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1. Introduction
Forecasting is challenging in the face of high demand uncertainty; precisely integrating 
these market demands into decisions on sourcing, manufacturing, and logistics directly 
impacts the operational efficiencies and effectiveness of many industrial concerns. With 
these interrelated uncertainties, many studies on supply chain planning and operations 
rely on the use of forecasting techniques. Accurate predictions allow firms to quickly 
respond to market needs by proactively adjusting planning parameters such as ordering 
policies,  quantities,  and  transportation  modes.  Traditional  forecasting  methodologies 
such as time series analysis, trend analysis, and econometric models are widely used in 
management practice. They often cannot fully capture the intrinsic hidden trends and 
patterns  in  complex  datasets.  With  these  known  limitations,  it  is  often  difficult  to 
leverage traditional forecasting solutions to solve real-world practical applications. In 
recent years, artificial intelligence forecasting has been increasingly used in supply chain 
management communities due to its capability to identify complex patterns from large 
volumes and diversified data streams. AI possesses strong capabilities to automatically 
capture the hidden features of the interconnected uncertainties and unknown structure 
of the data. The latest developments in AI can assist practitioners in making accurate 
decisions by incorporating big data into the realm of advanced forecasting solutions, 
such as deep learning, neural networks, Long Short-Term Memory, Bayesian methods, 
and  ensemble  techniques.  Some  of  the  state-of-the-art  forecasting  approaches  can 
provide  improvements  in  forecast  accuracy  and  precision.  This  paper  reviews  the 
methodologies for improving the construction of internal demand forecasts within the 
context  of  AI  approaches.  Demand  forecasting  refers  to  estimating  the  pattern  and 
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significance of consumer purchases or product orders, with a distinction made between 
the commercial end-user and commercial channel customer orders.

1.1. Background and Significance of Supply Chain Demand Forecasting
Supply chain demand forecasting has historically attracted significant interest among 
researchers and companies due to its crucial influence on the decision-making process, 
particularly in areas such as  inventory management,  shipping,  sales,  budgeting,  and 
consumer behavior. A reliable demand forecasting process also plays a crucial role in 
achieving  high  levels  of  customer  satisfaction.  Over  the  years,  researchers  have 
proposed various methods, including simple time series or causal models, fundamental 
analysis,  judgmental  forecasts,  forecasting  games,  and  management’s  vision. 
Researchers  have  transitioned  from  simple  formulas  to  sophisticated,  advanced 
approaches  in  response  to  these  flaws.  The  latest  trend  is  to  use  a  wide  range  of 
statistical and mathematical methods, including those based on large data sets.

Several factors impact demand forecasting, including more volatile consumer behavior, 
which  leverages  technological  advancements  for  commerce  and  marketing,  and 
variability  in  demand patterns  based on location,  time,  and population.  Despite  the 
improvements  in  forecasting  methodologies,  demand  forecasting  remains  a  major 
challenge in the marketplace. The importance of good demand forecasting for firms is 
irrefutable. In light of the increase in the size of competitors, it may be stated that firms 
have the opportunity to achieve a competitive advantage. This research linked many 
improvement  areas  for  better  forecasting  accuracy,  including  trend  wave  referrals, 
causal  relations,  and a  lower  error  percentage below 2% customized in  the  level  of 
predictions. Over the years, a wide variety of computational and AI-based approaches 
have been proposed to solve this issue. These AI approaches, including computation, 
have been able to boost the forecasting accuracy of existing models.

1.2. Overview of Traditional Forecasting Methods and Limitations
The  application  of  mathematical  modeling  for  demand forecasting  goes  back  to  the 
1940s. Forecasting has traditionally been carried out using quantitative analysis. One of 
the  oldest  approaches  in  demand  forecasting  is  the  use  of  the  experience  of  the 
individual  as  part  of  a  qualitative forecasting technique.  Market  research techniques 
have also been a mainstay in the demand forecasting arsenal. A more recent forecasting 
technique that made use of machine learning methodology is time series forecasting. 
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While these are recent forecasting techniques, studies have noted that the time series 
forecasting  technique  has  increased  forecasting  accuracy  when  taken  in  isolation  or 
combined with another forecasting technique. This increase in accuracy is attributed to 
its ability to capture a limited amount of dependency on past data and allow inclusion of 
external  factors  that  explain  the  occurrence  of  the  event.  However,  while  these 
forecasting techniques are valuable in improving the producibility of the supply chain, 
some notable limitations are associated with their usage.

One  of  the  significant  limitations  of  qualitative  analysis  and  simple  quantitative 
forecasting is that they rely on historical data. Moreover, they are less adaptive when 
changes in demand are rapid or on a continuous basis. For example, the availability of a 
vaccine or any related product may elicit demand, and effective control of the disease 
could reduce demand quickly. The complexity of adversarial marketing leads to high 
volatility of sales; these include sales seasonality, trends, extreme demand and supply at 
the retail store level, and the impact of locations, weather, price, marketing, and so forth. 
Such adversarial locations, trends, and special event factors may not be captured by the 
simple moving average and single iteration of exponential smoothing, which implies 
that higher values in the forecasting model result in much smaller weights and therefore 
display  less  sensitivity  to  actual  events.  Given  the  variable  complexity  in  human 
interaction with the supply chain, adherence to a fixed or aligned demand forecast to an 
uncontrolled event will result in over/under provisioning of stock and ultimately lead 
to significant loss of sales. These limitations create a bottleneck in the management of 
inventory, with major firms carrying about 20 weeks of finished goods stock.

2. Machine Learning in Supply Chain Management
At the intersection of machine learning and supply chain management lies the potential 
to transform fundamental practices in business. Supply chains have become increasingly 
complex systems, and the established statistical methods keeping them in check often 
fail to exhibit the adaptability and predictive capabilities that characterize the field of 
machine learning. Machine learning can predict highly accurate demand forecasts by 
breaking  the  structure  of  data  down  using  algorithms.  They  require  massive 
computational  power,  which  is  now  widely  available,  allowing  for  the  running  of 
various insight-gathering algorithms on test data before applying them to the forecast. 
Generative methods in machine learning are designed to extrapolate new samples from 
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the known properties of the data. In forecasting terms, these models can learn to predict  
the  difference  between  known  properties  and  the  outcome  in  order  to  forecast  the 
future.

The areas of clustering, trees, and graphic models in unsupervised learning are used to 
uncover underlying patterns in data. A clustering algorithm groups collected data in 
such a way that it exposes the natural shape of the data, which underlies the patterns 
usually undetectable.  The hierarchical  process of  discovering patterns,  variables,  and 
segments is specific to the distribution patterns of demand. Machine learning is used for 
demand sensing and shaping in medicine, healthcare companies, and the automotive 
industry value chain, which is a relatively new process in supply chain management. 
Nowadays, the prices of high technological products are reduced by moving surplus 
products with a pre-order flexibility model. Such flexible dynamic pricing models and 
demand forecasting are based on the clustering paradigm of demand. Incorporating it 
into demand algorithms based on neighborhood-based analysis with memory would be 
the  subject  of  future  research.  This  has  serious implications  for  the  decision-making 
process  and  for  operational  performance,  speed,  and  direction.  It  does  lead  to  a 
rethinking  of  the  accuracy,  efficiency,  and  operations  based  on  input  forecast  data. 
Starting with operation 1 would improve inventory returns from roughly 15% to 18%. It  
is no surprise, as competing on response times and product availability means enhanced 
customer proximity and fewer stockouts.

2.1. Key Concepts and Techniques in Machine Learning
Here,  we  extensively  discuss  fundamental  concepts  and  techniques  of  ML  and  AI, 
required  by  an  existing  or  potential  user  of  an  AI-based  supply  chain  demand 
forecasting. ML, in general, is able to automate tasks and improve scalability and agility 
compared to rule-based systems and is mainly categorized in supervised learning in 
contrast  to  unsupervised  learning,  where  no  labeled  target  information  is  available. 
Most business problems in demand forecasting can be translated to learning tasks. In 
machine learning, predictive analytics focus on the prediction of the future based on 
historical patterns. This is what differentiates machine learning and AI from classical 
business analytics. One of the fields of machine learning is supervised learning, where a 
function is learned from labeled training data. The training data consists of variables and 
the desired output.
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Regressions, decision trees, and neural networks are all algorithms that can be used in 
supervised learning. These algorithms are covered in several courses in statistics and 
artificial intelligence. In ML, the choice of data preparation is crucial to the success or 
failure  of  a  model.  Feature  selection  creates  models  holding  the  most  important 
information, reduces overfitting, and enhances model sensitivity, interpretability, as well 
as  generalization  when  correctly  selected.  Iterative  learning  is  fundamental  to  the 
learning process in which the model iterates learning from the mistakes made in the 
previous iteration using new and unseen data until no improvement is seen. The model 
is as good as the data. In ML, models are updated frequently when new data is collected. 
This helps the model become more effective, as only the relevant information is used. In 
principle, a simple model is enough for making predictions; a more elaborate model is 
only  good  when  you  want  to  understand  how  the  predictions  are  obtained  or  for 
scientific understanding. The evolution of models should follow the business needs as 
well. A basic question to ask when developing a model is, “Can the predicted target be 
explained using the other variables?” Develop a model that explains the causation and 
not just association to avoid the generation of spurious correlations. Both overfitting and 
underfitting models should be avoided. Model testing is the method used to validate a 
model's  predictions.  Performing  model  testing  is  a  requirement  for  the  proper 
development of a predictive model. Furthermore, model testing will allow for efficiency 
and flexibility regarding the model’s true potential, which is useful for validation and 
model improvement.

2.2. Applications of Machine Learning in Demand Forecasting
Demand forecasting is one of the areas of supply chain management in which machine 
learning methods have found broad application. Empirical studies provide several case 
studies of the practical use of machine learning in demand forecasting. A significant part 
of  these  case  studies  has  been  conducted  on  forecasting  retail  and  sales  demand. 
Examples of retail demand forecasting cases include chain stores, e-commerce websites, 
or consumers of groceries and supermarkets. Demand forecasting has also been related 
to  various  items,  product  or  commodity  types  such  as  factory  products,  paints, 
pesticides, blowers, books, real-time data of book sales volumes, bicycles, clothing, or 
imported chilled meat. In addition, automatic item demand forecasting represents the 
most widely used study object. One demand forecasting method can be applied to a 
variety  of  supply  chain  management  areas  and  not  just  for  retailers,  distributors, 
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manufacturers, or supply chain experts, but also for small-sized company owners. Cases 
of applying deep machine learning in supply chain forecasting have further illustrated 
the richness of opportunities that machine learning can provide, such as improving the 
accuracy of predictions, sales force support, customization of product recommendations, 
or creating alternative business models.  Advocates of  deep learning in supply chain 
management argue that this type of machine learning can process greater amounts of 
data. In comparison to econometric time-series model limitations that can emerge, deep 
learning can incorporate almost unlimited time-series, unstructured, or seasonal data. 
From a business forecasting perspective, being able to estimate the effect of seasonality 
over  many  years  might  be  key  for  describing  solid  patterns  and  events  that  can 
significantly contribute to understanding the relationships in the supply chain. Indeed, 
the strong side of machine learning in supply chain forecasting is the capabilities of 
learning exponential features, in comparison to linear statistical models, as well as deep 
learning of the complex nonlinear relationships that might exist between big data. As a 
result, such forecasts typically outperform the ability to capture all influencers with all 
their interactions, nonlinearities, and time delays. Seasonal events or market activities 
are therefore captured better than with traditional methods. Businesses stand to gain 
multiple  advantages  from deep  learning,  where  benefits  span  from identifying  new 
revenue opportunities, gaining the agility to manage and anticipate supply chain risks, 
reducing forecast  errors,  cutting supply chain costs,  decreasing customer complaints, 
and increasing total  customer satisfaction.  However,  the practical  implementation of 
machine learning algorithms might come with a variety of managerial challenges such 
as the integration of machine learning algorithms with enterprise planning systems, the 
data collection for training machine learning algorithms, or the improvement of data 
quality. Furthermore, machine learning algorithms are changing over time based on the 
arrival of new training data, relying on the way the new patterns evolve or develop. Any 
external  or  internal  event  in  the  global  supply  chain  could  potentially  disturb  an 
ongoing  model,  resulting  in  unreliable  implications.  The  future  trend  of  machine 
learning for demand forecasting is to customize an algorithm for the particular trends of 
a supply chain and storage location. The challenges lie in training the models to quickly 
react to the demand changes in locations with little historical data.
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3. Data Collection and Preprocessing
When organizations—especially in supply chain—want to conduct demand forecasting, 
many data are available to them, such as transaction data from Point of Sale, forecasting 
systems, order book data, market research data, and even social media data. Using all of 
this  data  could  potentially  help  us  improve  forecast  accuracy,  which  may result  in 
greater cost reduction or customer satisfaction. Nevertheless, this data has gone through 
several preprocessing steps because generally, we cannot use it directly, especially when 
we apply it in AI or machine learning models. In machine learning, the term implies that 
dirty data will give you a wrong or inefficient model that fails to capture the relationship 
between input and output.

In supply chain forecasting, we need data related to demand, promotions, holidays, and 
transportation, because all this data are potential drivers of demand forecasting. Almost 
all machine learning algorithms, especially for deep learning or neural networks, will 
perform better if we give them the proper input. The key to getting the proper input is in 
the feature engineering part that represents our data in a format suitable for a machine 
to perform some experimentation. When you leave the raw data to a machine, it will 
never know how to handle and process it until you give some clues about what it all  
really  means.  That's  what  makes  feature  engineering  an  important  task  in  the 
development  of  successful  machine  learning  models.  However,  many supply  chains 
struggle with missing data that occurs either because products are out of stock, resulting 
in zero values, or because they are newly launched. Also, the data can be inaccurate if 
the POS system in one of the company's physical stores suddenly goes down. Dealing 
with these problems will be other challenges to consider.

3.1. Types of Data Sources in Supply Chain Management
In a supply chain, vast sources of data may be considered in the development of models  
for forecasting. Data collected may be grouped into internal data on sales, inventory 
levels, and inventory records, as well as external sources like stock market trends or 
analysis  of  rivals.  Establishing  a  forecast  from a  singular  data  source  such  as  sales 
numbers alone is not considered ideal. Data is looked upon differently in terms of its 
application  to  forecasting  and  in  the  way  costs  could  be  leveraged  to  employ  the 
information.  Data  may  additionally  be  used  to  enhance  the  firm’s  supply  chain 
operations.
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In  other  contexts,  new forecasting methods  are  considered relatively  more  desirable 
when  they  leverage  data  from  any  source  (internal  or  external)  to  build  the  most 
accurate forecasts for appropriate decision-making and actions. A data fusion technique 
weakly depends on the data source employed and relies on data quality and relevance 
to strike permanent improvements in forecasts. The ideal method includes a fusion of 
data  from  diversified  sources,  the  use  of  large  sets  of  data,  and  its  subsequent 
reconciliation.  Unification of  multiple data sources permits a comprehensive view of 
market sales, creating the most accurate forecasts concerning demand.

Data can regularly be retrieved from the use of the internet, and there may be a wealth 
of  data  sources  still  to  be  harvested  effectively,  such  as  those  in  social  media.  This 
information  could  provide  a  unique  form  of  insight  into  what  the  organization’s 
intended market  truly considers concerning product desirability as well  as changing 
tastes.  Accessed data  needs  to  be  relevant,  accurate,  and current.  The value  of  data 
decreases  significantly  when  it  is  obsolete  or  incorrect.  Ensuring  that  the  data 
incorporated into the demand forecasting models is indeed current, as well as pertinent, 
implies that there is a direct connection between real-world events and the flow of data 
to  end-users.  A  noticeable  barrier  to  forecasting  demand  entirely  using  data  is  the 
restrictions close to access, processing, and fusion of data. It is often the case that certain 
key data sources are not accessible due to restrictions. Data included in any demand 
forecasting  or  supply  chain  simulation  effort  is  now considered  to  include  external 
datasets expanding far beyond consumption patterns to any source deemed pertinent.

3.2. Data Cleaning and Feature Engineering
Accurately forecasting future demand is a primary goal of demand forecasting systems. 
Forecasting can be less accurate when historical data used in training models for making 
predictions  has  unwanted  outliers  and  noise.  The  first  step  for  improving  the 
performance  of  predictive  models  is  to  clean  the  data  used  for  training  models.  In 
forecasts, erroneous data can be more harmful than no data.

Data  cleaning  is  the  process  of  identifying  and  correcting  or  removing  incorrect, 
incomplete, or irrelevant parts of the data. Outliers in training data would misrepresent 
normal behavior. Outlier detection is a necessary technique to identify such data points 
and remove them from the training set. Missing values occur when no data is stored for 
a  variable  at  the time of  selection.  This  could happen if  the data quality  is  poor  or 
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variable  observations  were  not  captured.  One can choose  to  drop those  data  points 
entirely, drop that variable, fill them with zero, a positive value, mean value, median 
value, etc., depending on the percentage of missing values. Feature engineering is the 
process of using domain knowledge of the data to create features suitable for machine 
learning models. Feature engineering can be a time-consuming and subjective process. 
Engineering the right features can massively boost the performance of a model. In the 
context  of  demand forecasting,  engineering good features from the data will  greatly 
improve the accuracy of the forecast. If the data being analyzed is longitudinal data, 
then the time dimension makes accurate feature engineering difficult as designing time-
agnostic features becomes challenging.

Overall, the process of crafting informative features is an iterative one that requires a 
clear understanding of the business, the target, and the models being employed. In the 
context of demand forecasting, feature engineering is hampered by the scale of data 
being used, lack of resources to engineer features, lack of domain expertise, irrelevant or 
missing information content, and the complexity of feature interactions in the data. In 
order to alleviate some of these challenges and to cater to the limitations applicable at an 
operational  level,  feature  engineering  is  performed  in  conjunction  with  the  steps 
involved in forecasting, i.e., data cleaning, feature selection, data split, model selection, 
and validation benchmarked with the user intervention process.

4. Model Development and Evaluation
The development and evaluation of machine learning models comprise a critical part of 
demand forecasting. The first step in forecasting model development is to use the right 
models according to the demand characteristics, forecasting needs, and the nature of the 
data.  Regression  analysis,  time  series  forecasting,  and  advanced  artificial  neural 
networks  are  well  suited  to  different  data  and  purpose  requirements;  these 
methodologies  are  extensively  used  for  developing  forecasting  models.  The 
development of an ML model includes a training phase and a testing phase. According 
to the general guideline of model development, a larger set of data is used for training in 
the initial phase, with the remaining data used for testing.

It is often formulated as 80% of the data for training and 20% of the data for testing, or as 
70% for training and 30% for testing. During the model evaluation phase, the objective is 
to  determine  if  the  model  has  been  designed  effectively  in  terms  of  accuracy  and 
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reliability. There are primarily two types of validation methodologies: 1) The in-sample 
or within training set validation, which concerns data from the training process that is 
reserved for model development and testing from historical data, and 2) The out-of-
sample validation, which concerns validating the model on new data that it has not been 
previously trained on, or new data according to the validity period. The performance of 
the  forecasting  model  is  generally  assessed  in  a  deterministic  or  probabilistic  way. 
Several performance criteria, like mean absolute percentage error and R-squared values, 
are  commonly  used  to  assess  individual  model  performance.  To  improve  model 
performance, the model development procedure can be conducted iteratively.

4.1. Selection of Machine Learning Models
There  are  various  supervised  machine  learning  algorithms  that  can  be  utilized  for 
demand forecasting. The modeling step starts by selecting the suitable algorithms that 
align with the unique characteristics of the demand data and the different contexts of 
supply chains. Depending on the manner in which demand data is handled and specific 
forecasting  cases,  different  algorithms  can  be  chosen.  The  selection  of  the  machine 
learning  algorithms depends  on  several  criteria  such as  demand pattern,  promotion 
management, trend series, non-linear behavior, external influencing factors, amount of 
data, the frequency of time series, computational considerations, data complexity, and 
operational considerations. The main goal in this step is to balance between forecast 
accuracy and computational efforts of the selected models that should also be aligned 
with business practices.

In general, traditionally, the process of selecting among different forecasting models was 
based on a set of tools or packages used to check the above statistical criteria through 
automatic model selection and fitting. One of the key evaluation criteria used was the 
accuracy of the models. In addition to the models' accuracy, interpretability and ease of 
use have also been considered to develop the forecasting model. While model selection 
is  considered in practice as  not  a  very technical  decision,  the potential  user-friendly 
options of models are relatively important. In this regard, the statistical department of 
the company’s choice of models might affect the final decision between two or more 
models. Some emerging trends have been proposed as attractive ways to appropriately 
forecast.  Model combination approaches such as ensemble learning,  hybrid,  or other 
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combining methods have the potential to enhance forecasting accuracy, especially in a 
context of high prediction uncertainty or high randomness.

4.2. Training and Testing the Models
A common practice while training and testing machine learning models, particularly for 
the  purposes  of  demand  forecasting,  involves  dividing  the  available  dataset  into 
'training'  and 'testing'  sets.  The testing stage  assesses  the  performance of  the  model 
based  on  the  'unseen'  or  'unobserved'  historical  data.  The  parameters  and 
hyperparameters of machine learning models entail the numerical aspects that should be 
'learned'  from the  data  in  model  training and set  manually  for  the  models  prior  to 
hyperparameter tuning to optimize performance.  In reality,  finding these values is  a 
non-trivial task and requires a trial-and-error approach.

After  splitting  the  dataset,  models  are  trained based on  the  training  set  and model 
accuracy is tested on the testing set. More sophisticated training processes include the 
use  of  regularization,  dropouts,  batch  normalization,  data  augmentation,  and  many 
other hyperparameters that should be optimally selected for each task. Hyperparameter 
tuning  is  carried  out  in  combination  with  various  search  methods,  using  the  cross-
validation method. The general training pipeline of machine learning models aims to 
maximize the performance on a specific training dataset while creating a model that is 
robust in general and generalizes well to new datasets. Challenges such as overfitting 
and underfitting  should  be  ideally  detected  and  comprehensively  tackled.  It  is  also 
important  to  periodically  monitor  model  testing  performance  to  allow  for  the 
identification and resolution of the 'breakdown' of the model accuracy when it begins to 
severely underperform historical data. Improvement of model building and training, in 
both design and prediction accuracy or speed, should be an iterative process, even after 
deployment and usage in production.

4.3. Performance Metrics for Model Evaluation
Evaluating machine learning models for demand forecasting is an important aspect of 
developing accurate and reliable demand predictions. However, the choice of evaluation 
metrics  is  crucial  as  different  metrics  may  provide  varying  insights  about  model 
performance.  The  adoption  of  the  regime  measurement  scale  should  consider  the 
specific business objectives and expectations of every specific use case. Therefore, it is 
very important to define the realistic aggregation or segmentation level for interpreting 
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the results of the chosen model. A model can be averaged in several ways, such as for  
the  entire  data  set  or  disaggregated  results.  Commonly  used  metrics  in  demand 
forecasting include: mean absolute error (MAE), the root mean squared error (RMSE), 
the root of the root mean squared logarithmic error (RMSLE), mean percentage error 
(MPE), Theil’s inequality index, and R-squared.

In addition to these metrics, when there is a time component in the data, forecast-based 
patterns, events, holidays, and special days, a model can be evaluated in different time 
granularities,  such as  per  day,  per  week,  or  per  month.  However,  the evaluation of 
models  and  comparison  of  different  forecasts  when  there  are  several  performance 
metrics and trade-offs between these is an open issue. It  is important to manage the 
direct  interaction  of  conflicting  objective  functions  without  prioritizing  a  single 
performance metric since one metric may not measure the many objectives of a supply 
chain in its entirety. Thus, a single assessment of the trade-off may not fully measure or 
determine  whether  one  model  is  better  than  another.  These  are  hard  to  deal  with 
because poor decisions may be caused by a poor trade-off  between the performance 
metrics, deteriorating supply chain performance. Evaluating the model performance in 
an online manner is required for an AI-based forecasting system in order to understand 
how accurately the model operates after deployment.

5. Implementation and Optimization
Implementation

The implementation is only one part where they use the input that the machine learning-
based demand forecasting delivers. Usually, a demand forecasting tool comes down to 
reporting based on advanced algorithms, while the implementation and optimization 
are  often  done  manually  in  the  company.  To  support  the  implementation  and 
integration into the current systems and the strategy of the company, some fields of 
interest are described here to include in the implementation of a machine learning tool 
supply chain system involving collaboration: (1) Training for future users; (2) Prioritize 
the improvements in the relevant processes;  (3)  The management of  the department 
where  it  is  implemented,  as  well  as  the  different  departments  affected,  should  be 
actively collaborating and communicating.

Optimization
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To optimize the demand forecast, the main directions are to identify the input features 
that  are the most  important,  to understand the implementation environment,  and to 
ensure human experts in the relevant field understand the input-output of the machine 
learning tool. The final adjustment of the point estimates of the forecast can be done 
manually, based on technical adjustments or expert input.  An advantage of machine 
learning in comparison to traditional forecasting is that it allows for optimization and 
inventory  replenishment.  While  demand  forecasting  is  used  to  get  an  idea  of  the 
possible  future demand, inventory optimization is  aimed at  determining the desired 
safety stock to be protected against stockouts and to have the work in the operation 
done most efficiently.

5.1. Integration of Forecasting Models into Supply Chain Systems
Demand forecasting by artificial intelligence-based supply chain.

5.1. Integration of forecasting models into supply chain systems

5.1.1 Introduction 5.1.2 Strategies for integration of forecasting models into supply chain 
systems 5.1.3 Considerations for integration into supply chain systems 5.1.4 Stakeholder 
engagement and training 5.1.5 Challenges 5.1.6 Case studies 5.1.7 Conclusion

5.1.1. Introduction Businesses and organizations are continuously searching for ways to 
improve performance and operational efficiency, drawing on every process, system, and 
tool  at  their  disposal.  Accurate  demand forecasting  can  drastically  impact  decision-
making and, ultimately, a company’s bottom line. The operation of a supply chain is 
influenced by a variety of factors ranging from the company’s traditional forecasting 
methods to modern information technology. The accuracy of forecasts and the methods 
employed are significant as their significance impacts the quality, cost, and benefit of 
services to clients. Accurately forecasting using AI/ML may become a game-changer as 
it  improves  the  ability  to  forecast  emergent  explicit  or  discerned  trends  and 
consumption.  As  demand  forecasting  is  an  essential  element  in  every  large 
organization’s supply chain, enhanced demand forecasting could give any corporation 
an advantage. A huge array of forecasting models have been proposed, some of which 
consist of advanced, state-of-the-art deep learning models as well as many supply chain 
demand forecasting  processing  systems  that  merge  the  predicted  values  from  these 
models.  These  may  be  used  in  practical  problems  to  help  administrators  and  team 
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leaders in making crucial decisions regarding their companies’ success. The rest of the 
article  is  organized as  follows.  The next  section describes  the  process  of  integrating 
forecasting modeling in supply chain systems. Relevant background information that 
should be considered when integrating forecasting models into supply chain systems is 
then presented. In Section 5, real examples of possible forecasting model deployment are 
discussed. Then, in Section 6, a number of conclusions are formulated.

5.2. Strategies for Inventory Optimization based on Forecasting Results
2. Strategies for inventory optimization based on forecasting results Balancing between 
low inventory costs and a sufficient amount of goods to meet customer expectations is 
one  of  the  important  tasks.  There  are  many  techniques  and  strategies  based  on 
forecasting results of different levels of quality. Inventory management has been one of 
the major beneficiaries of AI technologies. Having a warehouse full of products to sell in 
high  quantities  means  availability  of  goods  when  they  are  needed,  but  it  reduces 
warehouse efficiency. With real-time data analytics, companies can have better insight 
into inventory levels and can make proactive decisions on restocking levels. One main 
KPI for inventory is the fill rate, which calculates what percentage of stock available is 
used to fulfill customer demand. Other figures of merit include inventory turns, stock 
availability,  out-of-stock  situations,  and  customer  order  fill  rates.  A  main 
recommendation of these forecasting results for inventory management is calculating 
the safety stock.

If the main related turnover drivers are known, safety stock is used to buffer its negative 
influences, such as suppliers' late delivery, demand miscalculations, wrong forecasting, 
and accidents. If the two main dimensions of inventory, strategic stock and operational 
safety stock, are known, we can apply the demand-driven replenishment principles, for 
example, in one warehouse that is serving competitors. Machine learning has been used 
to calculate a 2-hour time window per shipping decision. A high-tech equipment dealer 
is using forecasting and replenishment in the warehouse without stock. A wholesaler 
and distributor of printer brands has seen improved order accuracy and increased stock 
turnover, leading to significant sales growth over a period. Another company, which 
places great importance on the high availability of products, cut the stock in half without 
any  losses  in  revenue  when  transitioning  to  an  automated  forecasting  model.  A 
manufacturer  was  able  to  significantly  reduce  delivery  times  following  the 

https://thesciencebrigade.com/cndr/?utm_source=ArticleHeader&utm_medium=PDF
https://thesciencebrigade.com/cndr/?utm_source=ArticleHeader&utm_medium=PDF


Cybersecurity and Network Defense Research 
By The Science Brigade (Publishing) Group 44

Cybersecurity and Network Defense Research 
Volume 5 Issue 2

Semi Annual Edition | Jul - Dec, 2025
This work is licensed under CC BY-NC-SA 4.0.

implementation of a standard Industry 4.0 module, as an essential part of this reduction 
was the more systematic planning of the timely procurement and supply of individual 
components.

6. Future Direction
We are at the very beginning of technological limitations shaping the future of AI-based 
tools and supply chain solutions. The pace for future advancements in machine learning 
is anticipated to be rapid, particularly with regard to cutting-edge algorithms such as 
deep  learning,  ensemble,  and  reinforcement  learning  algorithms.  Similarly,  the 
utilization  of  more  data  will  likely  increase  forecasting  power  and  accuracy.  The 
availability of big data, new technologies, and real-time analytics could lead to the next 
level of accurate and reliable forecasting. Collaboration and integration with emerging 
technologies in supply chain management,  such as AI and blockchain,  could lead to 
greater integration and enhance the utility and reliability of the tools. Further research is 
needed to examine the optimal design and limitations of collaboration in supply chain 
practices for better forecasting effectiveness. It is forecasted that the advent of the 5G 
network and the integration of data collection chains in the post-COVID era will further 
enhance supply chain forecasting with greater certainty and accuracy.

Several limitations and challenges may arise because of the new action areas. With the 
growing  computational  complexity  of  machine  learning  targeting  forecasting, 
organizations operationalizing the technology will often struggle to gather and integrate 
the required data,  from incorrect  inputs,  changed or obsolete algorithmic models,  to 
outputs  that  have  different,  often  irrational  forecasts.  Addressing  these  possibilities 
requires  complementing  the  use  of  powerful  machine  learning  techniques  with 
traditional demand forecasting technologies, as well as enabling active monitoring and 
collaboration, and a lean and modular approach that may adjust or change tools quickly 
and integrate new data into the organization's forecasting and planning infrastructure. 
While  the  potential  impact  of  new  data  and  predictive  capabilities  is  huge,  the 
technology and industry are at a turning point, and only organizations that are aware 
and  agile  will  be  able  to  leverage  and  benefit  from  these  changes.  Cross-sector 
collaboration,  especially  between  academia  and  business,  will  further  enhance  the 
forecasting tools and practices in supply chain.
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7. Conclusion
In conclusion, the findings of this essay indicate the importance of leveraging advanced 
forecasting  techniques  to  significantly  improve  supply  chain  efficiencies  and 
responsiveness. They highlight the contributions of traditional methods and emphasize 
that despite their limitations, organizations underutilize more advanced perspectives. 
There was substantial mention of nonparametric machine learning methods and their 
ability  to  overcome several  of  the  limitations  we  highlighted  in  earlier  sections.  To 
achieve  successful  forecasting  for  supply  chain  and  inventory  management,  it  is 
important to conduct careful preprocessing. This involves training a machine learning 
system  on  high-quality  historical  data,  such  as  frequent  updates,  accurate  time-
stamping, and accounting for special events. Supply chain forecasting systems are on the 
cusp of  undergoing a transformative upgrade. The limitations of  time-series analysis 
have necessitated the use of human managers, whose expertise has now been distilled 
into  machine  learning  algorithms.  These  models  represent  regular  demand 
abnormalities and allow up-to-date forecasts for high-performance inventory managers. 
Forecasting has  been a  long-standing issue,  limited by shortages  in  data,  ineffective 
methodologies, or inventories that are affected by unpredictable times. Collaboration, 
data  collection  and  preprocessing,  and  system  optimization  are  the  three  main 
determinants of success, and they require input from every branch in the corporation, 
from the CEO to the operations team. The art of forecasting cannot stand on its own in a 
fast-paced  inventory  management  environment.  We  need  to  embrace  these  new 
technologies and approaches if we are truly interested in a painless transition to a cost-
efficient,  sustainable  growth  strategy.  Finally,  just  as  analytic  experimentation  has 
progressed away from parametric  analysis  and time series  analysis,  the case is  now 
building  to  follow suit  in  supply  chain  analytics.  The  second characteristic  that  has 
emerged repeatedly is  that,  while conventional methods have many uses,  executives 
must make better use of information as a way to multiply the pace at which they make 
significant advances.
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