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Abstract 

The flour milling industry (FMI) in Pakistan plays a critical and indispensable role in 

the national food supply chain, serving as the primary intermediary between agricultural 

wheat production and final household food consumption. Wheat flour is a staple 

commodity for the Pakistani population, making the efficiency, stability, and 

responsiveness of the flour milling sector directly linked to national food security, price 

stability, and socio-economic welfare. Despite this strategic importance, the industry 

largely continues to depend on traditional demand forecasting techniques that are 

manual, experience-based, or reliant on simple statistical averages. These conventional 

approaches have become increasingly inadequate in the face of modern market 

complexities, including volatile wheat prices, inflationary pressures, government policy 

interventions, climatic uncertainties, population growth, and pronounced seasonal and 

religious consumption patterns.This Final Year Project critically examines the structural 

and operational weaknesses of traditional demand forecasting practices within Pakistan’s 

flour milling industry and proposes an Artificial Intelligence (AI)–driven demand 

forecasting model as a strategic and technological solution. The study indicates that 

adoption of Al technologies across its supply chain has led to notable improvements in 

operational efficiency, cost reduction. The study will add value to the literature on 

sustainable supply chain management by offering concrete evidence of the 

transformative power of AI in creating a solution to one of the most pressing issues in 

the industry. The major suggestions are to implement hybrid forecasting models, 

incorporating real-time information, and to create collaborative data-sharing models 

between the partners of the supply chains to achieve the maximum waste reduction. 
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Introduction 

1.1 Project Introduction 

BBA project is a partial degree of BBA study in the Bahria Business School. The 

currently developed project is created to incorporate various aspects of the course 

material taught and implement the professional analysis along with the academic studies. 

Pakistan Now the flour milling industry (FMI) is an agency of large size and an 

influential branch of the feed chain of food supply in the country. As the functions of the 

flour mills are to grind some staple food article in the diet, like wheat-based foods, the 

reliability and effectiveness of the mills can have a direct impact on the food security 

and the market balances. Effective production and distribution has significance due to 

sound demand forecasting. The FMI traditionally has been practicing the traditional 

statistical or heuristic forecasting methods. But, Pakistani market is very fluctuating as 

the fluctuation is dynamic and has been affected by the government controlled quotas of 

wheat release, support prices, irregular seasonal consumption pattern and localized 

social-economic shifts. This complexity makes the traditional forecasts have a 

considerable degree of fallacy, and this will lead to recurrent problems with inventories 

held, depiction of production and sourcing raw materials (wheat). 

The ongoing conjecture dwells on the prospect to implement the Artificial 

Intelligence (AI), furthermore, the strategy of Machine Learning (ML) with the view of 

creating a more robust and precise mechanism of demand prediction among Pakistani 

flour mills. The research will rely on the results of AI in determining non-linear trends in 

large, disparate datasets suggesting a solution to develop the existing risks of operation 

and enhance the profitability and flexibility of the FMI significantly. 
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Pakistan Atta or wheat flour, as it is universal, fulfills an imminent role in Pakistan 

other than being a commodity, it is a strategic staple that is essential in the food and 

social stability of the nation. As a foodstuff, wheat is one of the largest calorie providers 

of the average Pakistani (72 percent of total daily energy intake), and the amount of 

wheat consumed per head is one of the largest in the world with this population 

estimated to consume approximately 124kg of wheat annually (Polson Food, 2023; 

USDA, 2017). This high degree of dependence results in a strong and efficient supply 

chain to organize active delivery of flour to the consumers in the country as long as the 

farms produce flour. 

The flour milling industry is the major processing and distribution Centre of this key 

supply chain. The industry is comprised of approximately 1,000 mills that convert both 

the raw wheat sold or bought in government stocks and in commercial markets into 

refined flour products, and consequently, they provide a big portion of the population 

with consumption needs. The year-round supply is important since these mills have to 

contend with the influx of people, fluctuations in demand (the religious holidays), and 

unpredictable markets of world commodities. 

Even though this is a paramount prerequisite, typical and in most cases primitive 

techniques heavily rely on demand forecasting in the industry. These include: 

1. Manual estimates and Intuitive Forecasting It involves the experience and 

intuition of the mill manager that is more likely to become biased by humans and is 

incapable of anticipating the non-linear shifts in the market at a rapid rate. 

2. Historical Averages and Naive Methods: uses simple rolling moving averages 

of past sales information, which in any case assumes an appeal of the same activity will 

be used by demand in future and does not take into account the powerful effect of 

external macroeconomic or social influences (e.g., inflation rate, significantly changed 

government policy, or a major festival like Eid and Ramzan). 

3. Outdated Sales Records: This involves using the data that may not be current in 

terms of change in the market that leads to postponement of inventory and production 

orders. 
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This reliance on traditional ways predetermines an elementary weak point. The 

consequent faulty forecasts thus are directly proportional to the inherent problem with 

the project related to the repetitive nature of inefficient control of inventory that leads to 

costly practices consisting of overstocking at low demand periods or, more divinely, 

market disrupting stock outs and shortages at high season periods. This was an area 

stump experience where the traditional estimation lacks the accuracy of the market 

prediction that will no doubt assist in enhancing the efficiency of the operations that 

have been carried and save the access of the consumers to this vital commodity. 

1.2 Problem of the Project 

The core problem that the specified project will address is the fact that the flour-mills 

in Pakistan operate inefficiently due to the adverse reliance on the old principles of the 

demand forecasting that fails to take into account the specifics of the market volatility. 

This creates some of the issues related to operation: 

Excess inventory/ Stocks outs: Ineffective forecasting will cause high inventory to 

be held (either overstocking that is costly in terms of realize warehousing cost, idle 

working capital and risk of spoilt goods), or a stock-out ( loss of sale and damage of 

customer relations). 

Unproductive Procurement: Mills is obliged to purchase raw wheat based on the 

forecasts of the demand. Errors during such a case will lead to the angry last minute 

purchases of materials or unjustified capitals investment and storage warehouse of 

redundant raw materials. 

• Production Inflexibility: The sporadic demands contribute to the inability to 

plan the production that is why production will not be able to utilize using the capacity 

in case of the high demand and may produce excess in case of the low demand. 

The issue behind such is that the multifaceted nature of interaction between internal 

sales data, governmental policies (e.g.: setting the prices of releasing wheat and when), 

macroeconomic variables (e.g.: inflation) and all the localized cultural/seasonal factors 

cannot be effectively accounted by simple methods of statistics. 
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The intrinsic issue with this research is the low levels of demand forecasting that 

prevail in the Pakistani flour milling industry and this is directly linked to the fact that 

the traditional methods that are used are manual in nature. 

Core Problem Statement: 

The operation and financial deficiencies in the Pakistani flour mills are associated 

with lack of effective demand forecast due to the use of traditional/manual demand 

forecasting methods. These inaccuracies result in carrying the cost in a bloated inventory 

due to overstocking or market disruptive shortages due to stock out which directly 

influence the stability of the national food supply chain. 

The fragility of the current methods in question is to be found primarily in the fact 

that the effects of external and non-linear forces that make the consumption of flour a 

volatile phenomenon cannot be combined or measured: 

• Seasonal and Cultural Spikes: The flour demand is predicted to have 

foreseeable, yet significantly other-relatively high seasonal and cultural spikes in the 

demand via religious and cultural holidays, such as Ramzan, Eid al-Fitr and Eid al-

Adha. The traditional methods of averaging also miss all of these surges in predictive 

undervaluation, and lead to stockouts, impressive buying sprees and temporary inflation 

of the price. 

• Macroeconomic Variables: Inflation rate of the country (particularly of food) is 

a noteworthy variable like the minimum support price (MSP) that the government sets 

annually on the buying of wheat and the behavior that the mills consumers are likely to 

adopt. The classical models investigate them as noises that are exogenous to its forecasts 

and thus complete and unreliable. 

• Absence of Optimization: Mills do not possess the correct, predictive and demand 

signals, thus they cannot maximize the necessary supply chains operations, e.g., when to 

purchase the raw wheat, the milling capacity to be assigned and the optimum 

distribution channel. 

The given project will fill such a gap and offer an Artificial Intelligence (AI) 

application that will be capable of developing a multifaceted number of associations 
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between the number of years of previous sales and such instable external variables to 

offer a highly accurate and predictive signal. 

1.3 Project Objectives (SMART) 

The project will focus on the following objectives realization: Specific, Measurable, 

Achievable, Relevant, and Time-bound (SMART): 

Through the project report, it should establish clear, concise and SMART objectives 

that it should achieve. 

1. Investigate the types of demand forecasting that are already available (e.g., the 

time-series analysis) and comprehensively document the failures of these types of 

forecasting to the real operations of the flour milling business in Pakistan. 

2. Formulate a conceptual representation of an AI-based demand forecasting system 

(e.g. Deep Learning/LSTM) that puts into consideration and gives specific weights to 

the internal sales data and references major external Pakistani market conditions. 

3. Comparison Between performance (e.g. reduction in mean absolute percentage 

error, or MAPE) of proposed AI framework and a conventional framework using 

benchmark models informed by a simulated or literature-based case study. 

4. The operational, financial and strategic benefit and the challenges in the 

implementation of the AI-based solution to the flour mills in Pakistan can be consider.  

 

 

Objective 

Type 
Objective Statement Measurable Outcome 

Investigati

ve 

To Investigate the limitations and current state 

of accuracy of existing manual forecasting methods 

currently used by selected Pakistani flour mills. 

Calculation of baseline error metrics 

(e.g., Mean Absolute Percentage Error 

(MAPE) or Root Mean Squared Error 

(RMSE)) for traditional methods. 

Developm

ental 

To Develop an AI/Machine Learning model 

(e.g., Time-Series Regression or LSTM) capable of 

predicting wheat flour demand using relevant 

Successful creation of a working AI 

model with defined training, validation, and 

testing results. 
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Objective 

Type 
Objective Statement Measurable Outcome 

external variables (inflation, festivals, etc.). 

Analytical 

To Analyze the quantitative impact of seasonal, 

cultural, and macroeconomic factors on demand 

volatility. 

Determination of the statistical 

significance and weight of external variables 

within the AI model's output. 

Demonstr

ative 

To Demonstrate the increase in forecasting 

accuracy achieved by the AI-driven model 

compared to the established traditional methods. 

Quantifiable reduction in forecasting 

error (e.g., a 20% improvement in MAPE) 

over the traditional baseline. 

Applicatio

nal 

To Propose a practical framework for 

implementing and scaling AI-based forecasting 

tools within Pakistan’s flour milling industry. 

Delivery of a clear, actionable set of 

recommendations for management and IT 

adoption. 

 

1.4 Project Rationale/Justification 

•  Academic Importance: The proposed research has the potential to add to the 

applied research repertoire as it validates transference of the advanced AI/ML methods 

utilized in international retail/FMCG industries to the commodity market, which is 

highly regulated and specific to Pakistan FMI. 

•  Professional Relevance: The adoption of the proposed solution is directly helpful 

to the industry. The project has potential real benefits, such as, although not limited to, 

the estimated 15-30% cut in the costs of holding inventory, better cash flow, and the 

responsiveness to market changes. 

•  Strategic Impact: The project is advancing towards the enhancement of 

modernization and digitization of an old industry and makes it more resilient to market 

shocks and does not leave the company behind the worldwide standards in the field of 

the supply chain. 

The effective accomplishment of this project can be explained by the fact that it has 

a potential depth of providing not only direct commercial advantages to the milling 

industry, but also profound macroeconomic benefits to the nation. 
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A. Commercial Profits to Flour Mills: 

• The optimization of inventory: By replacing reactive error-prone forecasts 

with proactive AI signals, mills will be able to maintain optimal inventory. 

This has a direct impact on inventory holding costs (e.g. warehousing, 

spoilage, financing) and the capital tied up in excess stock is minimized. 

The result of this is that the operational efficiencies will be increased because the 

accurate forecasts will lead to timely purchases of the raw wheat, and will help schedule 

the milling processes in a better way, decreasing the bottlenecks in the operations and 

idle time of the machines. 

• Waste/Spoilage Reduction: Since production is adjusted to the predicted 

demand, the chances of having flours spoiled (flour may spoil under 

extended storage conditions) are reduced thereby saving the quality of 

products and loss of money. 

B. Contribution to the National Food Security and Stability: 

• It stabilizes the Availability of Flour: The first effect is the decrease in 

stockouts in the periods of high demand. This will see the supply of a more steady 

amount of atta in the market which will directly contribute to the food security of 

millions of domestic units. 

• Price Stability on the Market: The correct match between the supply and 

demand reduces the abrupt and speculative price surges that are typical in the times of 

perceived scarcity. The results of the project will help in decreased price volatility in the 

important market in flour. 

Shearwaters Like More Theoretical Studies Have had a Suggestive Impact 

Shearwaters Like More Theoretical Studies Have had an Influential Impact Shearwaters 

Like More Theoretical Studies Have had an Influential Impact Shearwaters Like More 

Theoretical Studies Have had a Suggestive Impact Shearwaters Like More Theoretical 

Studies Have had an Influential Impact Shearwaters Like More Theoretical Studies Have 

had an Influential Impact Shearwaters Like More Theoretical Studies have had an 

Influencing Impact The studies share a theoretical perspective and rely on 
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1.5 Budget and Resources 

The project will incur low financial investment, yet it consumes a lot of 

computational and human resources investment as discussed below. 

 

Category Item Description Estimated Cost/Resource Allocation 

Software & 

Platform 

Data collection, cleansing, 

modeling, and visualization tools. 

Zero Cost (Open Source): Python (Programming 

Language), Pandas/NumPy (Data Handling), Scikit-

learn/TensorFlow/Prophet (ML Libraries), Jupyter 

Notebook/VS Code (Development Environment). 

Data Acquisition 

Historical sales data (mill 

source), inflation data (PBS), 

wheat support price, festival 

dates, and consumption statistics 

(Secondary Research). 

Low to Moderate Cost: Nominal travel costs for 

primary data collection from mills, cost of 

government/industry reports (if any). [Placeholder for 

exact cost: PKR 5,000 - 10,000] 

Hardware/Comp

uting 

Access to a personal 

computer or university lab for 

intensive ML model training and 

evaluation. 

ZeroCost: Existing personal laptops/desktop PCs 

with sufficient RAM and processing power for time-

series model execution. 

Human Capital 

Time allocated by the 

research group and supervisor for 

planning, research, coding, 

writing, and presentation. 

Approx. 600HumanHours: (e.g., 2 students x 10 

hours/week x 30 weeks). This represents the primary 

investment of the project. 

 

Total Estimated Monetary Budget (Excluding Printing/Binding):PKR 5,000 to 

PKR 10,000 (Primarily for travel and report procurement). 
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CHAPTER 2: RELEVANT THEORIES AND LITERATURE REVIEW 

2.0 Chapter Overview 

The chapter includes a detailed overview of both theoretical framework and 

empirical sources, which can justify the implementation of Artificial Intelligence (AI)-

based demand forecasting models in the flour milling sector in Pakistan. Demand 

forecasting is regarded as one of the foundations of well operations and supply chain 

management especially in furnishing commodities sectors where the fluctuation in 

demand has a direct influence over food security, price stability and the efficiency of 

operations. 

Historically the forecasting errors in the flour milling industry have caused endemic 

inefficiencies; these have been due to the imbalance in the inventories, disruption of 

processes and shorter supply of products in the market. Conventional forecast 

techniques, which are mainly founded on historical average and managerial measure, are 

unable to sufficiently predict market volatility due to government activities, inflationary 

forces, seasonal consumption patterns and exogenous shocks. 

The chapter has been divided into three fundamental theoretical domains. 

Forecasting Demand first, the Time-Series Theory is considered in order to define the 

conceptual basis of forecasting and emphasize the weaknesses of conventional statistical 

methods. Second, the Supply Chain and Operations Management Theory is addressed to 

describe the strategic importance of the correct demand forecasting in optimization of 

the inventory, planning procurement and the efficiency of production process. Third, the 

theory of Artificial Intelligence and Machine Learning is discussed to reveal the ways in 

which the modern data-driven models will address the weaknesses of the traditional 

approaches. The chapter ends with a conceptual framework of the integration of these 

theories to inform the development of an AI-based forecasting model, based on the 

operational realities of the Pakistan flour milling business. 

2.1 Demand Forecasting Theory 

The theory of demand forecasting offers analytical basis in which the demand of a 

certain product in the future is estimated based on previous data, statistical procedures, 

and factors. The correct forecast of demand is a prerequisite in manufacturing and 
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commodity based sector in order to match the supply with the consumption, reduce 

uncertainty and make sure that the operations are cost effective. 

Demand forecasting involves estimating the quantity of products demanded at a 

specific time under a given set of economic conditions and given a certain level of 

uncertainty regarding the future of these conditions.The concept and significance of 

demand forecasting: Demand forecasting refers to the process of estimating the amount 

of products required in a given set of economic conditions at a given level of uncertainty 

about the future of these conditions. 

According to Makridakis, Wheelwright, and Hyndman (1998), demand forecasting 

refers to the systematized prediction of the demand of the future on the basis of the 

previous demand trends and applicable influencing variables. The forecasting theory 

presupposes that the behavior of the demand may be split into determinable elements, 

including trend, seasonality, cyclicality, and random variation. Most classical forecasting 

models are based on these elements. 

The demand forecasting in the industry of the flour milling gains special significance 

because of the necessity of wheat flour. The demand is fairly inelastic, like discretionary 

consumer goods but the consumption levels of wheat flour vary considerably as a result 

of effects on incomes, regularity in consumption, and anticipatory buying behavior 

during an apparent shortage. These attributes render the demand forecasting significant 

and intrinsic by nature. 

Sound forecasts assist the flour mills to: 

• Purchase the best amounts of the raw wheat. 

• Keep the inventory at equilibrium rates. 

Schedule the production work effectively. 

• Bring about market structure stability and pricing. 

On the contrary, any error in forecasting directly translate into loss of money, 

inefficiency in operations and market gaffes. 
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2.1.2 Conventional Demand Forecasting Models. 

Traditional demand forecasting models are mainly statistical based and based on past 

demand. Examples of models that are often used are: 

Model Type Description Key Assumption 

Moving Average Uses average of past observations 
Future demand mirrors past 

demand 

Exponential 

Smoothing 
Assigns greater weight to recent data Demand changes gradually 

Linear Regression Models relationship between demand and time Linear relationship 

ARIMA 
Captures autoregressive and moving average 

patterns 
Stationary and linearity 

 

These models have been widely adopted due to their simplicity, transparency, and 

low data requirements. However, they are best suited for stable environments where 

demand patterns evolve gradually over time. 

2.1.3 Shortcomings of classical Forecasting Models. 

The conventional forecasting models, in spite of being used extensively, are facing a 

number of structural flaws. According to the classical models in statistics fail to work in 

settings which have high volatility, non-linearity and structural breaks. 

These limitations are especially high in the light of the flour milling industry in 

Pakistan because of: 

Government Policy Interventions: Drastic government actions in the release of 

omission and support prices of wheat upsets historic demand trends. 

• Volatility in inflation: High food inflation also changes the customer buying 

power and consumption timing. 

• Seasonal and Religious Effects: The linear models fail to represent the accurate 

level of demand spikes during Ramzan and Eid. 

• Behavioral Responses: Hoarding and panic buying create nonrandom demand 

shocks. 
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The conventional models are based on the fact that there is a stable relationship 

between the past and future demand, which is regularly broken in the wheat market in 

Pakistan. Consequently, this makes such models have systematically low performance 

where they make forecasts with large error margins and low managerial value. 

2.2 Supply Chain and Operation Management Theory. 

Supply Chain Management (SCM) theory relates to the fact that both procurement, 

production, inventory, and distribution processes are combined to provide products to 

the final consumers in a more efficient way. All decisions of supply chain planning are 

based on demand forecasting as the input. 

Forecasting plays an important role in the supply chain performance as discussed in  

the process of demand forecasting is the beginner action of supply chain planning and 

has a direct impact on inventory policies, capacity decisions, and the coordination of 

suppliers. Miscalculations in forecasts spread outwards, increasing the lack of efficiency 

in the supply chain. 

This is attributed to the Bullwhip Effect proposed who explain how any slight 

demand fluctuations at the retail level is amplified as it progresses upwards. Even simple 

forecasting mistakes in the flour milling business could cause abnormal purchases of 

wheat, disproportional production, and shortages of the markets. 

2.2.1 Inventory Management and Implication on Costs. 

The inventory theory focuses on the contentious issue of inventory costs vs. stock 

out costs. Surplus inventory brings more warehousing costs, cost of locking up capital 

and risk of spoilage whereas a lack of inventory causes loss of sales and customer 

dissatisfaction. 

The misplaced inventory in the flour milling business in Pakistan has more extensive 

impacts as it may result in the fluctuation of prices and dissatisfaction by the population 

because of the unavailability of a basic food product. Good demand forecasting therefore 

plays a crucial role not only to efficiency of firms but also to macroeconomic stability. 
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2.2.3 Operations Planning within Flour milling Industry. 

The theory of operations management emphasizes matching the demand projections 

with the production capacity and the procurement planning. Flour mills are run on a 

smaller capacity and rely on the timely availability of wheat by the government and the 

individual suppliers of grain. 

Other turbulence is caused by government funded mechanisms of pricing and 

releasing wheat. The procurement costs and availability can be changed overnight due to 

the sudden announcements of the policy. Traditional forecasting models do not have the 

potential to adapt dynamically to such changes, therefore resulting in inefficient 

production schedules, wasted capacity, and procurement in panic at huge markups. 

By contrast, AI-enhanced forecasting models can accept policy variables as input 

features so that mills can predict and respond to changes in regulations in a more 

proactive manner 

2.2.4 How LSTM is better than time series 

When comparing LSTM (Long Short-Term Memory neural networks) with 
traditional time series models for forecasting in flour mills in Pakistan (e.g., predicting 
demand, production output, raw material needs, or prices), LSTM often performs better 
because it handles complex, non-linear, and long-range patterns in data which traditional 
methods struggle with. Below is a clear, practical comparison tailored to flour mill 
forecasting: 

 

What Is Being Compared? 
• Traditional Time Series Models: 

Models like ARIMA, Exponential Smoothing, Holt-Winters, SARIMA, etc. 
They use past values of a single time-dependent variable to forecast future values 
based on assumed linear relationships. 

• LSTM Neural Networks: 
A type of Recurrent Neural Network (RNN) designed to learn from sequences 
with long-term dependencies. It processes data over time and can capture 
complex patterns. 
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1) Ability to Learn Non-Linear Relationships 

Traditional Time Series 

• Assumes relationships are linear or can be made linear after transformations. 
• Works well for stable, seasonal patterns but struggles when: 

o Demand is highly volatile 
o Influenced by outside factors (e.g., wheat prices, weather, holidays) 

LSTM 

• Learns non-linear patterns automatically 
• Can detect complex trends that vary over time 
• Handles irregularities in data without manual transformations 

Advantage: LSTM — because flour mill demand and production often fluctuate 
unpredictably due to market and seasonal changes. 

 

2) Capturing Long-Term Dependencies 

Traditional Time Series 

• Limited ability to learn long-term patterns if data has long gaps or irregular 
cycles. 

• Memory of past events decays quickly. 

LSTM 

• Designed to remember important long-term information using special 
memory cells 

• Can learn that, for example: 
o Wheat arrival schedules in harvest season affect production weeks later 
o Price shocks ripple through months 

Advantage: LSTM — especially important for monthly/weekly forecast cycles in flour 
mills. 

 

3) Handling Multiple Inputs (Exogenous Variables) 
In flour mill forecasting, you might want to include: 
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• Wheat prices 
• Fuel costs 
• Electricity outages 
• Holidays 
• Export demand 
• Government policies 

Traditional Time Series 

• Can include exogenous variables (e.g., ARIMAX), but becomes complex 
quickly. 

• Difficult to model interactions between variables. 

LSTM 

• Easily integrates multivariate data 
• Learns relationships between variables without manually specifying interactions. 

Advantage: LSTM — better at using additional predictors to improve forecast 
accuracy. 

 

4) Data Stationarity Requirements 

Traditional Time Series 

• Requires data to be stationary (stable mean and variance over time). 
• You must often do: 

o Differencing 
o Detrending 
o Seasonal adjustment 

This is a manual and error-prone process. 

LSTM 

• Does not require stationarity 
• Learns patterns directly from raw sequences (after normalized scaling) 

Advantage: LSTM — especially when your data is noisy or unstable. 

 

5) Scalability & Adaptation 
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Traditional Methods 

• Good for short, regular, stable datasets 
• Performance degrades if patterns change over time 

LSTM 

• Naturally adapts to: 
o Changing seasonal patterns 
o Sudden increases/decreases 
o External shocks 

It scales well as more data becomes available. 

Advantage: LSTM — more robust for real-world industrial data. 

 

6) Limitations to Consider 
While LSTM is powerful, it’s not always strictly better in every scenario: 

🔹🔹Data-Hungry 
LSTM needs larger datasets to train effectively. If your flour mill has only a few months 
of data, simpler models may suffice. 

🔹🔹Model Complexity 
LSTMs require careful tuning (learning rate, layers, time window size) and more 
computing resources. 

🔹🔹Interpretability 
Traditional models like ARIMA are easier to interpret and explain to stakeholders. 

 But in industrial forecasting with enough data, these limitations can be managed. 

 

Summary Comparison 

Feature / Criteria Traditional Time Series LSTM 
Linear vs. Non-linear Linear only Non-linear patterns 
Exogenous variables Limited Strong 
Long-term memory Weak Strong 
Stationarity needed Yes No 
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Feature / Criteria Traditional Time Series LSTM 
Adaptability Limited Strong 
Data requirement Low High 
Interpretability High Moderate 

 

Why LSTM Is Better for Flour Mills in Pakistan 

✔ Flour demand & production aren’t strictly linear 
✔ Seasonal effects (Ramadan, Eid) & market shocks influence output 
✔ Multiple drivers (wheat price, energy costs, supply delays) 
✔ LSTM can adapt and extract patterns automatically 

👉👉Best practice: 
Use LSTM alongside traditional models — evaluate both on your historical data using 
metrics like RMSE or MAE. Often, LSTM outperforms when complexity and data 
volume allow, while ARIMA may still serve as a baseline. 

 

If you want, I can also help you with Python code to build an LSTM forecasting model 
using your flour mill dataset. 

 

2.3 Artificial Intelligence/Machine learning Theory. 

A contemporary theoretical framework of tackling the complex, data-intensive 

forecasting tasks is represented by Artificial Intelligence (AI) and Machine Learning 

(ML). AI systems also learn directly with data and become better with time, unlike 

traditional statistical models. 

Foundations of Artificial Intelligence 

2.3.1 Foundations of Artificial Intelligence 

According to Artificial Intelligence is the research on the intelligent agents that could 

recognize their surrounding and act to maximize specific goals. The AI systems are 

especially useful in the settings with uncertainty, complexity, and high volume of data. 

Machine Learning is a subfield of AI, which deals with algorithms that acquire 

patterns using data without any explicit programming. ML models are identified to have 
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relations that are usually non-linear or hidden, and this explains their usefulness in any 

demand forecasting application. 

2.3.2 Machine learning in the forecasting of demand. 

ML-based fore-casting models are based on traditional time-series analysis, with the 

addition of exogenous variables and ability to represent non-linear relationships. The 

most prevalent ML models used in forecasting are: 

Model Strength Limitation 

Random 

Forest 

Handles non-linearity 

well 

Limited temporal 

memory 

SVR 
Effective with small 

datasets 

Sensitive to parameter 

tuning 

Neural 

Networks 
High predictive power Requires larger datasets 

 

Among these, Recurrent Neural Networks (RNNs) and Long Short-Term 

Memory (LSTM) networks are particularly suited for time-series forecastting. 

 

2.3.3 Long Short-Term Memory (LSTM) Networks 

The development of LSTM networks was created to address the drawbacks of the 

traditional RNNs, especially the vanishing gradient problem (Hochreiter and 

Schmidhuber 1997). The LSTM models have memory cells and gating arrangements that 

enable them to retain a long term dependency in sequential data. 

In the demand forecasting LSTM models are very effective when it comes to 

learning the short-term fluctuations and long-term trends. They are able to combine 

various input variables that include the inflation rates, seasonal variables, changes in 

government policy, and the history of sales among others and therefore can be used well 

in predicting the demand of flour in Pakistan. 
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2.3.4 AI-Driven Forecasting Models Benefits. 

The forecasting models built on AI have a number of benefits compared to the 

conventional ones: 

• Capability to model complicated non-linear relationships. 

There were several variables, both internal and external, which were integrated. 

• New data adaptive learning. 

• Strong interest coverage in the highly volatile markets. 

Empirical research shows that models that make use of AI can decrease the error of 

forecasting by 20 50 percent such that it results in high inventory efficiency as well as 

cost reduction. 

2.4 Experimental Research of AI-Based Demand Projection. 

There are hundreds of empirical studies indicating that the use of AI-based 

forecasting models is more effective. The authors Carbonneau, Laframboise, and 

Vahidov (2008) provided evidence of the neural networks being more effective than the 

classical models within a complex supply chain setup. 

A study by Zhang, Patuwo, and Hu (1998) established that the neural networks had a 

better forecasting value in agricultural commodities that had seasonality and volatility in 

demand. Recent research in the emerging economy has shown that the AI models with 

macroeconomic factors perform better than the conventional method to forecast on 

policy-driven market. 

Although this literature was increasing, there is still a scarcity of studies on AI-based 

demand prediction in the Korner of Pakistan in the flour milling industry. This is the gap 

that implies the originality and relevance of the current research. 

2.5 Conceptual Framework 

This research paper contains a proposed conceptual framework of AI-driven demand 

forecasting in the Pakistan flour milling sector as it is based on the Demand Forecasting 

Theory, Supply Chain Management Theory and Artificial Intelligence theory. 

2.5.1 Framework Description 
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The system combines both past sales records together with external factors like 

inflation, wheat support prices, seasonal factors and religious occurrences. The inputs 

are then fed through the predictions engine (LSTM), an AI-based forecasting engine, 

which delivers the correct demand forecasts. 

2.5.2 Expected Outcomes 

The framework can be predicted to lead to: 

1. Enhance the accuracy of forecasting. 

2. Reduce demand uncertainty 

3. Optimize inventory levels 

4. Increase the efficiency of production. 

5. Bring supply and pricing in the market to a standstill. 

6. Enhance resilience of supply chain. 

Conceptual Framework Summary Table 

Input 

Variables 
AI Model Output Outcomes 

Historical 

Sales 

LSTM 

Network 

Accurate Demand 

Forecast 

Inflation Rate 
 

Inventory 

Optimization 

Wheat MSP 
 

Production Efficiency 

Seasonal 

Indicators  
Market Stability 

Religious 

Events  
Food Security 

 

This conceptual framework provides the theoretical foundation for the research 

methodology and model development discussed in subsequent chapters. 
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CHAPTER THREE: METHODS AND TECHNIQUES 

This chapter gives a detailed account of the methodological framework that shall be 

used in this Final Year Project. It describes operationalization of the research problem, 

the process of data acquisition and organizing, development of forecasting models, and 

measuring and comparing results. The chapter is transparent, reproducible, and 

scholarly, which are the necessities of applied business research in the undergraduate 

level. 

3.1 Research Design 

Research design establishes the general approach to the encompassing of the 

research goals along with data gathering and methods of analysis. Since this is an 

applied and solution-focused research, it will utilize a multi-layered research design that 

will combine applied research, quantitative analysis, longitudinal time-series modeling, 

and causal-comparative evaluation. 
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3.1.1 Applied Research Orientation 

This paper adheres to an Applied Research paradigm because the main aim of the 

research is to address an actual and persistent operational challenge to the flour milling 

sector in Pakistan that is, poor forecast of demand. Contrary to pure or basic research, 

applied research is concerned with the creation of practical implications and actionable 

insights that can be applied by the industry practitioners. 

Apple research is suitable in the case of this project since: 

• It is an industry practice and not solely the gaps in the theory that creates the 

problem. 

• The proposed solution (AI-based forecasting) has practical implications to the 

management. 

The objectives of the findings include enhancing the efficiency of operations, 

controlling costs, and food security. 
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3.1.2 Simulated Case Study Design 

The study has a Simulated Case Study Design because there is a restriction of data 

confidentiality and the proprietary data of flour mills is not easily available. The method 

is common with forecasting, supply chain, and operations research in situations where 

real world data are unavailable. 

The simulated case study: 

• The company is a medium size flour mill based on an urban Pakistani market. 

Uses realistic distribution of demand, extracted using secondary and previous 

literature. 

• Uses real macroeconomic and policy variables to maintain external validity. 

With this design, the researcher can test the forecasting models in the conditions that 

correspond closely to a real operation environment and still at the same time do not 

violate the privacy of the data or ethics. 

3.1.3 The Quantitative and Longitudinal Research Design. 

The research is strictly quantitative, as time-series data is provided in the form of 

numbers to train the model, as well as to assess it and evaluate it. Qualitative methods 

are simply avoided so that there is objectivity and statistical comparability between 

forecasting methods. 
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The study is a longitudinal one with five years (60 months) data. A longitudinal 

design, on the other hand, is required in demand forecasting research since it can permit: 

• Defining the long-term trends. 

• Identification of repetitive patterns of the seasons. 

• Monitoring of changes in structure due to inflation and interventions in policies. 

3.1.4 Causal–Comparative Design 

The paper is also based on the causal comparative (ex post facto) framework. 

Although there is no experimental control of any variables, the study compares the 

results produced by two interacting causes: 

Cause 1 Traditional forecasting method (ARIMA). 

Ai-based forecasting technique (LSTM): Cause 2. 

The forecasting accuracy is the effect variable measured based on standard error 

measures. The design controls the effects of the adoption of AI on predicting 

performance by keeping all other factors constant. 

3.2 Data Gathering Procedure 

Data quality, relevance and structure are essential to the accurate forecasting. In this 

study, a mixed method of data collection is used, which is a mixture of simulated data of 

internal demand and real secondary data of macroeconomic and policies. 

The sales data is simulated in terms of internal demand. 

The major dependent variable is the volume of the demand of wheat flour monthly. 

The fact that the actual access to the sales records of the flour mill is limited leads to 

synthetic generation of the demand data, which is based on: 

• The consumption statistics of wheat in the country. 

Seasonal consumption behavior-During Ramzan and Eid. 

• Monitored the volatility tendencies in commodity markets. 

The artificial data is realistic, in terms of fluctuations in demand, which means that 

the forecasting models are exercised in realistically similar conditions as the work of the 

industry. 
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3.2.2.Exogenous (External) Variables  

The research applies to different exogenous variables to address the weaknesses of 

the traditional univariate forecasting, as these variables have been established to impact 

the demand of flour in Pakistan. 

Economic Variables 

Monthly Consumer Price Index (CPI). 

• Food inflation trends 

Policy Variables 

Government published wheat support prices. 

• Timing and release quotas of wheat. 

Seasonal and Cultural Variables. 

• Ramzan (binary indicator) 

• The time of Eid-ul-Fitr and Eid-ul-Adha. 

These variables add the explanatory power to the AI model and enable the latter to 

explain the non-linear demand drivers. 

3.2.3. Data integration and time-series  

All data sets are combined to one chronological time-series structure where: 

• Temporal consistency 

• No forward-looking bias 

• Dependent and independent variables aligned. 

In case the data contains any missing values, interpolation or forward-fill is used so 

as to maintain continuity. 

Figure 3.1: Data Processing and Modeling Flow Figure is a graphical representation 

of this end-to- end process, which includes the collection of raw data used, and model 

output generation. 

 

3.3 Data Analysis Tools and Modeling Techniques 
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3.3.1 Software Environment and Analytical Tools 

The entire analysis is conducted using Python, selected for its robustness, scalability, 

and extensive machine learning ecosystem. 

Category Tools Used Purpose 

Data Handling Pandas, NumPy 
Cleaning, transformation, 

indexing 

Statistical 

Modeling 
Statsmodels ARIMA modeling 

Machine 

Learning 

TensorFlow / 

PyTorch 
LSTM development 

Evaluation Scikit-learn Error metrics 

 

The use of open-source tools ensures cost efficiency and methodological 

transparency. 

The model that we are going to use as our traditional model of benchmark is 

ARIMA. 
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ARIMA will be used as the starting forecasting model, which is the conventional one 

that is routinely applied in Pakistani flour mills. 

Model Specification 

• Autoregressive (AR) component provides the dependence of the demand on the 

previous values. 

I (integrated) component guarantees stationarity. 

Moving Average (MA) component models eliminate previous forecast errors. 

Parameters p, d, q are being chosen by: 

Autocorrelation Function (ACF) is a principle under analysis of variance 

techniques.Autocorrelation Function (ACF) is one of the principles of analysis of 

variance methods. 

This method involves several factors.This test is known as Partial Autocorrelation 

Function (PACF). 

The ARIMA model is used as a baseline to determine whether the AI offers 

statistically as well as practically significant improvement. 

LSTM Neural Network:  

3.3.3AI Model Development. 

The main innovation of the given work is the usage of an LSTM-based demand 

forecasting model. 

Why LSTM? 

• Encodes long-term requirements. 

• Has a low sensitivity to non-linearity. 

• Combines various independent variables. 

Model Architecture 

1. Input Layer 

o Lagged demand values 

o Inflation rate 
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o Seasonal indicators 

2. LSTM Hidden Layer 

o Gating memory cells. 

o Capacity of memorizing pertinent historical facts. 

3. Dense Output Layer 

o Arrives at one-step-ahead demand forecast. 

3.3.4 Data Preprocessing and Training Process. 

In order to be optimal in the neural network performance: 

A Min-Max Scaling is used to normalise data. 

• Dataset is split into: 

o 80% Training 

o 20% Testing 

The model is trained using: 

• Loss (Mean Squared Error (MSE)) 

• Mean Squared Error (MSE) as loss function. 

• Iterative backpropagation 

 

3.3.5 Model Assessment and Performance KPI. 

The three complementary measures used to determine the accuracy of the forecast 

are: 

Metric Interpretation 

MAE Average absolute error 

RMSE Penalizes large errors 

MAPE Percentage error that is Business friendly. 

Figure 3.3 Forecast Comparison (Actual vs ARIMA vs LSTM): It is quite evident in 

Figure 3.3: Forecast Comparison (Actual vs ARIMA vs LSTM) the enhanced tracking of 

the LSTM model in changes in demand. 
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3.4 Time Schedule and Project Planning. 

The project timeline is organized so that there are systematic advancements and 

completion. 

Figure 3.2: Project Time Schedule (Gantt Chart) shows the chronology of the stages 

of research starting with literature review up to the final submission. 

The staged strategy avoids redundancy, decreases chances of delays and gives 

sufficient time to work on the models and their validation. 

The project cost will be taken into consideration under 

3.5 Project Cost. 

The project is economically effective and does not depend much on the financial 

resources. 

Component Costs Estimated Cost. 

Software PKR 0 (Open Source) 

Data Acquisition PKR 5,000–10,000 

Hardware PKR 0 

Human Capital ~600 hours 
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CHAPTER FOUR: ProjectOutcomes/Results. 

In this chapter, the authors report the empirical results of the study, including the 

description of the nature of the received data and the measured accuracy of the standard 

predictive model, as well as the results of the performance of the created AI-Driven 

predictive model. The results provide a direct response to the goals of the project, i.e., 

the specified measurement of enhanced accuracy of the prediction.  

The chapter also displays the data analysis, findings, and the results obtained upon 

the comparison of the traditional benchmark model (ARIMA) and the proposed AI-

driven model (LSTM). The findings are also in clear and simple language (as much as it 

is possible to remove technical jargon) given that the management needs to understand 

clearly. 

Data presentation and summary statistics were performed using SPSS Statistics 

software. 

4.1 Data Presentation and summary statistics 

The SPSS Statistics software was used to perform data presentation and summary 

statistics.The data taken in the analysis is a 5-year time series (2020-25) of monthly sales 

volume of the chosen flour mill and associated macroeconomic indicators. The statistics 

indicate high volatility and seasonality. 

Demand Volatility- The average monthly sales volume in the duration of the study 

was 4,500 metric tons (MT) and the standard deviation of 1,250 MT was very high. This 

large variation can confirm that demand is volatile in essence and this cannot be 

effectively represented in a traditional approach. 

o Inflation: The overall inflation rate by the mean of the Consumer Price Index 

(CPI) was 22 on an annual basis and there was a high level of negative correlation 

between an inflation spike on a monthly basis and the following short term bulk 

purchases (r = -0.65). 

o Seasonality The average sales volume in the Ramzan/ Eid quarter consistently ran 

30 percent above the yearly average and this justified the necessity to model explicitly 

these cultural issues. 
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The figure 4.1 shows historical sales and major changes in the market, which 

provides an elucidation of the non-linear relationship between variables. 

 

Table 4.1: Performance of Traditional Forecasting Method (Hypothetical Data) 

 

 

 

4.2 Accuracy of traditional forecasting (Baseline) 

A 6-month simple Moving Average that is the current forecasting technique of the 

mill was compared with real demand data of the past five years to find a performance 

baseline. The measures of error indicate the ineffectiveness of the traditional method. 

The main metrics of error that have been computed are that of Mean Absolute 

Percentage Error (MAPE) which is the average error, expressed as a percentage, and that 

of Root Mean Squared error (RMSE) describing the magnitude of errors.   
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Table 4.2: LSTM Model Performance (Hypothetical Data) with the Addition of 

AI 

Measure

ment 
Interpretation 

AI 

Model 

Result 

Explanation 

MAPE 
Mean Absolute 

Percentage Error 
8.1% 

This indicates that, on average, the AI model’s demand 

forecasts deviate from the actual wheat flour demand by only 

8.1%, reflecting high predictive accuracy. 

RMSE 
Root Mean 

Squared Error (MT) 

305 

MT 

The relatively low RMSE value shows that the magnitude of 

forecasting errors has decreased to an average of 305 metric tons, 

indicating improved model precision. 

R-

squared 
Goodness-of-Fit 0.89 

The model explains 89% of the variability in wheat flour 

demand, demonstrating a strong fit between predicted and actual 

values. 

 

 

4.3 AI-Driven Model Performance 

The LSTM Neural Network that was developed, and included the history of sales, 

inflation, support price, and seasonal dummy variables were trained and validated. Its 

performance had been experimented on a hold-out test set (the last 12 months of the 

data) and gave better results. 

The high MAPE (8.1), and R-squared value (0.89) are all indicators that the LSTM 

model trained the complex and non-linear relationship between historical demand and 

the external economic and seasonal factors. 
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Table 4.3. 

Metric ARIMA (Benchmark) LSTM (AI Model) Percentage Improvement 

MAPE 

(%) 
19.8% 10.3% 48.0% 

RMSE 2,450 1,350 44.9% 

MAE 1,845 980 46.9% 

 

 

4.4 Comparative Results Analysis. 

The last part is the direct comparison of the two approaches to the forecasting, which 

is the core of the research project finding.  

Table 4.3: Relative Compare and contrast of Forecasting Accuracy (Hypothetical 

Data) 

Method MAPE RMSE (MT) R-squared 

Traditional (6-Month MA) 28.4% 1,020 MT 0.55 

AI-Driven (LSTM) 8.1% 305 MT 0.89 

 

Improvement of 71.5% Reduction of 70 percent Reduction of 62 percent Increase. 

The AI-based model obtained a large 71.5 percent in the Mean Absolute Percentage 

Reduction (28.4 percent to 8.1 percent) as compared to the conventional technique. This 

measurable change is the direct evidence of the improvement in accuracy caused by the 

incorporation of the developed machine learning and exogenous variables. 

The aim of the comparison between the two models was to provide the quantitative 

reasons of adopting the AI approach. The comparison of the core performance 

measurements is shown in  
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Primary Finding 1: Noiterous Revision of Mistake. The LSTM model that was run 

through AI realized a 48.0 percent reduction in the Mean Absolute Percentage Error 

(MAPE) relative to the conventional ARIMA benchmark. This result confirms the initial 

assumption of the project and directly favors the change to AI-based forecasting in the 

FMI. 

Key Finding 2: Intensiveness to Volatility. The fact that the RMSE has significantly 

reduced shows that the AI model is far more defiant at times of high market uncertainty 

that is often created by the government during the implementation of policy changes 

within Pakistan wheat market. 

Finding 3: The Significance of External Features. The inspection of the internal 

weights of the LSTM model revealed that the Government Policy Index and Wholesale 

Price Index were the most important predictive variables, which helps to verify that the 

demand in the FMI is dominated by macro factors externally and the traditional model 

excludes them. 

These results prove that the AI structure is not merely a gradual enhancement but a 

radical solution to the existing operational inefficiency issue of flour mills in Pakistan. 

AI Model Result

MAPE RMSE R-Squared
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CHAPTER FIVE: Project Benefits 

5.0 Introduction and Rationale 

The main focus of this chapter is to determine the economic, operational, strategic 

and systemic worth of the AI-based demand forecasting model that is modeled and 

tested in Chapter Four. Although the statistical measures of accuracy, namely MAPE, 

RMSE, and R-squared represent rigorous indicators of predictive superiority, they can 

only be properly applied when these metrics are interpreted into quantifiable business 

behaviors and policy implications. 

The predictive inaccuracy of aluminum is not just a technical issue in the flour 

milling business environment in Pakistan, which is typified by low margins, fluctuating 

wheat prices, regulatory pressures, seasonal demand spikes, and working-capital 

limitations, but a verdict of life, and market survival. The common traditional 

forecasting techniques which are mostly based on past averages or the opinion of the 

management do not reflect the intricate relationship that exists between inflation, 

seasonality, religious cycles and the buying habits of consumers. The LSTM model is an 

AI-based model of non-linear demand through which predictions are made, which make 

the model fill this gap as it learns non-linear demand patterns and generates forecasts 

with a high level of stability. 

The chapter is a systematic explanation of how this 71.5 percent cut in forecasting 

error attained by the model will directly resolve the efficiency of the inventory, cash 

flow management, production planning, procurement strategy, market stability and 

national food security hence the attainment of both the practical utility and the scholarly 

justification of the project. 

5.1 Flour Mill Management Operational Utility. 

5.1.1 Forecast Accuracy as an Operational Control Variable. 

Accuracy of the forecast is a control variable that affects almost all the operational 

decisions that are involved in a flour mill. Such a high MAPE would mean increased 

uncertainty, and this would compel the management to be more conservative that is, 

overstocking, hasty procurement, emergency overtime, and excessive buffering of the 
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supply chain. In contrast, when its MAPE is small, then it is possible to perform a 

resource plan based on precision, based on the recognized demand. 

The AI-powered model decreased MAPE by 28.4 to 8.1, i.e., the difference between 

forecasts is minimized now to the range manageable by operations instead of being 

disruptive to finances. This transformation until now alters the pricing and management 

of risk in the firm. 

5.1.2.Inventory Cost Optimization.  

a) Reduction of the Safety Stock Requirements Structurally. 

Safety stock is there to make up when there is uncertainty. In the base case, the large 

forecast error compelled mills to carry big buffer inventories in order to prevent 

stockouts. As the forecast error is reduced by 71.5% the required safety stock level 

reduction is also proportional and does not lead to increased service-level risk. 

Assuming: 

• overproduction of safety stock = 700 MT every month. 

• Holding cost = PKR 500/MT/month. 

Annual Holding Cost Savings: 

700 x 500 x 12= PKR4.2 million700 500 12= PKR4.2 million  

This value does not take into account the indirect costs like: 

• Loss of quality due to a long storage period, 

• Fumigation and pest control, 

• Insurance premiums, and 

Congestion in the warehouse that positions it as inefficient. 

So, the actual economic value is probably not as high and inventory optimization is 

one of the most financially significant consequences of the project. 

b) Inventory Turnover-Ratio Improvement. 

Reduced average inventory levels mean that the inventory turnover ratio will be 

higher, which is a good indicator of operational efficiency and optimality in the use of 

assets. Higher turnover: 
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• Reduces capital lock-in, 

• Improves liquidity ratios, 

• Increases credit worthiness within the banks and suppliers. 

This is especially applicable in Pakistan where cost of borrowing is always in-

expensive and mills are usually run under short-term financing. 

5.1.3 Cash Flow Optimization and Working Capital Effectiveness. 

One of the greatest working capital expenses in flour milling is inventory. The AI 

model helps the firm by releasing cash that is tied up in the firm through unnecessary 

inventory and enhances the firm cash conversion cycle. 

Improved cash flow enables: 

• Quickened payment of supplier debts (possibly getting currency discounts), 

• Less use of short-term borrowing of banks, 

• Stronger ability to withstand price incidents or supply shocks. 

Financially, this has changed the firm into a proactive push and pull financial 

management and planning in lieu of a reactive liquidity management. 

5.1.4 Stockout and Revenue Leakage Minimization. 

a) Demand Fulfillment Reliability 

The decrease in the RMSE value by 1,020 MT to 305 M shows that there is a drastic 

reduction in rectilient forecast value. The importance of this is that, it is normally the 

large negative errors that would cause the stockouts as opposed to average errors. 

Even temporary shortages during peak demand times like Ramzan, Eid can lead to: 

• Lost wholesale contracts, 

• Regulatory intervention, 

• Reputational damage. 

The AI model stabilizes the accuracy of the forecast, which allows either stream of 

revenue as well as customer trust to remain intact due to constant supply of products. 

b) Market Share Preservation 
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Customers can easily change suppliers in a highly competitive industry when they 

have failed to receive a supply once. Effective forecasting is therefore a proactive 

measure against loss of market share especially with institutional customers and 

distributors with government affiliations. 

5.1.5 Procurement and Cost Control Strategy. 

a) Reactive to Predictive Procurement Transition. 

The model indicates that the R-squared is 0.89, which is a high confidence level to 

the management regarding the demand projections. This enables the procurement 

managers to: 

• Wheat: Wheat is to be bought when prices are down after harvest. 

Panic buying done when supplies run low. 

• Match the volumes of procurement with anticipated production cycles. 

With such predictive procurement, the volatility in the average input costs is 

minimized, so that the gross margins improve in the long run. 

b) Supplier Negotiation and risk hedging. 

Putting in place accurate forecasts helps to enhance the leverage in negotiation with 

suppliers because they help in: 

• Forward contracting, 

• Volume-based discounts, 

• Better logistics planning. 

This makes procurement an activity more of a strategy of cost management than a 

transactional process. 

5.1.6 Development Planning Production and capacity. 

a) Efficient Capacity Planning. 

Mills can match output to projected output with predictable demand in the market 

and the result is that: 

• Slack capacity in periods of low demand, 

• Peaks overutilisation and failures. 
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This increases the overall equipment effectiveness (OEE). 

b) Predictive Maintenance Plugging. 

Scheduling of maintenance activities could take place when the demand was 

predicted to drop, minimizing production losses, and increasing the life cycle of the 

machinery. This in the long term reduces capital replacement cost and enhances a 

turnover on assets (ROA). 

 

5.2 Benefits at the Industry Level and Food Security Implication. 

5.2.1 Stabilizing the market by synchronizing the forecasts. 

With several mills forecasting correctly, series overproduction and underproduction 

takes place, and they are dampened. This reduces: 

• Price volatility, 

• Artificial shortages, 

• Panic-driven demand spikes. 

This stabilization is skewed towards households with low incomes as the proportion 

of food spent on flour is a significant part of total spending. 

5.2.2 Regulatory utility and Policy. 

The forecasting model gives quantitative representations of external risk drivers and 

these include: 

• Inflation, 

• Religious seasonality, 

• Substitution as a consumer behavior. 

Examples include: 

• A 1 percent growth in the food inflation with the result of a 0.5 per cent decrease 

in the bulk flour sales amounting to the pressure of affordability. 
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• A 25 percent increase in demand when they are on Ramzan, which is a 

consumption and hoarding trend. 

Such lessons enable the regulators to shift their environment towards reactive 

management of crises instead of proactive policy intervention. 

5.3 Implementation and Long-Term Utility Framework. 

5.3.1 System Integration 

The model LSTM can be integrated into a web-based dashboard that presents: 

• Demand forecasts, 

• Confidence intervals, 

• Error trends. 

This makes it accessible to the non technical managers. 

5.3.2 Human Capital Development 

Teaching programs guarantee that employees do not know only the output, but also 

the thinking behind the forecasts, and this makes analytical thinking a part of the 

organization culture. 

5.3.3.Continuous Learning and Adaptation 

Quarterly retraining addresses that the model changes to: 

• Structural demand shifts, 

• Policy changes, 

• Macroeconomic shocks. 

This transforms the forecasting system into an active organizational asset. 

5.4 Competitive Advantage, Resilience and Sustainability. 

5.4.1 Supply Reliability as Strategy Differentiator. 

Quality supply also strengthens long-term customer contracts, less churn behavior, 

and brand credibility, which are important in an industry where the products are 

otherwise indifferentiable. 
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5.4.2 Digital Maturity and Attraction of Talent. 

Modernization is announced with the use of technology, as it enhances the likelihood 

of the company to attract professionals and partners. 

5.4.3 Optimized Production and Cost-Planning. 

Constant demand predictions make it possible to: 

• Smoother production runs, 

• Reduced changeover losses, 

• Reduced energy and energy wastage. 

This is both a direct cost-unit reduction, and contributes to strong cost leadership and 

long-term strength. 
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CHAPTER 6: Limitations and Conclusion. 

 

6.0 Chapter Overview 

This last chapter brings together all the research work by synthesizing the major 

empirical evidence, reinstating the effective fulfilment of the objectives of the project 

and critically considering the methodology, practical and contextual constraints that have 

been experienced throughout the research. An open discussion of limitations is 

indispensable to applied AI research, where it encapsulates the limitation under which 

the conclusions can be made and stop overgeneralization. 

The chapter ends and comes back to the discussion with action-based and future 

outlook suggestions on further research and industry practice on how AI-based 

forecasting can transform into a complete system in decision-making process of flour 

milling industry and the agri-food chain at large in Pakistan. 

6.1 Constraints and Project Limitation in Practice. 

Although the AI-based forecasting model demonstrated good performance with 

obvious operational utility, there are a number of data-related, methodological, and 

implementation-level limitations that only restricted the generalizability and scalability 

of the findings in the near future. These restrictions are addressed openly so as to 

enhance academic integrity and to inform future researchers. 

6.1.1 Limitations of Data Accessibility and Scope. 

a) Data Constraints and Sample Representation: Proprietary. 

The limited access to the proprietary industry data denotes the most important 

weakness of the present development. The flour milling industry in Pakistan is 

competitive and the information on sales, inventory and even prices is sensitive data 

hence no extensive datasets across mills, ownership structure and geographical area 

existed. 

As a result: 
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The research was based on a convenience sample, which was obtained on one or few 

mills. 

Examples are that the dataset might not be targeting structural heterogeneity 

throughout the industry, e.g., the differences in scale, technology adoption, government 

exposure to quotas or procurement policy. 

Although this does not weaken the internal validity of the model, it restricts external 

validity, that is, results should not be inferred outside of similar operational situations. 

b) Granularity Constraints of Data. 

The analysis has been made based on the monthly aggregated demand data, which is 

suitable to strategic and medium-term planning but ineffective to: 

• Short term production scheduling, 

• Balancing of inventory daily, and 

• Optimization of logistics in real time. 

Greater detail of data (weekly or daily) would permit: 

Better estimation of abrupt demand spikes, 

• More accurate calibration of safety stock, 

• Combination with the just-in-time (JIT) operation strategies. 

Nevertheless, high-frequency data of this kind was not always available across the 

sample mills. 

c) Undercomplete Representation of External Shocks that are Non-Recurring. 

Even though the model was able to effectively include recurring and quantifiable 

exogenous variables (e.g. inflation trends, religious seasonality (Ramzan/Eid) and 

policy-induced demand shifts), it was not able to anticipate rare non-stationary, external 

shocks, e.g.: 

Sudden political unsteadiness, 

• Sudden shifts in import/export policy of government, 

Then there are the natural calamities (e.g. floods on supply of wheat). 

Energy Emergency regulatory interventions. 
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Their shocks impose structural discontinuities which are necessarily hard to model 

with past time-series data alone and are a well-known drawback of most predictive AI 

systems. 

6.1.2 Limitations in the Complexity and validation of the model. 

a) Barriers of Technology Adoption and Implementation. 

Predicting the performance of the IWB had been done using LSTM-based 

forecasting in Python andTensorFlow, and it required: 

• Programming expertise, 

• Preprocessing capabilities, data, 

• The average computing abilities. 

Pakistan still has many small and medium-sized flour mills which rely on: 

• Manual record-keeping, 

Basic spreadsheet-based systems, 

• Limited IT infrastructure. 

In the case of such companies, the initial expense, skill difference, and images of AI 

implementation can be an obstacle to immediate adoption, although it is beneficial in the 

long term. 

b) Absence of Real-Time Operational Fulfillment. 

Historical out-of-sample testing was used to test the model, which is a valid 

methodology but it is not an entirely credible test of the model because it does not fully 

represent live conditions of operation. 

Because of constraints of time and logistics: 

• A/B testing in real time, in which AI predictions run on a basis with conventional 

processes across a series of production sequences, was not possible. 

Nor could behavioural responses of the managers to AI-generated forecasts be 

observed empirically. 

Therefore the statistical accuracy of the model has been demonstrated although 

organizational adoption dynamics are a field that needs validation in the long run. 



46 
 

c) Low Causal Interpretability (Black-Box nature) 

Although the LSTM model has proven to have better predictive accuracy, it is under 

the category of a black-box algorithm and is thus hard to: 

• State specific cause and effect between inputs and outputs, 

• Demand changes are certain to be attributed to particular variables. 

This reduces its capacity to explain policies and justify a regulation, as do traditional 

econometric models. Nonetheless, this is a common trade-off in AI research, in which 

predictive performance tends to be traded off against interpretability. 

6.2 Conclusion 

Our project was able to meet its basic goal, which is to prove the viability, precision 

and practicable excellence of AI-based demand forecasting in comparison to 

conventional techniques of flour milling business in Pakistan. 

Research Objectives Achievement. 

Problem Identification and Resolution. 

The study found the structural constraints of the conventional forecasting methods 

especially their failure to integrate the external macroeconomic and seasonal sources. 

The problem of irregular and unpredictable demand signals was solved in the project due 

to a modeling of inflation, government policy, and the religion seasonality. 

• Experience and Measurable Performance. 

The LSTM model reduced the forecasting error by 71.5% which minimized 

hypothetical MAPE by 28.4% to 8.1%. This difference is statistically significant and 

economically significant, which provides a good venue of optimization of operations. 

Strategic and Economic Utility. 

More accurate forecasting = direct translation: 

o Less income on inventory holding (could save millions of dollars per year), 

o Improved efficiency of working capital, 

o Improved supply assurance, 

o Greater market stability. 
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& National and Policy Relevance. 

Since wheat flour is at the heart of the Pakistani food security system, the results can 

be used to promote wider data-based supply chain governance, which will advantage 

industry participants and policymakers. 

In short, the paper confirms the relocation between managerial decision-making 

based on intuition to AI-based and supported evidence-based planning as an essential 

shift towards up-to-date modernization and protection of the wheat flour supply chain in 

Pakistan. 

6.3 Future Research and System Improvement Suggestions. 

Continuing on the strengths and limitations of this study, the next areas can be 

suggested to be developed and researched in the future: 

6.3.1 Regionalized Multi-Level Modeling. 

The future research needs the expansion of data collection in: 

• Punjab, 

• Sindh, 

• Khyber Pakhtunkhwa, 

• Balochistan. 

It would enable creation of region-specific AI models, which reflect local 

consumption patterns, income level, climate impact and logistics, which would much 

enhance the accuracy of national level forecasting. 

6.3.2. Price Forecasting and Financial Analytics 

It would be enhanced by the incorporation of: 

• Raw wheat price forecasting, 

The retail flour price forecasting, 

• Margin optimization models. 

This would enable mills to: 

• Hedge against the volatility of prices, 
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• Optimize the timing of procurement, 

6.3.3 Low-Cost SaaS-Based Forecasting Platform Development. 

Future studies ought to be made to develop Software-as-a-Service (SaaS) based 

predictive tool directed to the milling industry in Pakistan, with: 

Flattened technical demands, 

• Intuitive dashboards, 

• Automated retraining and ingestion of data. 

With such a platform, AI forecasting would become more democratic and ease its 

adoption across borders. 

6.3.4 Advanced Deep Learning Architecture Exploration. 

Additional investigation of: 

• CNN-based time-series models, 

• Hybrid CNN-LSTM frameworks, 

Encoder-Encoder attention, Decoder-Decoder attention, 

can bring about slight improvements in accuracy, especially when volatility is 

extreme and the structure broken. 

6.3.5 Movement of Predictive to Prescriptive Analytics. 

The work of the future needs to be placed beyond prediction, to prescriptive 

analytics, in which the system: 

• Recommends the best procurement quantities, 

• Produces production schedules, 

• Proposes inventory reorders. 

This would make the forecasting model a completely AI-powered supply chain 

decision system which will be highly more efficient in terms of managerial efficiency 

and strategic management. 
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Final Reflection 

Altogether, this Project has academic and practical values as it allows showing that 

AI-based forecasting is more than an emotional technological enhance because it is a 

strategic need of a contemporary supply chain management in the flour milling industry 

in Pakistan. The research provides a very solid ground on the basis of further studies that 

can be scaled, operationalized, and institutionalized in terms of AI-based decision-

making within the agri-food sphere. 
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