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Abstract

Nowadays, the rapid progress of technology and the data availability increase push businesses to
continually adopt new approaches to obtain and utilise information in their planning. However,
the implementation of processes for effective information sharing is not widespread. Indeed, this
project is focusing on the best forecasting method and replenishment policy (RP) to adopt in a
single-echelon supply chain in order to reduce inventory costs, regarding the retailing industry
and, in particular, Do-It-Yourself products. Firstly, a "horse race” between potential forecasting
methods is conducted. A new hybrid forecasting method is proposed, in order to achieve better
performances regarding the slow-moving items. Secondly, the methods that perform the best in
the first analysis are tested with different replenishment policies to find out the scenario that best
suits the present case. Both monthly and weekly time period are considered. The simulations were
conducted on 441 Stock Keeping Units (SKU) and 348167 real data observations in two years and
a half, from January 2015 to August 2017. The results are compared with the monthly and weekly
benchmark models: Ciret forecasting method and replenishment policy. The findings show that
the autoregressive integrated moving average (ARIMA) and the new hybrid forecasting methods
decrease the Mean Absolute Percentage Error (MAPE) from 97% of the Ciret forecast (FC) to
48% and 45% respectively. Regarding the inventory decision rules, instead, the weekly Continuous
replenishment policy with the hybrid method reduces the logistics costs by 23%, guaranteeing a
service level higher than required (97,65%) and lower inventory at stock compared to the weekly
benchmark model. It also reduces the logistics costs of the monthly benchmark model by 14% and
increases its service level by 5%. On the other hand, the monthly Smoothing replenishment policy
with ARIMA forecasting method and Th=4 is the scenario that returns the lowest costs among
those models that ensure the company’s requirements and, at the time, it reduces the inventory
level of the monthly and weekly benchmark model by 60% and 63%.
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Executive Summary

Pro Alliance is a start-up company that is offering a cloud-based platform to help customers
solving the inefliciencies in their supply chain by making visible what they can not see. Since
Pro Alliance is currently a third-party data-visualization platform provider, they are looking for
proposing appropriate solutions for incoming customers that are facing problems in their supply
chain. Ciret, a Pro Alliance’s client, is currently dealing with huge difficulties regarding the in-
ventory management. Consequently, the Ciret case study is addressed and a solution proposed,
which may be useful for those companies that meet the same challenges.

For the year 2017, Ciret faced a stock worth increase, reaching 1,7 million euro as stock worth
and 1,6 million of articles at stock in March 2018. The other major problems that Ciret is dealing
with is the inability to cover the 100% of the demand in time. Starting from December 2016,
the service level continued to decline through the 2017, reaching the minimum value of 88% in
the last months. Moreover, an average of 18% and 34% of the annual sales were available at
stock, respectively for the year 2017 and the first three months of the 2018. Everything points to
inaccurate choices on the quantity, the time, and the type of item to stock.

Due to the high stock worth and low service level, and based on the Ciret managers indications,
the Master thesis is going to answer the following question:

“How can the supplier reduce the logistics costs by the use of accurate forecasting method and
replenishment policy in the retailing industry?”

This project is addressed using the Business Problem Solving (BPS) approach. The historical
incoming orders are the core of the dataset required for testing the different forecasts and replen-
ishment policies proposed in the Master thesis. The dataset consists of a daily list of articles
ordered and delivered from January 2015 to August 2017. Firstly, it is filtered for the first 10 fam-
ilies that corresponds to the 80% of the annual turnover. Successively, 441 articles are analysed
for reaching conclusive findings, resulting in 348167 observations in two years and a half. Finally,
two datasets are created starting from these 441 items (the first one considers monthly incoming
orders and the second one weekly ones) and applied to the forecasting and inventory analysis.

To solve the business problem the existing literature is used to get a range of solution concepts.
Different methods are tested in order to find the one that best fits the corresponding situations.
The first forecasting methods proposed are the time-series, which are widely spread and used
in the Consumer Packaging Goods (CPG) industry, especially to forecast the incoming orders
demand: Holt Winters, ARIMA, ARIMAX, SARIMA, SARIMAX. Moving forward, a stepwise
linear regression forecasting method can be proposed to deal with the high dimensional informa-
tion: multistage LASSO. Moreover, there is a presence of intermittent demand in the present case.
Poisson regression technique and the Jittering forecasting method are proposed to face the large
proportion of zero values, together with a new forecasting method introduced in this research.
Regarding the replenishment policies, instead, the most common ones applied in CPG con-
texts are the Continuous and Periodical traditional policies. Other two latest approaches to deal
with high inventory levels and bullwhip effect are also adopted in the literature: the Smoothing
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order-up-to (OUT) policy and the Statistical Process Control (SPC) based replenishment method.

The current Ciret forecasting method and replenishment policy are used as benchmark models, in
order to evaluate the solutions proposed. To quantify the advantages of these new models, differ-
ent key performance indexes (KPIs) are utilized, respectively for the forecast and replenishment
part. Even if the final goal is to reduce the total logistics costs and increase the service level,
a performance measure to identify which forecasting method perform the best is essential. The
literature presents a wide variety of error measurements, from which the most important ones are
selected: Mean Error (ME), Mean Absolute Error (MAE), Mean Percentage Error (MPE), Mean
Absolute Percentage Error (MAPE), the Root Mean Square Error (RMSE).

Regarding the best replenishment policy to adopt, different performance measurements can be
considered. The most common and relevant ones are the costs involved in the supply chain, the av-
erage inventory, the service level, the bullwhip effect ratio (BER) and the inventory turnover ratio.

The forecasting test is based on the ABC analysis, in order to analyse the Ciret products and
focus on the different product types. The findings obtained from the forecasting analysis over the
three different ABC classification show how ARIMA FC is the best forecast to adopt. Weekly
ARIMA FC improves the forecast reducing the MAPE from 77% of the benchmark model to
35% in category A, from 107% to 53% in category B and from 184% to 104% in category C.
On the other hand, the new hybrid forecasting method gives the best results for the C products,
decreasing Ciret MAPE from 184% to 74% in the quarterly accuracy test. Overall, weighting
the improvements on the ABC classification, the weekly ARIMA method increases the accuracy
passing from the Ciret forecasting MAPE of the 96,9% to 47,6%, while substituting ARIMA FC
with the hybrid forecasting method in the C-type products improves it even more, dropping the
MAPE to 44,5%.

Due to the many possible combinations that can be done by joining different forecasts and replen-
ishment policies, only three forecasting methods are considered in the inventory analysis: Ciret,
ARIMA and hybrid FCs.

In the inventory analysis, different considerations may be served. The first one is that, on
equal term of replenishment policy, the Ciret forecasting method is always performing worse than
ARIMA and hybrid methods. Moreover, the test confirms the replenishment policies character-
istics. Indeed, the Continuous traditional RP is the one that shows the lowest annual logistics
costs, while the Smoothing and Statistical Process Control RPs the ones that guarantee the lowest
quantities at stock and the lowest values for the bullwhip effect ratio.

Concerning the replenishment policy to adopt, the weekly Continuous RP and the new hybrid
forecasting method are suggested. They return the lowest annual costs (reducing the actual
logistics costs of the monthly benchmark model by 14% and of the weekly benchmark model by
23%), guaranteeing a service level higher than required (97,65%) and lower inventory at stock
compared to the benchmark models. On the other hand, if the managers would like to ensure
the desired requirements (97% of service level and a inventory turnover ratio higher than 4) the
monthly Smoothing RP with ARIMA forecast and Tn=4 is suggested. This scenario is the one that
gives the lowest annual logistics costs by ensuring the required conditions. However, this solution
is expensive compared to the benchmark models and the other scenarios analysed in the research:
the actual logistics costs amount to 227K€ compared to 147K€ of the monthly benchmark model,
165K€ of the weekly benchmark model and 127K€ of the Continuous Replenishment Policy with
the hybrid forecasting method.
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Chapter 1

Introduction

Nowadays, the rapid progress of technology and the data availability increase push businesses to
continually adopt new approaches to obtain and utilise information in their planning. The ap-
proaches require coordination of information sharing, speedy transmissions and visibility in supply
chain to allow the manager to react properly to the correct information. In the recent years, there
has been a greater tendency to share information and use IT systems to make inventory, transport-
ation and pricing decisions. However, the implementation of processes for effective information
sharing is not widespread. [Ali et al., 2017] summarised different questionnaires around the globe
and notified that always less than one-third of the companies involved were sharing information
in the supply chain. This is also the current situation in the case at issue, so it is important and
interesting to consider an environment where data are not shared.

Many companies are adopting a push-pull approach for the inventory management, which con-
sists of a forecast (FC) to predict the future sales in order to better plan their incoming months
and a replenishment policy (RP) to execute it in the most efficient way. Ciret is within these com-
panies. Consequently, the project is focusing on the best forecasting method and replenishment
policy to adopt in a single-echelon supply chain in order to reduce logistics costs. A “horse race”
is conducted between the different models (combinations of forecasting method and replenishment
policy). The analysis is carried out from the supplier perspective. Through this research a first
solution to the current forecasting method is proposed. Successively, the best forecasting methods
are combined with 4 different replenishment policies and the best solutions for the present case
indicated.

The research is structured as follows. In this chapter, the company, the case at hand and the
research question are presented, followed by the methodology adopted and the data available
(Chapter 2 and 3). In conclusion, the results obtained from the forecasting and inventory analysis
are reported and the suggestions proposed.

1.1 Company Introduction

This section starts with a brief introduction about how the Master thesis kicked off. The companies
and communities that participate in the project are introduced, and successively the case at hand
and the research question presented.

1.1.1 Data2Move

The Data2Move initiative is a research community and eco-system on the interface of Internet of
Things, Big Data and Logistics/Supply Chain Management (SCM). Academics and students from
Eindhoven University of Technology and Tilburg University collaborate with prominent industry
partners to deliver results that are both practically and scientifically relevant. From the partner-
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CHAPTER 1. INTRODUCTION

ship between Pro Alliance company and Eindhoven University of Technology, this project took
off.

1.1.2 Pro Alliance

Pro Alliance is a start-up company that is offering a cloud-based platform to help customers
solving the inefficiencies in their supply chain by making visible what they can not see. Through the
collaborative platform, it is possible to connect people from different locations and companies in the
supply chain and to give members access to more, better and real time information. The members
of the supply chain do not need to belong to the same firm necessarily, different communities can be
created from different members depending on the role in the supply chain and their collaboration.
This makes the platform more accessible by customers.

Since Pro Alliance is currently a third-party data-visualization platform provider, they are
looking for proposing appropriate solutions for incoming customers that are facing problems in
their supply chain. Ciret, a Pro Alliance’s client, is currently facing huge difficulties regarding the
inventory management. Consequently, the Ciret case study is addressed and a solution proposed,
which may be useful for those companies that are facing the same challenges. To follow, the
company is introduced, and its problems analysed.

1.1.3 Ciret Benelux

Ciret is a supplier for Painting Tool Systems. In 2011, Ciret Holdings AG merged with Storch
Holding GmbH to form the Storch-Ciret Holding GmbH. This merger made Ciret the leading
expert for the painting and decorating tools in the European market. Indeed, the Storch-Ciret
Group produces and distributes high-quality painting tool systems for professional craftsmen and
quality-minded home improvement enthusiasts. The Group counts 1,400 employees in 17 countries
and generates an annual turnover just under 200 million euros.

Ciret holds five different brands in the sector: Color Expert, RKMP, Westex, Contractor and
DOIT. These brands offer different products such as rollers, brushes, masking tapes, painting sets
and accessories for painting. In the current case, Ciret is responsible in forecasting its products
demand regarding the geographic area that concerns Belgium, The Netherlands and Luxembourg
(BENEUX), serving a number of stores that exceeds 700, as shown in Figure 1.1. They collaborate
with firms such as Bouwmarkt, Brico, Euroshop, Fixet, Hubo, Makro and Multimate. This
forecast is successively forwarded to the headquarter in Germany; which is required to manage
the production, the inventory, the replenishment and the incoming distribution processes.

Figure 1.1: Cus-
tomers Overview

2 The role of forecasting and inventory decisions in the retailing industry from the supplier
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1.1.4 Products

The products that Ciret is offering to the market are rollers, brushes, masking tapes, chisels,
painting sets, tapes, plasterers, papers, sponges, covers, and accessories for the body, which differ
in types and dimensions. ColorExpert divided the articles also in 5 subgroups based on their
utilities:

e painting walls;

modular painting;

painting wood;

fixing, grinding and wallpapering;

e masking and covering.

Figure 1.2: ColorExpert subgroups

1.2 Case Overview

In this section, a follow-up about the current problems is made. The main challenges that Ciret
is currently facing concern the inventory management. The problems that need to be tackled in
the present case are shown below.

1.2.1 Overstocking

Overstocking is one of the major problems in the company. The excessive number of products
on stock is highly increasing the related inventory costs. Table 1.1 shows the stock worth in the
last seven years compared to the company turnover. The stock worth and turnover located in the
year 2018 refers respectively to the inventory worth at March 2018 and the budget planned for
the year, while the other stock worth correspond to the average values per year.

Year Stock worth [K€] Turnover [K€] Stock worth/Turnover Variations
2012 405 2300 17,61%

2013 400 3000 13,33%|@ -4,28% Table 1.1:  Ciret
2014 436 2200 16,63% @  3,30% yearly Stock worth
2015 443 3100 14,29% . -2,34% and Turnover

2016 500 3400 14,71%|)  0,42%

2017 844 4700 17,96%|@  3,25%

2018 1700 5000 34,00%|@ 16,04%

In this table it is possible to recognize how both the turnover and the stock worth increased
smoothly throughout the years. Indeed, the stock worth show a higher trend compared to the
company’s growth and the correlated costs are continuing to increase from 2013. Another overview
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is proposed in Figure 1.3, which shows how the total inventory increased during the last winter
period. The company managed to reduce by one hundred thousand units the new articles at
stock, as shown in Figure 1.5, but both the regular and old articles at stock increased in the last 7
months (Figure 1.4 and 1.3). Even though the company do not apply any target for the inventory
position, their goal is to obtain a value of inventory turnover above 4, which is far from reality as
shown in Figure 1.4 and Figure 1.5.

1.800.000
1.600.000
1.400.000
1.200.000
1.000.000
800.000
600.000
400.000
200.000
0

1200000

1,000,000

Sep. 17

Figure 1.4: Regular articles inventory level

ow.17

Figure 1.3: Ciret
inventory level in
the last 7 months
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I Regulararticles [ New articles I oid articles
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Nov. 17 Dez. 17 Jan 18 Feb. 18 Mz 18 okt 17

I New articles

Sep. 17 Nov. 17 Dez. 17 Jan. 18 Feb. 18 Mrz. 18

B Regular articles

e Inventory Turnover

Inventory Turnover

Figure 1.5: New articles inventory level

In conclusion, Ciret managers would like to reduce the inventory costs as much as possible and at

the same time,

try to achieve the company’s requirements (a service level higher than 97% and an

inventory turnover ratio as close as possible to 4).

1.2.2 Out-

Month

Service Level

Of-Stock

The other major problem that Ciret is facing is the inability to cover
the 100% of the demand in time. This leads to very high shortage

Variations

e e costs, but also to other indirect effects that are not easy to quantify,
feb-16 99,18% 3,23% A X

mari6|  9mE1%\d  0.56% such as brand imagine, sales and customers loss. These events have

apr-16 97,18% [ -1,43% . . . . .

mag 16 o720%>  011% an impact on the service level, showed in Table 1.2, which is ex-

e e pressed with the following formula:

lug-16 95,02%|d 0,65%|

ago-16 93,24%(§  -2,78%|

set-16 93,53% 0,69%,

St It P , Incoming Orders — Out Of Stock

it earmele o Service Level = . (1.1)

ic . - Incoming Orders

gen-17 98,54%[5  -0,23%

feb-17 95,63%(d -2,91%

mar-17 95:15%: 052% where Incoming Orders correspond to the orders received from the

apr-17 92,29% -3,86% . T .

magi7|  9La0m\y  -089% retailers [quantities/month] and Out Of Stock refers to the quantit-
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Section 1.2.1, it shows that during the year 2017 and 2018 respectively an average of 18% and
34% of the annual sales were available at stock. Everything points to inaccurate choices on the
quantity, the time, and the type of item to stock. In conclusion, Ciret provides an on time in full
(OTIF) results for the first three months of the 2018, which corresponds to the percentages of the
orders satisfied per month. These findings, together with the ones obtained from the historical
dataset are shown in Appendix A and compared with the service levels available in Table A.1.

1.3 Current Supply Chain Structure

The high stock worth and the poor service level values are closely related to the inventory policy
adopted by the company. In fact, the inventory policy defines the review period for reordering
and the optimal inventory levels that must be maintained to meet the expected service level for
demand fulfilment. In order to locate the limits of the Ciret forecasting model and replenishment
policy, the supply chain structure and its processes need to be considered and analysed. This is
the first step to understand the current forecast and replenishment policy, their limitation and
evaluate which kind of changing could help to improve them. Accordingly, in the next chapter the
Ciret forecast method and replenishment policy are analysed and described in details.

As already introduced before, Ciret is responsible for the geographic area concerning Belgium,
The Netherlands and Luxembourg. Everyday Ciret employees receive and manage the orders from
the retailers in these three countries. Moreover, twice a year, they create the incoming orders fore-
cast for the incoming 12 months and send their predictions to the headquarter in Germany. The
orders are sent to four different factories, depending on the product type and on the urgency.
These factories are located in Struth (DE), Pelhfimov (CZ), Beijing (CN) and Zheijang (CN).
Successively, the quantity ordered is shipped to the Ciret Distribution Center in Belgium, ready
to be delivered as soon as one customer in the Benelux area generate an order. It can happen
that, for a certain product and for a certain quantity, the shipment to the Belgian distribution
center would arrive from the one located in Germany. The information (dotted lines) and goods
flows (solid lines) are represented in the Figure 1.6.

Mefherlands

Office =  memem—-—- >

Distribution
Center (DC) >

o Factory Shipment

Figure 1.6: Supply Chain Structure
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1.4 Research Question

Due to the challenges identified in this chapter, which correspond to the high stock worth and low
service level, and based on the Ciret managers indications, the Master thesis is going to answer
the following question:

“How can the supplier reduce the logistics costs by the use of accurate forecasting method and
replenishment policy in the retailing industry?”

1.4.1 Sub-questions

In order to reach the desired goal and be able to answer to the research question, different sub-
questions are introduced:

1. Which forecasting tool is Ciret currently using and what is its effects on the inventory?
In order to improve the current method, it is important to understand which kind of forecasting
tool Ciret is using, how the process works, what it considers and which problems it is leading to.

2. Which factors are relevant for the forecast?
In order to get the best forecasting method to use, it is important to identify which factors are
actually affecting the demand and, then, are relevant to the forecast.

3. Which method and data can be used to improve the forecast?
Different forecasting methods are analysed to find the one that performs the best. Moreover, the
data required for the method need to be identified to achieve this result.

4. Which replenishment policy is Ciret currently using and what is its effects on the inventory?
Before starting the inventory analysis, it is important to understand which kind of replenishment
policy Ciret is using, how it works and which problems it is leading to.

5. Which costs are involved in Cliret replenishment process?
The main objective of the research is to minimize the total costs related to the system. Therefore,
the costs that will be taken into account have to be defined first.

6. Which replenishment policy can be used to decrease the logistics costs?
A simulation approach will be used to determine which replenishment policy guarantees the best
performances.

6 The role of forecasting and inventory decisions in the retailing industry from the supplier
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Chapter 2

Methodology

In this section the methodology and its application to identify, analyse and solve the problems is
discussed. The first part of this chapter focuses on the methodology adopted, which is followed
by the data preparation, the forecasting methods and replenishment policies suggested. Both the
last parts of the Chapter include the benchmark model description, the literature review, the
explanation of the different methods and key performance indexes (KPIs) selected.

2.1 Business Problem Solving

According to [Van Strien, 1997], this project can be addressed using the Business Problem Solving
(BPS) approach, the so-called Regulative Cycle. Improving the performance of a business system,
department or a company, is the aim of the BPS projects. The basis is identifying a set of issues
from which a problem definition will be created. As shown in Figure 2.1, the classic problem-
solving cycle consists of five separated parts: problem definition, analysis and diagnosis, plan
of action, intervention and evaluation. For the present case, however, only the design part is
considered (problem definition, analysis and diagnosis and plan of action), surrounded by the red
dotted line. The remaining steps, instead, intervention and evaluation, are not added since they
are not within the aim of this project.

T

1
1
1
1
1
1
1
1
1
:
1
I e
\‘r Plan of
I
1
1

Figure 2.1: Regulative Cycle by Van Strien (1997)
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Diagnosis

[ —

The role of forecasting and inventory decisions in the retailing industry from the supplier 7
perspective



CHAPTER 2. METHODOLOGY

2.2 Available Data Identification

The first step to obtain positive outcomes is a set of interviews with Ciret’s managers. The
semi-structured interviews are needed in order to collect information about products/markets,
the company’s organizational structure, the supply network structure, promotions, the forecasting
method adopted, the replenishment policy followed, information and communication technologies.
The documents collection concerns documents on process and product structures, useful data
concerning the research, the company’s organizational structure, the supply network configuration
and reports on performance measurement.

2.3 Data Preparation

The historical incoming orders are the core of the available dataset to test the different forecasting
methods and replenishment policies proposed in the Master thesis. Ciret is currently going through
a period of dramatic change, due to the switch from one to another enterprise resource planning
(ERP) system (from Briljant Administrator to System Dynamics 2012 AX R3) in September 2017
and the introduction of new articles and new shelf concept for the retailing stores. Consequently,
these changes require further data preparation to create a dataset useful for the project.

First, the analysis would be based only on the main product-families in order to reduce the
number of items to test and only concentrate on the most important ones, limiting in such a
way the noise. Second, the historical incoming orders need to be filtered only for those items
currently on sale. Two versions of the dataset are created: one that is not considering negative or
zero values for those forecasting methods that do not accept zeros in their computations, and the
second one without negative values. The few negative values that appeared in the dataset, due to
returned batches or errors, are adjusted by removing those quantities from the incoming orders.
The following step is focusing on splitting the data into a train and validation set. The train set
is used to develop the forecasting methods and replenishment policies, while the validation set is
used for the validation of the models. The last phase is the identification of the outliers in the
dataset.

2.4 Forecasting Methods

In this section, a solution for the first part of the problem and the associated change plan is
designed. To solve the business problem the existing literature is used to get a range of solution
concepts. Out of this range, those methods that sounds to be the most appropriate ones are
chosen, whereupon specific variants could be designed.

In this research, different forecasting methods are tested in order to find the one that best fits
the corresponding situations. The first ones proposed are the time-series, which are widely spread
and used in the Consumer Packaged Goods (CPG) industry, especially to forecast the incoming
orders demand. Since Ciret demand presents seasonality (Section 3.3), those forecasting methods
that are able to identify the seasonality shall be taken into account. Moving forward, a second
forecasting technique is proposed to deal with the high dimensional information: the multistage
LASSO, which is a stepwise linear regression.

Before describing these methods, the one currently adopted by Ciret is firstly defined in order
to identify the benchmark model for the forecasting test.

2.4.1 Benchmark model: the Ciret Forecasting Method

Ciret Benelux is not using a very sophisticated time-series method to forecast the future sales.
Indeed, they generate a yearly forecast that is updated twice a year, generally in May and Septem-
ber, right before the high and low season respectively (Figure 2.2). In summary, Ciret forecast
is based on checking the same six months of the previous year and adjusting these values based
on the company market growth, new concepts, new opening stores and further promotions. All

8 The role of forecasting and inventory decisions in the retailing industry from the supplier
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Figure 2.2: Forecasting release over time period

of these adjustments are manually made. The steps required to make the forecast are shown in
Figure 2.3, which highlights the complexity of the forecast currently adopted and answer to the
first sub-question.
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Figure 2.3: Ciret forecasting process

2.4.2 Forecast Techniques: A Literature Review

Beyond the forecasting qualitative/quantitative classification scheme, there are five forecasting
methods: grassroots, market research, expert estimations, time-series, and causal models. This
classification was developed by [Armstrong, 2001], a forecasting expert, and founder of the Journal
of Forecasting and International Journal of Forecasting ([Adya et al., 2001]).

In this research, only the statistical methods (time-series and causal models) are considered
from the previous list by Armstrong. The causal models are divided in stepwise regression and
machine learning techniques, and the three different groups of forecasting techniques are presented
below.

Time-Series

Often, suppliers use traditional time-series forecasting methods to predict the retailer’s historical
incoming orders ([Williams and Waller, 2010]). These common methods used in the retailing and
CPG industry are the following ones: Naive, Moving Average (MA), Exponential Smoothing (ES),
Holt-Winters, the Autoregressive Integrated Moving Average (ARIMA), SARIMA and ARIMAX
([Alon et al., 2001]; [Zhang and Qi, 2005]; [Dejonckheere et al., 2004]; [Disney et al., 2006];
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[Bayraktar et al., 2008]; [Williams and Waller, 2010]; [Costantino et al., 2015];
[Ramos et al., 2015]; [Costantino et al., 2016]; [de Oliveira Pacheco et al., 2017];
[Hyndman and Athanasopoulos, 2018]).

Another method that is widely spread in the retailing industry is the “base-times-lift” method.
It consists of a two-step procedure which initially generates a baseline forecast with simple time
series models and then makes proper adjustments for any incoming promotional events.

([Cooper et al., 1999]; [Fildes et al., 2009]; [Ali et al., 2009]; [Huang et al., 2014];

[Trapero et al., 2015], [Ma et al., 2016]). However, these judgemental adjustments are expensive
and, adopting this approach, the forecasting accuracy is far from being adequate

([Cooper et al., 1999]).

In the present case, as in many others, there is a presence of intermittent demand, which is
random demand with a large proportion of zero values. Such items are often described as ‘slow
moving’. Demand that is intermittent presents a great variability among the non-zero values.
Regarding this challenge, [Vereecke and Verstraeten, 1994] proposed the Poisson regression tech-
nique to face the unconvincing event. [Willemain et al., 2004], instead, thanks to an experiment
on nine different industrial companies, demonstrated that their new boostrap modified forecasting
method estimates the intermittent demand more accurately than Poisson, exponential smoothing
and Croston’s variant of exponential smoothing.

In conclusion, based on the seasonality found in the dataset, the time-series methods that
might be better suited to the case at issue are analysed and tested: Holt Winters (HW), AR~
IMA, ARIMAX, SARIMA, SARIMAX, Poisson and the bootstrap modified forecasting method
by Willemain.

Stepwise Regression Techniques

The stepwise regression is a well-known statistical method that look for a linear relationship
between an output variable and multiple input variables, which includes a stepwise selection
of input variables in a regression setting. One example of this technique is the PromoCast,
a promotion-event forecasting system developed by [Cooper et al., 1999]. It estimates the lift
effect of promotional events using a regression style model with a large number of variables,
such as price, promotion, and store/category specific historical information. The system was
subsequently extended to contain information related to manufacturers and product categor-
ies ([Cooper and Giuffrida, 2000]). Another well-known example of regression technique is the
SCAN*pro model and its extensions that decompose sales for a brand into own- and cross-brand
effects of price, feature advertising, aisle displays, week effects, and store effects

([Andrews et al., 2008]). CHAN4CAST by [Divakar et al., 2005] is based on the same concept.
They also employed a regression model capturing the effects of such variables as past sales, trend,
own and competitor prices and promotional variables, and seasonality. In a recent research,
[Huang et al., 2014] proposed effective methods to forecast retail stock keeping unit (SKU) sales
by incorporating competitive information including prices and promotions. On the other hand,
the studies of [Huang et al., 2014] and [Ma et al., 2016] aimed to improve the forecasting accur-
acy for retailers at SKU level by integrating extra promotional information from other products.
However, [Ma et al., 2016] considered both intra- and inter-category promotional interactions and
they proposed to use a multi-stage variable selection and model estimation strategy based on
LASSO regression. Their process is fully automatic and therefore can be easily integrated into
a forecasting system. Therefore, the LASSO regression is applied in the project since it sounds
more realistic, robust and useful at the SKU level.

Machine Learning Techniques

Machine learning techniques explore the study and construction of complex models and algorithms
that can learn from, and make predictions, on data.

Recently, artificial neural networks (ANNSs) have been extensively studied compared with time-
series forecasting techniques ([Alon et al., 2001]; [Zhang and Qi, 2005]). [Carbonneau et al., 2008],
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in order to predict the manufacturer distorted demand present at the end of a supply chain, in-
vestigated the applicability of advanced machine learning techniques. Those techniques include
neural networks, recurrent neural networks, and support vector regressions (SVR). [Zhang, 2003],
instead, developed a hybrid methodology that combines both ARIMA and ANN models to take
advantages from both the linear and non-linear models. In conclusion, [Ali et al., 2009], proposed
various machine learning models to forecast retailer product sales at the SKU level. The model
includes the SVR and the regression tree methods with different priori settings. Their models
incorporate a range of explanatory variables including the statistical information of unit sales,
price, and promotions.

However, due to their complexity of the calculations and the few data available regarding the
external variables, the machine learning techniques are not evaluated in this research.

2.4.3 List of the Forecasting Methods

The forecasts applied in the research are introduced below. Firstly, the time-series approaches are
presented, followed by the stepwise regression.

Holt Winters

The Holt Winters method corresponds to the triple exponential smoothing method. The Holt-
Winters seasonal method comprises the forecast equation and three smoothing equations: one
for the level l;, one for the trend by, and one for the seasonal component s;, with corresponding
smoothing parameters a, § and v [Hyndman and Athanasopoulos, 2018]. The letter m, instead,
denotes the frequency of the seasonality, which in the case at exam corresponds to 12, the number
of seasons (months) in a year.

Two different approaches can be used in this forecasting method, which differ in the nature of
the seasonal component: additive or multiplicative. Due to their characteristics, the second one
is preferred when the seasonal variations are changing proportional to the level of the series. This
is the one chosen for the project (equation 2.1). The additive method, on the other hand, is more
used when the seasonal variations are roughly constant through the series
([Hyndman and Athanasopoulos, 2018]). The component form for the multiplicative method is:

Uenjt = (It + hbi)Sth—m (2.1)
With:
L=a2 +(1—a)ls +b1) (2.2)
St—m
by = Bl — l—1) + (1 = B)br—1 (2.3)
Yt

st =y————— + (1 +7)s¢— 2.4

t ’ylt_l +bt_1 ( ’Y) t—m ( )
where y; is the incoming orders [quantities] at time t, g;4p¢ is the forecasted value of the h-th
period ahead. In R, the unknown smoothing parameters are automated determined by minimizing
the squared prediction error.

ARIMA, ARIMAX & SARIMA

ARIMA is an acronym for AutoRegressive Integrated Moving Average, which combines a finite
differencing step with both the autoregressive and moving average model.

In an autoregression model, the variable of interest is forecasted using a linear combination of
past values of the variable. The term autoregression indicates that it is a regression of the variable
against itself. Thus, an autoregressive model of order p can be written as:
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Yy=c+®y1+Poys_o+---+Ppyi_p+e (2.5)

where €, is white noise. This is like a multiple regression but with lagged values of vy, as predictors.
This corresponds to an AR(p) model, an autoregressive model of order p. Changing the parameters
®4,...,®, results in different time series patterns.

On the other hand, a moving average model uses past forecast errors in a regression-like model,
rather than using past values of the forecast variable in a regression. Thus, a moving average model
of order ¢ can be written as:

Yy = ¢C + € + 916,5,1 + 92615,2 + -+ 9q€t7q (26)

where ¢, is still the white noise. It can be written as an MA(¢) model, a moving average model
of order ¢. It is possible to notice that each value of y; can be thought of as a weighted moving
average of the past few forecast errors. Consequently, the combinations of the autoregressive and
moving average models leads to the ARIMA one, which can be written as:

yp=c+ @1y g+ + Ppyp 61+ O g+ (2.7)
where y; is the differenced series (it may have been differenced more than once). This method can
be presented as ARIMA((p,d,q) model, where p is the order of the autoregressive part, d the degree
of first differencing involved and ¢ the order of the moving average part. Selecting appropriate val-
ues for p, d and ¢ can be difficult. However, the auto.arima() function in R will do it automatically.

SARIMA model is formed by including additional seasonal terms to the ARIMA method (Sea-
sonal ARIMA). It is possible to write it as (p,d, q)(P, D, Q)m, with m equals to the number of
observations per year.

The seasonal part of an AR or MA model can be seen in the seasonal lags of the autocorrel-
ation (ACF) and the partial autocorrelation (PACF) functions. The ACF and PACF plots are
fundamental to determine appropriate values for p and ¢ [Hyndman and Athanasopoulos, 2018].
The ACF is a bar chart of the coefficients of correlation with itself at different lags. The PACF
plot summaries the relationship between an observation in a time series with observations at prior
time steps after removing the effect of any correlations due to the terms at shorter lags. Once
the values of p and d are found, it is possible to predict the demand also considering the seasonal
pattern with the ARIMA method.

ARIMAX is an extended version of the ARIMA model. It includes also other independent
predictor variables, identified with the ”X”. The ARIMAX model is similar to a multivariate
regression model, but it works with two different series and it may take advantages from that.

SARIMAX is the combination of the last two forecasting methods. It considers the seasonality
effect and the independent external variable together.

LASSO

LASSO (Least Absolute Shrinkage and Selection Operator) is a linear regression analysis method
that performs both variable selection and regularization in order to enhance the prediction accuracy
and interpretability of the statistical model it produces.

A linear regression model assumes that the regression function is linear in the inputs. They are
simple and often provide an adequate and interpretable description of how the inputs affect the
output. LASSO method is based on the Ridge regression, which shrinks the regression coefficients
by imposing a penalty on their size (equation 2.9). The ridge coefficients minimize a penalized
residual sum of squares:

N P
B9 = argming Y (yi —Bo— (i - ;) (2.8)
i=1 j=1
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P
subject to Z BJQ- <t (2.9)

J=1

When there are many correlated variables in a linear regression model, their coefficients can become
poorly determined and exhibit high variance. A wildly large positive coefficient on one variable
can be canceled by a similarly large negative coefficient on its correlated cousin. By imposing a
size constraint on the coefficients, this problem is alleviated.

The LASSO, on the other hand, is still a shrinkage method like ridge, with subtle, but important
differences shown in the following equations:

N p
ﬁlasso _ argming Z(yl — By — Z(xij . 6],))2 (210)
i=1 j=1
p
subject toz 1B <t (2.11)

j=1
Notice the similarity to the ridge regression problem: LASSO is still minimizing the penalized
residual sum of squares (equations 2.8 and 2.10), but it is replacing the ridge penalty > 7 ﬁjz
(equation 2.9) with the lasso penalty Y 7 |3;] (equation 2.11). Because of the nature of this
constraint, making it sufficiently small will cause some of the coefficients to be exactly zero. Thus,
the LASSO does a kind of continuous subset selection. Like the subset size in variable subset
selection, or the penalty parameter in ridge regression, it should be adaptively chosen to minimize
an estimate of expected prediction error with the same computational cost.

Consequently, due to the large dataset (441 items times 20 months) the LASSO regression is
preferred to the Ridge one.

Poisson

The Poisson distribution is a distribution function useful for characterizing events with very low
probabilities of occurrence within some definite time. It is similar to regular multiple regression
except that the dependent (Y) variable is an observed value that follows the Poisson distribution.
Thus, the possible output values of Y are the nonnegative integers.
The Poisson distribution models the probability of y events with the formula:
e Bt (ut)Y

Pr(y =yl t) = ZUD o1, (2.12)
The parameter ; may be interpreted as the risk of a new occurrence of the event during a specified
exposure period (¢). The Poisson distribution has the property that its mean and variance are
equal.

Jittering method: the bootstrap modified forecasting method

This method is obtained from a modification of the Efron’s bootstrap method, which creates
pseudo-data by sampling with replacement from the individual observations

([Willemain et al., 2004]). This simple approach would ignore autocorrelation in the demand
sequence and produce as forecast values only the same numbers that had already appeared in the
demand history.

The modified bootstrap method by [Willemain et al., 2004], instead, reacts to three difficult
features of intermittent demand: autocorrelation, frequent repeated values, and relatively short
series. The autocorrelation uses a two state, first order Markov process: the forecast starts with a
sequence of zero and nonzero values over the periods of the lead time. After that, the specific nu-
merical values to the non-zero forecasts need to be added. Applying the non-zero values that have
appeared in the past, in this case, would generate unrealistic bootstrap sample. Consequently,
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in this modified bootstrap method, one of the nonzero demand values is selected at random and
jittered (add some random variation, equation 2.13), to allow some chance for a nearby value to
be used instead. The jittering process is designed to allow greater variation around larger demands.

The complete algorithm of the modified bootstrap method by [Willemain et al., 2004] is shown
below:

- Step 0: Obtain historical demand data in chosen time buckets (e.g. days, weeks, months).

- Step 1: Estimate transition probabilities for two-state (zero vs. nonzero) Markov model.

- Step 2: Conditional on last observed demand, use Markov model to generate a sequence of zer-
o/nonzero values over forecast horizon.

- Step 3: Replace every nonzero state marker with a numerical value sampled at random with
replacement from the set of observed non-zero demands.

- Step 4: Jitter the nonzero demand values, as shown in equation 2.13.

- Step 5: Sum the forecast values over the horizon to get one predicted value of lead time demand.
- Step 6: Repeat steps 2 —5 many times.

- Step 7: Sort and use the resulting distribution of lead time demand values.

Let X* be one of the historical demand values selected at random, and let Z be a standard normal
random deviate. The jittering process works as follows:

JITTERED =1+ INT(X* + ZVX¥) (2.13)

2.4.4 Forecast Performances (KPIs)

The new forecasting methods are tested and compared with the benchmark model, using actual
data from Ciret. Benefits and further room of improvements need to be identified. To evalu-
ate these new methods, different error measurements can be utilized. Even if the final goal is
to reduce the total costs and increase the service level, a performance measurement to identify
which forecasting method perform the best is essential. The literature presents a wide variety
of error measurements, from which the most important ones are selected: Mean Error (ME)
([Ramos et al., 2015]), Mean Absolute Error (MAE) ([Taylor, 2007]; [Carbonneau et al., 2008];
[Ali et al., 2009]; [Huang et al., 2014]; [Ramos et al., 2015]; [Ma et al., 2016], MPE

([Divakar et al., 2005]; [Ramos et al., 2015]; [Ma et al., 2016]), Mean Absolute Percentage Error
(MAPE) ([Divakar et al., 2005]; [Fildes et al., 2009]; [Williams et al., 2014]; [Huang et al., 2014];
[Ramos et al., 2015]), and Root Mean Square Error (RMSE) ([Wright and Yuan, 2008];

[Ramos et al., 2015]; [Ma et al., 2016]). The error measurements that have just been listed are
described below.

Forecast’s performance measurements

The forecasting KPIs are below described. Subsequently, only the results obtained from the most
relevant performance measurements (MAE, MPE and MAPE) are shown in the research, while
the other ones (ME and RMSE) are available in the Appendix D.

ME: Mean Error, average of all the errors [quantities] between actual and forecasted incoming
orders per article in the 8 testing months, considering both positive and negative values, which
compensate each others.

MAE = mean(y — 9) (2.14)

MAE: Mean Absolute Error, average of all the absolute errors [quantities] between actual and
forecasted incoming orders per article in the 8 testing months. It identifies how many pieces an
average are not estimated correctly.
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MAFE = mean(|ly — 9|) (2.15)

MPE: Mean Percentage Error, the forecast errors are divided by the their actual values and
multiply by 100 in order to get the percentage error of each article at every test point. The
average calculation comes after. This measurement allows to check whether a forecasting method
is over or underestimating.

MAPE = mean(100 - yy%y) (2.16)

MAPE: Mean Absolute Percentage Error, it reproduces the MPE concept, but the absolute value
of the errors are considered. It is the most important measurement since it is not biased by negative
values and different articles sales.

MAPE = mean(100 - |yy%y ) (2.17)

RMSE: Root-Mean-Square Error is the square root of the average of squared errors. Each error
(441 articles for 8 month-time points) is raised to the power of 2, than the average of all the
obtained values is found and moved into the square root. Larger errors have a disproportionately
large effect on RMSE. Consequently, RMSE is sensitive to outliers.

RMSE = v/mean((y — §)?) (2.18)
With:
y: Actual value; §: Forecasted value.

2.5 Replenishment Policies

In this section, a solution is proposed for the second part of the project. Also in the inventory
analysis, the existing literature is adopted to solve the business problem. From the literature
review, those replenishment policies that sounds to be the most appropriate to the case at issue
are considered and analysed.

The most common replenishment policy used in CPG contexts are the Continuous and Period-
ical traditional inventory policies. On the other hand, other two latest approaches were introduced
to deal with high inventory levels and bullwhip effect. The first one corresponds to the Smooth-
ing order up to (OUT) replenishment policy ([Dejonckheere et al., 2004]; [Disney et al., 2006];
[Costantino et al., 2015]; [Costantino et al., 2016]), while the second policy, instead, is the statist-
ical process control (SPC) based replenishment policy ([Cheng and Chou, 2008],

[Costantino et al., 2015]). Before describing these replenishment policies, the one currently adop-
ted by Ciret is firstly defined in order to identify the benchmark model for the inventory analysis.

2.5.1 Benchmark model: the Ciret Replenishment Policy

Here the benchmark model for the inventory analysis is introduced and the sub-question number
4 is answered.

The replenishment policy applied by Ciret is the traditional continuous review policy inventory
policy. When the inventory level gets underneath a certain level s, which is defined by the safety
stock (SS) and the expected demand during the supplier lead time, the employees place an order
Q, which mirrors the EOQ method. The ordering quantity formula used by Ciret shows a small
difference compared to the classic one (equation 2.23), considering also the storage cost rate s in

the denominator:
2-A-F
N i — 2.19
@ \/ p-(i+s) ( )
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With:

@: Optimal order quantity;
A: Fixed ordering cost;

F': Article yearly forecast;
p: Unit price;

1: Interest rate;

s: Storage cost rate.

The storage cost rate s is determined using the following formula:
storage cost rate per cm? - article Volume (mm?)

_ 2.2
5 1000 (2.20)

The safety stock, instead, is calculated as follow:

S8 =z-\/B(L) 6% + (B(F))?- 5} (2.21)

It considers the supplier unreliability and the forecast uncertainty, in particular:
E(L): mean lead time;

62 Standard deviation of the forecast errors;

E(F): Mean forecast;

§2: Standard deviation of the lead time;

z: Safety stock parameter.

However, the standard deviations of the suppliers lead times are not provided by Ciret company.
Consequently, the lead times will be considered as constant (Section 4.1.1) and the safety stock
formula is reviewed as:

SS=z-4/E(L) 6% (2.22)

2.5.2 Replenishment Policies: A Literature Review

The entire flow of information, materials, and services needed to fulfil the customers demand
comes within the Supply Chain Management. The SCM corresponds to the administration of
the flow of goods, operational activities, decisions, services and information channels of all the
parties involved in the business. This helps to coordinate the operations of individual supply
chain members and improve the overall system profit. Although a completely integrated solution
may result in optimal system performance, it is not always in the best interest of every member.
Consequently, firms adopt strategies to better manage their internal operations and improve their
profitability.

In the past 40 years supply chain strategies have evolved from push strategies to pull ones and
finally to push-pull strategies. In this hybrid approach, push strategies are applied in the initial
stages, where suppliers’ production and distribution decisions are based on long-term demand
forecasts based on the orders received from retailers; and pull strategies take effect in the final
stages, where production and distribution are purely inventory and actual demand driven. Once
the different forecasting methods to test are introduced, the only thing left is to investing the
appropriate replenishment policies that can improve the Ciret performances.
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Previous research from the literature has emphasized the importance of selecting accurate
forecasting methods and proper ordering policies (inventory decision rules) in order to counter-
act the bullwhip effect in supply chains and reduce the costs involved ([Wright and Yuan, 2008];
[Dejonckheere et al., 2004]; [Costantino et al., 2015]). Most previous studies have shown that in
those supply chains that face order-up-to (OUT) inventory policy and do not consider the fore-
casting method integrated and the demand process, the bullwhip effect is more likely to appears,
followed by higher inventory, costs and stock-outs ([Bayraktar et al., 2008];

[Dejonckheere et al., 2004]).

In a variety of contexts, Continuous and Periodical policies have been shown to be optimal.
Since the Periodic review order-up-to policy is popular in practice, as it is known to minimize
supply chain costs, it was used for the majority of the studies [Costantino et al., 2015].

Instead, extensive researches have been focusing on investigating smoothing replenishment
rules to avoid the bullwhip effect. These policies modify the traditional policy, adding pro-
portional controllers to regulate the reaction to demand changes ([Dejonckheere et al., 2004];
[Disney et al., 2006]; [Costantino et al., 2015]; [Costantino et al., 2016]). Together with the re-
plenishment policies, other approaches to reduce the bullwhip are investigated in the literat-
ure: improving the forecasting method used ([Bayraktar et al., 2008]) and sharing information
across the supply chain ([Dejonckheere et al., 2004]; [Kelepouris et al., 2008]; [Cho and Lee, 2013];
[Costantino et al., 2016]).

[Pfohl et al., 1999] developed a real-time inventory decision support system by applying the

control charts for inventory level and demand along with a series of decision.
[Cheng and Chou, 2008], in conclusion, extended the work of Pfohl by introducing the ARMA
control chart for the demand and the individual control chart with different rules for the in-
ventory level. Unfortunately, the ARMA control chart was not possible to applied due to the
lack of a significant external variable to monitor. However, [Costantino et al., 2016] extended the
[Pfohl et al., 1999] studies by proposing a new inventory control system (the Statistical Process
Control RP)to reduce the bullwhip effect and increase the inventory stability through control
charts that forecast the demand and control the inventory position variations respectively.

2.5.3 List of the Replenishment Policies

The replenishment policies proposed in the research are introduced below. Firstly, the traditional
inventory policies (Continuous and Periodic) are presented, followed by the Smoothing and the
Statistical Process Control OUT inventory policies.

Continuous Traditional Replenishment Policy

The traditional continuous review policy is the same inventory policy adopted by Ciret (Section
2.5.1) and it is widely used in the retail industry. When the inventory level gets underneath a
certain level s, which is defined by the safety stock (SS) and expected demand during the supplier
lead time, an order Q, equals to the EOQ, based on the year forecast is generated:

2-K-F
= 2.23
Q=25 (2:23)
@: Optimal order quantity;
K: Fixed ordering cost;
F': Article yearly forecast;
H: Holding costs (per year, per unit).

The holding cost per unit is often expressed as the cost per unit (p) multiplied by the interest rate
(i), expressed as follows:
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H=p-i (2.24)

The safety stock is calculated as follow:

SS=z-4/E(L) 6% (2.25)

As the benchmark model, it considers only the forecast uncertainty, in particular:
E(L): mean lead time;

62 Standard deviation of the forecast errors;

z: Safety stock parameter.

Periodic Traditional Replenishment Policy

In the Periodic traditional replenishment policy the inventory level is checked every R periods.
This type of replenishment policies is common in retailing industry, which still tends to replenish
inventories frequently (e.g. daily, weekly, etc.). In this traditional OUT policy, at the end of each
review period (R), a nonnegative replenishment order Oy is placed whenever the inventory position
I P, is lower than a specific target inventory or base stock level Sy :

Ot zMam{(St —IPt),O} (226)
PI

Si=> Fipii1+ 55 (2.27)
=1

With:
Fyy;—1: Forecasted value for the period t+i-1

The Protection Interval PI, computed as lead time plus review period (L+R), refers to the period
of time that a firm must rely on its safety stock to “protect” against a stockout. In conclusion,
the safety stock is expressed as follows:

SS, =z \/E(L) - 62 (2.28)

With:

E(L): mean lead time;

62 Standard deviation of the forecast errors;
z: Safety stock parameter.

Smoothing Order-Up-To Replenishment Policy

The Smoothing OUT policy is a generalized variant of the traditional policy to allow order smooth-
ing through avoiding the over/under-reaction to demand and inventory variations. In the smooth-
ing OUT inventory decision rule, a fraction of each error term is recovered in each review period
to dampen the ordering variability. Consequently, a order is placed following the next equation
2.29:

TNI, + TSL;, — IP;

O, = max{F, + Tn 0} (2.29)
With: )
TSL;: Target amount in supply line/pipeline = Ly - F;
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TNI;: Target net inventory /safety stock = z; - F,
Fy: Average forecast in lead time period

Tn: Smoothing period

Lg: Supplier lead time

z: safety stock parameter

Moreover, the safety stock is considered in the previous equation (2.29) and it takes into account
the demand variation by extending the lead-time with the safety stock parameter z as shown in
the following equation:

S = (La+ R+ 2)F; (2.30)

Statistical Process Control

The Statistical Process Control (SPC) is an inventory replenishment system that integrates two
control charts for demand forecasting and inventory position control.

A typical control chart contains three basic elements: a centerline (CL) that refers to the
average of the process variable, and lower and upper control limits (LCL and UCL)

([Costantino et al., 2016]). When the process variable is in-control, it is expected that 99.73% of
the demand data points will be within the lower and upper control limits.

The first control chart monitors the variation of the incoming orders over time in order to
modify adequately the predictions whenever a considerable demand change is present; without
over /under-reacting to demand changes. The control limits of the demand control chart can be
calculated as follows:

UCLd’t = CLd’t + 3- Ud,ty

1
CLay = > 10, (2.31)
LCLd7t = CLd7t -3 Od,t-

With:

10: Historical incoming orders;

W: Number of periods considered;

o4,+: Standard deviation of the demand at time t.

On the other hand, the second control chart is employed for monitoring and controlling the in-
ventory position variation. The goal of the second control chart is to control the sensitivity of the
ordering process to the inventory position variations to allow order smoothing. Moreover, it is
created to enhance order smoothing by limiting the reaction to inventory position variation.

Following the same concept, the limits of the inventory position control chart are calculated
as follow:

UCL;y =CL;3 + 3 - 044,
CLiy = (La+2)- Fy, (2.32)
LCLi’t - CLi,t - 3 . Ui,t~

With:

Fy: Average forecast of the lead time period;

Lg: Lead time;

z: Safety stock parameter.

0;+: Standard deviation of the demand at time t.
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Successively, different decisions need to be applied whether the demand or the inventory slide
off the control area. The demand decision rules are based on the last observations of incoming
orders. In particular, if the demand is in-control compared to the demand control chart, then the
expected demand should be considered equal to the centerline. Otherwise, if the demand is out of
the limits, then the expected demand should be altered based on the corresponding decision rule
as shown below:

Zf Dt > UCLd)t then EDt = max{Ft; C’Ld,t}
Zf Dt < LCLd’t then EDt = mln{Ft, CLd’t}
if LCLqy < Dy < UCLqy then EDy = CLg,

With:
ED;: Estimated demand at time t;
F;: Forecasted value at period t.

Regarding the inventory control chart, instead, the decision rules depend only on the last obser-
vation of inventory position. An inventory adjustment should be determined when the inventory
position is out-of-control, while there is no need for inventory adjustment if it does not. By doing
that, smoothing orders can be realized and thus the bullwhip effect can be controlled.

1
o
if It < LCL; ¢ then Invby = Cin -(LCL;; — It)}
if LCL;y < Iy <UCL;y then Invb, =0

if Iy > UCL; ; then Invb, =

3

With: C,, equals to the smoothing period. In conclusion, when a order is placed at the end of
time ¢, it equals the sum of the expected demand and the inventory balance determined by the
above decision rules:

O, = Max{ED; + Invb; 0} (2.33)

2.5.4 Replenishment Performances (KPIs)

Regarding the best replenishment policy to adopt, tests will be conducted to identify which one
guarantees the best performances and, at the same time, respects the service level required by the
company. Different performance measures can be considered, starting from the service level and
costs related to the supply chain. ([Disney et al., 2006]; [Lee et al., 1997]; [Kelepouris et al., 2008];
[Broekmeulen and Van Donselaar, 2009]; [Cho and Lee, 2013]; [Costantino et al., 2015];
[Costantino et al., 2016]; [de Oliveira Pacheco et al., 2017]). However, other measures can be
used, such as average inventory, bullwhip effect ratio, days at stock and inventory turnover.
([Dejonckheere et al., 2004]; [Disney et al., 2006]; [Kelepouris et al., 2008]; [Cho and Lee, 2013];
[Grewal et al., 2015]; [Costantino et al., 2015]; [Costantino et al., 2016];

[de Oliveira Pacheco et al., 2017]).

Before describing these KPIs, the costs related to the supply chain need to be introduced first,
which are defined as logistics costs in this research.

Logistics Costs

In order to evaluate the solutions proposed and the quality of the research, the logistics costs
incurred in the current single-echelon supply chain need to be declared. This section is going to
answer to the sub-question number 5.

[Toyli et al., 2008] identify transportation, warehousing, inventory carrying and administra-
tion as components of logistics costs. However, definitions of logistics costs are many, and vary
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considerably. [Gunasekaran et al., 2001], for example, include also the possible costs of lost sales
under warehousing costs, while [Zeng and Rossetti, 2003] add customs, risk and damage as well
as handling and packaging costs to the list.

Concerning the case at issue, the main four components classified by [Toyli et al., 2008] are
considered. Moreover, the costs of lost sales are added to the list due to the lack of backorders in
the supply chain. In conclusion, the logistics costs are divided as follow:

e Transportation costs: It coincides with the third party logistics provider costs. In order
to calculate this costs, Ciret provides a percentage of the company annual turnover.

e Warehousing costs: These costs corresponds to the warehouse operations costs, which
include inbound processing and movements. In order to calculate that, two different eco-
nomical value are provided whether the incoming pallet contain articles regarding only one
SKU or not.

e Carrying costs: The carrying costs cover the warehouse storage space costs, utilities, taxes
and insurances. In the current research, an economical value per pallet per day is given.

e Administration costs: In this research, the administration costs refers to the costs of
general service (order preparation, contracting, accounting, IT). Regarding this value, the
company provides an economical value per order generated.

e Shortage costs: Shortage costs are the costs incurred when stock outs take place. While
this kind of costs can be determined quite precisely, others are not so easy to pinpoint, such
as the cost in terms of customer loss of loyalty or the general reputation of the company.
The costs is calculated based on the lost sales multiplied by the profit margin per article.

After the placing of the logistics costs involved in the supply chain, the KPIs applied in the
inventory analysis can be described.

Replenishment Policy’s performance measures

After the costs identification, it is possible to present the KPIs needed to evaluate the new models
proposed and quantify their advantages compared to the benchmark ones.

e Total costs: The total costs include all the costs presented in previous section and it gives
an important view of the applied method’s convenience.

e Actual costs: These costs differ from the total costs only because the shortage costs are
here not counted. This KPI considers in depth the real costs involved in the business, since
the shortage costs often are difficult to determine properly. Consequently, it is, together with
the service level, the most important KPI introduced, based on the fact that the research
goal is to reduce these costs as much as possible.

e Service Level: In inventory management, this KPI is used to measure the performance of
inventory policies and represents the probability of not being stock-out. This value corres-
ponds to the "fill rate” adopted in many papers. It is expressed as a percentage of ordered
quantities satisfied per month:

Incoming Orders — Average Out O f Stock
Incoming Orders

Service Level = (2.34)

e Average inventory: This KPI gives a good overview of the replenishment policy evolution,
how much is at stock and the following warehouse capacity and personnel needed.
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e Stock worth/Turnover: This value returns the percentage of the annual turnover stocked

in the warehouse. It is a useful KPI, since it is possible to compared it with the real one
performed by Ciret.

Inventory Turnover Ratio: This ratio shows how effectively inventory is managed by
comparing cost of goods sold with the average inventory for a certain period. It measures
how many times a company has sold and replaced inventory during that period:

Yearly Turnover

Inventory Turnover Ratio = (2.35)

Average Inventory

Days at stock: This is a useful KPI for the managers, which returns the average of the
days that an article spent in the warehouse.

365
Inventory Turnover Ratio

Days at stock = (2.36)

Bullwhip Effect Ratio (BWE): It is also known as order variance ratio and it quantifies
the amplification of order variability across the supply chain. It is used to calculate the
bullwhip effect, which appears when the bullwhip ratio is greater than one.

Generated Orders Variance

Bullwhip Ef fect Ratio (BEW) = (2.37)

Demand Variance
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Data Overview

In this chapter an overview of the data available is presented. Firstly, the factors that are influ-
encing the incoming orders are introduced, then the dataset described, and finally the cleaning
process is expressed. In conclusion, the data are unloaded into a plot and analysed to identify the
demand patterns.

3.1 Demand Factors

In this section the factors that affect the demand are analysed in order to evaluate the right
countermeasures to adopt. Here the sub-question number 2 is answered.

Demand signal processing refers to the situation where demand is non-stationary and the
person concerned uses past demand information to update forecasts [Lee et al., 1997]. If the
retailer faces a peak of demand in one period, it will be interpreted as a signal of high future
demand and a larger order may be placed [Dejonckheere et al., 2004]. Thus, distributors may
incur in overstocking because they overestimate retail demand. The different demand factors
concerning the incoming orders that may be addressed by suppliers are listed below:

e Order batching is a widely used mechanism in the supply chain to achieve economies of
scale. For example, ordering such that the transportation capacity is fully utilized is one
example of behaviour to achieve that. These types of behaviours induce additional variability
into order patterns.

e Non-turn volume is created by supplier programs to increase a SKU’s volume through
promotional activity. For example, CPG suppliers may purchase in-store displays or addi-
tional shelf space from the retailer for a period of time, which leads to short-term changes
in the retailer’s ordering pattern.

e The rationing game refers to the strategic ordering behaviour of buyers when supply
shortage is anticipated. It considers products whose demand potentially exceeds supply due
to limitation in production capacity or uncertainty of production yield.

e Price variations refer to non-constant purchase prices of the product. In fact, the price
fluctuation corresponds to the frequency and the depth of the manufacturer’s trade promo-
tions (i.e., wholesale price discounts). This prescription generates more demand distortion
in the supply chain.

3.2 Dataset

The historical incoming orders are the core of the dataset required for testing the different forecast-
ing methods and replenishment policies proposed in the Master thesis. As mentioned in Section
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2.3, Ciret changed the ERP system in September 2017 and the fusion of these two datasets was
proposed in order to obtain more data to analyse. However, it is not possible to merge them due
to the difference of the data contained: the first one has both daily orders and deliveries, while the
second one only monthly deliveries, as it is possible to notice in Figure 3.1. Consequently, only the
first dataset from Briljant Administrator is used for the Data2Move project. It consists of a daily
list of articles ordered and delivered from January 2015 to August 2017. Each line includes the
article number, its descriptions, the product-family to which it belongs to, the client that ordered
the article, the quantities ordered and delivered. Ciret offers more then one thousand items on
sale, but only 441 unique articles are considered for the project under examination.
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Figure 3.1: Merging the datasets on the same timeline

3.3 Cleaning Dataset

As already announced in Section 2.3, the raw dataset is firstly reduced by considering only the
most common and best-selling families, in order to reduce the number of items to test and only
concentrate on the most important ones, due to the significant amount of available data and to
the big noise that may be present in the following tests. Consequently, the new dataset considers
the first 10 families that corresponds to the 80% of the annual turnover, resulting in 655 SKUs and
348167 observations in two years and a half. The items numbers that have been changed during
these years are substituted with the new codes. Successively, many of these 655 unique products
are removed because they are not anymore in production or they were recently introduced and
no historical data are available. Finally, 441 articles are analysed for reaching conclusive findings.
Moving forward, two datasets are created starting from these 441 items: the first one considers
monthly incoming orders and the second one weekly incoming orders. They are also spliced to
have datasets with no-zeros values for those forecasting techniques that are requesting it. In
conclusion, the last step is focusing on splitting the data into a train and validation set. The
train set is used to develop the forecasting and replenishment models, while the validation set is
used for the validation of the results. In the forecasting analysis, a 75-25 split for the train and
validation set is applied: corresponding respectively to 24 and 8 months for the first dataset, and
to 106 and 35 weeks for the second one.

Regarding these 441 articles, Ciret faced a sale of four million and a half units during the
reporting period of 2 years and half, with a monthly average of 321 pieces and a standard deviation
of 213 per article, while the weekly average sale and its standard deviation count respectively 73
and 74 pieces. These information, with 84 of the 441 articles that have higher standard deviation
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than average sale in the monthly dataset and 274 articles in the weekly one, reflect a certain
randomness in the incoming orders demand.
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Figure 3.2: Monthly incoming orders Figure 3.3: Weekly incoming orders

3.4 Dataset Analysis

The total demand per month is plotted and decomposed in order to analyse it and locate the
demand patterns. The decomposition is made for both the datasets, monthly and weekly, consid-
ering the two years and a half of data available (Fig. 3.2 and Fig. 3.3). It is possible to notice how
both the datasets present a positive trend through the years. Also the seasonal patterns of the two
different decompositions look alike, however the one in the weekly dataset shows more ups and
downs through the year respect the previous one, which only recognize a high peak in February,
right after the low season, and a decreasing evolution till the depressions in December. In con-
clusion, both of them have random noise in the dataset, which is more significant in the weekly one.
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Figure 3.4: Monthly decomposition Figure 3.5: Weekly decomposition

Due to seasonality presence, the Seasonal ARIMA forecasting method can be one of the forecasts
that may fit the best in the current case. A first example of its applicability is carried over with
these total incoming orders per month (Fig. 3.2), without looking at the items in detail, in order to
check if the seasonal forecast technique reacts good to the available data and if it can be considered
to predict the incoming orders, article by article. The SARIMA forecasting method is described
in Section 2.4.3.
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The forecast is generated and Figure 3.6 shows the SARIMA predictions compared to real val-
ues in the first 8 months of 2018. It is possible to notice that, generally, the forecast underestimates
the demand, but it is able to recognise the seasonality fluctuation. Consequently, SARIMA will
be tested in the forecasting analysis together with the other forecast techniques.
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Figure 3.6: SARIMA forecast compared to the total monthly orders over the first 8 months of
2017
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Chapter 4

Forecasting Analysis

Once the seasonality pattern has been confirmed, it is possible to apply the SARIMA and SAR-
IMAX forecasts, along with the other forecasting methods, for each item in the dataset. Unfortu-
nately, since the manual process to set the SARIMA parameters takes long time
([Hyndman and Athanasopoulos, 2018]), it has been opted for a automatic approach, which not
always find a seasonal pattern. The approach adopted in the forecasting analysis is described in
this section, followed by the results of the different forecasting methods applied.

4.1 Forecasting Approach

In this section, the approach, the data and the assumptions used in the forecasting analysis are
described. Initially, as announced in the previous Chapter, only the dataset with the incoming
orders from the 1st of January 2015 to the 31th of August 2017 is used. An ABC analysis is
made in order to better analyse the Ciret products and focus on their different types. The ABC
classification is shown in the following figure.

120.00%

e ?

80.00% c
= o
£ Figure 4.1: ABC
e 60.00%
s .
3 Analysis
4000% A: Quantity ~ 60%
A Articles ~ 21%
: Quantity ~ 30%
2000% Articles ~ 34%
C: Quantity ~ 10%
i Articles ~ 45%
0.00%
] 50 100 50 200 250 300 350 400 450 500

Number of articles

The A classification corresponds to those articles (21% of 441) that cover the 60% of the incoming
orders in the datasets. Furthermore, the B classification equals to the 30% of total incoming orders
and includes the 34% of the SKUs, while the C classification covers only the 10% of the incoming
orders with 45% of the articles.

For each ABC classification, different types of forecast are applied, tested, and compared with
the benchmark model: the Ciret forecasting method. The R program is used to generate them.
These forecasts are here mentioned once again: Holt Winters, ARIMA, ARIMAX, SARIMA,
SARIMAX, LASSO, Poisson and the Jittering forecasting method.
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Firstly, the forecast are carried over with the monthly dataset: the first 24 months are used
as train set to make the forecasting methods work. Starting from January 2017 (month 25)
the different methods are evaluated based on the remaining 7 months (as shown in Figure 4.2),
updating their inputs with new actual incoming orders, month-to-month.

Secondly, the forecasting methods are carried over with the weekly dataset. The concept is the
same as monthly forecast, but with more input values (starting with 106 weeks) and output points
(35 weeks). Successively the weekly forecast outputs are aggregated to create monthly values.
How they are aggregated together is expressed in the following assumptions (Section 4.1.1).

ARIMA, ARIMAX and LASSO forecasting methods are applied to all the scenarios: different
ABC classification and type of data (monthly or weekly). Holt Winters, SARIMA and SARIMAX,
instead, are only applied to the monthly dataset, due to the impossibility to get the high number
of parameters in the HW method and due to the long calculation times in the weekly dataset for
the SARIMA ones. Poisson and the Jittering methods, on the other hand, are exercised only for
the C products, due to their statistics characteristics ([Willemain et al., 2004]).

Regarding the data required, LASSO method uses all the historical incoming orders of 440
SKUs, excluding the ones concerning the SKU considered for the forecast, as input data. ARIMAX
and SARIMAX forecasts, on the other hand, adopt the quantities ordered per product-family per
month/week, without considering the historical values of the current article forecasted, as external
variables.

Finally, all these forecasts are tested with the actual incoming orders. The error measurements
are applied to each product category in order to compare them with the benchmark model and
evaluate which forecasting method performs the best for a particular product-type.
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Figure 4.2: Approach overview for the forecasting analysis

4.1.1 Assumptions

Different assumptions are made to complete the model and obtain the results. The assumptions
adopted in the forecast process are listed below:

e In the Ciret forecasting approach (Section 2.5.1), the prediction is adjusted also considering
possible new stores opening, based on their managers’ experiences. Due to the complexity
of reproducing correctly this procedure, in the benchmark model the new stores prediction
is divided by the number of the current active customers at the time of the forecast and,
successively, multiplied by the number of the active customers during the forecasted period.
Since the dataset includes information from January 2015 to August 2017, the number of
the active customer over the time period is known. Consequently, this makes the prediction
of new stores opening a perfect prediction. This calculation is shown in the Ciret forecasting
method, available in the Appendix B.

e In order to compare the weekly forecast with the monthly ones, the weekly predictions need
to be aggregate monthly, because of the month-time based forecast error measurements. The
sums are made as follows: January (from week 1 to 4), February (from 5 to 8), March (from
9 to 13), April (from 14 to 17), May (from 18 to 22), June (from 23 to 26), July (from 27 to
31), August (from 32 to 35).
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e Regarding C-type products in the forecast error measures, the many zeros in the testing
set bend the MPE and MAPE results (dividing the forecast errors by zero and returning
infinite values, Table 4.5). In order to avoid zeros in the forecasting test and to have reliable
error measurements, monthly quantities are aggregated per quarter (Table 4.6). The testing
points are the first 8 months of 2017, which are now combined as follows to obtain three
quarters:

- Quarter 1 (January and February)

- Quarter 2 (March, April, May)

- Quarter 3 (June, July, August)

Consequently, the error measurements are applied for each article (441 in total) in 3 time
periods.

4.2 Benchmark Model Results

The Ciret forecasting method is chosen as the benchmark model to evaluate the new forecasts
applied. The complete algorithm adopted is shown in the Appendix B. As explained in Section
4.1, the monthly Ciret forecast is evaluate for each product-type (A, B or C). Moreover, the C-type
forecast is analysed considering both a monthly time period (identified with the letter ?CC” in
the Table 4.1) and a quarterly time period (”C”). The following table shows the Ciret forecasting
accuracy, tested over the first 8 months of the year 2017.

A -32,60% 712,96 77,17%

-72,85% 257,80 107,16%
C -170,61% 178,15 184,43%
cC -1263,43% 80,41 1279,21%

Table 4.1: Ciret forecast results

It is possible to notice that, passing from products A to products C, the MAE decrease, while the
MPE and MAPE results increase respectively. This is due to the fact that the monthly incoming
orders decreases from A-type to C-type.

Moreover, the table shows that the worst MAPE performances appear when predicting the C
items. This is because the MAPE measurement returns a percentage value, which increases if the
same incorrect quantities are predicted over less incoming orders. Consequently, the MAPE results
say that the Ciret forecast is more accurate for the A-type products due to higher quantities in
the A classification, even if the average error is the highest in the table (a Mean Absolute Error
of 712,96 compared to 80,41 regarding C items). In conclusion, the negative values given from the
MPE measurements suggest how the Ciret forecasting method always tends to overestimate the
demand.

These findings are successively compared with the only forecasting error measurement available
in the firm. It corresponds to the deviation between the actual and forecasted values of the first
three months of the year, as shown in the Table 4.2.

This table allows to check how well the Ciret forecast has been reproduced. The benchmark
model generated in R gives an overall MAPE of 96.89%, which is obtained by multiplying the
MAPE results in Table 4.1 with the respective ABC percentages (Figure 4.1). The weighted
percentage deviation of the first three months of 2018 given by Ciret, instead, shows an average
deviation of 117,7%. This 11% difference could be issued by the assumptions made in Section 4.1.1,
especially for the exact estimation of the new stores opening, which can give better information in
the forecast, improving the accuracy. Another possible reason could be the different time period
of the measurements, since the generated forecast in R is tested on eight months, while the real
Ciret forecasting method only on three.
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Deviation Classes

Number of

SkKUs

Sum of the quantity
deviation between actual
and forecasted = ]
from Jan to Mar 201

Weighted average
of percentage
dewviation from Jan
to Mar 2018 [%]

Absolute
average of
deviati

weighted
percentage

from Jan to

Mar 2018 [%]

MNa Deviation 12 - 0,0 0,0
5 Less than 10% 37 -5.517 -6,0 5,0
E From 10% to 25% 34 -12.773 -15,7 15,7
= From 25% to 50% 4 -14.101 -34,2 34,2
,;f' Mare than 50% 58 -254.263 -274,0 274,0
= Total 163 -286.654 -245,6 245,6
c Less than 10% 53 5.606 6,6 6,6
3 From 10% to 25% 103 44.305 17,4 17,4
5 From 25% to 50% 182 175.721 38,9 38,9
f Mare than 50% 282 482.946 81,1 81,1
o Total 708.579

Table 4.2: Ciret actual forecast accuracy

Moreover, Table 4.2 shows also how, on average, the Ciret forecast tends to predict more
quantities than required, with more than 700 thousand pieces overestimated compared to the 287
thousand underestimated. This confirms the trend identified in the generated Ciret forecast ( Table
4.1), which always shows a negative value in the MPE results.

4.3 Other Forecasts Results

Once the benchmark model is tested and its performances obtained, it is possible to move on
to the other forecasts results. The other forecasts, which are described in Section 2.4.3 are here
analysed and compared to the Ciret method, as the last column in following tables shows. Both
the monthly and weekly approach are considered (identifiable with the brackets on the top-left in
the following tables) and evaluated based on the monthly time period as explained in Sector 4.1.

ABC Anaipsis A (monthly) MPE MAE MAPE  MAPE diff.
- Ciret -32,60% 712,96 77.17%
Holt Winters -38,84% 1069,69 86,35% 9,18%
e ARIMA -9,21% 479,02 48,09% -29,08%
SARIMA -8,99% 486,38 48,08% -29,09%
LASSO 19,80% 841,00 75,87% -1,30%
ARIMAX -12,59% 482,30 51,57% -25,60%
SARIMAX -23,53% 519,86 58,18% -18,99%
A A (weekly) MPE MAE MAPE  MAPE diff.
ARIMA -10,09% 309,20 35,32% -41,85%
LASSO 18,00% 782,72 72,73% -4,44%
ARIMAX -18,09% 325,47 40,32% -36,85%

Figure 4.3: A-type products in the

ABC anlysis

Table 4.3: Monthly accuracy of the

forecasts regarding A products

Concerning the A products ( Table 4.3), almost all the forecasts return better performances com-
pared to the benchmark model, based on the MAPE measurement. Holt Winters is the forecast
that predict worst the incoming orders, showing the highest error values for all the measurements
adopted, while the LASSO technique has almost the same performances of the Ciret one, con-
cerning the A items. Indeed, LASSO shows a better MAPE value than the benchmark model, for
both the monthly and weekly approach, but it has worse values regarding the MAE. The MPE
results, instead, show that the LASSO forecasting method is the only one that underestimate the
incoming orders demand.
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On the other hand, ARIMA is the one that fits the best for the A-type products prediction.
Especially, weekly ARIMA returns the smallest values for all the error measurements, decreasing
the MAPE from 77% of the benchmark model to 35% of the new forecasting method. These find-
ings, together with the poor performances of the Holt Winters method and the similar results of
monthly ARIMA and SARIMA, suggest that the demand presents higher autocorrelation behavior
than a seasonality one. These two last methods are tied for the third-best forecasting method,
concerning the A products. They get similar results because the SARIMA algorithm does not
identify automatically seasonal patterns in all the items and, when the seasonal pattern is not
found, the ARIMA calculation is applied. In conclusion, the second best result is given by the
weekly ARIMAX method, that is just 5% far from the weekly ARIMA Mean Absolute Percentage
Error.

ABC Anshvie {monthly) MPE MAE MAPE  MAPE diff.
Ciret -72,85% 257,8 107,16%
Holt Winters -68,87% 479,15 158,92% 51,76%

___..—-—"—'_' ARIMA 27,90% 189,50 71,66%  3550%

SARIMA -28,86% 188,86 71,78% -35,38%
LASSO 17,03% 275,50 70,16% -37,00%
ARIMAX -55,87% 197,49 91,29% -15,87%

SARIMAX -73,20% 216,49 102,81% -4,35%
{weekly) MPE MAE MAPE__ MAPE diff.
ARIMA -27,97% 125,51 53,20%  -53,96%
LASSO 9,27% 263,40 74,05%  -33,11%
ARIMAX -51,36% 135,88 71,40%  -3576%
Figure 4.4: B-type products in the Table 4.4: Monthly accuracy of the
ABC anlysis forecasts regarding B products

Looking at the findings for B-type products (Table 4.4), weekly ARIMA still gives the lowest
values for the MAE and MAPE measurements, confirming the quality of the forecast. It shows
an averaged weighted error of 53,2%, compared to the 107% of the benchmark model. Monthly
ARIMA and SARIMA techniques continue to get similar results, but they equalize the weekly
ARIMAX method this time. Monthly LASSO forecasting technique, in contrast to the other
forecasting methods, performs better for the B products. It is the only technique that decreases
its MAPE value passing from the test on the A-type products to the B ones. Table 4.4 shows a
MAPE value of 70% compared to the 107% of the benchmark model.

—— CC (monthly) MPE MAE __ MAE diff. MAPE __ MAPE diff.
Ciret -1263,43% 80,41 1279,21%
Holt winters | -1145,65% 98,49 18,08 1193,06%
ARIMA -809,06% 59,70 20,71 854,26%
SARIMA 814,96% 59,73 20,68 861,68%
LASSO -741,38% 72,51 7,90 807,42%
C Poisson -794,01% 61,82 18,55 839,06%
ARIMAX -1034,78% 70,04 10,37 1073,81%
SARIMAX -1070,12% 73,88 6,53 1156,99%

littering -681,06% 50,74 10,33 765,61%

CC (weekly) MPE MAE  MAE diff. MAPE
ARIMA -834,60% 51,45 -28,96 860,49%
LASSO -835,56% 69,54 -10,87 896,02%
Poisson -809,23% 62,97 -17,44 856,07%
ARIMAX -979,64% 60,51 -15,30 1228,81%
littering -104,03% 110,85 30,44 221,91%
Figure 4.5: C-type products in the Table 4.5: Monthly forecasts accuracy results
ABC anlysis for C products

To conclude the analysis, the forecasting test is carried out also for the C-type products. Here also
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the Jittering and Poisson forecasting methods are applied. A greater role is given to the MAE error
measure, due to the limitation of the MAPE KPI regarding the C-type products, as explained in
last point of the assumptions in Section 4.1.1. Indeed, as the Table 4.5 shows, the MAPE values
are extremely high. Keeping a look on the table, it is possible to notice that the weekly Jittering
method returns low MAPE value compared to the other results, even if, taken in isolation, it is
more than 200%. This finding suggests that Jittering forecasting method performs really good
with the zero values. However, its MAFE value is higher than the average, which confirms that the
Markov chain transition matrix predicts well the sequence of zero/nonzero values over forecast
horizon, but the jittering process (equation 2.13) is returning high errors in the forecasted values
that are not equal to zero, due to the more randomness introduced.

Consequently, an hybrid forecasting method is introduced. It reproduces all the steps of the
Jittering method, but the ARIMA forecast is proposed instead of jittering process (equation 2.13).
In particular, the first part of the hybrid method consists of the bootstrap method, while in the
second part the ARIMA predictions are applied to all the non-zero values obtained from the
Markov chain transition probabilities. The algorithm is proposed in the Appendix C. The weekly
ARIMA forecast is chosen thanks to its great performance in the MAE measurement, showing an
error of 51,45 pieces per month, compared to 80,41 of Ciret and 110,85 of the Jittering forecasting
method.

C (monthly) MPE MAE MAPE __ MAPE diff. e " - -
et o615 Teis  1si43% C [monthly) MPE MAE __MAE diff. MAPE __MAPE diff.
Holt Winters -124,78% 185,14  15553%  -25,509 giret 1263,43% E0,41 1273, 21%

’ ' ’ e Holt Winters -1145,65% 92,49 13,08 1193,06%  -25,15%
ARIMA -71,28% 106,08 100,596  -83,84% ARIMA -809,06% 59,70 20,71 85426%  -424,35%
SARIMA -250,64% 195,20  281,46% 97,03% SARINIA 912.96% 5973 oes  gsleam 417 ea
LASSO -91,74% 150,56 150,47%  -33,96% LASSD -741,38% 72,51 7,50 807,42%  -471,79%
Poissan -92,58% 13315 138,38%  46,05% Poisson 794,01% 61,82 18,55 839,06%  440,15%
ARIMAX -117,35% 121,57 114,56% -63,47% ARIMAX -1034,78% 70,04 -10,37 1073,81%
SARIMAX -93,27% 141,41 137,54%  -15,33% SARIMAX -1070,12% 73,82 5,53 1156,99%
littering -86,61% 178,61 146,85%  -37,53% Jittering -681,06% 90,74 10,33 765,61%
[80OT + ARIMA -13,03% 128,35 79,95%  -10¢,43%|  [BOOT+ARIMA | -367,79% 62,728 17,65 446,45%
C (weekly) MPE MAE MAPE  MAPE diff. CG [weekly) MPE MAE _ MAE diff. MAPE
ARIMA -83,01% 89,2  104,34%  -80,03% ARIMA -834,60% Bl 2836 260,49%
LASSOD -55,83% 146,70  116,64%  -67,79% LASSO -835,56% 69,54 10,87 836,02%

i - 17,44

Poisson -86,58% 13424 134,41%  -50,02% Z:'m( ggg'iz :g'gz o 12::'313
ARIMAX -128,06% 111,40 141,10%  -43,33% Jittering e 085 as ovreiw
littering -2,95% 25293 10688%  775%% oo amna T e o T
[B0OT + ARIMA 71,66% 183,21 73,66%  -110,77%| - - : -

Table 4.7: New monthly accuracy of the

Table 4.6: Quarterly accuracy of the .
forecasts regarding C products

forecasts regarding C products

Table 4.6 and 4.7 show the introduction of this new hybrid method (identified in the tables with
"BOOT + ARIMA”) and its results in the quarterly and monthly time period tests, respectively.
Passing from the monthly to the quarterly test, the MAPE results show a considerably decrease,
returning a better errors overview to check the accuracy of the forecasting methods.

The quarterly accuracy test displays how the Poisson regression does not help to forecast better
in C category. Especially, it returns better results than the Ciret method, but the other forecasting
methods proposed in the research show even lower values. Monthly ARIMAX and weekly LASSO
methods have good MAPE results, as shown in Table 4.6, exceeded only by the weekly ARIMA
and Jittering methods.

However, the best values of the MAPE are found in the new hybrid method. In the quarterly
test (Table 4.6), both the monthly or weekly approaches of the hybrid method are the only ones
that are able to achieve a MAPE underneath the 100%. Table 4.7, moreover, shows that the
monthly approach gives a lower Mean Absolute Error per month, but the weekly one still has the
best performance concerning the MAPE. Consequently, it turns out that the hybrid method is
optimal for C products forecast, reducing both the MAPE and the MAE compared to the previous
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Jittering method (from 222% and 110,85 to 86% and 71,37 respectively) in the monthly accuracy
test. MPE results confirm how the adoption of the ARIMA FC as a substitute for the jittering
process reduces the forecasting deviations, showing that the new hybrid forecasting method is the
only one that underestimate the demand of C-type products.

4.4 Conclusions

In this section a summary of the test conducted and the results obtained on the different fore-
casting methods is presented. Moreover, the best forecasting method to adopt in order to answer
sub-question 3 is indicated.

To sum up, the benchmark model generated in R can be considered as a good reproduction. It
shows an average MAPE of 96,89%, compared to a forecasting error of 117,7% calculated by Ciret
in the first three months of 2018 (Figure 4.2).

Moving on, the findings show how ARIMA method is the best forecast to adopt. It performs
even better using weekly data and then summing them to make the monthly forecasts. Indeed,
ARIMA method is a robust forecasting technique, enough to match the ANN accuracy or even
outperform it ([Alon et al., 2001]; [Zhang and Qi, 2005]). Weekly ARIMA improves the bench-
mark model forecasting accuracy, decreasing the MAPE from 77% to 35% in category A, from
107% to 53% in category B and from 184% to 104% in category C. The Jittering method showed
good results regarding the test on the C-type product, however these findings were closed to the
ARIMA ones. A variation of the bootstrap method has been introduced in order to check whether
it could improve more the accuracy. Indeed, the new hybrid forecasting method (Bootstrap +
ARIMA methods) gives the best results for the C products, decreasing Ciret MAPE from 184%
to 74% in the quarterly accuracy test.

Overall, weighting the improvements on the ABC classification, the weekly ARIMA method re-
duces the Ciret MAPE from 96,89% to 47,59%, while substituting ARIMA with the hybrid fore-
casting method for the C-type products reduces the Mean Absolute Percentage Error to 44,52%,
showing the smallest forecast error.

From here on, the hybrid forecasting method will refer to the forecast composed of the ARIMA
FC, applied to the products in the A and B classification, and the hybrid FC (Bootstrap + ARIMA
methods), for the C-type items.
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Inventory Analysis

A recap of the approach and replenishment policies used in the inventory analysis is here in-
troduced. Initially, the benchmark model is identified, then the other inventory decision rules,
identified through the literature review, are tested and the results analysed.

5.1 Inventory Approach

In this section the approach used during the inventory analysis is described. Since the forecast
requires one year of historical income orders to be generated, the Excel simulation of the replenish-
ment policies starts on January 2016 and ends in August 2017, as shown in Figure 5.1. Moreover,
due to the many possible combinations that can be done by joining forecasts and replenishment
policies, only the Ciret, ARIMA and the hybrid (Bootstrap + ARIMA) forecasting methods are
considered. The different inventory policies are also evaluated with the application of the Ciret
forecast in order to give back to the company’s managers an overview of the behaviour of the KPIs
when the inventory decision rules change, but the forecasting method remains the same.

The first step in the inventory analysis is to identified the benchmark models with which
evaluate the solutions proposed.

As in the forecasting analysis, the simulations are conducted considering monthly and weekly
time periods. Consequently, two different benchmark models are identified based on the approach
adopted, due to the fact that the weekly Ciret replenishment policy can carried out without the
weekly forecast.

Regarding the monthly approach: the first 8 months are used as train set to bring the inventory
close to the normality. The different costs, KPIs, inventory levels, orders generated and quantities
in transit are calculated and recorded month-to-month, from September 2016 to August 2017, in
order to obtain a yearly overview of the different replenishment policies proposed and compare it
with the monthly benchmark model results.

Successively, the inventory policies are carried over with the weekly time period. This means
that the Ciret forecasting method can not be applied to the different weekly replenishment policies,
due to its monthly forecast. Moreover, since the weekly inventory decision rules do not change
from the monthly approach, but just the replenishment policies are analysed from a different
temporal point of view, only the best scenarios obtained from the first approach are analysed in
this second simulation. In the weekly approach, the warm-up-period consists of 35 weeks, while
the test is made over the remaining 88 weeks (Figure 5.1), obtaining a yearly overview to evaluate
the same elements chosen in the monthly approach.

In conclusion, 17 scenarios (forecasting method + replenishment policy) are tested and com-
pared to the benchmark models.
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Figure 5.1: Approach overview for the inventory analysis

5.1.1 Assumptions

Different assumptions are made to complete the simulations and obtain the results. The assump-
tions adopted in the inventory process are listed below:

e In the Ciret replenishment policy, the ordered quantity are rounded up to fill completely the
pallet at stock since the carrying costs depend only on the number of pallets, as explained in
Section 2.5.4. This follows the order batching mechanism expressed in Section 3.1. The same
concept is also adopted in both monthly and weekly Continuous traditional replenishment
policies with the other two forecasts (ARIMA and hybrid forecasting methods).

e Since backorders do not incur in the firm, they are also not present in the simulations.
e Due to the lack of data, the lead times are considered as constant values.

e In the train set, the inventories on hand at time 0 started with the values of the replenishment
levels, in order to reach the stability sooner.

e The orders, if requested, are generated at the end of each period, instead the deliveries arrive
at the beginning of each period.

e Suppliers have infinite production capacity.
e The Ciret Benelux warehouse has an infinite stock capacity.

e Transportation costs correspond of a percentage of the goods value transported. It means
that the number of trucks required to move the goods does not affect the transportation
costs.

e Different orders placed to the same supplier at the same time (month or week, depending
on the approach) are agglomerated and transported all together.

e Infinite transportation capacity is considered.

o In the weekly Ciret replenishment policy, the inventory is checked weekly if it goes underneath
the reorder level, while the reorder quantity is still generate following the monthly approach.
The number of weeks in the month is distributed following the next sequence 4,4,5,4,5.4. ..
(starting with January 4 weeks, February 4 weeks, March 5 weeks...). This is the same
distribution adopted in the forecasting analysis (Section 4.1.1).

e In the weekly Ciret replenishment policy, the safety stock formula is not depending on the
forecast errors, but it is depending on the demand deviation, due to the lack of the weekly
Ciret forecast.
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5.2 Benchmark Model Results

In the inventory analysis, the benchmark model to evaluate the inventory decision rules cor-
responds to the Ciret replenishment policy with the utilisation of the Ciret forecast. Since the
inventory analysis is conducted following two different approaches, monthly or weekly time period,
two different benchmark models are identified based on the period of time considered. These mod-
els are firstly analysed with the performances provided by Ciret company and, successively, they
are compared with the other scenarios in the respective approach.

5.2.1 Monthly benchmark model results

The results obtained from the first benchmark model are here represented. The following picture
and table (Figure 5.2 and Table 5.1) show respectively how the different types of logistics costs
are distributed and the KPIs results during the annual test.

Logistics Costs

KPls value

Avg Inventory 1574650,46
i Avg Service Level 92,71%

m Canrying .

e Inventory Turnover Ratio 1,73
Warehousing Days at stock 210,52
Transportation Stock worth/Turnover 22,99%

= shortage Total costs 252.519,61 €

Actual costs 147.365,18 €

Table 5.1: KPIs results for the monthly

Figure 5.2: Total logistics costs overview for the benchmark model

monthly benchmark model

These KPIs, before being used to compare the other replenishment policies, are applied to evaluate
how much the model is far from the reality.

Comparing these values with the ones provided by Ciret, it is possible to notice that these
numbers do not reflect perfecly the reality, but they are on the same order of magnitude, confiming
the model might be realiable. An average inventory of 1,57 milion is found (7able 5.1), which is
not that far from the 1,4 mln of regular and new articles stored in 2017, as it is possible to
notice in Figure 1.3. The table also shows an averaged service level of 92,71% compared to the
94,9% of Ciret in the same period, which is achieved from Table 1.2. The inventory turnover
ratio returns practically the same value, the R model shows a value of 1,73 versus the 1,65 of
the company, obtained in Figure 1.4 and 1.5. In conclusion, the ratio between stock worth and
turnover corresponds to a 23% in the monthly benchmark model, while Ciret had 15% in 2016,
18% in 2017 and 34% in the first three months of 2018.

The small differences between the reality and the model are due the lower data considered and
the many manual adjustments in the real process that can not be included in the model (Figure
2.3).

5.2.2 Weekly benchmark model results

Ciret does not generate a weekly forecast to predict the products demand, however a weekly
replenishment policy is created following the assumptions introduced in Section 5.1.1. The KPIs
results given by the weekly benchmark model are shown in the table below.

Comparing these findings with the ones achieved in the monthly approach, few variations
appear. The weekly approach permits to obtain a higher service level (closer to the value faced
by Ciret in Table 1.2), checking the inventory level more often than the monthly approach and,
consequently, reacting faster to the unexpected incoming orders. However, the price to pay to
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Logistics Costs

KPls value

Avg Inventory 1688641,68
i Avg Service Level 97,67%

m Camying -

e Inventory Turnover Ratio 1,51
wanshousing Da‘)l’S at stock 241185
Transpartation Stock worth/Turnover 27,48%

u shartage Total costs 200.793,25 €

Actual costs 164.695,09 €

Table 5.2: KPIs results for the weekly

Figure 5.3: Total logistics costs overview for the weekly ~benchmark model
benchmark model

have this 5% more in the service level is a higher inventory level (almost 1,7 mln compared to 1,57
mln of the monthly benchmark model), a higher stock worth over turnover (27,48% versus 23%)
and higher actual costs (165 K€ versus 147K€).

5.3 Other Replenishment Policies Results

In this section the KPIs results of the different scenarios are evaluated and compared to each other
and with the benchmark models. Firstly, the monthly approach is carried over and, successively,
the best ones are also tested following the weekly time period.

5.3.1 Monthly Inventory Approach

Continuous Traditional Replenishment Policy
This inventory policy corresponds to the one used by Ciret. The only two differences between
these two policies are the different forecasts applied (ARIMA in contrast to the Ciret forecasting
method) and the different ordered quantity formulas. As anticipated in Section 2.5.1, Ciret places
both the interest rate and storage cost rate in the formula denominator (equation 2.19), while the
traditional one observes only the interest rate, as shown in equation 2.23.

The following figure and table show respectively the total costs overview and the KPIs results
for the Continuous traditional replenishment policy with the ARIMA forecast.

Logistics Costs

KPIs value

Avg Inventory 1488541,06
A Avg Service Level 96,00%

= Camying .

A Inventory Turnover Ratio 1,83
warshousing Days at stock 199,00
Transportation Stock worth/Turnover 21,24%

= shertag Total costs 200.144,61 €

Actual costs 136.419,95 €

Table 5.3: KPIs results for the monthly
Figure 5.4: Total logistics costs overview for the Continuous RP with ARIMA FC
monthly Continuous RP with ARIMA FC

At the first sight, the new policy seems to be better than the one adopted by the German company,
returning improvements in all the KPIs. Instead, looking at the logistics costs overview, it is
possible to notice that ARIMA forecast helps to reduce the shortage costs, thanks to a better

The role of forecasting and inventory decisions in the retailing industry from the supplier 37
perspective



CHAPTER 5. INVENTORY ANALYSIS

service level, at the expense of higher transportation and carrying costs (34% and 26% compared
to 29% and 23% respectively).

On the same direction, the hybrid forecast model is combined with the Continuous Traditional
replenishment policy. The results obtained are shown in Figure 5.5 and Table 5.4.

Logistics Costs

KPlIs value

Avg Inventory 1400411,06
. Avg Service Level 95,35%

' Camying g
I Inventory Turnover Ratio 1,95
Warshousing Days at stock 187,22
Transportation Stock worth/Turnover 19,59%
i Total costs 200.254,93 €
Actual costs 126.558,80 €

Table 5.4: KPIs results for the monhtly
Figure 5.5: Total logistics costs overview for the Continuous RP with the hybrid FC
monthly Continuous RP with the hybrid FC

A different forecast for the C-type products is not changing that much the KPIs results, and still
giving better values than the monthly benchmark model. Compared to the Continuous RP with
ARIMA forecast, the hybrid method achieves a lower inventory level, which corresponds to lower
service level, days at stock and annual costs. These differences are also visible in the costs overview
(Figure 5.5) with lower carrying costs, which refers to less quantities at stock and higher shortage
costs, reflecting the gap in the service level results. The reason behind this disparity is located,
naturally, in the hybrid forecasting method, which is the only aspect that changes from the two
scenarios. Indeed, the hybrid forecasting method returns more zeros in its predictions compared
to the ARIMA forecast for almost 200 SKUs. The conclusion is that, once the inventory level is
under the reordering point, it may happen that a order of zero (or less quantities than the ones
required) is placed. This generates lower service level and annual logistics costs.

In order to better check the quality of these new approaches, the results are compared with
the benchmark model and shown in the following Table 5.5.

Continuos Traditional From Ciret to . From Ciret to
ouT CIRET FC ARIMA FC ARIMA Hybrid FC Hybrid
Differences Differences

Avg Inventory 1574650,46] 1488541060  -86109,40| 1400411,06|@ -174239.40
Avg Service Level 92,71% 96,00%|@ 3,29% 95,35%|@ 2,64%
Inventory Turnover Ratio 1,73 1,230 0,10 1,950 0,22
Days at stock 210,52 199,00@ -11,52 187,22|@® -23,30
Stock worth/Turnover 22,09% 21,24% @ -1,75% 19,59%|@ -3,40%
Total costs 25251961 €| 20014461 € |@- 52.375,00€ | 200.25493 € |[@-52.264,68 €
Actual costs 14736518 € | 136.419,95€ |@- 1094523 € | 12655880 € |- 20.806,38 €

Table 5.5: Comparing the monthly Continuous RPs with the monthly benchmark model

As already mentioned before, both the new forecasts applied show better results on equal replen-
ishment policy. However, these new scenarios still have an average inventory level over 1,4 million,
which returns an inventory turnover ratio similar to the one obtained with Ciret forecast. On the
other hand, both the statistical forecasts achieve a better service level, lower annual costs and
lower stock worth-turnover ratio. It is possible to notice from Table 5.5 how ARIMA and the hy-
brid forecasting methods improve the service level from 92,71% of the monthly benchmark model
to 96% and 95,35% respectively. Moreover, both the scenarios reduce the Ciret total logistics costs
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by 20%, while ARIMA forecast reduces the actual costs by 7,4% and the hybrid model by 14%.

Periodic Traditional Replenishment Policy

This replenishment policy is firstly applied with the Ciret forecasting method. The Periodic
traditional replenishment policy requires an input value for the review period. Consequently,
different values are tested and a table with the KPIs results for a review period equals to 1, 3 and
5 is displayed. Table 5.6 shows how much the KPIs vary, by increasing or decreasing the review
period in the inventory policy.

Review Period 1 3 5

Avg Inventory 2517343,91| 148700765 1537465,19

Avg Service Level 83,78% 82,95% 85,46% Table 5.6: KPIs results for
Inventory Turnover Ratio 1,08 1,84 1,78 the monthly Periodic RP
Days at stock 336,54 198,30 205,54 with Ciret FC

Stock worth,/Turnover 32,62% 21,11% 23,42%

Total costs 334.233,64 € | 359.751,03 € | 341.504,39€

Actual costs 112.547,57 € | 118.848,16£ | 133.85258 €

In this particular case, no evident trends are recognisable. However, thanks to the findings in
Appendix D, when the review period increases, the transportation and actual costs show an
increase, while the administration costs decrease.

Successively, the other two forecasts are aggregated to the Periodic RP. The simulation is made
and the results collected. The following Table 5.7 shows the different of the same inventory policy
with the previous Ciret forecasting method.

Periodic Traditional OUT From Ciret FC to ARIMA FC From Ciret FC to Hybrid FC

Review Period

Avg Inventary @  3104754[@  -3457811|@  -4050358/@  -3876825|/@  -4197046/@  -55253,37
Avg Service Level 0] 1,60%/@ 5,78%|@ 837%@ 1,53%@ 6,25%@ 7,90%
Inventary Turnover Ratio |0 0,010 0,050 0,050 0,02(0 0,050 0,07
Days at stock @] 4,150 -462|0) 5,410 5,180 5,610 7,39
Stock worth/Turnover |0 -0,83%|0 092%/@ -1,33%|@ -1,22%|@ -1,06%|@ -2,02%
Total Costs @< -2928657 (@£ -10596781 |@ € -132.844,14 @ £ -29.838,46 |@ £ -105.918,55 |@ € -133.541,61
Actual Costs (O£ 549804 [0f 204987 @€ -1348750|0€ -762520|0€ -7.25629 @€ -1957221

Table 5.7: KPIs differences when moving from Ciret FC to ARIMA and hybrid FCs in the monthly
Periodic RP

This table highlights how the statistical forecasts match or improve the KPIs results obtained
from the Periodic replenishment policy with Ciret forecast. Moreover, it is possible to notice that
some performances are more enhanced than others. For example, average inventory, service level
and total costs present greater improvements, especially by increasing the review period. While
inventory turnover ratio and days at stock do not vary that much, changing the Ciret forecast.
In conclusion, the hybrid forecasting method in the Periodic RP shows the same characteristics
encountered in the Continuous RPs: less inventory level, actual costs and service level compared
to the ARIMA forecast.

Smoothing Replenishment Policy

As the previous inventory policies, the three forecasts are applied also to the Smoothing replen-

ishment policy. The findings obtained with the Ciret forecast are listed below in Table 5.8.
These results show the Smoothing replenishment policy characteristics. The KPIs values re-

turn lower inventory levels compared to the traditional RPs seen before, decreased by more than

two-third, lower service performances, an higher inventory turnover ratio, thanks to the less quant-

ities at stock, and higher annual costs.
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N

Avg Inventory

Avg Service Level
Inventory Turnover Ratio
Days at stock

Stock worth,/Turnover
Total costs

Actual costs

797465,25
87,79%

3,42

106,61
17,18%
471660,82 €

60031528
87,26%

455

80,26

12,69%
41218640 €
232.049,54 €

524913,26
86,66%

5,20

70,18

11,02%
414502,60 €
27963363 €

Table 5.8: KPIs results for the
monthly Smoothing RP with Ciret
FC

24364733 €

The Smoothing RP is finally tested with the ARIMA and the hybrid forecasting methods, and
a comparison with the Ciret forecast in the same inventory policy is represented in the following
Table 5.9.

The green lights spread all over the table indicate how the new statistical forecasts guarantee
always better performances, regardless the smoothing period chosen. The characteristics of the
two statistical forecasts remain the same compared to the previous inventory policies. However,
in this particular case, the ARIMA forecast performs better than the hybrid model, returning an
average of 96% as service level compared to the 94% of the hybrid method for almost the same
annual costs (Appendix D).

Periodic Smoothing QUT From Ciret FC to ARIMA FC From Ciret FC to Hybrid FC

smoothing Period

Avg Inventory @  -3058381/@  -7928632{@  -8722852|@ -12452408/@  -10255007|@  -109330,87
Avg Service Level (0] 8,44% @ 8,97%/@ 8,77%/@ 6,16%
Inventary Turnover Ratio | 043|@ 06910 104/@ 137
Days at stock (0] -11,93|@ -10,60|@ -1166/@ -14,62
Stock worth/Turnover  |@ -2,40%|@ -1,93%|@ -1,99%|@ -2,74%
Total Costs @£ -125.178,90 |@ € -130.269,95 |{@ £ -124.763,00 |@ € -109.416,41 |@ € -110.811,27 |@ £ -105.246,57
Actual Costs O£ -1355924 D€ -1600934 [@ € -17.14569 |0 € 2919622 @€ -3187834|D £ -3481172

Table 5.9: KPIs differences when moving from Ciret FC to ARIMA and hybrid FCs in the monthly
Smoothing RP

Statistical Process Control Replenishment Policy
In conclusion, the last inventory policy is analysed with the same three forecasts: Ciret, AR-
IMA and hybrid forecasting methods. The KPIs results of the Ciret forecast, together with the
Statistical Process Control RP, are shown in Table 5.10.

Tn [ T

Avg Inventory 563131,07| 37512753 28610884

:""E 5‘2“"‘: Level - 55-29;: 33-:2": 51-95?;? Table 5.10: KPIs results for the
nventory Turnover Ratio . ; , . .

Days at stock 7539 50,15 ag 75 monthly SPC RP with Ciret FC
Stock worth,/Turnover 12,20% 2,02% 6,17%

Total Costs 418.012 46€ | 42368036 € | 439965,50€

Actual Costs 208.194 42 € | 194037 27 € | 18310008 €

These findings indicates how the SPC inventory policy tends to order even less quantities compared
to the Smoothing replenishment policy. The inventory levels shown in Table 5.10 are the lowest
obtained till now, with an average less than three hundred thousand for the RP with Trh=6. The
service levels, therefore, show the worst performances, incurring in really high total logistics costs
due to the many lost of sales. However, the actual costs seem to be better than the smoothing
approach, but still high compared to the Periodic and Continuous replenishment policies.
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The SPC replenishment policy is tested with also the ARIMA and the hybrid methods. Their
comparison with Ciret forecast is shown in the following Table 5.11.

SPCOUT From Ciret FC to ARIMA FC From Ciret FC to Hybrid FC

Smoothing Period

Avg Inventory @ 207396000  -159A976/@  -1083780|@ @ -4716135|@  -3607494|0  -29142,99
Avg Service Level (0] 9.70%(@ 871%/@ 8,11%|/@ 7,06%|@ 6,05%|@ 5,51%
Inventery Turnover Ratio | 0,130 032|0 0,380 044@ 0,30/@ 1,08
Days at stock ) 2,770 -2,14[0 -1,45[0 -6,31|0 -494[0 -3,90
Stock worth/Turnover | -0,95%(0) -0,58%|0) -0,39%|0 -1,30%|@ -1,24%|0) -0,96%
Total Costs @ £-121.14378 |@ £ -109.842 60 |@ £ -101.73861 (@ € -101.852,47 |{@ £ -90035.24 @€ -82.600,39

Actual Costs (0f B21549|0€ 4p4448|(0€ 501633 |0€ -1069257 O£ -1434754 |0 € -13.45948

Table 5.11: KPIs differences when moving from Ciret FC to ARIMA and hybrid FCs in the
monthly SPC RP

This table, together with Table 5.5, 5.7 and 5.9, show how the two forecasts proposed in this
research always return better performances compared to Ciret forecasting method, independently
from the replenishment policy adopted. Regarding the Statistical Process Control RPs, the AR-
IMA forecasts proposed do not improve that much the inventory turnover ratio, compared to the
Ciret one. However, they always guarantee less quantities at stock and a more profit over the
yearly total costs.

To conclude the monthly inventory analysis, the scenarios that obtained the best KPIs results in
the simulations are selected and compared to each other and to the benchmark model, in order to
have a clearer overview of the findings achieved from the tests conducted.

Thus, the best scenarios are listed in the table below. The best result of each KPI measurement
is highlighted in red.

Monthly Replenishment ire Continuous Continuous Smoothing Smoothing Smoothing Smoothing
Policies ARIMA Hybrid ARIMA Tn=3 Hybrid Tn=3 ARIMA Tn=4 Hybrid Tn=4
Avg Inventory 157465046 148854106 1400411,06 584073,19 55723297 52102896 4497765,21
Avg Service Level 92 71% 96,00% §5,35% 96,41% 93,98% 896,23% 93,74%
Inventory Turnover Ratio 173 183 195 4,67 490 5,24 548
Days at stock 210,52 19900 187,22 78,08 74,50 59,66 66,55
Stock worth,/Turnaover 22,99% 21,24% 19,59% 12,13% 11,23% 10,76% 9,96%
Total costs 252519,61£€ | 20014461 € 20025493 € | 28329037 € 301.33001€ | 28191645€ 301.37513€
Actual costs 147365,18€ | 136.41995¢€ 126.558,80€ | 21988362¢€ 203.908,11€ | 216.040,20€ 200.171,20€

Table 5.12: Comparison of the monthly benchmark model with the best monthly scenarios obtained

From Table 5.12, it is possible to notice how the monthly Ciret benchmark model is not reporting
any best performance over the seven KPIs. The Smoothing RP with the hybrid FC and smoothing
period equal to 4 faces the lowest average inventory level, less than half million, and, consequently,
the best inventory turnover ratio, days at stock and stock worth over turnover. However, it does
not have the lowest annual costs, which are obtained by the Continuous replenishment policies.
This inventory policy is based on the EOQ formula and tends to obtain the best output in terms
of costs. The Continuous RP with the hybrid forecasting method returns the lowest actual annual
costs, while the ARIMA forecast the lowest total annual costs. Both these two last scenarios have
quite high service levels, but the highest (96,4%) is achieved by the Smoothing RP with ARIMA
forecast and a Tn equal to 3.
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5.3.2 Weekly Inventory Approach

In this section the best scenarios are also tested considering a weekly period of time. The KPIs
results obtained from these scenarios are compared with the weekly benchmark model evaluated
in Section 5.2.1. The weekly scenarios that are analysed, based on the results achieved in the
monthly approach (Table 5.12), are the following ones: benchmark model (already evaluated in
Section 5.2.2), Continuous RPs with ARIMA and hybrid forecasting methods, and Smoothing
RPs with ARIMA and hybrid forecasting methods.

Continuous Traditional Replenishment Policy

The weekly approach is here adopted to the Continuous Traditional RPs with the two statistical
forecasts that overcome the Ciret one in the forecasting analysis. In the following Table 5.13,
the KPIs results obtained by adopting the ARIMA forecasting method to the Continuous RP are
illustrated.

Logistics Costs

KPls value

Avg Inventory 1418518,80

i Avg Service Level 98,15%

:::::Em Inventory Turnover Ratio 1,80
\warehousing Days at stock 203,17
Transportstion Stock worth/Turnover 21,70%
" shortage Total costs 164.244,89 €
Actual costs 132.638,34 €

Table 5.13: KPIs results for the weekly
Figure 5.6: Total logistics costs overview for the Continuous RP with ARIMA FC
weekly Continuous RP with ARIMA FC

In contrast to weekly benchmark model, this new scenario shows improvements in all the KPIs
compared to the same scenario tested in a monthly time period (Table 5.3). It reduces the inventory
by 5%, the actual logistics costs by 3% and it increases the service level by 2%, moving from the
monthly to the weekly approach.

Not only the ARIMA forecast, but also the hybrid forecasting method is tested and the results
illustrated in the following table:

Logistics Costs

KPls value

Avg Inventory 133779426
A Avg Service Level 97,65%

m Camying .

A Inventory Turnover Ratio 1,90
Warshousing Days at stock 191,60
Transportation Stock worth/Turnover 20,14%

= shortage Total costs 163.059,02 €

Actual costs 126.735,15 €

Table 5.14: KPIs results for the weekly

Figure 5.7: Total logistics costs overview for the Continuous RP with the hybrid FC
weekly Continuous RP with the hybrid FC

The hybrid forecasting method applied to the Continuous replenishment policy, as well as the
ARIMA forecast, is still improving the service level and reducing the average inventory compared
to the monthly approach. Moreover, in contrast to the previous forecasting method, the change
in temporal context do not affect the annual costs, showing the less total costs and equal actual
logistics costs compared to the monthly scenario. In conclusion, the weekly approach for this the
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Continuous RP with hybrid FC is still preferable since it guarantees higher service level and less
quantities at stock for the same annual actual costs.

Smoothing Replenishment Policy

Based on the best scenarios obtained in the monthly approach, the ARIMA and the hybrid methods
are also tested considering the Smoothing RPs and a weekly time period. The different results are
shown in the tables below.

Avg Inventory 467796,02 302719,76 252670,41 Avg Inventory 44867044 290348,69 242023,22
Avg Service Level 94, 38% 93,65% 95,42% Avg Service Level 92,47% 91,48% 91,00%
Inventory Turnover Ratio 5,45 842 10,09 Inventory Turnover Ratio 5,68 8,78 10,53
Days at stock 67,00 43,36 36,19 Days at stock 64,26 41,58 34,66
Stock worth/Turnowver 11,64% 7.,16% 5,84% Stock worth/Turnover 10,93% 6,69% 5,44%
Tot Costs 301207 41€ | 292.461,25€ | 29146107 € Tot Costs 316.188,13€ | 31455589€ | 31649516 €

Actual Costs 208.528,95€ | 187.147,68€ | 18164551 € Actual Costs 191.33664€ | 17432830€ | 169.14843 €

Table 5.15: KPIs results for the weekly
Smoothing RP with ARIMA FC

Table 5.16: KPIs results for the weekly
Smoothing RP with the hybrid FC

Comparing these weekly findings with the monthly ones (Appendix B), it is possible to notice
that the inventory KPIs follow the same trends by increasing the smoothing period Tn. Moreover,
the weekly scenarios have lower inventory levels and, consequently, better results regarding the
inventory turnover ratio, days at stock and stock worth/turnover. The service level, instead,
decreases passing from monthly to weekly time period. It may be due to the fact that the weekly
forecasts correspond to lower quantities compared to the monthly ones and spreading them over
the weeks generate really small batches to order. Finally, the total costs do not vary that much
between the two different temporal concept, while the actual logistics costs decrease adopting the
weekly approach.

An overview of the different scenarios analysed and their KPIs results are depicted below in
Table 5.17.

Weekly Replenishment

Ciret

Continuous

Continuous

Smoothing

Smoothing

Smoothing

Smoothing

Policies

ARIMA

Hybrid

ARIMA Tn=3

Hybrid Tn=3

ARIMA Tn=4

Avg Inventory 168864168 141851880 133779426 35588714 341170,75 30271976 200348,69
Avg Service Level 97,67% 08,15% 97,65% 93,95% 91,83% 93,65% 91,48%
Inventory Turnover Ratio 151 1,30 190 716 747 842 878
Days at stock 24185 203,17 191,60 50,97 48 86 4336 41,58
Stock worth/Turnover 27,48% 21,70% 20,14% 8,62% 8,06% 7,16% 6,609%
Total costs 200.793,25€ | 16424485 € 163.058,02 € | 294.17526€£ 314.156,05€ | 292.461,25€ 31455539 £
Actual costs 16469509 € | 13263834 £ 126.735,15€ | 194027 28£€ 18064126 € | 187.147 6B £ 174328 30 €

Hybrid Tn=4

Table 5.17: Comparison of the benchmark model with the best weekly scenarios

How it happened in Table 5.12, also here the weekly benchmark model is not returning any KPI
best result. The Smoothing RP with the hybrid forecasting method holds the smallest inventory
level, together with the best outputs in the inventory KPIs (inventory turnover ratio, days at
stock and stock worth/turnover). The Continuous RP with the hybrid forecasting method shows
again the lowest actual costs, showing the same amount of the monthly approach: around 126K<€.
Moreover, in the weekly approach, this scenario also returns the best result for the total costs,
overcoming the ARIMA forecast with monthly Continuous RP (Table 5.12). The best service
level, instead, moved from the monthly Smoothing RP with ARIMA forecast and Tn=3 to the
weekly Continuous RP with ARIMA forecasting method, equals to 98,15%.
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5.4 Conclusions

In this section, a conclusion concerning the replenishment policies tested is made and an answer to
the sixth sub-question provided. Thanks to the analysis carried over with the monthly and weekly
approaches, a couple of judgements can be reported. Firstly, on equal term of replenishment policy,
the Ciret forecasting method is always performing worse than ARIMA and hybrid methods. A
second note is that, generally, the weekly approach return better KPIs values compared to the
monthly one, due to a more frequently control on the inventory level. However, this rule is not
always applicable. For example, the weekly benchmark model presents higher inventory level
and annual logistics costs compared to the monthly one, while the Smoothing RPs incurs in
lower service levels passing from monthly to weekly time period, regardless of the type of forecast
adopted. More small differences can be found comparing Table 5.12 with Table 5.17.

Moving on, the findings confirm the replenishment policies characteristics. Indeed, the Continu-
ous traditional RPs are the ones that show the lowest annual logistics costs, while the Smoothing
and Statistical Process Control RPs the ones that guarantee the lowest quantities in the warehouse
and the lowest values for the bullwhip effect ratio (Figure 5.10).

Talking about the forecasts, the new hybrid forecasting method (Bootstrap + ARIMA) al-
lows to have higher annual revenues compared to the ARIMA one, due to the more zero values
forecasted, but it also returns worse service levels.

Furthermore, all these simulations are carried over only considering a safety stock factor z of
1,88. Consequently, it is also relevant to analyse the best scenarios with different values of z, due
to the fact that it is a parameter that Ciret managers can modify easily. Next up, the variations
of the two most important KPIs (service level and actual logistics costs) based on the values of z
are represented in the following graph (Figure 5.9), concerning all the scenarios identified in the
previous section.

Actual Costs vs Service Level
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Figure 5.8: Service Level versus Actual Costs

Figure 5.8 helps to recognise which combination gives the best results. It is easy to notice that only
five scenarios guarantee a service level higher than 97%. These scenarios correspond to: weekly
benchmark model, monthly Smoothing RP plus ARIMA forecast with Tn=3 and Tn=4, weekly
Continuous RP with ARIMA forecast and weekly Continuous RP with the hybrid forecasting
method. Moreover, this graph shows that the Smoothing RPs have long, and not steep, lines
compared to the other inventory policies, which allows to increase the service level without incur
that much in extra costs. Consequently, if a Smoothing RP is adopted, higher values of z is
suggested, in order to get closer to the service level requested. Moreover, it also possible to notice
that the Smoothing RPs are allocated at the top of the graph, reporting higher yearly actual costs
compared to the Continuous replenishment policies.

Two more graphs that contains other important types of KPIs are shown below, in order to
analysed better the results achieved.
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Inventory vs Total and Actual costs
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Figure 5.9: Inventory Levels versus Actual Costs

In Figure 5.9, an overview of minimum, average and maximum inventory level per scenario and
their respective total and actual logistics costs is presented. It allows to see which scenarios return
the lowest costs. Indeed, lower inventory level is not synonymous with lower costs. This is due
to higher transportation, warehousing, and shortage costs, but also due to the carrying costs that
depend on the number of pallets and not on the number of articles at stock. Moreover, the graph
shows that the weekly approach returns the lowest levels of inventory, and that the scenarios with
the hybrid forecasting methods present higher shortage costs (the two costs lines are further away).
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Figure 5.10: Inventory Levels versus Actual Costs versus Bullwhip Effect Ratio

In the last graph (Figure 5.10), instead, the differences between Continuous RPs and Smoothing
RPs are more evident. The first ones are all located in the right part of the graph, which results
in high values of average inventory levels. They are also located in the lower part of the graph,
compared to the Smoothing ones on the top-left, showing the lowest logistics costs per year. On
the other hand, the Smoothing RPs present lower values of bullwhip effect ratio (the values next
to the dots) compared to the Continuous RPs, which helps the process to react better to high
incoming orders variations.

In conclusion, a last sensitivity analysis on the input parameters is conducted in order to strengthen
the thesis project.
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5.4.1 Sensitivity Analysis

Since the total and actual logistics costs depend on the unit cost variables located in each type
of costs (transportation, warehousing, carrying, administration), it is interesting to analyse how
much the fluctuations of the unit cost variables influence the final actual costs.

The results of the sensitivity analysis are located in the Appendix F. It is relevant also to
identify which scenario reacts better to the different variations in unit costs and which one is more
sensitive to them, in a given scenario.

From these two analysis (Table .1 and F.2), it is possible to notice how the Ciret replenishment
policy and Continuous RPs with ARIMA forecasting method are more sensitive to the variation of
carrying and transportation unit costs, while the Smoothing approaches feel more the effect of the
administration and warehousing unit costs. This is due to the fact that the traditional RPs tend
to have high inventory in the warehouse and to order big quantities when they place an order.
On the other hand, the Smoothing RPs order less quantities, but more frequently. This make the
policies more sensitive to the administration unit cost and the warehousing unit cost.

Checking the forecasting methods, instead, it is possible to notice that the forecasts proposed
(ARIMA and the hybrid forecasting methods) are less sensitive to the carrying costs, but more
concerning the transportation costs, compared to the Ciret one. Contrarily, there is not a sig-
nificant difference in the administration and warehousing costs between the three forecasts. In
conclusion, comparing the ARIMA forecast with the hybrid forecasting method, the tables show
that the last one is less sensitive to the carrying costs (around 2% less in annual actual costs
when a variation of 50% is provided to the carrying unit cost) but more sensitive concerning the
other costs (around 0,5%, 0,5% and 1% respectively with a variation of 50% in administration,
warehousing and transportation unit cost).
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Chapter 6

Conclusions

In this section the conclusions of the Master thesis research are provided. First, the limitations
incurred in the project are described, followed by the suggestions to help Ciret managers dealing
with the current challenges. Finally, the academic research gap is expressed and possible future
researches are proposed to extend the current analysis.

6.1 Limitations

In this section, the limitations of the research are discussed. The most important limitation regards
the data availability and quality. The ERP system switch in September 2017 and the impossibility
to retrieve the same type of data from the new one is probably one the biggest issues incurred in
the project. This limitation is expressed in Section 3.2. Consequently, the dataset consists of 2
years and a half of data, which correspond to daily incoming orders and deliveries. This means
that, in the inventory analysis, the forecasting methods generated the first predictions only with
one year of historical data because the replenishment policies require a warm-up period before
being tested (Figure 5.1). Consequently, the forecasts were not at their best in the inventory
analysis: in the first part of the project they were processed with a total of 2 years of historical
data.

Moreover, the Ciret historical forecast errors compared to the actual incoming orders are
completely missing, forcing the current project to reproduce the Ciret forecast in order to compare
the new forecasting methods with the one used today. The only deviation between predictions
and actual incoming orders that could be retrieved from the company is referring just to 3 months
and, consequently, it is not completely reliable.

Regarding Ciret replenishment policy, instead, more data quality than availability is missing.
For example, the firm could not provide lead time deviations of their suppliers and, of course, it was
not possible to consider it in the safety stock formula (equation 2.21). Furthermore, most of the
costs are provided in a percentage form, due to security matters. Therefore, many assumptions
are made in the research. The assumptions are inevitable, but they make the project poorer.
The ones that are the most relevant for the current case are the infinite capacity of the parties
involved in the supply chain (manufacturers, third party logistic provider and Ciret warehouse)
and the expression of transportation unit cost in percentage, which implies that the number of
truck required do not affect the overall costs.

6.2 Suggestions

This report studies the difficulties of forecasting the incoming orders and managing the replen-
ishment policy in the retailing industry, considering the supplier perspective. Ciret company is
currently facing high inventory at stock, costs and lost sales. Different solutions in order to address
these challenges are introduced and tested. Firstly, an analysis of different forecasting methods is
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carried out, followed by the inventory analysis. This research suggests the best forecast method
to adopt under the current Ciret circumstances and the most convenient replenishment policy for
the company.

The first test on the forecasting methods shows that almost all the forecasts proposed predict
better than the Ciret one all over the three product types. Weekly ARIMA forecast has better
results for the A and B-type products, displaying improvements on the benchmark model, redu-
cing the forecast error from 77% and 107% to 42% and 54% respectively, considering the MAPE
measurement (7Table 4.3 and 4.4). The ARIMA method performs good also for the C products,
with the best MAE results in the quarterly and monthly forecast accuracy tests (Table 4.6 and
4.7). However, the new hybrid forecasting method proposed (composed of Bootstrap and AR-
IMA methods) is the best predictor in the quarterly forecasts accuracy test regarding the MAPE
measurement, reducing the Ciret forecast error from 184% to 74%. Consequently, both these two
forecasts has to be considered to replace the Ciret forecasting method.

Actual Costs vs Service Level
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Successively, these two forecasts, together with the Ciret one, are combined with different re-
plenishment policies proposed and the new scenarios generated are evaluated in the inventory
analysis. The findings obtained in this second analysis highlight how, for the same replenishment
policy adopted, the two forecasts proposed improve all the KPIs, showing the importance of having
a statistical forecasting method.

Regarding the replenishment policy to adopt, there is not an optimal solution, but the choice
is a trade-off between costs, service level, and average inventory (7Table 5.10). Figure 6.1 shows
the only five scenarios that are able to guarantee the service level requested by Ciret.

The weekly Continuous traditional replenishment policy with the new hybrid forecasting method
returns the lowest logistics costs per year. It reduces the total and actual logistics costs by 19%
and 23%, guaranteeing a service level higher than required (97,65%) and lower inventory at stock
compared to the weekly benchmark model. Considering the monthly one, instead, the Continu-
ous RP with the hybrid FC reduces the total and actual costs by 35% and 14% and increases
the service level by 5%. On the other hand, if Ciret managers would like to strictly respect the
company requirements (service level higher than 97% and inventory turnover ration than 4), the
monthly Smoothing Replenishment Policy with ARIMA forecast and Tn=4 is suggested. It shows
a inventory level lower than seven hundred thousand, less than half of the inventory in the monthly
benchmark model. However, this solution costs more to the firm, with an actual logistics costs of
227K€ per year compared to 1656K€ of the weekly benchmark model and 147K€ of the monthly
benchmark model.

Scenario monthly Smoothing monthly Smoothing
KPls ARIMATn=3 and z=2,44 ARIMATn=4 and z=2,58 . .
Avg Inventory 677010,26 624874,31 Flgure 62 Scena‘rlos
Ave Service Level 97.07% 97,13% that respect the com-
Inventory Turnover Ratio 403 4,37 .
Days at stock 90,51 83,54 pany requirements
Stock worth/Turnover 13,92% 12,78%
Total Costs 282.286,18€ 279.166,20€
Actual Costs 22942762 € 22736734 €
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Based on this report, The following suggestions are proposed to Ciret managers:

e To collect more historical data as possible. The past incoming orders help to recognise better
the trend and pattern present in the demand. It is a benefit for the statistical forecasting
methods, resulting in a more accurate predictions.

e To record all the predictions generated. This means also to be in possession of the forecast
errors over time. Having historical forecasted values help to check whether or not the forecast
is predicting good or it is outdated.

e To move the forecast to a more advanced statistical method. Today the Ciret method still
requires many manual adjustments, which takes up a lot of employees’ time and entails
common human errors that can be critical for the firm.

e To switch the current forecasting method with the hybrid one proposed in the research.
It returns to be better than the Ciret forecast in all the environments they were tested,
guaranteeing lower logistics costs and better service levels.

e To adopt the weekly Continuous replenishment policy with the new hybrid forecasting
method, which guarantees a service level higher than required (97%) and lowest logistics
costs in the system. This is the best solution raised in the research.

e In conclusion, if the company managers want to satisfy the Ciret requirements at the ex-
pense of higher annual costs, the monthly Smoothing Replenishment Policy with ARIMA
forecasting method and Tn=4 is suggested. The safety stock factor z, in this particular case,
is raised to 2,58 in order to achieve the desired outputs.

6.3 Future Research

From 1995, since the CPFR was successfully introduced with a pilot project, researches about
collaborations and sharing information in the supply chain have increased exponentially. Point
Of Sales (POS) data sharing have increased interest to improve the retailer’s orders forecast
([Williams et al., 2014]). In fact, the uncertainty in future demand and, consequently, the bullwhip
effect can be reduced having more information about the end consumers ([Cachon and Fisher, 2000];
[Lee et al., 2000]; [Williams and Waller, 2010]). Concerning the end users demand, most studies
overlook the potential importance of the price reduction, intra- and inter-category items, promo-
tions and competitive products in the retailing industry ([Cooper et al., 1999];

[Cooper and Giuffrida, 2000]; [Andrews et al., 2008];[Ali et al., 2009]; [Divakar et al., 2005];
[Huang et al., 2014]; [Ma et al., 2016]).

Many different techniques are applied in order to embrace the high quantity of external inform-
ation and better predict the incoming demand, such as PromoCast, SCAN*pro, CHAN4CHAST,
multi-stage LASSO, suppor vector regressions and ANN models ([Cooper et al., 1999];

[Alon et al., 2001]; [Andrews et al., 2008]; [Zhang, 2003]; [Zhang and Qi, 2005];
[Divakar et al., 2005]; [Carbonneau et al., 2008], [Ali et al., 2009]; [Huang et al., 2014];
[Ma et al., 2016]).

Notwithstanding the above success stories in improving the forecasting accuracy, the imple-
mentation of processes for effective information sharing is not so widespread. [Ali et al., 2017] and
[Williams and Waller, 2010] compared the incoming orders predictions using both POS data and
order data.

On the other hand, many other researchers focus on forecasting methods in the order-up-
to inventory policy environment without sharing information. In particular, traditional OUT
policies are analysed together with different time-series forecasting methods such as moving aver-
age ([Dejonckheere et al., 2004]; [Grewal et al., 2015]; [Costantino et al., 2015];

[de Oliveira Pacheco et al., 2017]), exponential smoothing ([Disney et al., 2006];
[Costantino et al., 2015]), Brown’s forecasting model ([Kelepouris et al., 2008]), Holt Winters
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([Bayraktar et al., 2008]; [Costantino et al., 2016]), ARIMA ([Ramos et al., 2015]) and mean squared
error optimal forecasting methods [Cho and Lee, 2013].

In summary, the researches with the most accurate and complex forecasting methods focus on
the customers demand and do not analyse their combinations with replenishment policies. Further-
more, the ones that consider the inventory systems aim attention more to the multi-echelon supply
chain and, in case of a single-echelon supply chain, to the retailer aspect ([Disney et al., 2006];
[Cheng and Chou, 2008]; [Broekmeulen and Van Donselaar, 2009]).

In conclusion, considering the company’s challenges and all the researches analysed previously,
the current project was carried out based on the fact that there is not a paper that consider
both time-series and linear regression forecasting methods to predict the incoming orders demand
together with different replenishment policy approaches from the supplier perspective. Moreover,
a new hybrid forecasting method to predict the slow-moving items is proposed in this research.

Several directions for future researches that may extend this project investigation are here intro-
duced.

e Lately, the literature is focusing more and more on the importance of sharing information
inside the supply chain. Indeed, the supply chain counts many parties that collaborate
between each other and that can benefit from other information. In this Master thesis
research, the debate was concentrated only from the supplier perspective. However, Ciret
company corresponds to just a member of the supply chain, which counts manufacturers, raw
materials supplier, retailers and customers. Many researchers showed how the collaboration
between these parties can improve the overall performances of the supply chain. Due to the
lack of data from other parties, it was not possible to examine the collaborative forecast
efficiency in the Master thesis. Consequently, a further research regarding collaborative
forecasts, such as CPFR (Collaborative Planning Forecast & Replenishment) is suggested,
in order to reduce the inventory levels, costs, lost sales and the bullwhip effect in the supply
chain.

e Many forecast techniques were tested in this project. However, another interesting fore-
casting technique was left behind: machine-learning. As already mentioned in Section
2.4.2, it was not considered due to the complexity of the techniques, the data available
and long time required for the calculations. Many other researches ([Alon et al., 2001];
[Zhang and Qi, 2005]) indicate that the ANN technique may perform better than time-series
methods under certain conditions. [Zhang, 2003], in his paper, compared ARIMA method
with artificial neural network technique and proposed an hybrid one that combines these two
methods. This new technique overcomes the previous ones in terms of forecasting accuracy.
Therefore, a further research regarding machine learning techniques may be profitable.

e In the retailing industry, and also in the Do-It-Yourself environment, promotions play an
important role in the business. The inventory management, consequently, needs to consider
them because of the reactions they make in the demand. Not only Ciret promotes their
articles to the retailers, but also retailers do promotions to customers, which can reflect
in abnormal demand to the suppliers. Moreover, together with promotions, also price,
competitors and cross-selling information can be useful to achieve. Thus, a further research
concerning all these external information could help to obtain better performances in the
supply chain. The stepwise regression techniques would perform better in this case.

e In conclusion, this project focus on the incoming orders that come to a supplier. These
data are used and analysed considering the aggregation of certain items in a certain time
period, without looking in details at the retailer that placed the order. Therefore, it could
be advantageous to extend the demand forecast to each retailer. This solution could help to
understand their behaviour, returning a better forecast accuracy. However, it will increase
the calculation times, since every article of every client need to be forecasted.
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Appendix A

Service Level vs OTIF

Month Service Level Variations OTIF  Variations
gen-16 95,94% 96,31%

feb-16 99,18% (@  3,23% 98,86%|f  2,54%
mar-16 98,61%|0  -0,56% 98,60%|=  -0,25%
apr-16 97,18% (1  -1,43% 96,58% (0 -2,03%
mag-16 97,29%|2  011% 96,40%|5  -0,18%
giu-16 9537%  -1,92% 97,08%|fh  0,68%
lug-16 96,02%(fh  0,65% 95,90%|d  -1,18%
ago-16 93,24%  -2,78% 94,68%W  -1,22%
set-16 93,93%|f  0,69% 95,88%|f  1,20%
ott-16 96,60%|fh  2,68% 96,85%|fh  097%
nov-16 99,18% |  2.57% 98,57% | 1,72%
dic-16 98,77%|  -041% 98,22% |5  -0,35%
gen-17 98,54% |5  -0,23% 97,37%|d  -0,85%
feb-17 95,63%  -2,91% 95,88%(%  -1,49%
mar-17 96,15% |  0,52% 97,73%|fh  1,85%
apr-17 92,29%|d  -3.86% 92,45%|d  -5,24%
mag-17 91,40%|0  -0,89% 91,07%|¥  -1,43%
giu-17 88,00%|0 -3,31% 87,84% |0  -3,23%
lug-17 88,21%%  012% 87,58%[% -0,26%
ago-17 8873%|f  0,52% 87,82%|=  0,24%
gen-18 80,20% |l -7,62%
feb-18 90,90%|fh 10,70%
mar-18 97,30%|fh  6,40%

Figure A.1: Past Ciret Service Level versus OTIF
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Appendix B

Ciret Forecast Method adopted in
R

library (forecast)

R_dataset_FC

art.nam=colnames(R_dataset_FC)

#CIRET FORECAST

perc = ¢(0.0741, 0.0897, 0.0794, 0.0851, 0.0860, 0.0941, 0.0870, 0.1016, 0.0848, 0.0861, 0.0792,
0.0529)

percl = ¢(0.0848, 0.0861, 0.0792, 0.0529,0.0741, 0.0897, 0.0794, 0.0851, 0.0860, 0.0941, 0.0870,
0.1016)

perc2 = ¢(0.0860, 0.0941, 0.0870, 0.1016, 0.0848, 0.0861, 0.0792, 0.0529, 0.0741, 0.0897, 0.0794,
0.0851)

count=0

for (win 1:20) { artsalsests = ts(data=R_dataset_FC start = 2015, end = ¢(2015,12+w), frequency
= 12) #Convert sales to time-series
dtCIRET=data.frame(matsall)

#FC per article

if (w==8) { for (k in 1:ncol(R-dataset_FC)) { a=12+w-11; b=124+w-6

colsales_.CIRET = artsalsests[a:b K]

meansales=mean(colsales_CIRET)

sdsales=sd(colsales_ CIRET ,na.rm = FALSE)

for (i in 1:6) { if (colsales_.CIRET([i] > meansales+3*sdsales | colsales_.CIRET[i] < meansales-
3*sdsales) { colsales_.CIRET][i] = meansales

}

FC_CIRET=sum(colsales_ CIRET)
FC_CIRET=FC_CIRET*339/270
FC_CIRET=FC_CIRET*1.03*12/6
adjust_CIRET=FC_CIRET*percl

colFC_CIRET mat=as.data.frame(adjust_CIRET)
dtCIRET=cbind(dtCIRET,col FC_CIRET _mat)

FC_CIRET art1=dtCIRET][1:8,-1] #FC_art do not consider the first col that was create just to
let the for loop works
colnames(FC_CIRET _art1)=art.nam #Adding names to columns
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telse if (w==16) { for (k in 1:ncol(R_dataset_FC)) {

a=12+w-11; b=124w-6

colsales_CIRET=artsalsests[a:b,k]

meansales=mean(colsales_CIRET)

sdsales=sd(colsales_ CIRET ,na.rm = FALSE)

for (i in 1:6) { if

(colsales_CIRET[i] > meansales-+3*sdsales | colsales_CIRET[i] < meansales-3*sdsales) colsales. CIRETYi]
= meansales

}

FC_CIRET=sum(colsales_ CIRET)

FC_CIRET=FC_CIRET*537/339

FC_CIRET=FC_CIRET*1.03*12/6

adjust_CIRET=FC_CIRET*perc2

colFC_CIRET _mat=as.data.frame(adjust_CIRET)

dtCIRET=cbind (dtCIRET,colFC_CIRET _mat)

FC_CIRET _art2=dtCIRET[1:4,-1] # FC_art do not consider the first col that was create just to
let the for loop works

colnames(FC_CIRET _art2)=art.nam #Adding names to columns

} else {count=count+w}

} FCdtCIRET=rbind(FC_CIRET .art1,FC_CIRET _art2)

FC_CIRET _art_rol=FCdtCIRET[5:12,]

FC_CIRET _art_roll=colSums(FC_CIRET _art_rol[1:2,])

FC_CIRET _art_rol2=colSums(FC_CIRET _art_rol[3:5,])

FC_CIRET _art_rol3=colSums(FC_CIRET _art_rol[6:8,])

FC_CIRET art_rol_C=rbind(FC_CIRET _art_roll,FC_CIRET _art_rol2,FC_CIRET _art_rol3)

FC_CIRET _art_ts=ts(data=FC_CIRET _art_rol,start = ¢(2017,1), end = ¢(2017,8))
FC_CIRET _art_ts_C=ts(data=FC_CIRET _art_rol_C,start = ¢(2017,1), end = ¢(2017,3))
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Appendix C

Hybrid Forecasting Algorithm

library(forecast)
library (pscl)
library(smooth)
Week_LASSO

for (w in 1:88) {

WdtBOOT=1

for (j in 1:ncol(Week LASSO)) {

if (j %in% vC ) {
mrk=t(Week_LASSO[1:(52+w),j])
unvec=unique(as.vector(mrk))
unvecl=as.character(unvec)
un=length(unvec)

unvecord=sort(unvecl)
unvecordl=as.numeric(unvecord)

matun2 = matrix(1:(un+1), byrow = FALSE, nrow = 1)
vun=1

mrkl=rep(mrk,1)
xx=markovchainFit(data=mrk1) $estimate
for (p in 1:un) {

for (q in 1l:un) {

xx11=xx[p,q]

vun=c(vun,xx11)

}

matun2=rbind(matun2,vun)

vun=1

}

distrperc=matun2[-1,-1]
nval=as.character(Week _LASSO[(52+w),j])
colnames(distrperc) = unvecord
rownames(distrperc) = unvecord

if (Week_LASSO[(52+w),j] %in% unvec == TRUE ) {
colint=distrperc[nval,]

if (colint[1] > 0.5) {

FC_BOOT=0

} else

FC_BOOT=WFC_ARIMA _art_rol[w,j]

} else {
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FC_BOOT=WFC_ARIMA _art_rol[wj]

} }else {

FC_.BOOT=WFC_ARIMA _art_rol[w.,]|

} WdtBOOT=c(WdtBOOT,FC_BOOT)

WFC_BOOT_art=WdtBOOTI-1] #do not consider the first value that was create just to let the

for loop works

WFCdtBOOT=rbind(WFCdtBOOT,WFC_BOOT _art)

}

colnames(WFCdtBOOT)=Wart.nam #Adding names to columns WFC_BOOT _art_rol=WFCdtBOOT[2:89,]
WFC_BOOT _art_roll=colSums(WFC_BOOT _art_rol[1:4,])

WFC_BOOT _art_rol2=colSums(WFC_BOOT _art_rol[5:8,])
WFC_BOOT _art_rol3=colSums(WFC_BOOT _art_rol[9:13,])
WFC_BOOT_art_rold=colSums(WFC_BOOT _art_rol[14:17,])
WFC_BOOT_art_rol5=colSums(WFC_BOOT _art_rol[18:22,])
WFC_BOOT_art_rol6=colSums(WFC_BOOT _art_rol[23:26,])
WEFC_BOOT_art_rol7=colSums(WFC_BOOT _art_rol[27:31,])

WFC_BOOT _art_rol8=colSums(WFC_BOOT _art_rol[32:35,])

WFC_BOOT. art_rol9=colSums(WFC_BOOT _art_rol[36:40,])
WFC_BOOT_art_rol10=colSums(WFC_BOOT _art_rol[41:44,])
WFC_BOOT_art_roll1=colSums(WFC_BOOT _art_rol[45:49,])
WFC_BOOT_art_rol12=colSums(WFC_BOOT _art_rol[50:53,])
WFC_BOOT_art_rol13=colSums(WFC_BOOT _art_rol[54:57,])
WFC_BOOT_art_rol14=colSums(WFC_BOOT _art_rol[58:61,])
WFC_BOOT_art_roll5=colSums(WFC_BOOT _art_rol[62:66,])
WFC_BOOT_art_rol16=colSums(WFC_BOOT _art_rol[67:70,])
WFC_BOOT_art_rol17=colSums(WFC_BOOT _art_rol[71:75,])

WFC_BOOT _art_rol18=colSums(WFC_BOOT _art_rol[76:79,])

WFC_BOOT _art_rol19=colSums(WFC_BOOT _art_rol[80:84,])
WFC_BOOT_art_rol20=colSums(WFC_BOOT _art_rol[85:88,])
WFC_HYB_art_rol_ M=rbind( WFC_BOOT _art_roll, WFC_BOOT _art_rol2, WFC_BOOT _art_rol3,
WFC_BOOT._art_rol4, WFC_BOOQOT _art_rol5, WFC_BOOT _art_rol6, WFC_BOOT _art_rol7,
WFC_BOOT _art_rol8, WFC_BOOT_art_rol9, WFC_BOOT _art_rol10, WFC_BOOQOT _art_roll1,
WFC_BOOT._art_rol12, WFC_BOOT _art_rol13, WFC_BOOT _art_rol14, WFC_BOOT _art_rol15,
WFC_BOOT.art_roll6, WFC_BOOT _art_rol17, WFC_BOOT _art_rol18, WFC_BOOT_art_rol19,
WFC_BOOT _art_rol20)

WFC_HYB_art_ts M=ts(data=WFC_HYB_art_rol_M,start = ¢(1,1), end = ¢(1,20))
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Appendix D

Monthly KPIs Results for
Periodic, Smoothing and SPC
Replenishment Policies

Review Period
Avg Inventory
Avg Service Level
Inventory Turnover Ratio
Days at stock

Review Period
Avg Inventory
Avg Service Level
Inventory Turnover Ratio
Days at stock

1445037,19 1482211,82

2486296,37 2478575,65

145242954 1496961,61

Stock worth/Turnover Stock worth/Turnover

Tot costs 30494707 £ 25378312 € 208.660,24 € Tot costs 30439518 € 253.832 48 € 20796278 €

Actual costs 107.045853 € 116.798,29€ 120.365,07 € Actual costs 10482237 € 11159187 € 114 280,36 €
Table D.1: Monthly KPIs results for the Table D.2: Monthly KPIs results for the
Periodic Traditional Replenishment Continuous Traditional Replenishment
Policy with Arima forecast Policy with the hybrid forecasting method

Avg Inventory 49776521
Avg Service Level
Inventory Turnover Ratio

Days at stock

Avg Inventory 672941,17
Mg Service Level
Inventory Turnover Ratio

Days at stock

707875,34
96,23%
3,86

94,64

521028,96

Stock worth/Turnover 14 78% Stock worth/Turnover

Tot Costs 256.481,93 € 28191645€ 289.739,60€ Tot Costs 31224441 € 301.375,13 € 309.256,03 €

Actual Costs 230.088,09 € 216.040,20€ 21248794 % Actual Costs 21445111 € 200.171,20€ 19482191 €
Table D.3: Monthly KPIs results for the Table D.4: Monthly KPIs results for the
Smoothing Replenishment Policy with Smoothing Replenishment Policy with
Arima forecast the hybrid forecasting method

256965,85
87,06%
10,62
34,35

Avg Inventory
Mg Service Level
Inventory Turnover Ratio
Days at stock

359157,77 275271,03 Avg Inventory
Awvg Service Level
Inventory Turnover Ratio

Days at stock

515969,22

Stock worth/Turnover Stock worth/Turnover 5,21%
Total Costs 196.86B,68 £ 31384776 € 338.226,80€ Total Costs 31615999 € 33365511 € 357.365,11€
Artual Costs 21640991 € 198 681,74 £ 18811641 € Actuzl Costs 197.501,85€ 179.689,73 € 169.640,60 €

Table D.5: Monthly KPIs results for the Table D.6: Monthly KPIs results for the

SPC Replenishment Policy with SPC Replenishment Policy with

Arima forecast the hybrid forecasting method
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Appendix E

Logistics Costs Overview

Logistics Costs

Table E.1: Logistics costs for the monthly
Periodic RP with Ciret FC

Logistics Costs
OrR=1 OR=3 ORrR=5
350.000,00 €
300.000,00€
250.000,00 €
200.000,00 €
15000000€
100000006

B o n P ] ] HD

camying  Administration Warehousing Transportation  shorage

1

Tomleosts A costs

Table E.3: Logistics costs for the monthly
Periodic RP with the hybrid FC

Logistics Costs
350.000,00 €
300.000,00 €

250.000,00 €

200.000,00 €
150.000,00 €
100.000,00 €

. III lll | 1 1] Ill Ill ||I III

50.000,00 €
Camying  Administration Warehowsing Transporiation  Shortage TotzlCosts  Actual Costs

mTn=2 =Tn=4 =Tn=6

Table E.5: Logistics costs for the monthly
Smoothing RP with ARIMA FC

Logistics Costs

350,000,00€
300.000,00€
250.000,00€
200.000,00€

150.000,00€
100.000,00€

N |1 I | | Ill “l “I

50.000,00€
camying  Administration Warehousing Tranporaton  shomage  Tomleosts  Acwl costs

ER=1 @R=3 mA=5

Table E.2: Logistics costs for the monthly
Periodic RP with ARIMA FC

Logistics Costs

camying  Administra

Table E.4: Logistics costs for the monthly
Smoothing RP with Ciret FC

Logistics Costs
Omn=2 OTn=4 OTn=6
350.000,00€
300.000,00 €
250.000,00 €
200.000,00 €
150.000,00 €

100.000,00

(00 000 goc I:":ID i

Camying  Adminitration Warehowing Trangportation  Shortage  TotalCosts  Actusl Costs

Table E.6: Logistics costs for the monthly
Smoothing RP with the hybrid FC
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Logistics Costs

Table E.7: Logistics costs for the monthly

SPC with Ciret FC

Table E.9: Logistics costs for the monthly
SPC with the hybrid FC

Table E.11: Logistics costs for the weekly
Smoothing RP with the hybrid FC

400.000,00 €
350.000,00€
300.000,00 €
250.000,00€
200.000,00 €
150.000,00 €
400.000,00 £

50.000,00 €

-«

350.000,00€
300.000,00€
250.000,00€
200.000,00€
150.000,00€
100.000,00€

50.000,00€

- €

Logistics Costs

Om=z gOin=s Om=6

000 000 aoe U0 DUH HH

camying  Administration Warshcasing Transportation  Shortage  TotalCosts  Actusl Costs

Logistics Costs

OTn=2 OTn=4 OTn=6

00 000 oo I:":":l D["]

Camying  Adminitration Warehousing Transportstion  Shortsge  TotslCosts  Actusl Casts

400.000,00€
350.000,00€
300.000,00 €
250.000,00€
200.000,00€
150.000,00 €
100.000,00€

50.000,00 €

-«

250.000,00 €
200.000,00€
2s0.000,00€
200.000,00€
150.000,00 €
100.000,00 €
so000,00€

- €

200.000,00€
350.000,00 €
300.000,00 €
250.000,00€
200.000,00 €
150.000,00€
100.000,00 €

50.000,00€

- €

Logistics Costs

Om=2 OTn=4 OTn=&

200.000,00€
350.000,00 €
300.000,00€
250.000,00 €
200.000,00€
150.000,00 €

100.000,00 €

Logistics Costs

Camying  Administration Warehouwsing Transportation  Shortage

mTn=2

mTn=4

Costs

=Tn=6

ToalCosts  Actual Costs

Table E.8: Logistics costs for the monthly
SPC with ARIMA FC

Camying  Administration Warehousing Transportstion

mTn=2

mTn=g

mTn=6

Logistics Costs

camying  Administration Warshousing Transportstion  Shortage

mTn=2

*== (00 000 mea 000 UHH HH

camying  Administration Warshousing Transmortation  Shorage  TotalCosts  Actul Costs

Table E.13: Logistics costs for the weekly

SPC with the hybrid FC

mTn=a

mTn=6

Shortage

TotalCosts  Actual Costs

Table E.10: Logistics costs for the weekly
Smoothing RP with ARIMA FC

TotalCosts  Actual Costs

Table E.12: Logistics costs for the weekly
SPC with ARIMA FC
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Appendix F

Sensitivity Analysis

How to read the following tables:
e The percentages on the left (highlighted in orange) indicates the variation intensity of the unit
cost variables (carrying, administration, warehousing, transportation).
e The percentages located in the middle of the table correspond to the actual costs variation (the
actual costs value is located in the top-right, highlighted in green) by varying ONLY the unit cost

variable in the corresponding column.

e In case you want to vary two or more variables simultaneously, those percentages (that influence
the actual costs) need to be summed to each other first and then multiplied to the actual costs in
order to obtain the new value.

Continugus ARIM.
-3,33% -2,28% -3,69% -2,25%
-15%| -9,73% -1,67% -1,18% 12,47% -1,85% -1,12%
-15%| -5,84% -1,00% -0,68% -7,88% -1,11% -067%
-5%| -1,95% -0,33% -0,23% 2,49% -0,37% -0,22% 2,50% -1,73% 0,40% -0,24%
0% 000% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00%
o3| 195% 0,33% 0,23% 2,49% 0,37% 0,22% 2,50% 1,73% 040% 0,24%
15%| 5.84% 1,00% 0,68% 7,48% 1,11% 0,67% 7,49% 5,18% 1,21% 0,71%
25%| 9.73% 167% 1,14% 12,47% 1,85% 1,12% 12,48% 864% 202% 1,18%
S0%| 19.46% 3.33% 2,28% 24,.93% 3,69% 2,25% 24,96% 17,28% 404% 2,36%
Smoothing ARIMA Tn=3: 219883,62 £ Smoothing ARIMA Tn=4: 219883,62 £ Smoothing JIT + ARIMA Tn=3: .
50%| -13,52% -11,59% 5,99% 1890% | -12,55% -11,98% ~6,15% 1933% | -10,70% -12,00% 6,47 1982% | -1076% 12,325 ~6,68% 20,25%
5% -6,76% -5,79% -3,00% 0,45% -6.27% -5,00% -3,07% 9 66% 5,85% -5,00% -3,28% 9.91% -5,38% 6,16% -3,38% 10,12%
-15%| -2,08% -3,48% -1,80% 5,67% -3,76% -3,50% -1,84% -5,80% 351% -3,60% -1,98% 5,95% 3.23% 3,70% -2,00% 5,07%
5% -1,35% -1,16% -0,60% 1,89% -1,25% -1,20% -0,61% -1,93% -1,17% -1,20% -0,65% 1,98% -1,08% 1,23% -0,67% 2,02%
0% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00%
S| 135% 1,16% 0,60% 1,8%% 1,25% 1,20% 0,61% 1,93% 1,17% 1,20% 0,65% 1,98% 1,08% 1,23% 0,67% 2,02%
15%| 4,08% 3.48% 1,80% 5,67% 376% 3,50% 1,84% 5,80% 3,51% 3,60% 1,94% 5,95% 3,23% 3,70% 2,00% 6,07%
5% 6,76% 5.79% 3,00% 9,45% 6,27% 5,99% 307% 966% 5,85% 6,00% 3,24% 9,91% 5,38% 6,16% 3,34% 10,12%
s0%| 13,52% 11,59% 5.99% 18,90% 12,55% 11,98% 6,15% 19,33% 11,70% 12,00% 6.47% 19,82% 10,76% 12,32% 6,68% 20,5%

Figure F.1:

Monthly Sensitivity Analysis

Weekly Continuous JIT + ARIMA
50% 3,23% -2,07% 2353 | -19,04% -3,58% -2,40% 2408 | 17,78% 3,90% -2,46% -25,86%
-25% -1,62% -1,04% 1,77 | a5 -1,79% -1,20% 248 | gz -1,85% 1,23% -12,83%
-15% -057% 0,62% 7,06% 571% -1,07% 07% 7,49%% -5,33% -1,17% 0,74% 7,76%
5% 032% 021% 2,35% -1,90% 0,36% 0,24% 2,50% 1,78% 0,39% 0,25% -2,50%
o 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00%
5wl 212% 0,32% 0,21% 2,35% 190% 0,36% 0,24% 250% 178% 03%% 0,25% 258%
15% 635% 0,57% 0,62% 7,06% 571% 1,07% 0,72% 7,4%% 533% 117% 0,74% 7,76%
253 10,58% 1,62% 1,04% 11,77% 8,52% 1,79% 1,20% 12,49% 88%% 1,95% 1,23% 12,93%
50%| 21,16% 3,23% 2,07% 353 | 19,04% 3,58% 240% 98% | 1778 3,90% 246% 25,86%
Smoothing ARIMA Tn=3; [ 1s20278¢ Smoathing ARIMA T=4; 187.147,68€ ‘Smoothing JIT + ARIMA Tn=3: [ 1e0641,26¢ Smaathing JIT + ARIMA Tn=4 174328.30¢€
sox| 1218%  1095% 6,345 1856% | -1280% 11,65% 6,545 1892% | 1213%  1162% 5,59% 1955% | 1097%  1226% 6,06% 19,81%
-25%| -7,08% 547% 317% 9,28% 540% -5,82% 33% -9,46% 5,07% 581% -3,35% 578% -5,49% 5,13% -3,48% -9,50%
-15%| -4,25% -3,28% -1,90% 5,57% 384% -3,49% -199% -5,68% -3,64% -349% 2,01% 5,87% -3,29% -3,68% -2,09% -5,84%
55| 1,42% -1,09% 0,63% 1,86% 1,28% -1,16% -0,56% 1,89% -1,21% 1,16% 0,67% -1,%6% 1,10% 1,23% 0,70% -1,38%
ox| 000% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0,00% 0.00% 0,00% 0,00% 0,00% 0,00% 0,00%
su| 142% 1,09% 0,63% 1,86% 128% 1,16% 0,66% 18%% 1% 116% 067% 1%6% 1,10% 1,23% 0,70% 1,98%
5% 425% 3,28% 1,90% 5,57% 384% 3,49% 1,99 568% 3,64% 3,43% 2,01% 5.87% 3,20% 3,685 2,09% 5,04%
5% 7.08% 547% 317% 9,28% 6,40% 5,82% 3,32% 946% 6,07% 581% 3,35% 9,78% 5.49% 6,13% 3,48% 9,50%
505 14,16% 1095% 6:34% 18565 | 12,80% 11,65% 6,645 1892 | 1213 1162% 6,605% 1955% | 1007% 12,26% 6,96% 19,81%

Figure F.2: Weekly Sensitivity Analysis

The role of forecasting and inventory decisions in the retailing industry from the supplier

perspective

63



	Contents
	List of Figures
	List of Tables
	Introduction
	Company Introduction
	Data2Move
	Pro Alliance
	Ciret Benelux
	Products

	Case Overview
	Overstocking
	Out-Of-Stock

	Current Supply Chain Structure
	Research Question
	Sub-questions


	Methodology
	Business Problem Solving
	Available Data Identification
	Data Preparation
	Forecasting Methods
	Benchmark model: the Ciret Forecasting Method
	Forecast Techniques: A Literature Review
	List of the Forecasting Methods
	Forecast Performances (KPIs)

	Replenishment Policies
	Benchmark model: the Ciret Replenishment Policy
	Replenishment Policies: A Literature Review
	List of the Replenishment Policies
	Replenishment Performances (KPIs)


	Data Overview
	Demand Factors
	Dataset
	Cleaning Dataset
	Dataset Analysis

	Forecasting Analysis
	Forecasting Approach
	Assumptions

	Benchmark Model Results
	Other Forecasts Results
	Conclusions

	Inventory Analysis
	Inventory Approach
	Assumptions

	Benchmark Model Results
	Monthly benchmark model results
	Weekly benchmark model results

	Other Replenishment Policies Results
	Monthly Inventory Approach
	Weekly Inventory Approach

	Conclusions
	Sensitivity Analysis


	Conclusions
	Limitations
	Suggestions
	Future Research

	Bibliography
	Appendix
	Service Level vs OTIF
	Ciret Forecast Method adopted in R
	Hybrid Forecasting Algorithm
	Monthly KPIs Results for Periodic, Smoothing and SPC Replenishment Policies
	Logistics Costs Overview
	Sensitivity Analysis

