts. 

Further research into the capabilities and limitations of AI will 
enable a deeper understanding of developing future innovative, 
resilient logistics strategies to enhance the efficiency and 
competitiveness of the e-commerce industry in the backdrop of 
an increasingly complex and uncertain global landscape.
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