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ABSTRACT

Firms are building their strategies to harness data and use artificial intelligence to manage
complex and competitive business environments. The growing availability of large datasets
(“big data”) and recent advances in the area of machine learning have led to the increased
focus of firms on developing data-driven solutions to the problems in the Operations and
Supply Chain Management (OSCM) field. Traditionally, problems of OSCM were largely
tackled through mathematical modeling and optimization, and in a few cases, through
empirical studies. In recent years, research focuses on using data and data modeling, known
as (data) analytics, for solving their business problems. The integration of data analytics and
the domain knowledge of OSCM has the potential to derive rules for effective direction and

optimization of the operations and supply chain.

In analytics, decision-makers develop data-based models to extrapolate the patterns in
historical data to get insights about the future, and then use them into optimization models to
obtain an effective solution to the business problems. Deriving the insights about future
outcomes is known as predictive analytics. Using predictive analytics results in the
optimization model to obtain actionable insights is known as prescriptive analytics. The
predictive analytics and prescriptive analytics are complete within themselves. However,
their combined use (called predict-then-optimize) leads to a true data-driven decision support

system that can create value.

In this research, predictive and prescriptive analytics models are developed to address various
challenges in supply chain forecasting and inventory optimization. This research work
addresses the demand (sales) forecasting problem in a complex environment by proposing

v



big data analytics and machine (and deep) learning based on a Demand Forecasting Model
(DFM). The proposed DFM consists of a novel forecasting method that ensembles long-
short-term-memory networks and random forest through an evolutionary optimization
algorithm. DFM is capable of modeling the model time and covariates-based variations, and
thus, it has better accuracy than standalone state-of-the-art forecasting methods. A sample of
4235 demand series with structured and unstructured data (also known as “big data”) is used
for the analysis. It has been observed that DFM is suitable to provide accurate forecasts to

develop demand plans for operational and tactical decisions.

The research work is further extended by developing a novel Demand Forecasting Decision
Model (DFDM) to provide the forecasts for relatively long-term forecasts where big data
models are not applicable. The proposed DFDM mathematically integrates judgmental
estimates from experts and quantitative forecasts from econometric time-series and machine
learning models. Through this work, it has been explored whether the human judgment is still

apposite in the era of artificial intelligence, i.e., machine learning.

Further, it is known that the supply chain requires short-term up to long-run aggregated
forecasts for making strategic, tactical, and operational decisions. These forecasts need to be
accurate and coherent. However, using different predictive analytics methods for short-term
up to long-run forecasts in a supply chain leads to incoherency in forecasts at different
planning and decision levels. It leads to the misalignment in management and wastage of
resources of the organization. Thus, a novel supply chain forecasting framework, a
combination of temporal and cross-sectional hierarchical forecasting, is proposed to generate
coherent forecasts at all levels of a supply chain. The proposed framework also provides more

accurate forecasts than forecasts at different levels of supply chains.



In the final model, predictive analytics is linked to the prescriptive analytics model. A data-
driven inventory optimization model is developed. The multi-item inventory optimization
problem with limited capacity/budget is solved using the machine learning and optimization
model. The mathematical solutions to the newsvendor problem are available in the literature
on inventory management. However, these available solutions make several assumptions
about demand distributions and other parameters, which are often incorrect and lead to errors
in inventory optimization. The proposed model provides a distribution-free and data-driven
solution approach to the problem to overcome the shortcomings of the mathematical model.
In a supply chain, demand forecasting and inventory optimization directly impact the
production, distribution, routing, scheduling, and many more decisions. In this context, the
proposed models and methodologies have numerous applications across supply chains of

various industries, including fashion, food, energy, electronics, and media.

Keywords: Data-driven Decision Models; Artificial Intelligence; Demand Forecasting;
Inventory Optimization; Big Data; Predictive Analytics; Prescriptive Analytics; Judgmental
Forecasting; Time series methods; Deep Learning; Machine Learning; Evolutionary
Optimization Algorithm; Temporal Aggregation; Cross-temporal Aggregation; Retail,

Manufacturing.
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