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Abstract

The capacity to provide accurate demand projections is essential for supply
chain management to work well. Because their projections influence impor-
tant choices at every stage of the supply chain, including sourcing raw mate-
rials, manufacturing, transportation, and inventory management, the demand
team bears a great deal of obligation. Precise demand projections greatly im-
pact customer satisfaction and organizational efficiency in general, ultimately
saving money and effort. Even though they are essential, historical demand
and sales statistics frequently fall short. Traditional statistical models neglect
to account for complex variables and do not have the necessary accuracy. In
demand forecasting, advertisements are often underutilized while being a sig-
nificant source of complexity. Forecast accuracy is improved by combining
time series approaches with expert opinion and data from unique occur-
rences. This research aims to develop a thorough grasp of demand planning
and offer workable methods to improve supply chain oversight. Our tech-
nique includes both quantitative and qualitative study design methodologies
developed from comprehensive data obtained through published examination
of secondary sources and critical observation. The collected data is analyzed,
and conclusions are drawn from our data analysis using a variety of data
analysis methodologies, such as statistical, thematic, and content assessment.
Not only are different approaches to model construction highlighted, but
study comparisons and recommendations are also examined, along with a re-
view of the literature gathered from various academic publications and pa-
pers. The study recognizes the inherent difficulties in demand planning, such
as the requirement for sophisticated ideas and applications, a trained labor
force, and the coordination of deliberative techniques with supply chain and
logistical procedures. In conclusion, this paper seeks to improve logistical and
supply chain operations by tackling current issues, offering insights into de-
mand factors, refining demand forecasting models, and presenting helpful
suggestions to companies on maximizing demand planning procedures to in-
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crease operational effectiveness and satisfaction among consumers. In addi-
tion, it offers a thorough study of the several techniques used to project future
sales, gauge forecast accuracy, and enhance the demand planning procedure
as a whole. It also thoroughly assesses the fundamental ideas and tactics in-
volved in demand planning. Furthermore, it emphasizes the value of consi-
dering demand planning from various angles in addition to statistical tech-
niques, as well as the individual contributions of every workforce.

Keywords

Demand Forecasting, Supply Chain Management, Promotions, Time Series,
Demand Planning

1. Introduction

In supply chain management, demand forecasts are essential because they have
an impact on choices regarding logistics, production planning, warehouse
management, and replenishment planning. Forecasts that are accurate increase
customer satisfaction and operational effectiveness. High-accuracy projections
require historical sales or demand data, but simple statistical models are inac-
curate. Promotions like marketing campaigns and notable holidays are fre-
quently disregarded yet have the potential to boost sales at the expense of
higher costs or revenue loss. Higher-accurate projections may be produced by
analyzing previous data using time series methods and skilled human judg-
ment. The cost of promotions must be systematically analyzed to see whether

they are worthwhile.

2. Research Problem

Supply chain management relies on reliable demand forecasts, which can be chal-
lenging due to consumer behavior, market dynamics, and external factors like
natural disasters or economic shifts. Inaccurate forecasts can lead to overstock-
ing, understocking, increased operational costs, customer dissatisfaction, and

lost opportunities, affecting businesses and customers alike.

3. Research Objective and Importance

The main goals of this research are:

e To improve this crucial component of supply chain management by devel-
oping a thorough grasp of demand planning and offering workable solutions.

¢ Enhance the utilization of creative forecasting techniques.

e Enhance the integration of data from several sources.

e Enhance the overall integration of numerous ideas in a company to assist
demand planning.

e To improve the demand planning procedures’ overall efficacy, precision, and

flexibility by considering these elements.
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3.1. Research Questions

In our quest to contribute to the field of supply chain and logistics, the following

research questions guide our investigation:

e How does the complexity of the demand planning system impact overall
supply chain and logistics performance?

e What is the pace of improvement in the overall performance of supply chain
and logistics systems within the context of demand planning?

e What are the key factors influencing the integration of advanced forecasting
techniques into supply chain and logistics operations?

e How does the implementation of enhanced demand planning impact the ef-

ficiency and effectiveness of current logistics and supply chain operations?

3.2. Expected Findings

The study aims to enhance the effectiveness of supply chain and logistics systems
by addressing demand planning challenges, benefiting companies, and ensuring
consumer satisfaction. Here are some of the expected findings:

e This study explores advanced forecasting techniques and data integration in
demand planning, aiming to understand the impact of demand planning on
supply chain and logistics efficiency.

e This study aims to develop a comprehensive demand planning framework
using literature review ideas, enhancing demand forecasting precision beyond
conventional statistical models. This will improve supply chain and logistics
efficiency and effectiveness.

e The study aims to identify critical variables influencing the integration of
advanced forecasting methodologies and an organization’s overall demand
forecasting process.

o The research suggests that companies can enhance their demand planning
procedures, enhancing client satisfaction and operational efficiency. This, in
turn, positively impacts the overall effectiveness of supply chain and logistics

systems.

4. Literature Review
4.1. Background

Supply Demand planning is a tactical procedure that assists businesses in meet-
ing consumer demand while minimizing the impact on inventory and supply
chain interruptions. It boosts profitability, boosts client happiness, and gives you
a competitive edge. For this ongoing process to run well and maintain profitabil-
ity, it is necessary to hire skilled personnel. Businesses must examine sales pat-
terns, previous sales data, and seasonal effects to maximize demand planning. To
accomplish this, management should integrate sales forecasting, supply chain
management, and inventory management technologies. Data from internal and
external sources is gathered to make judgments on operations strategies, raw

material needs, and product manufacture to satisfy customer demand (Adhikari,
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Domakonda, & Chandan, 2018).

4.2. Importance of Demand Planning

Demand planning is crucial for a company’s strategic planning, balancing in-
ventory levels and customer demand. It requires coordination across all parts
and can significantly impact profitability and operations (Chase, 2013). Exces-
sive inventory can lock up working capital, increase costs, and lead to lower
prices. Poor planning can cause supply chain disruptions, product shortages, raw
material shortages, stockouts, high costs, and customer dissatisfaction.

Demand planning is a thorough procedure that aids businesses in satisfying
consumer demand, enhancing the effectiveness of the supply chain, and max-
imizing profit margins. Businesses may exploit market possibilities and boost
sales by concentrating on client demand and profitability (Bhattacharyya, 2014).
Advanced demand and supply planning are essential for businesses to achieve
sales growth that is above standard. Demand planning improves product sales
projections, increases supply chain scheduling, optimizes labor management,
and ensures effective cash flow management. It also helps control inventory le-
vels and guarantee a smooth supply chain flow. Proper demand planning aids in
controlling manufacturing processes, warehousing, shipping, and handling ac-
tivities, as well as adequately projecting sales. Getting in touch with suppliers
and sales teams at once also helps to minimize shortages and lost revenues (Oey,
Wijaya, & Hansopaheluwakan, 2020). In conclusion, companies must manage
their cash flow effectively to prevent sales deficits and preserve liquidity. Ac-
cording to Ren, Chan, & Siqgin (2019), accurate sales forecasts aid in controlling
inventory levels in response to changes in demand or sales, preventing excess

stock or shortages.

4.3. Elements of Demand Planning

1) Product Portfolio Management: Product portfolio management entails pre-
paring new product lines, assessing their effects on current ones, and compre-
hending price-demand correlations in order to enhance the product mix, max-
imize profitability, and expand market share (Gansterer, 2015).

2) Statistical Forecast: Advanced algorithms are used in statistical forecasting
to examine and make sense of previous sales data, assisting in the generation of
precise sales projections.

3) Trade Promotion Management: Trade promotions are marketing tech-
niques that use discounts, in-store promotions, and freebies to raise consumer
demand and product recognition (Lapide, 2014). Consequently, they set a com-
pany’s brand apart from rivals through efficient coordination and solid client
relationships. Offering clients a price break and other activities to boost product
exposure and optimize returns are significant components of promotions that
are used to change the statistical forecasting model. These mechanisms, which

increase sales, include promotional, exhibition, marketing, and special events.
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4.4. Importance of Forecasting in Business

In order to assure product availability, eliminate uncertainty, and minimize
stockouts, waste, and profits, forecasting is essential in corporate planning. On
the basis of demand projections, accurate predictions assist producers in ensur-
ing adequate supplies of raw materials and packaging materials (Nissi et al.,
2021). Results can be enhanced by using advanced statistical techniques and hu-
man judgment. Although forecasting accuracy is excellent, the planning process
must take error into account. A cost-effective strategy is advised to reduce fore-
casting mistakes rather than allocating additional resources effectively. Cannibali-
zation, promotions, and weather patterns may all be predicted using sophisticated

forecasting techniques like machine learning and regression analysis.

4.5. Business Forecasting and Models Involved

Predicting future business occurrences while taking into account both past and
present business events is known as business forecasting (Shila, 2021). It tries to
lessen management decision-making uncertainty in reference to profitability,
price, production, capital expenditure, and sales. It is a crucial component of
business planning since it enables businesses to examine past, present, and fu-
ture operations while concentrating on future product demand and organiza-

tional needs.

4.5.1. Forecast Maturity Model matrix

Organizations utilize the maturity model in demand forecasting to gauge
progress toward a specific objective. It concentrates on figuring out the process,
organizational structures, measurements, and the scope and emphasis of projec-
tions (Hopkinson, 2017). Choosing the procedure, organizational systems and
metrics to apply are common criteria for maturity model implementation. This
model is consistent with the findings made by Arunachalam, Kumar, and Kawalek
(Arunachalam, Kumar, & Kawalek, 2018). They asserted that a firm’s capacity to

advance along the maturity curve is determined by its processes and systems.

4.5.2. Forecast Evaluation and Measurement
Forecasting accuracy, acceptance levels, poor demand, and service levels can be
used to measure and evaluate forecasts.

1) Forecasting Accuracy: When assessing a forecasting model’s effectiveness,
forecasting accuracy is a crucial parameter to consider (Zhang, 2016). The dis-
similarity between the predicted and the actual value, articulated as a proportion
of the actual value, is what this term refers to. The Mean Absolute Deviation
(MAD), Mean Absolute Percentage Error (MAPE), as well as Mean Squared Er-
ror (MSE) are prominent forecasting methodologies. Forecasters can also use a
range of qualitative and quantitative techniques. According to Blasco, Moreno,
and Abad, MAPE should be used in forecasting (Blasco et al., 2013). Hence,
MAPE models employ precise percentages that are computed across time and

are therefore regarded as acceptable in predicting. The MAPE method is thus
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frequently chosen in retail organizations because it can precisely measure the
difference between actual and forecasted sales. It is helpful when comparing
numerous projections as it provides a more logical measure of accuracy and is
often more straightforward to comprehend than MAE and MSE. According to
the literature, prediction accuracy metrics, including bias, mean absolute error,
as well as mean absolute percentage error, remain the most crucial ones to take
into account when evaluating and measuring forecasts (Bobby, Jones, & Smith,
2020). These metrics show the forecast’s overall accuracy and can be used to
pinpoint forecasting inaccuracies.

2) Acceptance Levels: Different predicting accuracy thresholds are taken into
account in various businesses, according to evidence from earlier research. For
exponential smoothing models, Makridakis, Wheelwright, and Hyndman dis-
covered that the standard for excellent forecast accuracy is often about 25%
(Makridakis, Wheelwright, & Hyndman, 2008). Additionally, the acceptable ac-
curacy level in the retail sector is often between 20 and 30 percent, but in the
banking sector, it is typically between 10 and 20 percent (Makridakis, Wheel-
wright, & Hyndman, 2008). Hence, models with lower measures of error, below
10%, would be regarded as adequate. Analysts in this situation must think about
what would be acceptable in their particular professions.

3) Poor Demand Models: Demand forecasting and operational planning are
both done using forecast models. Demand projections might be erroneous as a
result of a subpar demand model (Agarwal & Womack, 2009). This is because a
flawed model might not be able to make precise forecasts or accurately capture
the underlying trends in the data. The conclusions of Agarwal and Womack are
consistent with those of Wang, Gershman, and Srinivasan, who claimed that it is
difficult for an organization to select the right amounts of stock when there is a
poor demand model (Agarwal & Womack, 2009; Wang, Gershman, & Sriniva-
san, 2014). Because the decision-making process in the scenario mentioned
above is based on incorrect models, poor planning follows.

4) Service Level Improvement: In their 2005 article, Holzmann and Platt
stress the significance of demand models in informing pricing and supply chain
decision-making, adding that “improving the accuracy and quality of the de-
mand models can lead to significant improvements in service levels and cost
savings.” Heikkinen’s findings concur with those of Holzmann and Platt in that
it is vital to make sure that adopted models are continuously refined to increase
accuracy (Heikkinen, 2016; Holzmann & Platt, 2005). This is because demand
forecast models have an impact on a firm’s overall performance. Heikkinen sug-
gests a number of methods for enhancing service levels, one of which is to take
the seasonality of the items that are in demand into account (Heikkinen, 2016).
Those mentioned above would guarantee that the model accounts for changes in
the external environment that can impact demand. Results from a few research
show several methods for evaluating the precision of demand forecasting mod-

els. Hofmann and Rutschmann provide the following formula to calculate
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MAPE.
MAPE = (Jactual value — forecasted value|)/100 (1)

The accuracy of demand forecast models is evaluated using Mean Absolute
Error (MAE), Mean Absolute Percentage Error (MAPE), as well as Root Mean
Squared Error (RMSE), with MAPE being more appropriate due to its capacity
to measure differences between actual and anticipated sales precisely (Hofmann
& Rutschmann, 2018; Hyndman, 2014). The study explores the concept of
MAPE and its distinction from MAE, utilizing data from Wang and Wei, with
Table 1 providing an illustration (Wang & Wei, 2016).

Table 1 show somewhat higher MAPE values than MAE, potentially as a re-
sult of MAPE being inflated due to lower predicted and actual data values.

As stated by Prayudani et al., the precision of the forecast for this research
ought to be at least 95% (Prayudani et al., 2019). This aspect suggests that these

models capture actual findings more effectively.

Table 1. Results of calculating MAPE and MAE for the same set of data.

Forecast (Units) Actual Data (Units) MAPE MAE
Period 1 11 13 18.18 3.8
Period 2 27 33 22.22 4
Period 3 18 25 38.89 3.75
Period 4 16 23 43.75 3.29
Period 5 9 10 11.11 2.67
Period 6 10 12 20 3
Period 7 20 18 10 3.25
Period 8 20 24 20 3.67
Period 9 25 22 12 35
Period 10 23 19 17.39 4

4.6. Demand Model Evaluation

4.6.1. Generating ABC/XYZ Classifications

Based on the Pareto principle, the ABC/XYZ categorization system divides data
into clearly understandable groupings (Pandya & Thakkar, 2016). It aids in data
comprehension and decision-making for organizations. Class A products are
those that generate 80% of revenue, Class B products 10%, and Class C products
the remaining 20% (Bulinski, Waszkiewicz, & Buraczewski, 2013; Pandya &
Thakkar, 2016). In the retail sector, this strategy is beneficial for managing in-
ventory and choosing which product categories to concentrate on.

4.6.2. The Use of ABC/XYZ Classifications in Forecasting
The definition of classification, according to Guevara and Goémez-Gonzalez

and Bridgewater and Williamson, is the grouping and categorization of data
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(Bridgewater & Williamson, 2014; Guevara & Gomez-Gonzalez, 2016). Different
techniques, including clustering, decision trees, and linear regression, can be
used to accomplish this. Forecasts may be produced using classifications by ex-
amining the data and seeing trends. Applying algorithms to the data can help
you find patterns that can be utilized to generate predictions. Forecasts for vari-
ous areas, including sales, demand, and consumer behavior, may be produced
using this method. Classifications may offer precise and timely projections,
which can assist organizations in making better decisions and staying one step
ahead of the competition, according to Guevara and Gémez-Gonzalez and Brid-
gewater and Williamson (Bridgewater & Williamson, 2014; Guevara & Gémez-
Gonzalez, 2016). Therefore, the estimates would be crucial for companies in the
retail sector, particularly in inventory management.

According to Stojanovi and Regodi, the ABC/XYZ categories are created
based on a product’s worth and demand (Stojanovi¢ & Regodi¢, 2017). When it
comes to retail planning, Zenkova and Kabanova note that products that con-
tribute the highest revenue are assigned to the first class (Zenkova & Kabanova,
2018). To assess the contribution of each product, the calls mentioned above on
firms to use appropriate inventory management. Identifying variances in de-
mand is the next stage in creating classes. The following is a description of the
demand variation formula. Analysts eventually mix ABC and XYZ to get the
following combinations: AX, AY, AZ, BX, BY, BZ, CX, CY, and CZ. The combi-
nations mentioned above help when classifying items according to their worth
or unpredictability.

ABC/XYZ classifications in forecasting involve determining demand varia-

tions using the formula:
Average Demand = Z,n (Demand,. ) +n 2)

where 2 represents the number of products in demand (Stojanovi¢ & Regodic,
2017).

Similarly, forecasting starts by defining the things to be predicted and figuring
out the coefficient of variance. After calculating the coefficient of variations, the
elements are grouped as shown in Figure 1 below (Zenkova & Kabanova, 2018).

Organizations should ultimately think about AX-based goods as being the

most practical.

4.6.3. Performance Measurement and KPIs

1) Forecast Bias: Since forecasting accuracy directly affects profitability and
customer happiness, it is essential for effective integrated retail operations. Ac-
cording to Chien, the majority of forecasting models work to lessen forecast bias
or the discrepancy between expected and actual values (Chien & Hung, 2013).
To lessen the likelihood of prejudice, it might be essential to have a distinct base-
line. Hence, there is no one method for doing this. Analysts should utilize the
best-fit strategy to look at bias. However, it is essential to carefully assess the data

and models utilized in predicting.
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High volumes, | High Volumes, | High volumes,
Stables Fluctuating |very Fluctuatin,
Volumes Volumes Volumes
> Average, Average, Average,
> Stables Fluctuating |Very Fluctuatin;

Low Volumes, | Low Volumes,
Stables Fluctuating

Figure 1. ABC/XYZ (Source: (Zenkova & Kabanova, 2018)).

2) KPI and Performance: According to Gardiner and Soltani, financial ana-
lysts are always looking for different ways to improve the accuracy of forecasting
(Soltanali et al., 2021). One such way is by determining appropriate metrics and
KPIs that could be applied in demand forecasting. One of the KPI measures
identified by Chien is the mean absolute percent error (MAPE) method (Chien
& Hung, 2013). The KPI is appropriate in determining the % error associated
with products under demand. This measure would be appropriate, especially
when some products are considered to be more important (Chien & Hung,
2013). The application of these measures means that planners are able to in-
crease visibility and efficiency across the supply chain.

The following formula could be used to calculate or determine the forecast bi-
as:

(Forecast Value — Actual Value)

Forecast Bias =
(Forecast Value + Actual Value)

3)

For instance, if the forecasted demand value for a product in the retail industry

is $11 and the actual price is $13, the forecast bias would be calculated as follows;
Forecast Bias = {(11-13)+(11+13)} =—0.08 (4)

The negative above is an indication of under-forecasting. In this case, such
elements of bias could be reduced by continuously testing the models to examine
their accuracy.

3) KPI and Measures: The study identifies several KPI measures that could
be used in determining the accuracy of forecasting in forecast models. Among
the measures is the MAPE. The measure represents the percentage error and

would be calculated as follows:

MAPE = Y(Forecast error time ¢+ Actual Sales #) + No. of Forecast Errors * 100)
(5)
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For more accurate forecasting, Chien and Hung recommend the use of
Weighted Mean Absolute Percentage Error (Chien & Hung, 2013). This would
be calculated as follows:

WMAPE = ¥(Actual sales time #- Forecast sales time #) + Actual sales time #(6)

The method ensures that products with more weight are accorded the proper
emphasis. The application of these measures improves the accuracy of forecast-
ing and demand planning, which affects the overall performance of the business.

4) Forecast Model: This model has two primary methods applied in statistical
forecasting.

a) Moving Average: The moving average approach, which forecasts trends in a
dataset using historical data, has been examined by Nau (Nau, 2014). With this
approach, analysts are able to concentrate on long-term trends rather than
short-term temporal fluctuations. Wang and Wei contend that this approach is
appropriate for the retail sector because it can accommodate cyclical changes
(Wang & Wei, 2016). However, Nau disagrees, arguing that choosing a period
for the moving average might be challenging, particularly when indicators like
sales have ambiguous tendencies (Nau, 2014). The formula for this method is as

follows:
MA = (4 + Ay + Ay +--+ 4,) /n (7)
To explain this aspect further, according to the information in Table 2 below,
a 12-period moving average in the retail sector would use the most recent twelve

data points for a particular variable, such as demand or sales. Hence, the average
of the past 12 points is 55.42.

Table 2. Data on demand patterns (source: (Yuen, 2022)).

Period (Months) Demand (units)
January 40
February 45

March 50
April 40
May 50
June 55
July 60

August 50

September 70
October 65
November 60
December 80
Sum 665
Average 55.42
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Figure 2 below shows data from Table 2 with the moving average extrapo-
lated to provide the forecast for the following period.

Moving average extrapolation is a forecasting method that uses the average of
past values to predict future values. It is a simple but effective method for fore-
casting trends and cyclical patterns.

To extrapolate a moving average, first calculate the moving average for a cer-
tain number of periods. For example, to calculate a three-period moving average,
you would add the values for the current and two previous periods and divide by
three. Once you have calculated the moving average, you can extrapolate it into
the future by assuming that the trend will continue.

In the example of Figure 2, the moving average is calculated using the fol-

lowing formula:

Moving average for January = (80 + 60 + 65)/3 = 68.33 units

To extrapolate the moving average, we simply continue the trend into the next
period. In this case, the forecasted demand for the next period (January) is 68.33
units.

b) Exponential Smoothing: An exponential smoothing forecasting technique
creates parameters using weighted averages of past observations (Sidqi & Sumi-
tra, 2019). There are three different kinds of it: single exponential smoothing,
which is used when there is no trend or seasonality, and double exponential
smoothing, which employs two weights. A number between 0 and 1 should be
used to represent the factor, with a value closer to 1 indicating quicker smooth-
ing (Gustriansyah et al., 2019). Triple exponential smoothing accounts for changes
in the dataset by focusing on three parameters: stationery, trend, and seasonal
components.

e Single Exponential Smoothing: Tratar, Mojskerc, and Toman provided the
following formula for single exponential smoothing:

Demand Patterns

N W
© O O

Frequency
= NN W s U1
O OO0 OO0 OO
1
I
I —
[

Figure 2. Moving average.
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F,=F. +a(B-F,) (®)

t t

where £ is the forecast value, a is the weight attached to the model; B; represents

the actual value, while P, represents the previous smoothed value (Tratar,

Mojskerc, & Toman, 2016).

e Double Exponential Smoothing: The method of forecast integrates two
weights (level weight and trend weight). As a result, it is appropriate in situa-
tions where there is a trend but no seasonal component (Tratar, Mojskerc, &
Toman, 2016). The first step in the analysis would be to determine the level

weight, which would be calculated as follows:

L =0B +(1-0)[L_ +T_] 9)

In this formula, a represents the weight at that level, and B, represents the data
value at time # After calculating the level weight, the next step would be to con-

sider the trend. The formula for determining the trend is as shown below:

T,=C[L-L,]+(1-C)T, (10)

In the formula above, Crepresents the weight of the trend. After computing the

level weight and the trend, a combined forecast using the method is shown below.

Y=L  +T, (11)

An essential factor to consider in this context is the calculation of level weight
and trend weight shown by a and C as described above. According to Lima,
Gongalves, and Costa, the weights assigned must result in the lowest possible
value of MSE (Ghalehkhondabi et al., 2017). Besides MSE, the calculation of
forecast values through the approach above would also require the determina-
tion of MAPE, MAD, and MSD (Ghalehkhondabi et al., 2017).

e Triple Exponential Smoothing: The three critical components of the tech-
nique are the seasonal, stationery, and trend components. Both additive and
multiplicative techniques may be used in this situation. As a result, multip-
licative models are used in exponential seasonality, whereas additive models
are used in linear seasonality. The following formula would be used if we
were considering a multiplicative model. As shown below, the formula starts
by figuring out the seasonal component:

S, =ax(X,—C_, )+(1-a)x(S_, +DxT,_,) (12)

where o represents the smoothing factor, and @ is the damped smoothing factor.
The trend factor would be calculated as follows:
T, =Bx(B,—B_)+(1-B)xDxT_, (13)

In this formula, 7'is the trend, B represents smoothed observations, and f is
the trend smoothing factor. The last formula represents the stationarity compo-
nents and is represented as follows:

C =yx(X,-S,)+(1-v)xC_, (14)

Based on the above, the following formula is for forecasting under the ap-

proach.
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F=S8+T+C, (15)

Moving averages and exponential smoothing are the two primary techniques
used in the study to make statistical forecasts. Findings suggest that the tech-
nique only offers an average of the datasets for a certain period when it comes to
moving averages. The study concentrated on single, double, and triple exponen-
tial under exponential smoothing. Findings under a single exponential show that
the main emphasis is the computation of predictions directly using the past
smoothed values. The technique lacks the seasonality and trend components that

increase predicting accuracy.

5. Summary

The literature analysis highlights the importance of examining past sales data,
seasonal effects, and sales and customer patterns to optimize a company’s capac-
ity to satisfy consumer demand efficiently. Demand planning includes product
portfolio management, statistical forecasting, and trade promotion management.
It also includes improving product sales focus, increasing supply chain sche-
dules, optimizing labor management, ensuring efficient cash flow management,
managing inventory levels, and creating value. COVID-19 has impacted demand
planning, with changes in business tracking patterns, purchasing channels, and
product shifting leading to economic strain. The literature emphasizes the im-
portance of improving forecast accuracy using ERP. the enterprise resource
planning (ERP) system has greatly improved the availability and accuracy of da-
ta (Ni, Peng, Peng, & Liu, 2022). Ghalehkhondabi et al. identified common fore-
casting approaches like Mean Absolute Percentage Error (MAPE), Mean Abso-
lute Deviation (MAD), as well as Mean Squared Error (MSE) (Ghalehkhondabi
et al., 2017). MAPE is easier to interpret than MAE and MSE, especially when
dealing with extensive data. However, there is a gap in forecast demand models,
particularly in using MAPE and determining adequate benchmark levels. Li-
mited evidence exists for using ABC/XYZ classifications for demand planning in
the retail industry, and future studies will address this gap by focusing on items
that cannot be forecasted. The study discusses focus bias and forecast bias in KPI
and performance measurement, focusing on the impact of different forecasting
models on forecast accuracy. It also highlights the role of managers in forecast-
ing demand levels, communication, and prioritization. However, there is limited
evidence on how a clear structure can improve forecasting by eliminating unne-
cessary adjustments and errors. The difference between demand planning and
forecasting is also highlighted, but a gap exists in understanding this. Kahn and
Chase outline steps for setting up a demand model for forecasting new items, in-
cluding the Bayesian method for determining uncertainty (Kahn & Chase, 2018).
The literature review also discusses statistical forecasting methods, including the
moving average and exponential smoothing. However, there is a gap in the best

model for the retail industry, necessitating further research. The literature review
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highlights the need for a comprehensive approach to forecasting new items, ad-

dressing challenges, and providing a more accurate forecast.

6. Methodology
6.1. Research Design

This segment highlights the research methodology used for this investigation.
Our main area of interest was the case study of a well-known Fast-Moving Con-
sumer Goods (FMCG) firm in the Saudi retail industry. According to Pukdesree
(2017), research design is a strategy that outlines what information needs to be
gathered, from which individuals, how and when it should be collected, and how
it will be analyzed to meet the study’s goals. Since the study’s aims are descrip-
tive to a certain extent and could also involve attending to numerous realities
that are anticipated to be encountered in the context. According to Allan (2020),
a qualitative investigation is a method for studying human behavior that de-
pends on narrative analysis of information to evaluate the significance of the acts
from the viewpoint of those involved in their particular social environment. Be-
sides, as Allan (2020) defined, qualitative research is to thoroughly examine,
comprehend, and analyze interpersonal events in the context of their surround-
ings. Consequently, we were able to collect more thorough data and have a dee-
per grasp of the issues, scenarios, or events by using a qualitative research tech-
nique. More importantly, we were able to look into the scenarios where and
when it may have happened as well as its why and how by employing a qualita-
tive technique. Asenahabi (2019) asserts that the technique is simple to adminis-
ter and control. The problem’s scope and pace were also determined using the
quantitative approach. It was important to focus on gathering information from
the chosen samples. A visual summary and description of the available data were

thus provided.

6.2. Data Collection

In this section, I describe the method used to gather data for the case study. Pub-
lished analysis of secondary data, in addition to critical observation, served as
the tools employed in the data-collecting process. Historical sales data, seasonal
patterns, marketing initiatives, item age classifications, authorized, verified pre-
dictions, and KPI metrics, including Forecast Error (MAPE), Forecast Accuracy,
and Forecast Bias, are all included in the dataset that was gathered. Please take
note that I describe the method used to gather data for the case study, with a fo-
cus on choosing essential data points from the FMCG Company’s Enterprise
Resource Planning (ERP) system. Historical sales data, seasonal patterns, mar-
keting initiatives, item age classifications, authorized, verified predictions, and
KPI metrics, including Forecast Error (MAPE), Forecast Accuracy, and Forecast
Bias, are all included in the dataset that was gathered. For the secondary data
used in this research, any data gathered from other researches are clearly men-

tioned above the tables.
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6.3. Data Analysis

The many approaches and strategies used for data analysis are described in this
subsection. An essential part of this research remains to be data analysis, which
is analyzing and drawing conclusions from the gathered data. In order to ex-
amine the data, which mainly consists of an accounting of the data gathered, the
research employed statistical, thematic, and content evaluation. The data came
from both secondary and primary sources. While previous research materials
and other publications pertaining to the research topic comprise the secondary
data, the primary data source comprises information gathered in a cross-sectional
way from both new and old things as well as from various items included in
ABC classes.

6.4. Results and Discussion

With the Category Manager and Category Assistant managing demand fore-
casting, the business lacks a demand planning team structure. Their correctness
and conformity with the desired team structure are called into doubt by this ab-
sence of a committed team. The maturity level of the present demand model is
evaluated, highlighting strengths, limitations, and a path for development. Re-
search recommendations are contrasted with the company’s Triple Exponential
Smoothing model, and Bayesian forecasting is investigated for new item fore-
casting. Examining the ABC classification and discussing the advantages of
switching to the ABC/XYZ categorization is also undertaken. According to study
suggestions, this change might enhance service levels and accuracy, operational
efficiency, and customer happiness. The goal of the research is to offer a plan for

enhancing the business’ demand planning system.

6.4.1. Existing Team Structure

Rather than having a specific Demand Planning team responsible for creating
forecasts, the company’s organizational structure spreads out responsibilities
across several positions. The Category Manager and Category Assistant, who
have marketing credentials rather than competence in statistical quantitative fo-
recasting, are mainly in charge of the company’s demand forecasting. Their me-
thodology primarily focuses on qualitative evaluations and judging procedures,
which is essential for determining how their strategies would affect overall pre-
dicting accuracy. However, there is a glaring mismatch when compared to the
suggestions made by the study for the best team structure. According to the re-
port, companies rely on people with marketing expertise who essentially use qu-
alitative forecasting techniques, as opposed to specialist Demand Planners with
strong quantitative forecasting credentials. This aspect emphasizes the demand

for a more well-rounded method of forecasting.

6.4.2. The Current Demand Model’s Maturity Level
Understanding an organization’s Demand Planning maturity is essential to

creating a successful forecasting approach, and Gartner’s 5 Stages of Maturity,
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adapted from Gartner research, may be used as a helpful framework. To solve
supplier availability and fulfillment difficulties, the organization has to move
towards Stage #4 from Stages #2 and #3 of the maturity matrix. In order to do
this, suppliers and retailers will need to work more closely together, sharing pre-
dictions, manufacturing capacity, and availability dates. Several efforts have been
put in place to advance the maturity level of demand forecasting, bridging the
gap between the present stage and the targeted Stage #4 maturity in order to in-
crease the accuracy of demand planning.

o Establishing forecast sharing process: The business has initiated a cooperative
strategy with its top five suppliers, who account for over 40% of its sales vo-
lume, to enhance supplier cooperation and forecast accuracy, thereby boost-
ing sales volume.

¢ Developing the vendor portal: The Vendor Portal is a cutting-edge platform
that enables suppliers to access crucial data, including predictions, real-time
stock levels, and open purchase orders, encouraging transparency and coop-
eration. It was created in conjunction with IT, System Design, Supply Chain,
Commercial, and Buying divisions.

e Joint ownership of KPIs: KPIs should be jointly owned by the retailer and
suppliers, who should also share responsibility for fulfillment and new prod-
uct partnerships. This notion is consistent with Stage #5 of maturity, in
which both sides share performance and client happiness.

In an effort to reach Stage #4 maturity, the organization is putting strategic
plans into action to increase the Demand Model’s maturity and develop better

supplier connections.

6.4.3. Current Statistical Model Findings
The Category Manager and Assistant employ a growth factor based on previous
peak sales to project future sales of products using the company’s existing fore-
casting methodology. This process entails multiplying the previous sales amount
by the growth factor between the historical peak month and the desired pre-
dicted month. However, this strategy is incorrect because it ignores the funda-
mentals of statistical forecasting, seasonal fluctuations, and the introduction of
new items, which can result in errors, overstocking, and stockouts and pose se-
vere operational difficulties. This aspect is illustrated in Table 3 below:

Based on Table 3, suppose the November sales plan for the entire category is
SR10,000, and the actual March sales for that category were SR8,000.

Based on the current method, the growth factor calculation is as follows:

Growth Factor = (November Sales Plan — March Actual Sales)/March Actual

Sales
Growth Factor = (SR10,000 — SR8,000)/SR8,000 = 0.25% or 25% (14)
Applying this growth factor to the peak sales in March:
Forecast for November using the Current Method:

Forecast for November = March Peak Sales x (1 + Growth Factor)
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Table 3. Sales unit and sales plan on category level in value.

Month Sales (units) Sales Plan (Category Level Value)
January 300 6200
February 200 5000
March 500 8000
April 450 7800
May 350 6500
June 400 6800
July 330 6000
August 460 7500
September 350 7000
October ? 8600
November ? 10,000
December ? 6700

Forecast for November = 500 units x (1 + 0.25) = 625 units (15)

This approach is flawed because it ignores seasonal trends, does not take into
account new product releases, and fails to adhere to statistical forecasting stan-
dards. Prediction errors, overstocking of certain goods, and stockouts of others

ensue, which presents operational difficulties.

6.4.4. Introduction of the Triple Exponential Smoothing Model

With the help of the Excel Forecast Sheet function, as seen in Figure 3, the
business has switched from its previous forecasting technique to the Triple Ex-
ponential Smoothing model.

As a result, the business is able to utilize the Triple Exponential Smoothing
model prior to integrating the sophisticated RDF tool created by Oracle. The IT
team is presently implementing the RDF tool, which enables complex statistical
computations and extensive forecasting capabilities. This proactive strategy
coincides with the study goal of improving demand planning to maximize cus-
tomer happiness and operational efficiency while also addressing present fore-

casting shortcomings.

6.4.5. The Introduction of the RDF (Retail Demand Forecasting) Tool

The RDF tool from Oracle is a sophisticated forecasting tool that improves de-
mand planning. To examine seasonal changes for each product, Triple Exponen-
tial Smoothing, and historical data are used. This strategy guarantees that pro-
jections are responsive to dynamic changes, producing more precise predictions.
RDF also uses cutting-edge data-cleaning methods to remove outliers and
smooth demand changes in order to produce trustworthy baseline projections.

In order to guarantee that the baseline projection accurately represents actual
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Figure 3. Excel forecast sheet.

demand patterns, it additionally includes “out of stock” signs. As illustrated in
Figure 4 below, these methods improve the forecast’s stability and accuracy,
laying a solid basis for future forecasting.

With the help of RDF, which evaluates historical data on products, it is possi-
ble to determine prior marketing campaigns and their effects on sales. When a
similar advertising flag is found in the future, it will take this information into
account to make precise sales spike projections. This cutting-edge method out-
performs conventional forecasting methods by offering a more exact and flexible
solution that fits a company’s unique objectives, especially in circumstances

when promotional activities are essential for sales.
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Figure 4. RDF high-level process flow.

Table 4. Forecast accuracy comparison between previous and improved models.

Item Class Average Forecast Accuracy Average Forecast Accuracy
(Previous Model) (Improved Model)
Class A 77.50% 84.80%
Class B 73.70% 82.50%
Class C 72.50% 83.10%
Class D 65.50% 77.90%
Class E 55.60% 75.50%

The Triple Exponential Smoothing model closes the gap in the existing me-
thod’s reliance on historical growth variables and is in line with research sugges-
tions. This approach controls new product launches, improves demand predic-
tion accuracy, and considers seasonality. This change brings the company’s ap-
proach to demand forecasting a long way closer to the standards already used in
the retail sector.

Table 4 illustrates KPI’s level optimization that compares the company’s pre-
vious model versus an improved model. KPIs for the company’s prior demand
forecasting methodology have significantly improved, especially forecast accu-
racy, demonstrating the revolutionary effects of the new demand planning
strategy. Due to the earlier model’s prioritization of Class A products because of
their substantial sales impact, other classes’ forecast accuracy suffered. Time re-

straints and staff capacity restrictions in the forecasting process were the leading
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causes of this unbalanced emphasis on Class A.

The organization has adopted a new strategy for demand planning that priori-
tizes fair treatment for all classes and lowers gaps in prediction accuracy. Mod-
ern technology that can effectively analyze massive datasets has assisted this
transformation. The Demand Planning Team’s workload has decreased as a re-
sult of this change, enabling more efficient resource allocation. The transition
from a concentration on Class A products to a more balanced strategy highlights
the significance of giving all things, regardless of classification, equal attention. It
acts as a catalyst for improved demand prediction accuracy. This change demon-
strates the firm’s dedication to improving its demand forecasting methodology.

The organization has increased forecast accuracy by applying the proper de-
mand planning framework, the Triple Exponential Smoothing model from RDF,
and cross-functional input. The forecast quality is improved by collaboration,
which significantly improves forecast accuracy. In order to improve forecast
production, the organization consults stakeholders from multiple divisions, as-
sures thorough forecast validations, and performs manual modifications. With
this change in the demand forecasting methodology, the company can operate
more efficiently and better fulfill consumer requests across the board. The ability
to offer excellent client experiences is ensured by striking a balance between im-

proved forecast accuracy and fair treatment of all item classes.

6.4.6. Overall Summary and Integration

The research has revealed significant findings for demand planning and fore-
casting, with a notable achievement in the improved Demand model. The model
consistently surpasses the company’s old model in forecast accuracy. This
achievement is based on previous studies that establish benchmarks for forecast
accuracy within forecasting models. Makridakis et al. suggest a 25% forecast ac-
curacy level is typically considered good performance, especially for exponential
smoothing models (Makridakis, Wheelwright, & Hyndman, 2008). In the retail
industry, an acceptable accuracy level typically hovers around 20% - 30%. The
new demand model’s results fall within this range, indicating a significant leap in

accuracy from the company’s previous methods.

7. Conclusion and Recommendation

To effectively respond to our first research questions regarding the effects of the
complexity of the existing demand planning process on supply chain perfor-
mance, the paper first links this complexity to forecast bias. However, the paper
processes the WMAPE formula for more accurate forecasting. To respond to our
research question regarding the pace to improve the overall performance based
on demand planning, the research suggests the use of a forecasting technique
called exponential smoothing since it creates parameters using weighted aver-
ages of past observations, making it easy to avoid future challenges that might
occur in the process. To answer the question on key factors influencing the inte-

gration of advanced forecasting techniques, the paper identified applied KPIs,
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focus bias, and how switching to ABC/XYZ categorization has the potential to
improve accuracy and service levels in accordance with study recommendations.
Lastly, our overall findings reflect our final research questions regarding the ef-
fects of implementing enhanced demand planning. Hence, the paper concludes
that enhanced demand planning based on forecast accuracy within forecasting
models is a significant leap in accuracy from the company’s previous methods,
as the accuracy level typically hovers around 20% - 30% in the retail industry.
This approach impacts the efficiency and effectiveness of current logistics and
supply chain operations.

Conclusively, this research focuses on addressing contemporary challenges in
supply chain and logistics, explicitly enhancing demand planning and forecast-
ing. It aims to understand the intricacies of demand planning in the modern
context, unravel demand dynamics, and develop innovative methods that tran-
scend traditional statistical models, ensuring the efficient flow of goods and ser-
vices. The research has yielded significant findings for demand planning and fo-
recasting, with one notable achievement being the improved Demand model,
which consistently outperforms the company’s old model in forecast accuracy.
This research’s meticulous development and analysis highlight the importance of
accurate demand planning. The new demand model achieved a 25% forecast
accuracy level, which is typically considered good performance for exponential
smoothing models. This is a significant leap in accuracy from the company’s
previous methods, as the accuracy level typically hovers around 20% - 30% in
the retail industry, a sector closely related to the focus of the study. Previous stu-
dies on forecasting models support this achievement. This research seeks to en-
hance demand forecasting, inventory management, and customer happiness by
identifying potential future work areas. It highlights the company’s dedication to
ongoing development and adaptability to the changing retail environment, en-
suring its demand planning procedures are improved and optimized for a com-

petitive edge.
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