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Abstract 
This study is conducted at GV, which faces the challenge of forecasting new products with no or limited 
data. The forecast is required to order the right amount of products at the suppliers. Therefore, a method 
is proposed that is able to predict future sales with a medium term forecast horizon. The model is able 
to link sales patterns of previously introduced items to items that will be introduced in the future, by 
means of a classification tree. In combination with forecasts for the segment, the mature products and 
the phase-out items of that segment, a solution is created to the limited available data challenge. In 
addition, an extra element is included as soon the early sales of the selling season are known. The model 
is tested in a case study at SSF, one of GV’s retail banners. The results show that the proposed method 
has superior performance compared to a method that is commonly used to forecast new products in 
fashion retailing. Besides the promising results of the method, the research provides evidence that supply 
chain collaboration is of added-value when it comes to forecasting new products.   
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Management Summary 
Problem Identification 
This research is conducted at GV and is focused on sales forecasting for new items. GV is a global 
optical retailer and operates in 44 countries through multiple operating companies (OpCo), each 
responsible for one or more banners in one or multiple countries. Currently, forecasting is performed by 
the OpCos and as a result of all the mergers and acquisitions, each OpCo has its own forecasting process 
and tools. Furthermore, the sales forecasts are mainly created in a simplified way. OpCos use the forecast 
to order products from the central warehouse, managed by GV Supply Chain Company (GVSC), by 
using the Distribution Center (DC) Demand Plan. However, due to a poor accuracy of the DC Demand 
Plan there is a lot of inventory in the warehouses with products that were purchased for the markets, but 
not called off by the markets. Since it is based on the sales forecast, it indicates that the sales forecasts 
have a poor accuracy as well. Another forecasting challenge of GVSC concerns new products with no 
or limited sales history. In order to cope with the latest fashion trends and remain innovative, retail 
banners update their assortment regularly at the start of a new selling season.  

The problem that is addressed within this research is thus twofold. On the one hand GVSC has to deal 
with various forecast tools of poor accuracy. While on the other hand the company faces the challenge 
that during each season new products are introduced of which are no historical sales patterns known. 
These difficulties make it hard to keep the right inventory levels in the central warehouse based on the 
current forecasts.  

For that reason, a case study is performed at one of GV’s retail banners located in France, which is SSF. 
This retail banner focuses solely on selling sunglasses. The data used in this research comes from the 
period between January 2015 up to June 2017. Initial analysis has shown that SSF introduces new 
sunglasses with a renewal rate around 30-35% per year, indicating that having a good forecast 
methodology for new items is highly beneficial such that the right amount of products can be ordered at 
the right time. This resulted in the following research question: 

How can the sales forecast of newly introduced sunglasses of SSF be improved in order to 
obtain more accurate forecasts to support DC replenishment? 

In order to support the DC replenishment decision, the forecast needs to satisfy the following criteria: 

 Forecast horizon should comply with the maximum lead time plus review period. 

 Outcome of forecast should be on SKU level. 

 Outcome should be in smaller time buckets than the whole forecast horizon. 

Design 
In the research design the model is developed to forecast new items with a time horizon of five and three 
months. The model is inspired by the methods described by Thomassey and Happiette (2007) and Fisher, 
Rajaram and Raman (2001). By combining and extending the logic of these methods, the model strives 
to incorporate all information that helps by estimating future sales of new items for both pre- and in-
season forecasts. This results in a sequential process, which is depicted in Figure 1.  

 
Figure 1: Process of forecasting the sales of new products 
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In short, the process starts with the prerequisite steps, in which several sales prototypes are identified 
amongst the sales patterns of new items from historic selling seasons. Next, the forecast steps start by 
linking one of the sales prototypes to a new item by means of a decision tree. If the forecast scenario is 
pre-season, a baseline forecast is made, followed by adding the influence of several product 
characteristics. When the forecast scenario is in-season, the early sales are extrapolated based on the 
assigned sales patterns. 

In case of the pre-season scenario, the baseline forecast for each new item is created by disaggregating 
the segment forecast. The sales of the segment is estimated by using its growth trend plus a base value. 
Next, the sales for phase-out items are estimated and subtracted from the segment. Two distinct ways 
are proposed to break-down the remainder of the segment forecast to SKU level: 

 Method 1 makes a separate forecast for carry-overs, which is then subtracted as well. What is 
left is then attributed to the new items, based on the assigned sales patterns. To avoid negative 
forecasts, an adjustable minimum is integrated in this method. 

 Method 2 employs a sales pattern for each carry-over, which is derived from the sales forecast 
of the segment. This is then used to attribute the remainder of the segment forecast jointly with 
the new items based on the sales patterns.  

To validate the performance of the model, a commonly used technique by fashion retailers to forecast 
new products is used. This method assigns the average forecast per item of a particular segment to a 
new item as an estimation. The same logic is also used in the forecast software that GV intends to use 
in the future. 

Results 
The model is tested on 18 brands sold at SSF in the Spring/Summer selling season of 2017. Those are 
the brands with a sufficient amount of historic data, new items in 2017 and stable seasonality pattern. 
Furthermore, it should be noted that, due to limited data availability, the model could only be tested in 
four out of the seven months of the Spring/Summer selling season 2017. Another simplification applied 
concerns the forecast of the phase-out items, which is left out-of-scope and, therefore, the actual sales 
are used in the forecast procedure.  

During a first attempt of clustering the sales patterns, it was found that the majority of the items had no 
sales in the first months of the selling seasons. Analysis showed that this is due to the moment an item 
is introduced. For that reason, the clustering of sales patterns is no longer done based on the sales from 
the start date of the season, but from the moment an item is introduced.  

To validate the added value of the lift factor, the model is also tested without the lift factor. The results 
of the method are stated in Figure 2. From here it can be seen that the lift factor has inferior performance 
compared to the situation wherein it is excluded from the model. Furthermore, Method 1no lift has best 
performance in almost all cases in terms of the MAPE and MdAPE. The validation method has only in 
case of a three month forecast horizon a slightly better performance.  

 
Figure 2: Results forecast methods in terms of MAPE and MdAPE 
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Next, the potency of the method is evaluated by improving two elements. First, the minimum available 
for new items is decreased. This resulted in an improvement between 12-31% in terms of MdAPE and 
MAPE in comparison with the initial minimum. Secondly, an analysis in which a perfect segment 
forecast is accommodated, reveals that the accuracy of the method can be improved between 12-48% in 
terms of MdAPE and MAPE. Furthermore, it was found that the best forecast performance is found 
when both the minimum for new items is optimized and the segment forecast is improved.  

Subsequently, some additional analyses are conducted to gain more insight in the performance of the 
model. Firstly, a detailed analysis of the APE gave insight that the worst accuracy is observed in the 
first month of introduction. This is probably due to the reason that a complete forecast is made for the 
first month, regardless of the day in the month an item is introduced. As a result, items that are introduced 
later in the month are more likely to be overestimated. Secondly, the added value of employing five 
clusters rather than using a single average sales pattern is assessed. This gave evidence that using five 
clusters is beneficial given the fact that the forecast accuracy is between 2-15% lower in case a single 
sales profile is used. Thirdly, the added value of including the month of introduction in the forecast 
process is investigated. This is done in the situation in which a single mean profile is assigned to all new 
items in 2017. In terms of the MdAPE and MAPE, accommodating the month of introduction resulted 
in a higher forecast accuracy between 24-47%. Fourthly, an analysis is conducted on the relation 
between the average sales price per cluster and its sales pattern. Although it seems that the two are 
related to one and other, no significant evidence is found that they are correlated.  

Conclusion and Recommendations 
Within the scope of the case study it can be concluded that Method 1 without a lift factor has a better 
forecast performance than the validation method. However, given the fact that the forecast performance 
could only be measured in four months of the selling season, makes it hard to study the full performance 
of the model. In addition, the model is only tested on sunglasses in France, before GV can apply it to 
other markets and product categories, the method should be tested thoroughly. In conclusion, the 
proposed method shows that the forecast performance of new items at SSF can be improved, however 
before it can fully be employed and rolled-out to other markets additional case studies should be 
performed.  

Based on the insights obtained in the research, the following recommendations are given to GV: 

 Continue research on the Method 1no lift to accommodate the forecast performance in other case 
studies.  

 Optimize the minimum available for new items to improve the SKU level forecast. 

 Improve the segment forecast, this will impact the new item SKU level forecast positively.  

 Establish strong relations with suppliers, such that information that affects the moment of 
introduction is shared. This enables that the moment of introduction can be incorporated within 
the forecast procedure.  

 The introduction date should be included as precise as possible to establish more accurate 
forecasts in the first month.  

 Data warehousing should be improved in order to have the correct input for the model. This 
includes both complete information for all SKUs and accurate information about store 
assortments.  

 PLCs should be managed adequately and stock in stores need to be measured. Having this 
information available enhances the visibility on the actual customer demand.  

Implementing the proposed model and embedding the described recommendations will help GV further 
by having the right amount of stock at the right place in its supply chain at the right time.  
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1 Introduction 
Every retailing organization requires a good sales forecasting mechanism to predict future sales. By 
having a good sales forecasting mechanism, retailers are able to manage stock levels in an effective 
manner such that prevention of stock outs, lost sales and markdowns can be ensured, which ultimately 
enhance their total profit (Xia & Wong, 2014). Forecasts are used for different purposes, including store 
replenishments, production planning or strategical decisions (Gallien, Mersereau, Garro, Mora, & 
Nóvoa, 2015; Thomassey, 2010). The nature and impact of these decisions demonstrate the importance 
of sales forecasting. However, performing accurate sales forecasts becomes extremely difficult when no 
or limited data is available, as is the case for new products or products with a short product life cycle 
(Gaur, Kesevan, Raman, & Fisher, 2007). Fashion retailers face this problem on a regular basis, because 
they have to innovate their collection in order to follow or start the newest trends. 

But what is exactly meant by sales forecasting? Liu, Choi, Hui and Ng (2013) define it as follows: “Sales 
forecasting refers to predicting future demand (or sales), assuming that the factors which affected 
demand in the past and are affecting the present will still have an influence in the future.” Furthermore, 
it should be made clear that, although demand and sales are closely related, they are not equalities. 
Whereas sales refers to products that are actually sold, demand refers to the total of sales and lost-sales 
as a result of out-of-stock situations at a store (Gallien et al., 2015).  

The objective of this study is twofold. First, extend scientific knowledge on sales forecasting of new 
products and secondly develop an enhanced forecasting method for a fashion retailer. This company is 
GV and is a global player in the eyewear market. For confidentiality purposes, no real names are used 
in the report and sales data is scaled. Appendix A contains a reference list with fictive and real names 
that is undisclosed in the public version. The study is a result of a master thesis project at the Eindhoven 
University of Technology, which is conducted in collaboration with GV.  

The report is structured in five chapters. These chapters are based on the five phases of van Strien’s 
(1997) regulative cycle, which is depicted in Figure 1.1. The first part of the research entails a description 
on the research problem and it’s context. The second part encompasses the analysis of the problem that 
is identified in the previous phase. Next, in the third part, a description is given on the research design 
in order to solve the problem in a systematic manner. The fourth part consists of the implementation of 
the proposed solution, such that one is able to validate the proposed solutions in the subsequent phase. 
The final part discusses the results, conclusions, and managerial insights.  

 

Figure 1.1: Schematic representation of research procedure (van Strien, 1997) 
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2 Problem Identification 
This chapter reflects the first phase of the research. First, a description on the research environment is 
given. Next, the research problem is introduced and research questions are discussed. The chapter is 
then finalized with a definition of the research scope.  

2.1 Research Environment 
This section elaborates on the research setting. As the research is performed at a company, a good 
understanding of the company’s business is required. First a broader description is given about the 
company and secondly the specific business unit, where the research is conducted, is described.  

2.1.1 GV 
The company where this research is conducted is GV, which is a global optical retailer. In 2011, GV 
was established by the merger of two multinational optic retailers. The reason for this was that the 
investment company that owned both companies wanted to enhance scale and efficiency. Although GV 
itself is a young company, its roots go back to 1891 (GV, 2017b). 

From the moment GV was established, the company grew to one of today’s global leaders in the optical 
retail sector. This is endorsed by 2016’s revenue and EBITDA figures, which are respectively 3.316 
million Euro and 537 million Euro. Currently the company operates in 44 countries spread over Europe, 
North & Latin America and Asia. At the end of the year 2016 there were 6.516 stores across these 
countries, serving over 150 million customers by selling frames, lenses, sunglasses and contact lenses. 
In order to serve all these millions of customers, GV has a workforce of 31.000 employees. Moreover, 
these customers are served through 29 local retail banners. The company is committed to expand their 
market even further, as it aspires to make high quality and affordable eye care available to more and 
more people around the world (GV, 2017a).  

GV operates their business through multiple operating companies (OpCo), each responsible for one or 
more banners in one or multiple countries. Furthermore, the OpCos are classified in three segments, 
which are: G4, Other Europe, Americas & Asia. The G4 is GV’s most valuable segment as it contributes 
for the largest part to GV’s total revenue. The four OpCos belonging to the G4 are: France & 
Luxembourg, Germany & Austria, Netherlands & Belgium and United Kingdom & Ireland. 
Furthermore, the importance of this segment is also reflected in the amount of stores, since the G4 also 
devotes the most stores (GV, 2017a). The contribution of each segment to both the revenue and number 
of stores is depicted in Figure 2.1 and Figure 2.2, respectively.  

 

Figure 2.1: Revenue per segment (in million EUR) 

 

Figure 2.2: Stores per segment 
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products directly at the supplier, they order it now from GVSC. All these orders are then consolidated 
into a single order per SKU. Currently, at the central warehouse the stock is allocated to the OpCos 
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according to their order forecasts, which results in high amount of stocks. Therefore, the ultimate goal 
is to create a common stock pool at the central warehouse, where the stock is shared for each OpCo. 
This transformation induces a change of ownership. In the future state, GVSC will be responsible for all 
stock in the supply chain and each OpCo’s responsibility will encompass store replenishment and 
customer demand forecasting.  

2.1.2 Sunglass Store 
This research is conducted at Sunglass Store, one of GV’s retail banners. Sunglass Store is slightly 
different compared to the other banners. Whereas GV’s business is focused on selling frames, lenses, 
sunglasses and contact lenses, Sunglass Store focuses solely on selling sunglasses. Another aspect in 
which Sunglass Store deviates is their operating model, as it mostly uses a shop-in-shop strategy in GV’s 
other retail banners. Typically, the stores contain one wall assigned to Sunglass Store for the sunglasses 
only. Additionally, Sunglass Store has standalone stores, pop-up stores and an online webshop (Sunglass 
Store, 2017). With this operating model Sunglass Store has proven to have a high market penetration 
with a joint presence in over 2.200 stores in 30 countries in 2016 (GV, 2017b).  

Sunglass Store positions itself as a retailer that is “Always looking for new trends at the forefront of 
fashion and innovation, Sunglass Store selects top international brands, “must-haves” and leading-
edge designers, in every style and at every price.” To accomplish this, Sunglass Store offers the latest, 
exclusive models and previews throughout the year (Sunglass Store, 2017). These models can be further 
divided into two label types: Exclusive Brands (EB) and Non-Exclusive Brands (NEB). The EBs consist 
of brands that can only be found in stores owned by GV and can be seen as private labels. These 
sunglasses are developed in-house and mostly manufactured in Asia. NEBs on the other hand are also 
sold at competitors of GV. 

To narrow the scope of the research, the Sunglass Store’ standalone stores located in France (from now 
on referred to as SSF) is taken as the research environment. This accounts in total of 44 stores spread 
out over the country. Moreover, the climate of France invokes that there is a big market for sunglasses. 
Besides, the importance of the country is supported by the fact that it is part of GV’s G4 segment, which 
has the majority of revenue contribution. 

2.2 Problem Description 
In this section an initial description is given about the research problem in the context of the research 
environment. Furthermore, research questions are discussed that form guidelines for this research. This 
ensures that the right answers are given and a thorough solution is provided for the identified problem. 

2.2.1 Problem Statement 
Currently, forecasting is performed by the OpCos of GV and as a result of all the mergers and 
acquisitions, each OpCo has its own forecasting process and tools. Several markets create sales forecast 
in a simplified way. GVSC has no direct insight into the sales forecast accuracy of each OpCo, but it 
has insight in the Distribution Center (DC) Demand Plan. This document is provided by the OpCos and 
is based on their sales forecast. The DC Demand plan contains information about the number of products 
per SKU an OpCo requires . The accuracy of the DC Demand Plan is measured by comparing the actual 
volumes ordered by an OpCo in comparison with the initial required amount according to the DC 
Demand Plan. The accuracy is only evaluated for EBs and is done on a monthly basis. Currently, the 
performance is measured on brand level, but the accuracy is very low (around 30%). One of the factors 
causing this low DC Demand Plan accuracy is the low accuracy of the sales forecast. 

As was mentioned in section 2.1, GVSC is currently in a transformation towards common stock pool 
for multiple OpCo’s. To make sure that the right amount of stock is maintained, GVSC requires a good 
forecasting quality. As the sales forecast and DC Demand Plan accuracy is low, there is a lot of inventory 
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in the warehouses with products that were purchased for the markets, but not called off by the markets. 
GVSC wants to avoid this in the future, therefore a forecasting process and tool is required such that the 
right amount for the right products can be ordered at the supplier.  

Next to the DC replenishment decision, the poor forecast accuracy affects GVSC’s business in two other 
ways. Firstly, when the forecast is used for store replenishment, it is very likely that the wrong amount 
of each article is pushed to the stores due to the inaccuracy. This could result in high inventory levels in 
the store or lost-sales. The next decision that depends on the forecast is centered around budgeting. This 
concerns for example growth estimation, setting the right sales targets for the longer period and hedging 
decisions.  

Besides the three type of decisions that require a high forecast accuracy, there is another dimension that 
makes forecasting challenging for GVSC. This concerns new product introductions. In order to cope 
with the latest fashion trends and remain innovative, retail banners update their assortment regularly at 
the start of a new selling season. Although this is not a problem per se, it becomes a problem when sales 
forecasts have to be made for these new items. The reason for this is that historical data is generally not 
available which makes it difficult to predict future sales of new products.   

The problem that is addressed within this research is thus twofold. On the one hand GVSC has to deal 
with a poor accuracy of the DC Demand Plan, which is (partly) caused by poor forecast accuracies. 
While on the other hand the company faces the challenge that during each season new products are 
introduced of which are no historical sales patterns known. These difficulties make it hard to make the 
right decisions based on the current forecasts.  

2.2.2 Research Questions 
The research question follows logically from the problem statement. since it is focused on helping SSF 
to overcome its problem. The main research question is stated as follows: 

Research Question: 
How can the sales forecast of newly introduced sunglasses of Sunglass Store’ standalone 
stores in France be improved in order to obtain more accurate forecasts to support DC 
replenishment? 

An answer to the main research question would automatically result in a solution for SSF’s problem that 
sales forecasting for new sunglasses is a difficult activity. However, to be able to answer the main 
research question, some additional sub-questions are required. These sub-questions are addressed below:  

Sub-question 1:  What forecasting methods exist in literature? 

Sub-question 2:  What are important modelling decisions for a forecasting method? 

Sub-question 3: What should be the time horizon for the forecast of new products? 

Sub-question 4: What should be the timeliness of the forecasting model? 

Sub-question 5: Which aggregation levels, in terms of products, stores and time, are most 
appropriate for forecasting? 

Sub-question 6:  Which forecasting technique is most suitable to predict SSF’s new sunglasses 
demand? 

Sub-question 7: Which explanatory variables would possibly help to explain future sales? 

Sub-question 8: How capable is the new forecasting model at predicting demand of newly 
introduced sunglasses? 

Sub-question 9: How should the improved forecasting model be implemented such that SSF 
will be able to make use of the new forecasting model? 
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2.3 Scope 
Although the previous sections contain already directions for the research scope, they are summarized 
and elaborated on in this section. The goal of this section is to make clear what will or will not be taken 
into account in this research.  

Firstly, it is important to note that the research focuses solely on SSF. Furthermore, it should be noted 
that only the normal stores are addressed in this research, this means that neither pop-up stores nor the 
webstore are taken into account. Finally, only stores that were open during the whole period of the sales 
history considered in this research are taken into account.  

Secondly, in section 2.2 three types of decisions were discussed that depend on the sales forecast. These 
are store replenishment, DC replenishment and budgeting. Although the importance of all these 
decisions is acknowledged, the research concentrates only on the DC replenishment decision to ensure 
that the scope is not too wide.  

Finally, the research focuses specifically on one type of products. These are the products that are new 
in the assortment and have therefore no to limited historical sales data. Other products are used for 
analysis and forecasting at higher aggregation levels, but the main focus is to enhance the forecast 
accuracy for new products.   
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3 Analysis 
This chapter describes the analysis phase of the research project and consists of two parts. First, an 
overview is given on the existing literature within the field of new product sales forecasting. By this, a 
broad understanding about the research problem is gained and gaps in literature are identified. In the 
second part of this chapter an analysis on the research environment is presented. The goal of this analysis 
is to create insight in the business and to identify causes for the identified problem. 

3.1 Theoretical Background 
The discussion of the relevant literature is structured in the following manner. First, four main 
methodologies of sales forecasting are presented. And, also two type of forecast solutions are addressed. 
Next, an overview is given on important modelling decisions with respect to sales forecasting of new 
products. 

3.1.1 Forecasting Methodologies 
In literature, research has been done on sales forecasting of new products and in general four types of 
sales forecasting can be distinguished. These are: judgmental, statistical, artificial intelligence and 
hybrid forecasting (Choi, Hui, Liu, Ng, & Yu, 2014; Liu et al., 2013). Judgmental forecasting refers to 
the situation in which demand estimation is (partly) done by one or more persons. These persons are 
called experts and make forecasts based on rational (Seifert, Siemsen, Hadida, & Eisingerich, 2015). 
This method is for example applied to estimate demand uncertainty by a heteroscedastic regression 
model (Gaur et al., 2007). In another application the method is used in combination with a linear 
regression model (Seifert et al., 2015). Although judgmental forecasting is widely adopted by industry, 
this method is also prone to biases. Groupthinking can easily emerge as a result of experts’ 
overconfidence (Armstrong, 2001) and people tend to identify false patterns in time series, both possibly 
leading to erroneous forecasts (Fildes & Goodwin, 2007; Syntetos, Nikolopoulos, Boylan, Fildes, & 
Goodwin, 2009). One should thus always be aware of potential biases when judgmental forecasting is 
in place. 

Whereas judgmental forecasting requires the presence of experts, statistical forecasting requires the 
presence of data. This data is then used in combination with a statistical model to predict future sales. 
The advantage of this type of methods is that they are relatively easy to understand and have a high 
computation speed in general. However, they are mostly suitable in case of large amount of data, less 
influencing factors and near linear relations, which is typically not the case for new fashionable items 
(Choi et al., 2014; Ni & Fan, 2011). Examples of statistical forecasting models that were successfully 
applied for new products are: extrapolation (Fisher & Rajaram, 2000; Fisher et al., 2001), Bayesian 
(Kulkarni, Kannan, & Moe, 2012; Moe & Fader, 2002) and regression models (Gallien et al., 2015; 
Garro, 2011). Thus it is shown that, despite the difficulty of applying statistical forecasting models to 
new products, this type of predicting can be used when it is used in a smart manner.   

The third stream of sales forecasting is based on computational intelligence methods. This type relies 
on heuristics based on the learning and adopting ability observed in natural phenomena (Štěpnička, 
Cortez, Donate, & Štěpničková, 2013). Examples in which this method is applied can be found in an 
evolutionary neural network (Au, Choi, & Yu, 2008), probabilistic artificial neural network (ANN) 
(Thomassey & Happiette, 2007) and a seasonal discrete grey model (Xia & Wong, 2014). The ability to 
deal with non-linear relations is considered as the main advantage computational intelligence forecasting 
methods. While on the other hand, these methods are also known for two drawbacks. These are long 
computation time (Choi et al., 2014; Liu et al., 2013) and the ‘black-box’ characteristic of the forecast 
process (Aye, Balcilar, Gupta, & Majumdar, 2015). 
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Finally, hybrid methods are capable of combining several forecast methods into a single method. By 
this, hybrid methods strive to capture the advantages of several models into one method and 
simultaneously overcome some of their drawbacks (Liu et al., 2013). This is, for example, applied in a 
method that combines an extreme learning machine (ELM) with a grey model (GM) (Choi et al., 2014), 
an ANN with a harmony search based ELM (Guo, Wong, & Li, 2013), an autoregressive tree model 
with an ANN (Ni & Fan, 2011) and one that combines AHFCCX (Automatic Hybrid Forecasting Model 
with Fuzzy Estimation of Corrective Coefficients) with SAMANFIS (which stands for: short-term 
forecasting model by adjustment of mean-term forecast with adaptive neural fuzzy inference system) 
(Thomassey, Happiette, & Castelain, 2005b).  

Next to the four main types, forecasting methods can be distinguished based on the nature of the 
proposed solution. Two kind of contributions exist in literature and forecasting methods can either be 
characterized as a mathematical or modelling contribution. Whereas the first contribution method 
considers the variables as given and enriches literature mathematically, the second type uses an existing 
mathematical method and contributes to literature by revealing new relations, including new decision 
variables or existing variables, but in a different manner, related to sales. Applications of the 
mathematical contribution can be found, amongst others, in an optimization method for the number of 
neurons of an ENN (Au et al., 2008) and a variable selection tool (Guo et al., 2013). Examples of a 
modelling contribution can, for example, be found in clustering methods for both linking historical sales 
to new products (Thomassey & Happiette, 2007), stores with similar sales patterns (Gallien et al., 2015; 
Garro, 2011) and a mechanism that incorporates early sales data to update the seasonal forecast (Fisher 
et al., 2001). In general, it can be said that papers on judgmental and statistical forecasting methods 
propose modelling oriented contributions, whereas papers on computational intelligence and hybrid 
methods focus on mathematical contributions.  

This study extends the work of two of the above mentioned researches in particular, these are conducted 
by Thomassey and Happiette (2007) and Fisher et al. (2001). Several gaps are identified to which this 
study contributes, by combining and extending to these two papers.  

3.1.2 Modelling Decisions 
When forecasts have to be made, some important modelling decisions need to be considered. The first 
one is on the length of the forecast horizon. This refers to how much further in time the forecast method 
looks to predict sales. Mainly three horizons are distinguished, including short-term, mean-term and 
long-term (Aye et al., 2015; Thomassey, 2010). Each horizon is used for a different purpose. Short-term 
forecasting is usually used for store-replenishment decisions within a selling season. The mean-term 
horizon is used for seasonal planning, focused on production orders. This could be used for a first order 
or a replenishment order. The horizon could be up to a year, until the season ends, in the first case, 
whereas it usually encompasses a few months in the second case. Of course, the horizon depends also 
on the length of the selling season (Gallien et al., 2015; Thomassey, 2010). Finally, the long-term 
forecasts are used for strategic planning regarding, for example, market opportunities and capital 
expenditures (Aye et al., 2015). 

The second decision variable is closely related to the forecast horizon and is called timeliness. This term 
refers to the moment at which the forecast is performed. This can either be performed prior to the start 
of a selling season or during the selling season. Whereas some methods are solely focused on one 
moment (Fisher et al., 2001; Kulkarni et al., 2012), others encompass both (Gallien et al., 2015; 
Thomassey et al., 2005b). Pre-season and in-season forecasts are used for different strategies. Pre-season 
forecasts are mainly focused on the first shipment, which is sometimes the only shipment. And, in-
season forecasts are mainly focused on subsequent orders. The in-season forecast is primarily used to 
update the pre-season forecast. This ensures that, for example, observed sales can be incorporated in 
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order to enhance the accuracy (Gallien et al., 2015). However, in-season forecasts are also made on a 
short-term notice, to facilitate replenishment decisions by incorporating the latest sales trends 
(Thomassey, 2010).  

The final decision concerns the aggregation level of the forecast. This includes aggregation decisions 
on product, store and time bucket level. On the one hand, this decision is important because it can 
enhance the forecasting performance (Zotteri, Kalchschmidt, & Caniato, 2005), while on the other hand 
retailers could be forced to do this due to high number of SKUs, short product life span and changing 
reference products for each collection (Thomassey, 2010). An aggregate forecast means that prediction 
is done on a higher level and is also referred to as a top-down method. Disaggregate forecasts are the 
opposite and predict on the lowest level. Therefore, they are also referred to as bottom-up forecasts. For 
example, a forecast can be made on SKU level, but also on the product family containing multiple SKUs. 
Regarding the store aggregation level, prediction can be made on the disaggregate level of the sales in 
a particular store, but also per region or stores sharing similar characteristics. Lastly, sales can be 
estimated per day, but also on weekly, monthly or yearly level. When a forecast is made at a higher 
aggregation level, then they have to be disaggregated in a later phase when information is needed on the 
granular level (Zotteri et al., 2005).   

3.1.3 Gap in Literature 
This study extends the work of two of the above mentioned researches in particular, these are conducted 
by Thomassey and Happiette (2007) and Fisher et al. (2001). Several gaps are identified to which this 
study contributes, by combining and extending to these two papers. These gaps are elaborated on in the 
Design chapter when the model is discussed. This can be found in the sections 4.1-4.3. 

3.2 Company Analysis 
In this section the analysis of GVSC and SSF is discussed. This includes an analysis on the product 
assortment of SSF and how assortment building is done. Furthermore, the needs of an improved 
forecasting method are discussed. Information in this section comes from interviews and discussions 
with employees from GVSC and SSF.  

3.2.1 Product Assortment 
Within the assortment, SSF has sunglasses available in various segmentations. These are defined by 
style and price point. Regarding the style of a product, four types are defined. These are: Classic, Edgy 
& Designers, Fashion & Highstreet and Active. The Classic style is characterized by a timeless look and 
not influenced by fashion trends. The Edgy & Designers style can be recognized by innovation, 
creativeness, uniqueness and unexpected effects. Fashion & Highstreet sunglasses follow the latest 
seasonal trends and sunglasses that are categorized as Active are characterized by ergonomic shapes and 
cutting edge materials. With respect to the price point segmentation, six levels are defined, which are 
stated in Table 3.1. In the assortment of SSF, a brand is generally a combination of one price point and 
one style. For that reason, SSF has defined brand as a segment for its own analysis.   

Price point Price band 

Platinum > € 200  

Premium € 150 - € 199 

Best € 100 - € 149 

Better € 60 - € 99 

Good € 30 - € 60 

Budget < € 30 

Table 3.1: Price point definition SSF 
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To cope with the latest fashion trends and remain an innovative sunglass retailer, SSF updates its 
assortment three times a year. The renewal rate by which novelties are introduced lies around 30-35% 
per year. Consequently, SSF faces the problem that during each season multiple new sunglasses are 
introduced. The selling seasons that are maintained are the Spring, Summer and Fall/Winter season and 
start at the end of March/early April, end of June/early July and October, respectively. The biggest 
assortment update occurs by implementing the spring assortment in the stores. And, although the Spring 
and Summer selling seasons are defined separately, the assortment is roughly the same except of a minor 
update. In conclusion, the majority of the new items are introduced in the Spring selling season.  

The selection of the new assortment is performed at the Go-To-Market (GTM) event. This biannual 
event is held in September and March, roughly six months before the Spring or Winter selling season 
starts. During this event all OpCo’s select the sunglasses they want in their assortment for the seasons 
that starts six months later. For the NEB sunglasses, a pre-selection is made at the suppliers. This is done 
by the council, which consists of category managers from the largest OpCo’s. On the other hand, EB 
sunglasses are developed in-house and new products are designed according to the latest trends and 
assortment analysis. From the developed sunglasses, only a subset is presented at the GTM. This 
selection is done roughly 1.5 months before the GTM and is performed by the council. The result of the 
pre-selection process is the global assortment, from which OpCo’s can compose their local assortment 
such as the assortment of SSF.  

When the new assortment is composed, some considerations are taken into account for including and 
excluding products. First, an analysis is done on brand performance. Subsequently, per brand an analysis 
is done on SKU level. The major reason for excluding items from the next assortment regards its 
performance in terms of sales volume with respect to the other items belonging to the same segment. 
Subsequently, harmonization of the assortment is considered, but is inferior to the previous criterion. 
With harmonization product characteristics are considered such that there is a balance on both 
assortment and segment level. With harmonization emphasize is put on balancing, for example, the 
number of articles available for men and women or in different colors. In this process the optional new 
items from the global assortment are also taken into account. In conclusion, all these consideration 
should lead eventually to a balanced, innovative and profitable new product assortment.  

3.2.2 Forecast Requirements 
GVSC has a clear view on how forecasting should be done in the future. Its goal is to support the OpCos 
with generating sales forecasts for ordering decisions. This also provides GVSC more visibility on the 
forecast accuracy. A new process is designed by GVSC that will be used by all OpCos such that the 
uniformity with respect to forecasting is ensured in the future. This process contributes to the situation 
in which the right amount of the right products are ordered at the supplier. Additionally, this process is 
for all type of products, regardless of whether those are existing, new or phasing out products. A 
schematic representation of this process can be found in Figure 3.1.  

 
Figure 3.1: Future state forecast process. 
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As can be seen from Figure 3.1, each OpCo must submit the point of sales data to GVSC for all retail 
banners. In this case SSF needs to submit the data. Then, GVSC loads the data into the forecast tool in 
order to predict the future sales on segment level. In case of the sunglasses, the segment is defined by 
the brand. Subsequently, the forecast file is transmitted to SSF, such that is has the possibility to review 
the segment forecast. At this stage the promotion uplifts are added to the segment forecast. The reviewed 
forecast will then be transferred to GVSC, where it will breakdown the segment forecast to a SKU level 
forecast. This is based on product status and sales performance. The lead time for ordering can take up 
to a maximum of five months. It is required that the time horizon of the SKU level forecast is similar to 
the maximum lead time. At this point, the forecast is finished and in the next steps some calculations 
will be made such that the right amount of the right products can be ordered. This includes netting the 
product level forecast with the inventory in the stores. The result is the order forecast, which will be 
consolidated by GVSC with the order forecasts of the other retail banners. GVSC then nets the 
consolidated order forecast with the stocks in GVSC DCs and, of course, safety stock levels and the 
review period are taken into account as well. The gap is what GVSC needs to purchase from the suppliers 
in order to fulfill the markets’ orders.  

In order to ensure that the DC can be replenished in the appropriate way and complies with the process 
described in Figure 3.1, GVSC has some requirements. The first requirement is that the ordering decision 
can be executed at the right moment. This means that the forecast horizon should be at least as long as 
the maximum lead time plus review period. This time is needed to review the current stock, produce the 
products, perform quality checks and ship the products to the DC. The maximum time that is needed is 
approximately five months and therefore the forecast horizon should be at least five months. In addition, 
another forecast with a shorter horizon is required, which is three months, because the lead time for 
NEBs is shorter. In addition, it enables us to investigate the influence of the forecast horizon on the 
accuracy, such that the potential benefit of shortening the lead time can be exposed.  

The second requirement concerns the outcome level of the forecast. When GVSC orders the new 
products at her suppliers, it has to provide per SKU the amount of items it wants to order. Therefore, the 
outcome of the sales forecast for the new products needs to be on SKU level. The third requirement is 
also related to the outcome level. This concerns the aggregation level in terms of time. GVSC does not 
want to have a single forecast for the whole horizon, but desires it in smaller time buckets. This could 
be for example on month or week level. 

Summarizing, the forecast tool should have three core characteristics in order to assist GVSC with DC 
replenishment in a beneficial manner. Firstly, the forecast horizon should comply with the maximum 
lead time plus review period. Secondly, the output of the forecast should be on the lowest product 
aggregation level and, thirdly, in smaller time buckets than the whole forecast horizon. Satisfying these 
three requirements would result in a forecasting model that serves optimal the DC replenishment 
decision for the new products.  
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4 Design 
This chapter describes the design phase of the research project. Firstly, the technique that is used to 
predict future sales is introduced. This technique is then separated into two parts and discussed 
accordingly in the two subsequent sections. This incorporates a detailed discussion on how the forecast 
challenge of GVSC can be encountered. It is fully focused on the problem to forecast new products with 
a time horizon according to the lead time. To model this setting, two research settings are taken into 
account, one where the lead time is assumed to be five months and in the second scenario it is assumed 
that this is three months. Furthermore, it is important to note that a sale is defined as a unit sold to a 
customer. Next to the forecast technique, the validation method is described. This is used to benchmark 
the accuracy of the proposed method. Finally, the chapter finishes with a description on the data and the 
steps that are taken for data preprocessing.   

4.1 Forecasting Technique 
The first decision of the design phase concerns the forecasting technique that is used. In section 3.1 
several methodologies are described, however not each type can be applied to this research due to a 
discrepancy between their characteristics, the research problem and the requirements of GVSC. As it is 
required that the sales can be predicted with a mean term horizon of three to five months, the short term 
forecasting methods cannot be taken into account. Next, pure judgmental forecast methods are less 
suitable since GVSC opts to forecast based on statistics or artificial intelligence rather than a method in 
which one or more persons forecast sales. However, this does not mean that information obtained 
through human actions cannot be not taken into account as input for a model. Furthermore, the final 
outcome should be at SKU level and, thus, the model should be able to forecast directly at the lowest 
aggregation level or disaggregate at the final stage. In addition, when the forecast horizon is taken into 
account in combination with the selling seasons, the forecast should be able to cope with the situation 
in which it forecasts prior to the selling season, and, secondly, also within the season.  

In the pre-season scenario there is only limited information. This consists of product attributes and the 
stores in which a product will be placed. In the second scenario, there is also information available about 
the sales in the beginning of the season. However, due to the long lead time and accompanying forecast 
horizon, prediction is mainly done pre-season. The available information is very limited for forecasting, 
therefore it is highly beneficial to extend the known information of the new products. A potential way 
to do so is based on the idea of Thomassey and Happiette (2007). These researchers developed a 
methodology inspired by the commonly used method of retailers, which employs the mean sales profile 
of the product family as an artificial time series for the new product. Thomassey and Happiette (2007) 
add to this method by clustering sales patterns and assign a cluster’s sales profile to each new item based 
on product attributes. Since SSF knows the historical sales of products that were introduced earlier, it is 
feasible that these sales patterns can be linked to the new products. Therefore, the forecasting technique 
that is used in this research builds on the idea of Thomassey and Happiette (2007) by linking historical 
sales to new products based on their attributes.  

For the in-season forecast scenario an additional element is proposed to include the early sales in the 
forecast. Fisher et al. (2001) demonstrate in their study that including the actual sales, generated early 
in the season, as a predictor for total season sales, result in a high forecast performance. The proposed 
method is based on the one described in Fisher et al. (2001). The authors developed a method to use the 
first two weeks to estimate the remainder of the 22 weeks lasting selling season for women dresses. 
They did this by using historical data of comparable existing products to calculate the fraction of sales 
that was observed in the in the same period. The early sales were then extrapolated through dividing it 
by the historic fraction.  
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The process of how a new product is linked to time series of existing products is divided in two parts. 
The first part includes the steps that are prerequisite and enable the process in which the actual forecast 
is made, which is the second part. The second part, containing the forecast steps, consists of two forecast 
scenarios: pre-season and in-season. Jointly, these steps enable us finally to estimate the future sales per 
item. These steps of the two parts are discussed in the following sections. These sections contain also 
more details on how the proposed model contributes to scientific literature.  

4.2 Prerequisite steps 

4.2.1 Identification of product lifecycle status 
The first step is to identify the status within the product lifecycle (PLC) of the existing products. The 
states according to the classical lifecycle phases are defined as follows: introduction, growth, maturity, 
decline and retirement (Saaksvuori & Immonen, 2008). This step is necessary to ensure that each item 
is treated according to their status as each state has a different sales pattern. In this research, three states 
are defined to which products can be classified. Furthermore, these states are defined below and are then 
linked to the classical lifecycle phases.  

The first distinction is made for products that are part of the assortment in the current season A. In case 
an item is part of the active assortment in the current season and when this will be also the case during 
the next season, then it is classified as a carry-over in season A+1. But, when that particular product is 
no longer part of the assortment in the next season, then it will be a phase-out product in the season A+1. 
Similar to the existing products, there are also two distinct classifications for the new items. When a 
product is part of the active assortment for the first time in the season A+1,  then it is a new item. On 
the other hand there are also products that can be classified as a reintroduced item. Those are the articles 
that are not part of the assortment during current season A, but were part of the assortment during an 
earlier season and will be introduced again in the next season A+1. Although the potential difference of 
new and reintroduced articles is acknowledged, they are treated both as a new item in this research. 
Therefore, there are three distinct product classifications in terms of PLC.  

Within the classical lifecycle phases, the new items can be placed in the introduction and growth phases. 
These phases are characterized by a growing sales volume. Subsequently, carry-overs are on their turn 
placed in the maturity phase and are characterized by stable sales patterns. Finally, the phase-out items 
are placed in the decline and retirement phases and know a declining sales pattern.  

4.2.2 Removing Seasonality  
Subsequently, the seasonality should be removed from the data. This is necessary to avoid that 
seasonality patterns are discovered instead of product life patterns, because the sales pattern resulting 
from the summer period are probably stronger than the growth trend of new items.  

Extracting the seasonality from the data is done based on the method described by Nahmias (1993). 
Before continuing to the extraction method, it is important to note that a season is defined as a series of 
data consisting a pattern that repeats every N periods. The length of a season is defined by the number 
of periods before the pattern repeats itself. Hence, in this context, season is not the same as the widely 
used word to point out a time of the year.  

Next, the sales data is split into two sets: a train and test set. This split is necessary to prevent overfitting 
the seasonality adjustment factors. This would give good results for the known sales patterns, but 
possibly not for future data. The train set should contain at least two seasons of sales history to be more 
certain whether a spike or drop in sales occurred in a random or systematic manner. Additionally, at 
least one season should be used to test the seasonal indices. Therefore, having sufficient data would 
result in more robust seasonal indices for future years.  
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The seasonality indices are then determined in the following manner. Firstly, the mean sales per period 
for the train set are calculated. Secondly, the total sales per period are divided by the mean sales in order 
to determine a seasonality adjustment factor for each period in the time series. Thirdly, to come up with 
a single adjustment factor for each period in the season, the adjustment factors are averaged by period 
(e.g. average the computed factors of period 1 in season A and season A+1). Finally, the factors are then 
adjusted such that they add up to the amount of periods in the season.  

Once the seasonal indices are calculated, the seasonality can be removed from the sales data. This is 
done by dividing the sales in each period by the according seasonality factor for that period. The result 
of this computation is seasonal adjusted sales data.   

y =
y

S
 

The parameters are defined as follows: 

y  = Seasonally adjusted sales at time  

y  = Actual sales at time  

S  = The estimated seasonality factor at period  

4.2.3 Normalization of sales data 
During the third step in the process the sales are normalized to take care of the discrepancy of the sales 
volumes across the assortment (Thomassey & Happiette, 2007). Having all the time series normalized 
makes it possible to compare the sales patterns amongst each other. The normalization is done per item 
by dividing the sales at time t by the total sales of the season (Thomassey & Fiordaliso, 2006), which is 
expressed as follows: 

c =
y

∑ y
 

The parameters are defined as follows: 

c  = Sales pattern coefficient at time  

y  = Actual sales at time  

t  = Final date used for normalizing time serie 

By normalizing sales this way, c  expresses the proportion of sales that is accumulated in that period in 
comparison with the total sales that is generated during that season.   

4.2.4 Clustering sales patterns 
The next step is to define clusters in the normalized sales patterns. The resulting clusters contain all the 
sales patterns of items that are similar to one and other. Note that only the sales patterns of new items 
are clustered such that the clusters are not disturbed by sales behaviors of other than new items. In 
addition, the clusters are constructed on the sales patterns observed in the first selling season that the 
new items appeared on the market. For each cluster it is then possible to subtract the mean of the sales 
patterns of all items belonging to that cluster. The mean sales pattern is also referred to as ‘prototype’. 
The prototypes of all clusters represent jointly the sales patterns of all existing items (Thomassey, 2010).  

The clustering procedure is performed by using the K-means clustering method for longitudinal data 
(Genolini, Falissard, Genolini, & Falissard, 2010). In addition, as a distance measure the Euclidean 
distance is chosen, which is commonly used for clustering tasks (Warren Liao, 2005). Then, the optimal 
number of clusters have to determined. This is done according some criteria, which are stated as follows: 

 Good score on the Calinski and Harabasz (CH) criterion, indicating that clusters are distinctive. 
This means that there is low covariance within clusters and high covariance between clusters 
(Caliński & Harabasz, 1974).  



14 
 

 Assessment of a graph in which the CH criterion is plotted against the number of clusters. In 
case a shift in the graph is observed, known as “the elbow” or “knee”, it might be an indication 
for the optimal number of clusters for the dataset (Kraft, 2012). 

 These criteria are jointly assessed in order to come up with the optimal number of sales prototypes.  

4.3 Forecast Steps 

4.3.1 Classification of new products 
The next step is to link the emerged prototypes to next season’s new products. This process is done 
based on the product attributes of the existing and new products. This is the only information that is 
known that can be used to link the new products to the sales data of the previously introduced products. 
There are multiple techniques that can be used for classification, but this forecast procedure will make 
use of a decision tree. There are three reasons for this. First of all, it belongs, together with neural 
networks, to the most efficient tools in many pattern classification applications (Thomassey, 2010). 
Secondly, according to Mak and Munakata (2002), decision trees perform best in case of non-numerical 
data when they are compared to neural networks. Since all attributes are non-numerical, it makes that 
the decision tree is suitable for this classification task. The final advantage of the decision tree is the 
interpretability of the outcome. This helps GVSC to understand why a certain new product is connected 
to one of the prototypes.  

This research adds value to the research of Thomassey (2006) in the sense that in this study product 
attributes are used for the classification procedure, whereas the research of Thomassey (2006) only takes 
life span, price and beginning period into account.   

4.3.2 Baseline forecast 
The next step is to transform the sales prototypes, that are assigned to all new items, to a baseline forecast 
for the new season. The term baseline forecast is used here, because later the influence of explanatory 
variables is added. This will be explained in section 4.3.3. The transformation is necessary because the 
new items have at this moment only an expected normalized sales pattern for the new season based on 
the assigned cluster. However, to support the ordering decision it is necessary to transform it back to a 
time series forecast of real sales. Therefore, two methods, inspired by the method developed by 
Thomassey, Happiette and Castelain (2005a), are proposed to transform the normalized sales patterns 
to a baseline forecast in absolute sales units.  

The proposed methods in this research rely on a forecast for the segment in order to estimate the sales 
on SKU level. The methods differ in the way this segment forecast is disaggregated to SKU level, but 
the manner in which the aggregated segment forecast is made and the phase-out items are treated, is 
similar. The proposed methods deviate from the research of Thomassey, Happiette and Castelain 
(2005a) since they employ a sales profile for each item, regardless of its state in the PLC, whereas the 
proposed methods in this study assigns only a sales pattern to a part of the items. The subsequent sections 
focus, firstly, on the segment and phase-out item forecast and then the two proposed methods for the 
new items are elaborated on.  

4.3.2.1 Segment forecast 
The segment level forecast is based on the sales growth per month and seasonality of the segment. It 
entails an aggregated forecast for all carry-overs, new items and phase-out items in a segment. To make 
the forecast, first the sales growth for the segment needs to be determined. This is done based on the 
historical sales in the timespan from a certain starting point up to the moment the forecast has to be 
made. To assess the true growth, the growth is determined based on the seasonal adjusted sales and is 
determined by means of linear regression. The future seasonal adjusted sales for the segment is then 
estimated by extrapolating the observed growth trend plus the base month value. The absolute sales 
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forecast for the segment is then found by multiplying the result by the seasonal index of the 
accompanying month. The segment forecast is defined by the following formulas: 

Y = β + β ∗ m  

Y  =  Y  ∗ S  

The parameters are defined as follows:  

Y  = Seasonally adjusted sales forecast of segment  at time  

Y  = Sales forecast of segment  at time  

β  = The base month value, from which the growth trend of segment  starts 

β = The growth trend per month of segment  

m  = The i  month since the first month of the sales history used for determining the growth trend 

S  = The estimated seasonality factor at period  for segment  

4.3.2.2 Phase-out item forecast 
The phase-out items are treated separately and are forecasted in the same way for both methods. This 
forecast is performed according to the following logic. Since no new inventory is ordered for the phase-
out items, the sales decline according to the decline in inventory. Therefore, inventory should be 
estimated in advance according to the time horizon of the forecast. From historical analysis a sales 
distribution can then be applied to approach the sales of the phase-out items. This forecast is then 
subtracted from the segment forecast such that the remainder can be attributed to the carry-overs and 
new items according to the methods described in the following sections. By separating the phase-out 
items from carry-overs and new items, this method deviates from the method proposed by Thomassey 
et al. (2005a). The remainder of the segment forecast is expressed as follows: 

Y  = Y − Y ,  

The parameters are defined as follows:  

Y  = Sales forecast of the remainder of segment  at time , after subtracting the phase out forecast 

Y  = Sales forecast of segment  at time  

Y ,  = Sales forecast of the phase out items ofsegment  at time  

4.3.2.3 Baseline Forecast Method 1 
The first step of method 1 is forecasting the carry-overs. The proposed way is the same as used for the 
segment, except that here the growth trend for the carry-overs is used. The carry-over forecast is stated 
as follows: 

Y ,  = β , + β , ∗ m  

Y ,  =  Y ,  ∗ S  

The parameters are defined as follows:  

Y ,  = Seasonally adjusted sales forecast of carry overs from segment  at time  

Y ,  = Sales forecast of carry overs of segment  at time  

β ,  = The base month value, from which the growth trend of the carry overs of segment  starts 

β , = The growth trend per month of the carry over sales of segment  

m  = The i  month since the first month of the sales history used for determining the growth trend 

S  = The estimated seasonality factor at period  for segment  

Subsequently, the carry-over forecast is subtracted from the remainder of the segment forecast. By 
separating the carry-over items from the new items, this method deviates from the method proposed by 
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Thomassey et al. (2005a). The result is the aggregated forecast for all the new items of a particular 
segment. To prevent that a high forecast for the carry-overs would result in a (too) small remainder, a 
minimum amount for the new items is set. This minimum is based on the historic proportion that carry-
overs and new items on average contribute to the average sales per SKU. By this, the average sales of 
an SKU in the segment is split into two parts: one that is on average accumulated by a carry-over and 
one that consist of the sales of a new item. By including the number of carry-overs and new items it is 
ensured that the minimum adapts to the available products of a particular segment. To ensure that the 
minimum can be adjusted, an additional parameter is integrated that enables raising or decreasing the 
lower bound. The result is then the minimum aggregated sales forecast for the new items in a particular 
segment. Finally, the aggregated forecast for all the new items in the segment is stated by the following 
formula (see Appendix B for the derivation of the formula for the minimum value): 

Y , = max Y − Y , , γ ∗
Y ∗ p ∗ n

p ∗ n  + m ∗ (1 − p )
 

The parameters are defined as follows: 

Y ,  = Sales forecast of all new items of segment  at time  

Y  = Sales forecast of the remainder of segment  at time , after subtracting the phase out forecast 

Y ,  = Sales forecast of carry overs of segment  at time  

p  = Average historic proportion of a new item s contribution to the average sales per SKU 

n    = Number of new items of segment  at time  

m  = Number of carry overs of segment  at time  

γ = Adjustment factor for the mimimum amount available for the new items 

Next, the aggregated sales forecast for the new items needs to be disaggregated to SKU level. In order 
to do this, the sales prototypes, that are assigned to the new items in the previous step, are used. These 
sales patterns enable us to calculate each new item’s contribution to the aggregated forecast for all new 
items in the segment. Finally, the SKU level baseline forecast for new items is calculated by multiplying 
its proportion by the aggregated forecast for all new items.  The new item baseline forecast model 
according to Method 1 is stated as follows: 

b ,
, =

c ,
,

∑ c ,
,

∗ Y ,  

The parameters are defined as follows: 

b ,
,  = Baseline forecast for new item  of segment  at time  

Y ,  = Sales forecast of all new items of segment  at time  

c ,
,  = Sales pattern coefficient for new item  of segment  at time  

n    = Number of new items of segment  at time  

4.3.2.4 Baseline Forecast Method 2 
The second method, for determining the baseline forecast, is equal to the first method in the sense that 
it forecasts the segment in the same manner. Even so, the phase-out items are treated in the same fashion. 
The only difference is that the carry-overs are forecasted differently. In contrast to Method 1, this method 
does not use a separate aggregated forecast for the carry-overs. But, similar to the new items, this method 
employs an estimated sales pattern for the carry-overs. By this, Method 2 incorporates the exact number 
of carry-overs rather than using a time series for the carry-overs as is the case for Method 1.  

The sales pattern for carry-overs is determined according to the following logic. Based on the idea that 
sales patterns of carry-overs are in the maturity phase, it is assumed that their pattern follow a stable 
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behavior. With stability it is meant that an item behaves similar to the rest of the segment and does not 
know a grow or decline pattern. According to this reasoning, it is feasible that the carry-overs follow the 
same pattern as the whole segment. Therefore, the sales pattern for each carry-over is extracted from the 
aggregated segment forecast. The sales profile for the carry-over is then found by normalizing the 
forecasted time series of the whole season in the same manner as described in section 4.2.3. By assigning 
a single profile to carry-overs, the research deviates by the research of Thomassey et al. (2005a). The 
new item forecast model according to Method 2 is stated as follows: 

b ,
, =

c ,
,

∑ c ,
, + ∑ c ,

,
∗ Y  

b ,
, =

c ,
,

∑ c ,
, + ∑ c ,

,
∗ Y  

The parameters are defined as follows: 

b ,
,  = Baseline forecast for new item  of segment  at time  

b ,
,  = Baseline forecast for carry over item  of segment  at time  

Y  = Sales forecast of the remainder of segment  at time , after subtracting the phase out forecast 

c ,
,  = Sales pattern coefficient for new item  of segment  at time  

c ,
,  = Sales pattern coefficient for carry over item  of segment  at time  

m  = Number of carry overs of segment  at time  

n    = Number of new items of segment  at time  

4.3.3 Uplift forecast 
The final steps of the forecast method concerns the transformation of the baseline forecast into a final 
forecast. There are several factors that have influence on the sales of a single item that are not captured 
by the baseline forecast. The influence of those explanatory variables is included in the final sales 
forecast by using a lift factor, that, either positively or negatively, adjusts the baseline forecast. The idea 
of using a lift factor comes from promotion forecasting literature, where it is used as the multiple of 
baselines sales when an item is on promotion (Cooper, Baron, Levy, Swisher, & Gogos, 1999). The term 
lift factor explains the ratio between the actual sales and the baseline sales and can thus be used to 
determine actual sales once the lift factor and baseline sales are known.  

Although the objective of this research is not forecasting promotions, but actual sales, the goal of using 
the lift factor is similar. This is, determining the factor by which the baseline forecast need to be 
multiplied in order to estimate the actual sales. Therefore, it is deemed plausible to use a lift factor for 
incorporating the influence of explanatory variables. Previous research has shown that using linear 
regression to estimate the lift factor for promotional sales, is a successful method for this procedure 
(Derks, 2015; van der Poel, 2010). For that reason, the same method is used in this research. Thus, the 
influence and significance of the explanatory variables are examined by means of a regression model.  

4.3.3.1 Dependent Variable 
The dependent variable of the linear regression is thus the lift factor. Other than the lift factor, the lift 
could also be determined in absolute sales. However, by using a factor instead of absolute sales, the 
sales volume is standardized by the baseline sales. By this, it is possible to compare the relation between 
actual and baseline sales of different products with varying sales volumes.  

The lift factor is assessed on historical sales, but before the lift factor can be determined, the baseline 
sales should be defined. In this research baseline sales is defined as the sales without the effect of 
explanatory variables, but including growth and seasonality. The historical baseline sales of an item is 
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found by multiplying the segment forecast Y  by the proportion of segment sales that is accumulated by 
that particular item. The reason for using the segment forecast as a starting point is that more randomness 
occurs on the SKU level (Armstrong, 2001). Next, the lift factor of an item is then calculated by dividing 
an items actual sales by the baseline sales. The formulas for the baseline sales and lift factor are 
expressed as follows: 

b , = Y ∗
y ,

Y
  

LF =
y ,

b ,
 

The parameters are defined as follows:  

b ,  = Baseline sales of item  of segment  at time  

LF  = Lift factor for item  of segment  

Y  = Sales forecast of segment  at time  

y ,  = Actual sales of item  of segment  at time    

Y  = Actual sales of segment  at time    

4.3.3.2 Independent Variables 
To estimate the lift factor, several independent variables are included in the model. They can be 
distinguished in two categories: product and store related variables. A more detailed explanation of the 
variables can be found in Table 5.3. In case a variable insignificantly explains variance of the lift factor, 
it is excluded from the final model.  

Concerning the store variables, the first explanatory variable is the number of stores that is assigned to 
a particular article. It is expected that the number of stores in which a product is placed positively 
influences the lift factor. The reason for this is that more traffic is led to the same article when it is placed 
in more stores and therefore the chance that it is sold to a customer increases. Thus, a higher lift factor 
is expected. In addition, the fact that it is chosen to place a specific product in a higher amount of stores 
can be seen as an indication that the merchandise experts are confident about the success of that article.  

H1: Number of stores assigned to a product has a positive influence on the lift factor.   

The second hypothesis is related to the type of stores a product is placed. Three type of stores are 
distinguished, based on their passed performance. This performance is measured in average sales per 
facing per year. Considering that some stores have more sales than others, it is expected that when a 
product is placed in a well performing store it will generate more sales than when it would have been 
placed in a store with a worse performance. Therefore, it is expected that the number of facings per store 
type positively impacts the lift factor.  

H2: Number of stores per store type is positively related with the lift factor.  

Another aspect of which an influence is expected, are the product characteristics. It is assumed that 
products having a particular characteristic would generate more sales than products having other 
characteristics. therefore, it is expected that product characteristics influence the lift factor. This 
hypothesis is split in sub-hypotheses per product characteristic. These other characteristics are: brand, 
style, price point, gender, color and material. It should be noted that the sign of the sub-hypotheses are 
not known beforehand and are therefore written in a generic manner.   

H3: Products characteristics influence the lift factor 

 H3a: The brand of a product influences the lift factor 

 H3b: The style of a product influences the lift factor 
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 H3c: The price point of a product influences the lift factor 

 H3d: The gender type of a product influences the lift factor 

 H3e: The color of a product influences the lift factor 

 H3f: The material of a product influences the lift factor 

4.3.3.3 Lift Factor Estimation 
Once the coefficients of the explanatory are determined in the final model, they can be used for 
predicting the lift factor for the new items. Details about the full model can be found in section 5.2.3.3. 

4.3.4 Final Sales Forecast 
The final sales forecast is divided into two scenarios. The first scenario is the pre-season forecast and 
the steps towards the final forecast are elaborated on in the previous subsections. In this section, a 
description is given how the baseline forecast is combined with the determined lift factor. In addition, 
in this section it is discussed how the actual sales should be used in the in-season forecast scenario.   

4.3.4.1 Pre-season forecast 
Once the lift factor is determined per item, the final step is to combine it with the baseline forecast such 
that the influence of explanatory variables is included in the estimation of the actual sales. This is 
expressed by the following model:  

y ,
,  = b ,

, ∗ LF  

The parameters are defined as follows: 

b ,
,  = Baseline forecast for new item  of segment  at time  

y ,
,  = Final sales forecast for new item  of segment  at time  

LF  = Estimated lift factor for new item  of segment B at time  

4.3.4.2 In-season forecast 
Next to the extensions mentioned in section 4.1, this research contributes in another additional way to 
the study of Fisher et al. (2001). The researchers employ a single fraction of historical sales for all the 
dresses to extrapolate the early sales, whereas this study advocates the possibility of having multiple 
existing sales patterns within a segment. Moreover, the observed actual sales at a particular moment, 
represents possibly a different fraction of the total season sales for products having a different sales 
pattern. For that reason, a different method is proposed that is able to incorporate the differences in sales 
profiles of new items.  

This method employs the expected sales profile of a new item to extrapolate the sales observed early in 
the selling season. In order to take the seasonality into account, actual sales are first seasonally adjusted 
before they are extrapolated. The resulting sum of seasonally adjusted sales at time ta are then divided 
by the total accumulated fraction up to time ta according to the expected sales profile. The retrieved 
value represents the expected total seasonally adjusted sales of the whole selling season. Finally, actual 
sales at time t can be derived by multiplying the expected seasonal adjusted sales by the sales profile 
coefficient and the seasonal index at time t. This way of including the early sales is expressed as follows:  

y′ , =
∑ y′ ,

,

∑ c ,
,  

y ,
, = y′ ∗ c ,

, ∗ S  

The parameters are defined as follows: 

y′ ,  = Season forecast of seasonally adjusted sales for new item  of segment  
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y′ ,
,  = Observed seasonally adjusted sales for new item  of segment  at time    

y ,
,  = Final sales forecast for new item  of segment  at time  

c ,
,  = Sales pattern coefficient for new item  of segment  at time  

S  = The estimated seasonality factor at period  for segment  

t  = Last date of sales for which the actual sales are known 

4.4 Model Validation 
To validate the performance of the proposed model it is necessary to benchmark with another one. 
Preferably this is done in comparison with the current forecasting method such that the extent of 
improvement can be measured, however since this information is not known a different method is 
suggested. This is the commonly used technique by retailers to forecast new products. The method relies 
on the mean sales of the product segment (Thomassey & Happiette, 2007). Therefore, the forecast of 
the segment divided by the number of SKUs, is used for new items for validating the model performance. 
Interestingly is that this method is also used for new products in a more broader forecast software 
package that GV intends to select in the future. The validation method is expressed as follows: 

y ,
,  =

Y

n  + m
 

The parameters are defined as follows: 

y ,
,  = Final sales forecast for new item  of segment  at time  

Y  = Sales forecast of the remainder of segment  at time , after subtracting the phase out forecast 

n    = Number of new items of segment  at time  

m  = Number of carry overs of segment  at time  

4.4.1 Measurement Criteria 
In order to make the comparison between the two proposed forecasting methods and the validation 
method, some measures will be used to assess the performance. The measures are based on the actual 
sales y  and estimated sales y . The measures are stated as follows: 

 Median Absolute Percentage Error (MdAPE) 

MdAPE =
|y − y |

y
∗ 100  

 Mean Absolute Percentage Error (MAPE) 

MdAPE =
|y − y |

y
∗ 100  

 Mean Squared Error (MSE) 

MSE =
1
n

(y − y )  

 Root Mean Squared Error (RMSE) 

RMSE =
1
n

(y − y )  

The MdAPE is chosen because it is recommended in case numerous time series are available 
(Armstrong, 2001), this is the case when forecasts performance is assessed on SKU level. However, this 
is not the case when segment level forecasts are assessed, therefore MAPE is used as well. Moreover, 
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the MAPE is widely used in forecasting literature and, thus, including this measure also for on SKU 
level forecast makes the research more easy to compare with other studies. The same applies for the 
RMSE, for that reason, this measure is included as well.  

Next to the previous mentioned measures the Theil Inequality Statistic (TIS) is included such that some 
more information is gained for the reason of the error (Sterman, 1983). This could help for further 
improvement of the model in the future. The TIS decomposes the MSE into three components. The first 
component expresses the proportion of the error due to bias and is denoted as . The second 
component is denoted as  and represents the error caused by unequal variation in the forecasted and 
actual time series. The third component  reflects the proportion of the MSE error caused by unequal 
covariation. The decomposition of the MSE is expressed by the following models: 

MSE = U + U + U  

U = y − y =
1
n

y −
1
n

y  

U = s − s =
1
n

y − y −
1
n

(y − y)  

U = 2(1 − r)s s =  2 1 −

1
n ∑ (y − y) (y − y)

s s
 s s  

4.5 Data  
The data that is available for this research concerns information about the assortments, master data and 
point-of-sale (POS) data and store master data. The POS data contains all transaction data in the period 
from January 2015 to June 2017. The master data contains information about product characteristics of 
the SKUs that are sold in the store. Whereas the store master data contains information about SSF’s 
stores such as when an store is opened and/or closed. And, the regarding the product assortment, 
information is available which products were in the assortment and placed in which stores for the 
summer season 2015 and 2016 and the spring season 2017.  

4.5.1 Data Preparation 
For the implementation a subset of the brands is used. Tree criteria are used to define this subset, which 
are sufficient sales history, new products in the assortment of 2017 and whether a particular brand is 
deemed to be regular or irregular. The classification on whether a brand is regular or irregular is based 
on the step wherein seasonal factors are validated, which is described in more detail in section 5.1.2.  

4.5.2 Data split 
The major split in data concerns a train set for modeling the forecast method and a test set to validate 
the performance of the model (James, Witten, Hastie, & Tibshirani, 2013). This is done in the following 
manner: 

 Training: For training the model, the spring/summer season of 2016 is used. This concerns all 
the sales data in the period from the 1st of March to the 30th of September.  

 Validation: The spring/summer season of 2017 is used. This concerns all sales data from the 
moment the selling season starts, which is the 1st of March 2017, until the last full month of 
available sales of selling season, which is the 30th of June 2017. Hence, as the final date of the 
selling season is the 30th of September, it is thus only possible to validate the sales in four out 
of the seven months in the season. 
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Next to the major split of the data, some other splits in data are made to test the performance of some of 
the prerequisite and forecast steps. This concerns the determination of the seasonal factors, described in 
section 5.1.2, the classification performance of the decision tree, which is described in section 5.2.1 and 
the predictive performance of the lift factor regression model, which is described in section 5.2.3. Details 
about how the data is split for these procedures can be found in the stated sections.  

4.5.3 Data Quality 
For 2016 and 2017 monthly sales data is compared with sell-out reports. This data is not available for 
2015 and is therefore not considered. The sell-out report contains per SKU the total sales per month. For 
the majority of the months no deviation was found. For this comparison the raw data was used, including 
all stores, because these are also used in the sell-out reports. The total sales differ between 0-11% per 
month, with an average difference of 3%. A possible explanation for the difference can be found in the 
fact that the sell-out specifies as well the units sold to “Franchisees & others”, which is not the case in 
the POS data. For a couple of months, the complete columns were interchanged in the sell-out reports. 
Therefore, it seems a reasonable explanations that, perhaps, some numbers are placed in the wrong list, 
leading to the deviation. Nonetheless, since no major deviations are found it is deemed that the quality 
of the POS data is sufficient.      

4.5.4 Influential data 
To prevent that the results of the research are influenced by flaws in the data or changing circumstances, 
some SKUs and stores are excluded from the research. This includes the SKUs in the assortment without 
a unique article code. Excluding these items is necessary since sales cannot be attributed to a single item. 
Concerning the stores, only the stores are taken into account that were open during the whole timespan 
that is considered in this research. An additional store is excluded from the dataset for the reason that 
since it had only a few articles assigned to it according to the store assortment, whereas in the same 
period more articles were sold according to the POS data. Finally, in the next chapter in which the case 
study is discussed in detail, some more restrictions are discussed. This concerns particular brands with 
non-consistent seasonal behavior (5.1.2), items with insufficient sales volume for clustering (5.1.4) and 
items with missing values for the lift factor estimation (5.2.3)  



23 
 

5 Implementation 
To test the performance of the proposed models, data of SSF is used. In this chapter a description is 
provided about how the model is translated to the research environment. It is important to note that, as 
stated earlier, a segment is defined by the brand in this case study. This chapter discusses the assumptions 
made in order to apply the forecast model to the case study. First, the prerequisite steps are discussed 
and finally the steps towards the final SKU-level forecast are elaborated on.  

5.1 Prerequisite Steps 

5.1.1 Identification of product status 
The first step is to identify the product status of the existing products. Classification is done based on 
the product assortment of SSF. Since not all historic assortments are known, but only for the summer 
selling season of 2015 and 2016 and the spring selling season of 2017, it is not possible to classify all 
items with complete certainty. Furthermore, it should be noted that the spring and summer season are 
not exactly the same, but they are very similar. Within the presence of the available data it is therefore 
assumed that the assortment and planograms of these two selling seasons are equal. This is done based 
on the assortment of each season in the following way. 

In order to classify products as precisely as possible, two additional assumptions are made based on 
historical sales. These are an addition to the assumptions based on the product assortment stated in 
section 4.2.1. Firstly, since stores have sometimes still inventory of items that are phased out, it is 
possible that those items still generate sales during subsequent seasons, although they are not officially 
in the assortment anymore. Therefore, a new item is also classified as a reintroduction if it has at least 
one sales transaction before the starting date of the next season A+1. By this, it is possible to classify 
more items that were part of an assortment before 2015 and are reintroduced in 2016 or 2017. But, when 
these transactions took place in the Winter season, which is between October and February, then it is 
assumed that the product was part of the assortment in that season and, thus, classified as a carry-over. 

The various time series for the three states are shown in Figure 5.1 for 2016. From this figure it can be 
seen that carry-overs contribute the most to the sales of the whole assortment. Furthermore, it can be 
seen that the sales of new items start to increase around February 2016, whereas the phase-out items 
show a decrease in sales volume. It should be noted that, although the carry-overs generate the most 
sales, this is also the group with the most SKUs. 

 
Figure 5.1: Sales patterns per phase of the PLC in 2016. 
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Figure 5.2 depicts the time series of the different states for the year 2017. This figure shows the same 
relations between the states in the PLC as Figure 5.1. There is only one difference as Figure 5.2 shows 
an additional state in 2017. This state is Phase-out 16 & 17, and represents all the phase-out items from 
2016 that are not reintroduced in 2017. The interesting part of separating Phase-out 16 & 17 from Phase-
out 2017 is that it can clearly be seen how the sales volume of phase-out items declines over time. Details 
about the exact sales volumes and number of items per year for the different states in the PLC can be 
found in Appendix C. 

 

Figure 5.2: Sales patterns per phase of the PLC in 2017 

5.1.2 Removing Seasonality 
The second step is to remove the seasonality from the data. The results of this procedure are also used 
to make a further selection of brands that are taken into account in this research and which are considered 
to be out-of-scope.  

In order to remove the seasonality of SSF’s data, first some definitions are provided. The season is 
defined as the length of one year and lasts from January to December. The season knows 12 periods, 
defined by month (i.e. period 1 is January, 2 is February, etc.). Furthermore, the seasonality factors are 
defined on segment level. The final twelve months of the sales history are used for testing, starting at 
the first of July 2016 until the 30th of June 2017. The train set are the remaining months between January 
2015 until June 2016. Hence, the train set consists of 18 months, whereas this would ideally be at least 
two years such that two full seasons could be used. 

Next, the method described in 4.2.2 is applied to the train set. However, due to the fact that only 18 
months are available, only the first six months need to be averaged. This gives room for potential bias, 
but due to the unavailability of more historical data it is justified to do it with what is available. Before 
the resulting seasonal indices can be tested, the growth trend should be determined. The growth trend is 
determined by using the seasonal adjusted sales and is estimated by means of a linear regression to 
estimate the slope. To verify whether the obtained seasonality factors and growth trend approach reality, 
they are applied on the test set to forecast the realized sales. First the results from the linear regression 
are used in the following model to determine the trend forecast for segment B: 

Y = β + β ∗ m  

Y  =  Y  ∗ S  
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The parameters are defined as follows:  

Y  = Seasonally adjusted sales forecast of segment  at time  

Y  = Sales forecast of segment  at time  

β  = The base month value, from which the growth trend of segment  starts 

β = The growth trend per month of segment  

m  = The i  month since the first month of the sales history used for determining the growth trend 

S  = The estimated seasonality factor at period  for segment  

Subsequently, the seasonality is added to calculate the final sales forecast for segment B. This is done 
by multiplying the estimated sales with the appropriate seasonality factor that was determined previously 
and is defined as follows: 

Y  =  Y  ∗ S  

The parameters are defined as follows:  

Y  = Sales forecast of segment  at time  

Y  = Seasonally adjusted sales forecast of segment  at time  

S  = The estimated seasonality factor at period  for segment  

The results of the forecast, based on the above described procedure, are assessed on the TIS for the final 
step in the brand selection process. By this, brands are either classified as regular or irregular based on 
how well future sales can be estimated by trend and seasonality. A brand is deemed regular in case of 
low forecast bias and no lack of covariation between estimates and actual values. Brands classified as 
being a regular brand, are part of this research and will be used for validating the forecasting model. The 
other brands, not being classified as regular, are solely considered in the prerequisite steps and, thus, are 
not used for validating the performance of the model. Finally, 18 brands are deemed to be regular 
according to the criteria. Details about this process can be found in Appendix D.  

In order to be able to include the irregular brands still for the remaining pre-requisite steps, a different 
approach for removing seasonality is used for these brands. The seasonality factors for the irregular 
brands are determined on assortment level. This means that the same procedure as described above, for 
training and testing the seasonal factors, is also applied to the assortment level. The resulting seasonality 
indices and growth trends of the regular brands and the assortment can be found in Appendix E.  

Finally, the seasonality is removed from the sales data by dividing it by the seasonality factor belonging 
to the month in which the sales transaction took place. This is expressed as follows: 

y′ , =
y ,

S
 

The parameters are defined as follows: 

y′ ,  = Seasonally adjusted sales for item  of segment  at time  

y ,  = Actual sales of item  of segment  at time    

S  = The estimated seasonality factor at period  for segment  

5.1.3 Normalization 
The normalization of the seasonally adjusted sales results in the sales pattern. This can be done on 
various levels, yet, seasonally adjusted sales should be accumulated first before they can be normalized. 
A graphical representation of the sales patterns of the items across the PLC, can be found in Figure 5.3. 
This figure shows the sales patterns for the spring/summer season of both 2016 and 2017. From the 
observed sales patterns of 2016, it can be said that the aggregated sales patterns behave as expected: 



26 
 

carry-overs have more or less a flat profile, phase-out items have a declining one and the profile of the 
new items increases throughout the selling season. Since not all sales data of 2017 is available, no 
conclusions can be withdrawn about the observed sales patterns from the four months with respect to 
the whole selling season. However, it can already be seen that in the first four months the various states 
behave in a similar fashion as in 2016.   

Figure 5.3: Normalized sales patterns per phase of the PLC in the spring/summer season (Left: 2016, Right: 2017) 

5.1.4 Clustering 
For the clustering process it is chosen to aggregate the daily sales to monthly time buckets. The reason 
for this is that sales in smaller time buckets, e.g. on week level, have a volatile character. In addition, 
for some SKUs the sales volume per week are very low and have therefore not a clear sales pattern. 
Aggregating the sales to month level helps to rule out intermittent values (Armstrong, 2001) and, 
therefore, by establishing more distinct sales patterns. Moreover, if sales per week is used, it is possible 
that a week is partly in the previous/next selling season.  However, the low demand for some products 
and accompanying volatile sales pattern is still observable on the month level. For that reason, it is 
chosen to establish some criteria that have to be satisfied by the new products. The selection criteria are 
stated below: 

 SKUs should have at least 10 sales in the spring/summer season of 2016. 

 Maximum coefficient of the normalized sales should be lower than 0.9, as it is deemed to be 
unrealistic that 90% of all sales are accumulated in one month for a single item.  

 SKUs should be available in the master data, such that the necessary characteristics enable 
classification.  

The new items that are part of the subset are clustered in the software program R in combination with 
the KML package. It is chosen to compare the performance of the number of clusters varying between 
two and ten to prevent that clusters do not represent a small amount of sales patterns. Furthermore, an 
additional criterion is chosen to prevent that clusters are not too small such that efficiency is enhanced 
in the classification procedure. Therefore, an arbitrary cut-off point of minimum 10 items per cluster is 
set. 

The results of the first analysis are expressed with an example of five clusters. The results of this scenario 
is shown in Figure 5.4. From this first analysis it can be seen that three of the five prototypes were 
established with a normalized sales coefficient of zero for the first months in the season. This is an 
indication that there are multiple sales patterns that do not have any sales in the first months from the 
starting month March. The same behavior is observed when assessing the other scenarios with different 
number of clusters. The results of the other number of clusters can be found in Appendix F. 
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Figure 5.4: Five cluster of sales behavior Spring/Summer 2016 (Month 1=March, 7 = September) 

In order to try to explain the observed behavior, an additional analysis is made based on the introduction 
moment of the new items. The exact moment that a product is placed in the stores is not known. 
Notwithstanding, to be able to perform this analysis an assumption is made. This is based on the fact 
that once a product is sold to a customer, it is available in the store. Therefore, the introduction date of 
a new item is determined by its first day of sales. In order to find out whether a link exists between the 
observed behavior and the moment a new item is introduced, a comparison is made between the month 
an item is introduced and the cluster it is assigned to. A graphical representation of this analysis is 
expressed in Figure 5.5. From this figure it can be seen that cluster C, that has most sales in March, 
consists mostly of items that are introduced in that month. Some items introduced in March were also 
assigned to cluster B, which is the second cluster in terms of early ramp up pattern. Furthermore, clusters 
A and D are latest in terms of ramp up pattern and are mostly assigned to items introduced in the final 
months of the season: July and August. Finally, cluster E starts ramping up around May/June, which can 
be explained by the fact that most items of cluster E are introduced in these months. Given the fact there 
is a logical link between the clusters from Figure 5.4 and the introduction dates of SKUs belonging to 
the same cluster, it can be concluded that the introduction date drives the ramp-up pattern of these 
clusters. 

 
Figure 5.5: Analysis of month of introduction of items that are assigned to each cluster 

To deal with this challenge, and still be able to link sales behaviors to new items, a modification is made 
in the normalization phase. Specifically, to make a fair comparison between the various SKUs, they 
should have an equal sales length in terms of time. Therefore, 210 days, which is approximately as long 
as the seven months of the spring/summer season, of sales history is taken from the moment a new item 
is introduced. To approach the length of a month, time series are normalized by the total accumulated 
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seasonally adjusted sales per 30 days. From now on, this period is referred to as the artificial season. To 
prevent that the train and data set interfere with one and other, the final date artificial sales season should 
be at latest on the last day of February 2017. In other words, items classified as new in the assortment 
of 2016 with an introduction date later than the 3rd of August 2016 are excluded from the train set. 
Finally, since the forecast horizon is a couple of months and, thus, the first sales estimation would 
actually have to be made before the artificial season is finished for all the items, it is assumed that all 
the sales patterns are available at the time that the first forecast has to be made.   

5.2 Forecast Steps 

5.2.1 Classification  
As mentioned in section 4.3.1, sales prototypes are assigned to new items based on several product 
attributes. The attributes are a mixture of various characteristics and are listed in Table 5.1.  

General Frame 

- Label type (EB / NEB) - Color 

- Gender - Material type 

- Price point  

- Style  

- Number of facings  

- Month of introduction  

Table 5.1: Product attributes that are used for classification  

By using a decision tree, a selection is made from the attributes listed in Table 5.1. By this, the attributes 
having the most explanative power remain in the model. In order to test the classification power of the 
decision tree, data is split in a train and test set. This is done in the following manner. 75% of the items 
is assigned to the train set and the remaining 25% is used for testing. This assignment is done randomly, 
but in order to ensure that the decision tree considers all clusters for the classification, all clusters are 
represented in the train set and test set in the same proportion as in the complete set. Next, the 
classification tree is built by using the train dataset and is then applied on the test set to accommodate 
the predictive power of the model. This procedure is repeated ten times, to prevent from random results.  

As a result of using different train sets, it is possible that ten different classification trees are constructed. 
However, only one tree should be used for classifying the new items of 2017. This model should be the 
one that is most representative for all the constructed classification trees, because it is assumed that the 
most representative is the most robust. This is checked in various ways. Firstly, the importance of each 
attribute is measured in each tree. This is done according to two measures. The first one is ‘usage’, 
which refers to the percentage of the items in the train set that use that particular attribute in the 
classification process. The higher the amount of usage, the more important the attribute is for the tree. 
The second measure is ‘splits’, which refers to the percentage of all splits in the tree is associated with 
a particular attribute. By this, attributes that are used in multiple lower child or terminal nodes, but 
having a lower usage can still be considered as important attributes. By averaging the measures, the 
relative performance is then found. Logically, the final model should consist of the attributes that are 
considered as important.  

Next to the importance of the attributes, the robustness is verified by applying all the classification 
models to the new items of 2017. The decision tree that classifies items the most in congruence with the 
other models is deemed to be the most representative model. This is done by determining the sales 
prototype that is assigned the most to an item, which is then compared by the results of each 
classification tree. Finally, the performance of the model on the test set is assessed by means of Cohen’s 
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kappa statistic. This metric compares the observed accuracy of the model with the expected accuracy as 
a result of chance (Landis & Koch, 1977) and is defined as follows: 

K =
a − p
1 − p

 

The parameters are defined as follows:  

K = Kappa statiscic 

a = Observed Accuracy 

p = Expected accuracy due to chance 

The models are then ranked based on the extend of congruency and the Kappa metric. The same is done 
for the attributes in terms of usage and splits. Subsequently, the final model is then chosen by assessing 
both the performance and the extend in which it accommodates the most important attributes.   

After selecting the final model, it can be applied on the new items of 2017. For items that could not be 
classified, as a result of a specific level of an attribute that is not included in the decision tree, a different 
approach is used. The sales profile that is assigned to these items is the mean profile of all normalized 
sales patterns of the new items of 2016. By this, it is still possible to attribute the segment forecast to 
the new items within the segment. But, for the sake of the research the items that could not be classified 
will not be taken into account in the results.  

5.2.2 Baseline Forecast 
In order to come up with the baseline forecast, several adaptions are made such that sales estimations 
could be given for the carry-overs, new items and phase-out items. These adaptions are explained in the 
subsequent sections.  

5.2.2.1 Segment Forecast 
For the segment forecast a rolling forecast is developed. This means that each month the forecast is 
updated with the most recent sales data available up to the moment the forecast has to be made. For 
example, when the five months forecast horizon is considered, the first forecast has to be made in 
October. At this point, a forecast is made for March and all the remaining months in the spring/summer 
season. The second moment a forecast has to be made is in November. Sales are then estimated for April 
and the remaining months of the selling season. This process repeats itself until the final forecast is made 
for September. Finally, the sales history that is used to determine the trend for the segment forecast 
comprises all the sales information that is available up to the moment the forecast has to be made.  

5.2.2.2 Carry-Over time series 
A difficulty is faced with respect to the short sales history when a forecast has to be made for the carry-
overs. This is due to the fact that it is not possible to classify the SKUs in the assortment of 2015 to one 
of the PLC states and, thus, the time series of the carry-overs start in March 2016. Considering that the 
first forecast of the carry-overs has to be made in October, this would imply that only seven months of 
sales history is available wherein it is certain to which PLC state an item belongs, under the made 
assumptions. To deal with this challenge, two options are possible to extend the time series. First, assume 
that carry-overs in 2016 were also carry-over in 2015. However, the reasoning in section 4.2.1 regarding 
carry-overs tells us that a carry-over in season A, could be a carry-over or a phased-out item in season 
A+1. Hence, carry-overs in the current season are spread over two other states in the next season. In 
addition, carry-overs in season A+1 consist also of new items from season A, which also applies for 
phased-out items in season A+1. In conclusion, treating the carry-over items of season 2016 likewise in 
2015 would give room for potential bias.  

In order to be able to extend the time series a second method is contrived. This method compares the 
sales of items that are carry-over in 2017 by their state in 2016 and is done per brand. The same 
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procedure is used for the items that are classified as phased-out in 2017. By averaging the proportions 
of all brands for the carry-overs, the derived proportions can be applied on the sales of 2015. By this, an 
indication is found of how the sales in 2015 should be allocated to carry-overs on an aggregate level. 
With this method it is not necessary to know the exact state in 2015 in order to approach the sales of all 
the carry-overs in 2015. Analysis revealed that on average 76% of all carry-overs in 2017 were a carry-
over in 2016. Concerning the phase-out items in 2017, it was found that 80% of these item were a carry-
over in 2016. Details about the analysis on the historic proportions of carry-overs in 2016 can be found 
in Appendix H.  

5.2.2.3 New Item Forecast 
In order to forecast new items properly, an additional assumption is made regarding the introduction 
date. Since it is known that not all items are introduced at the start of the spring/summer season, it does 
not make sense to make a forecast for the month(s) before an item is introduced. Therefore, it is assumed 
that introduction dates are known at the time the forecast has to be made.  

The next adaptation concerns the limit of the forecast for all new items in a segment for Method 1. In 
order to determine this limit, a comparison is made between the average sales per new item and per 
carry-over per segment. Subsequently, the proportion that both the new items and carry-over items on 
average contribute to the average sales per item is calculated. The result of this analysis show that on 
average for each item that is sold, 73% can be attributed to carry-overs and 27% to the sales of new 
items. Note, the comparison is made for the sales in the spring/summer season 2016 and 2017. Where 
the latter one is used to verify whether the same proportions still hold in the observed sales of the 
spring/summer season 2017 thus far. Since the same average proportions are found in the available data 
of the two years, it seems feasible to employ the ratio found in 2016 in the new items forecast for 2017. 
Details about this analysis can be found in Appendix H. 

The proportion that is found for the new items, is then employed in the model to determine the sales 
forecast for all new items of a particular segment. Another parameter that has to be defined is the 
adjustment factor for the lower bound γ. It is chosen that γ = 1, such that the minimum is evaluated 
without an adjustment in the initial situation. The bounded forecast for all new items in a segment is 
stated as follows: 

Y , = max Y − Y , , γ ∗
Y ∗ 0.27 ∗ n

0.27 ∗ n  + m ∗ (1 − 0.27)
 

The parameters are defined as follows: 

Y ,  = Sales forecast of all new items of segment  at time  

Y  = Sales forecast of the remainder of segment  at time , after subtracting the phase out forecast 

Y ,  = Sales forecast of carry overs of segment  at time  

p  = 0.27 = Historic average proportion of a new item s contribution to the average sales per SKU 

m  = Number of carry overs of segment  at time  

n    = Number of new items of segment  at time  

γ = 1 (initial scenario) = Adjustment factor for the mimimum amount available for the new items 

5.2.2.4 Phase-out items 
Regarding the phase-out items an adaption is made as well. The reason for this is that the stock in the 
stores is not known. Therefore, it is not possible to estimate the stock levels at the end of the season. As 
a result, the exact decline of the stock levels as a function of time cannot be determined. What however 
is known, are the actual sales of the phase-out items in 2016 and 2017. An analysis on the evolvement 
of the phase-out items is performed. However, no conclusions can be withdrawn on the exact amount of 
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inventory is sold in a season. Details about this analysis are stated in Appendix H. As it is not possible 
to analyze the amount of inventory is available at the beginning of the season and no conclusions can 
be withdrawn about the proportion of inventory is expected to be sold in a season, a simplification is 
made to the model. This entails that the exact sales for phase-out items are used as forecast values. This 
is justified by the fact that this research focus primarily on forecasting new items and the lack of data.  

5.2.3 Uplift forecast 
The lift factor is modelled based on sales period between March 2016 and September 2016. The reason 
for this is that for this period information is known about the assortment and the product status. In order 
to model the lift factor and test it accordingly, it is chosen to split the data. The train set consists of 75% 
of the data and the test set 25%. The linear model is built on the train set and to validate its predictive 
capability it is applied to the test set.  

In addition, two inclusion criteria are established for items part of this modelling procedure. 

 Items should have more than 0 sales in the period March – September 2016 

 Items should have all information available for all variables that are taken into account.  

5.2.3.1 Dependent Variable 
Since the underlying relations tested by the hypotheses are stable across the selling season, it is chosen 
to determine the lift factor based on the complete season. By aggregating the baseline and total season 
sales it is expected that less randomness occurs in the data (Armstrong, 2001). Therefore, the lift factor 
model is adopted as follows: 

LF =
∑ y ,

∑ b ,
 

The parameters are defined as follows:  

LF  = Lift factor for item  of segment  

b ,  = Baseline sales of item  of segment  at time  

y ,  = Actual sales of item  of segment  at time    

5.2.3.2 Explanatory Variables 
To test the hypotheses stated in 4.3.3.3 independent variables are constructed in such a way that 
conclusions can be withdrawn about their truthfulness. A summary of the independent variables that are 
considered by determining the lift factor for the baseline sales are stated Table 5.3 and Table 5.4.  

In order to test hypothesis 1 and 2 regarding the number of facings and the store types a product is 
placed, variables are constructed in the following manner. The number of stores assigned to product is 
simply a numerical variable representing a value between 1 and the maximum number of stores. To test 
the hypothesis concerning the store types in which a product is placed, three types of stores are 
constructed based on the stores’ average performance in 2015 and 2016. Store performance is measured 
in the average sales per pin per year. The sales per pin are compared in the boxplot shown in Figure 5.6 
and the exact number of the quantile definitions are stated in Table 5.2. The first category consists of 
the stores that fall in the first quantile and are classified as ‘slow’ selling stores. The second category 
are those between the first and third quantile and form the ‘average’ selling stores. The third category 
are all stores above the third quantile and are denoted as ‘fast’ selling stores. Finally, it should be noted 
that it is assumed that a product has only one pin per store. For each type of store a variable is constructed 
that represents the number of facings assigned to each of the store types.  
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Figure 5.6: Boxplot average sales per pin per store 

Quantile Average sales per pin per year 
0% 1.28 
25% 3.09 
50% 4.45 
75% 9.77 
100% 20.61 
Table 5.2: Quantiles of the average sales per pin per store 

To test hypothesis 3 and the sub-hypotheses, dummy variables, indicating one of the characteristics, are 
created. To test the influence of the brand, the brand name is included as a nominal variable. The same 
is done for the four styles, price point, gender type and material type. However, five price points were 
found in the observations instead of the six price points mentioned earlier in section 3.2.1. Finally, to 
measure the influence of the color, the items are labelled according to the most observed colors. As a 
result, five labels were found: black, brown, grey, gold and other colors.  

Variable Symbol Description Measurement  Variable type 

Dependent variable     

Lift factor LF  Lift factor for item i of brand B (0-∞) Scale 

     

Independent variables     

Store     

Number of facings NF Total number of facings (1-40) Scale 

Number of facings per 
store type 

NF  Three types of stores, based on average 
sales per pin: 

 Slow 

 Average 

 Fast 

(0-19) Scale 

Product     

Brand B  18 brands, only the ones deemed to be 
‘stable’ are considered.  

Brand name Nominal 

Style S  Four styles: 

 Classic 

 Edgy & Designers 

 Fashion & Highstreet  

 Active 

Style name Nominal 

Price point PP  Five price points 

 Platinum 

 Premium 

 Best 

 Better 

 Good 

Name price point Nominal 

Table 5.3: Explanatory variables for the Lift factor [1/2] 
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Variable Symbol Description Measurement  Variable type 

Gender G  Three gender types: 

 Male 

 Female 

 Unisex 

Name gender type Nominal 

Color C  Main occurring colors:  

 Black 

 Brown 

 Grey 

 Gold 

 Other 

B, N, G, D and Other Nominal 

Material Type MT  Metal, plastic (ZU1,ZU2) Nominal 

Table 5.4: Explanatory variables for the Lift factor [2/2] 

5.2.3.3 Full model 
Considering the independent and dependent variables discussed in the previous sections, the full 
regression model is stated as follows: 

LF = β + β ∗ NF + β ∗ NF + β ∗ B + β ∗ S + β ∗ PP + β ∗ G + β ∗ C + β ∗ MT  

5.3 Final Forecast 
The way in which the final forecast for a new item in the spring/summer season 2017 is made, depends 
on the moment the forecast is made. The pre-season method is used until March for both the five and 
three months horizon. In the pre-season scenario, the lift factor is used to determine the final forecast. 
To validate the efficiency of the lift factor, forecasts are made including and excluding the lift factor 
after which the results are compared.  

After March, early sales become available and then the forecast scenario becomes in-season. In that 
case, the early sales for new items are incorporated in the following manner. For the five months forecast 
horizon scenario, the early sales are used to estimate the sales of September. For the three months 
forecast horizon scenario this is the case for the months July, August and September. However, due to 
the limited available sales history, it is unfortunately impossible to test the performance of the in-season 
forecast method based on the early sales.  
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6 Evaluation 
6.1 Results 
In the results section, the results of the case study are stated. The section is structured in the following 
way. Firstly, the results of the cluster process are stated. Subsequently, the classification model is 
discussed. Next, the regression analysis on the lift factor is elaborated on. Here, also the final model for 
estimating the lift factor for succeeding years is presented and the hypotheses are also discussed. Then, 
the segment forecast and the carry-over forecasts are elaborated on. Finally, the SKU level forecast for 
the new items are stated and a comparison is made between the scenarios in which the lift factor is 
included and where it is not incorporated.  

6.1.1 Clustering 
According to the criterion with respect to the introduction date, 129 articles are removed from the train 
set, which includes 7 items that were not introduced since the start of the spring/summer season in 2016. 
Subsequently, the criteria regarding the minimum amount of sales and the maximum normalized sales 
coefficient are applied. This result in an exclusion of another 39 articles that did not meet the minimum 
amount of sales. None of the items exceeded the maximum coefficient of the normalized sales. And, 13 
items could not be matched with the master data. Hence, in total 181 items were excluded and 218 
remained in the training set of which the sales profiles could be used for clustering.  

Based on the results from the cluster procedure, it is concluded that the partition with five clusters is the 
optimal one for this dataset. The reason for this is that it has sufficient items in all clusters, third best 
score on the CH criterion, and, foremost,  the “elbow” is observed for this amount of clusters. In 
conclusion, five sales prototypes reflect the best the sales patterns from the newly introduced items in 
the spring/summer season 2016. The resulting clusters are stated in Figure 6.1. In contrast with the 
situation where introduction moment was not taken into account, it can now clearly be seen that none of 
the prototypes shows a non-selling behavior for the first months. Details about the other cluster scenarios 
and the CH criterion can be found in Appendix F. 

 
Figure 6.1: Five clusters representing the sales patterns of new items from the spring/summer season 2016 

6.1.2 Classification 
Based on the five sales prototypes found in the previous step, ten decision trees are built in order to 
assign them to the new items of 2017. The performance of all models is assessed based on the out of 
sample Kappa score and the extend of congruence with the majority classified cluster. The decision tree 
with the best performance is Model 7. This is endorsed by its high score on the Kappa statistic (K = 
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0.19) and the fact that the classifications were in 71.32% of the cases in line with the prototype that was 
assigned to an item by the majority of the classification models. In addition, Model 7 is also 
representative as it accommodates the most important attributes in the tree. By assessing the average 
usage and splits per attribute, a ranking is made on the importance. By this, it is found that Month of 
introduction, Gender, Style and Price point are the most essential attributes for the classification 
procedure. Furthermore, the analysis revealed that Label type and Color are the least important 
attributes. Since the most important attributes are all accommodated in model 7 and considering its 
relative good performance, it is reckoned that model 7 is the best decision tree and is therefore selected 
as the final model. The final decision tree and details about the analysis can be found in Appendix G. 

The next step is to classify the new items with the emerged decision tree. During the classification six 
items could not be classified. Two items carried ‘Baby’ as gender type, three items had an organic 
material type and the final missed multiple attributes. The sales profile that is assigned to these five 
items is named cluster ‘F’ and represents the average sales profile of all sales patterns of the new items 
from 2016. The total number of items assigned to one of the clusters can be found in Table 6.1. This 
table reflects as well the proportion of the new items that is assigned to a clusters and the same is shown 
for the new items of 2016. By this, it can be seen that the proportions of items assigned to one of the 
clusters is roughly the same in 2016 and 2017.  

 New 2017 New 2016 

Cluster Number of items Proportion Number of items Proportion 

A 45 0.32 85 0.39 

B 35 0.25 35 0.16 

C 25 0.18 42 0.19 

D 12 0.08 31 0.14 

E 19 0.13 25 0.11 

F 6 0.04 0 0.00 

Table 6.1: Results classification procedure per cluster 

6.1.3 Lift Factor Analysis 
The influence of the explanatory variables on the lift factor is assessed by means of linear regression 
analysis. Although an untransformed Lift factor does not seem to follow a normal distribution, a natural 
logarithm (LN) transformation does not improve this. For that reason it is chosen to perform the analysis 
with both Lift and LN(Lift) as independent variable. For both dependent variables, model 7 is the final 
model of the modelling procedure. Model 7a represents the final model with Lift as dependent variable 
and model 7b represents the dependent variable LN(Lift). It should be noted that both models employ 
the same predictors. Furthermore, the residuals and the normality plot of both models are almost equal. 
This yields also for the predictive capacity of both models on the test set, which can be seen in Table 
6.2. Moreover, the adjusted R2, representing the model fit, is almost equal for both models. The resulting 
adjusted R2 is 33% and 34% for model 7a and 7b, respectively.  

Although no patterns are observable in the residual versus fitted values plots, the normality plots of 
models 7a and 7b show a remarkable pattern since it is not a straight line. This could be explained by 
the fact that all predictors in the model are categorical. When multicollinearity is assessed, both models 
show the same variance inflation factor, with a highest value of 3.06 and an average score of 2.26. Since 
all values are below 5.0 there is no cause for concern regarding multicollinearity (James et al., 2013). 
Since all predictors are significant, except the Price point levels Platinum and Premium, and the high 
predictive accuracy, the models are deemed to be correct within the availability of this data. The model 
that is selected as final model is model 7a. The reason for this is that both models are equal in terms of 
predictors, almost equal in terms of residual plots and model 7a is easier to interpret since it does not 
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employ a natural logarithm for the dependent variable. The regression coefficients of the final model 
are stated in Table 6.3. Details about the full modelling procedure and graphical representation of the 
dependent and explanatory variables can be found in Appendix I. 

Model 7a Model 7b 

MAPE MdAPE MAPE MdAPE 

0.07 0.05 0.07 0.05 

Table 6.2: Predictive performance model 7a and 7b 

 

 Estimate Std. Error t-value p-value 

(Intercept) 1.344 0.019 69.394 <0.001* 

S  -0.051 0.020 -2.591 0.010* 

S  -0.094 0.020 -4.649 <0.001* 

S  0.044 0.019 2.325 0.021* 

PP  0.117 0.031 3.765 <0.001* 

PP  -0.132 0.027 -4.844 <0.001* 

PP  0.027 0.022 1.250 0.212 

PP  0.001 0.020 0.034 0.973 

MT  -0.058 0.012 -4.828 <0.001* 

Table 6.3: Regression coefficients final model (7a) (* = significant at a 
0.05 confidence level) 

6.1.3.1 Hypotheses assessment 
Based on the results of final model 7a the hypotheses, stated in section 4.3.3.3, are discussed. Concerning 
the store related hypothesis H1 and H2, no significant evidence is found that either the number of stores 
or the store type in which products are placed influences the lift factor. Therefore, it can be concluded 
that within the context of this research setting the number of facings and the type of stores do not play 
a role with respect to the difference between the baseline sales and the actual sales. In conclusion, 
hypotheses H1 and H2 are rejected.  

Next, the influence of product related characteristics on the lift factor, reflected by hypothesis H3, is 
assessed. Regarding the sub-hypotheses H3d, H3e no evidence is found that either the brand, gender 
type or color significantly influences the lift factor. Hence, hypotheses H3d, H3e are rejected. On the 
other hand, significant evidence is found concerning hypotheses H3b, H3c and H3f, indicating that 
product characteristics do play a role in the sales uplift. The style of a product, reflected by hypothesis 
H3b, is found to be significant related to the lift factor and is thus accepted. This yields for all levels of 
style in comparison with the style Active. Next, concerning the Price point, it is found that the levels 
‘Better’ and ‘Good’ significantly explain the variance in the Lift factor with respect to the Price point 
level ‘Best’. Thus H3c is accepted based on the fact that two levels result in a significant different lift 
factor in comparison with the Price point ‘Best’. Subsequently, the material type, represented by 
hypothesis H3f, has as well a significant influence on the variance of the lift factor. From the results it 
can be seen that sunglasses made from plastics have on general a lower lift factor in comparison with 
metal sunglasses. Therefore, hypothesis H3f is accepted, and, thus material type influences the lift 
factor. Finally, hypothesis H3a concerning the brand of an item, could not be tested since including this 
variable in the regression analysis resulted in abnormal residuals and normality.   

Concluding, products having a high or low amount of facings or placed in specific stores have neither a 
higher or lower lift factor than other items. In addition, products with certain characteristics do have a 
higher lift factor. These characteristics are related to the Style, Price point and Material type of a product. 
Other characteristics cannot be related to the lift factor.  

6.1.3.2 Lift factor prediction 
In congruence with the previous steps, a model is built that employs the significant relationships found 
in the regression analysis. This model is used to estimate the lift factor for new items in 2017, and is 
defined as follows: 
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LF = 1.344 − 0.051 ∗ S − 0.094 ∗ S + 0.044 ∗ S + 0.117 ∗ PP  

            −0.132 ∗ PP − 0.058 ∗ MT  

For some of the new items the model could not be applied due new levels in the material type variable. 
Three items were made of Organic material (Z3) and four items had an unknown material type. This is 
solved by assigned the intercept to these items.  

6.1.4 Sales Forecast Results 
The final results of the application of the proposed forecast method in the case study are described in 
this section. In this section a comparison is made between the two proposed forecast methods and the 
validation method. Furthermore, a comparison is made between the performance of the model in a five 
and three months forecast horizon scenario. Finally, although the research neither focuses on forecasting 
the segment nor the carry-overs, the performance is stated due to the reason that the new item forecast 
relies on these two forecasts.  

6.1.4.1 Segment and carry-over forecast 
The results for the segment and carry-over forecasts are stated in Table 6.4. Regarding the segment 
forecast, it can be seen from the results that the performance of the model is higher in case of a 5 month 
horizon in terms of MdAPE, MSE and RMSE. The MAPE is lower for the 3 month horizon. However, 
the results are very similar for both scenarios with only a difference of around 1% for both the MAPE 
and MdAPE. 

Concerning the carry-over forecasts, which are made on an aggregated level, it can be seen that the 
accuracy is lower than the segment forecast. This yields both for Method 1 and Method 2. Furthermore, 
it can be seen that the difference in MAPE of Method 2 is between 5-7% better in comparison with 
Method 1, but in terms of the MdAPE the performance of Method 1 is higher for the 3 months horizon 
scenario and almost equal in case of a 5 months forecast horizon. Concerning the absolute error measures 
MSE and RMSE, it can be seen that Method 2 performs better in both scenarios.  

An explanation for the inferior performance of Method 1 is that it carry-overs are forecasted on an 
aggregate level based on the historic performance of carry-overs. However, the method does not take 
into account a sales pattern for the carry-overs or the number of carry-over in the subsequent season. In 
addition, to be able to forecast the carry-overs, additional assumptions were made on the carry-over 
sales to lengthen the time series. When the actual sales data of carry-overs in 2015 would have been 
known, there is a possibility that the performance of Method 1 would be higher.  

Finally, detailed results per segment for the segment forecast and carry-over forecast according to 
Method 1 and 2 can be found in Appendix H.  

Method MAPE MdAPE MSE RMSE 

Horizon 5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Segment  29.83 29.74 21.04 22.09 387,378.3 471,980.6 622.40 687.01 

Carry-over          

- Method 1 50.91 47.35 32.72 31.94 435,886.4 443,696.0 660.22 666.11 

- Method 2 43.02 41.80 32.81 36.38 249,289.3 305,249.9 499.29 552.49 

Table 6.4: Error measure comparison between segment and carry-over forecasts (underlined means superior performance) 

6.1.4.2 New item forecast 
The forecast performance of the new items on SKU level is stated in Table 6.5. Note that the results of 
Method 1 are obtained by the initial proposed value for gamma (γ = 1). To validate the effectiveness of 
the lift factor, the results are stated for both methods in which the lift factor is included and not included. 
Finally, it should be noted that observations with zero actual sales are removed from the analysis.  
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From Table 6.5 it can be seen that for both methods the model without the lift factor has a considerable 
higher performance. Furthermore, it can be seen that a 3 month forecast horizon does not necessarily 
result in a higher forecast performance compared to a 5 month horizon. Next, it can be seen that Method 
1no lift outperforms Method 2no lift for almost each of the error measure. This observation yields as well 
when the lift factor is included. Considering the MAPE, Method 1no lift shows an improvement of around 
13% and 5% compared with the validation method in terms of in case of a 5 and 3 month horizon, 
respectively. In addition, Method 1no lift shows an improvement in terms of the MdAPE of almost 4% 
when a 5 months forecast horizon is considered. However, when a 3 month horizon is considered, the 
performance of Method 1no lift is around 9% lower in comparison with the validation method. When 
assessing the absolute measures, it can be seen that Method 1no lift outperforms the other methods with a 
significant lower MSE and RMSE. Given the fact that Method 1no lift outperforms in almost each case 
the other methods, it is concluded that this method is the best amongst the tested models. Therefore, the 
remaining of the analysis is focused on Method 1no lift. 

Method MAPE MdAPE MSE RMSE 

Horizon 5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Validation 355.46 367.74 158.98 169.28 555.22 596.75 23.56 24.43 

Method 1lift 406.46 462.66 221.83 276.80 476.55 602.89 21.83 24.55 

Method 1no lift  308.15 350.98 153.24 185.12 314.96 369.02 17.75 19.21 

Method 2lift 512.81 526.47 241.40 264.36 1328.19 1426.67 36.44 37.77 

Method 2no lift 376.84 386.38 181.13 179.86 689.89 740.65 26.27 27.21 

Table 6.5: Error measure comparison of forecast methods on SKU level for new items (underlined means superior 
performance) 

Although Method 1no lift shows the best forecast performance, the error in terms of MAPE and MdAPE 
is still quite high. To get a better understanding of the forecast error, some additional analyses are 
performed on the error measures. Firstly, the absolute percentage error (APE) per month is assessed. 
This is done based on the first month an item is introduced rather than the exact month. This analysis is 
stated in Figure 6.2. From here it can be seen that the highest forecast errors are observed in the first 
month an item is introduced. This can possibly be explained by the fact that a complete forecast is made 
for the first month, regardless of the day in the month. As a result, items that are introduced later in the 
month are more likely to be overestimated. Furthermore, it can be seen that the results are slightly better 
in case of a five months forecast horizon in all months. This is in line with the results stated in Table 
6.5. 

Another conclusion that can be withdrawn from Figure 6.2 is that the spread in terms of the APE is high. 
This is endorsed by the fact that the MAPE of the best 10% forecasts is 8.11-11.18 and 1653.08-1784.28 
for the worst 10% forecasts in case of a 5 and 3 month horizon, respectively. Hence, estimates are 
partially very accurate, whereas another part is estimated relatively far from the actual sales. High values 
of the APE are likely to be observed when the actual sales are small, because the APE is not bounded 
by a maximum percentage and, thus, high relative errors are easily obtained. Since small sales volumes 
occur regularly in the case study, this explains possibly (part) of the reason for the high values for the 
MAPE and MdAPE and the wide spread in terms of the APE. 

Subsequently, the APE is assessed per cluster in order to find out whether one sales pattern yields a 
higher performance than another. To make this comparison, a boxplot of the APE per cluster is made, 
which can be found in Figure 6.3. From this figure it can be seen that the new items assigned to the sales 
pattern of cluster B, have the most extreme outliers. With this sales pattern, it is expected that the 
majority of the sales are accumulated in the first month. Considering the conclusion that most errors are 
observed in the first month, it is logical that this cluster has the most extreme outliers. Another sales 
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pattern that stands out from the others is the one of cluster D. Given the interquartile range and the 
median, it can be seen that the APE of this sales pattern is higher than the other clusters. However, this 
can also be logically explained by the fact that all items assigned to the sales pattern of cluster D are 
introduced in June. For that reason all items had only one month of actual sales that could be used to 
benchmark the forecast. Given the fact that the first month has least forecast accuracy, it is thus logical 
that the sales pattern of cluster D has the worst performance.  

Figure 6.2: APE of new items from the month an item is 
introduced 

Figure 6.3: APE of new items per cluster 

Finally, the forecast performance is assessed by the TIS. This analysis is done for all items that are not 
introduced in the final month and those that do not have the same actual sales in all the months. The 
result of this analysis is stated in Figure 6.4. From this figure it can be seen that the error is mostly a 
result of bias, meaning that the majority of the MSE is due to a discrepancy between the mean of the 
estimated and actual sales. Although the results are similar for both horizons, the bias is slightly smaller 
in case of a 5 month horizon, which is congruent with the earlier found results. Furthermore, it can be 
seen that the fraction of MSE caused by both unequal variation and unequal covariation in the forecasted 
and actual time series is limited. This means that the error is not a result of (1) different trends, (2) 
underestimation of seasonal behavior and (3) incorrect phasing of the seasonality. Given the seasonal 
nature and the growth of the sales in the case study, it is positive that it can be concluded that the MSE 
cannot be attributed to a miscaption of these factors. However, the high forecast bias indicates that there 
is room for improvement, therefore some additional analyses are discussed in the subsequent sections. 

 
Figure 6.4: Performance of new items in terms of TIS 

6.1.4.3 Different minimums for the new items 
One element of Method 1 is a minimum amount for all new items in a segment. This minimum plays a 

role when determining the amount available for new items in a segment, denoted by Y , . The value 

Y ,  is determined by maximizing the remainder of the segment forecast, after subtracting the phase-
out and carry-over forecast, and the minimum amount for new items. As the minimum amount available 
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for new items influences the outcome on SKU level, it is interesting to see what the impact is of varying 
this lower bound. For that reason, the performance of Method 1no lift is compared with different values 
for the adjustment factor γ.  

The results of this analysis are stated in Table 6.6. The initial situation is reflected by γ = 1, the other 
values for gamma express a lower minimum than the initial situation. From Table 6.6 it can be seen that 
setting a lower minimum value for the new items leads to a higher forecast performance in comparison 
with the initial situation for Method 1no lift. Although all values for gamma, that are lower than the initial 
situation, result in a higher accuracy, the biggest improvement is observed by decreasing gamma from 
1 to 0.5. The forecast performance seems less sensitive for values of gamma below 0.5, since the error 
measures become close to one another.  

When comparing the various values for gamma with the validation method, it can be seen that reducing 
the minimum amount for all new items in a segment is extremely beneficial. This is endorsed by the 
error metrics. Concerning the MAPE the improvement is up to 27% and 12%, for the 5 and 3 months 
forecast scenario, respectively. The MdAPE shows an improvement up to 31% for the 5 months horizon, 
but when the 3 months horizon is considered the performance of Method 1no lift is 6% worse than the 
validation method. Furthermore, it can be seen that in terms of the absolute error metrics the performance 
of method 1no lift improves when a lower value for gamma is employed. In conclusion, optimizing the 
minimum available amount for the new items helps further improving the forecast performance on the 
SKU level for new items. 

Method γ MAPE MdAPE MSE RMSE 

Horizon  5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Validation  355.46 367.74 158.98 169.28 555.22 596.75 23.56 24.43 

Method 1no lift 1 308.15 350.98 153.24 185.12 314.96 369.02 17.75 19.21 

Method 1no lift 0.75 289.21 337.30 136.86 178.92 297.30 354.33 17.24 18.82 

Method 1no lift 0.5 274.11 324.62 132.33 178.92 287.88 346.01 16.97 18.60 

Method 1no lift 0.25 263.11 325.18 126.54 178.92 286.32 347.49 16.92 18.64 

Method 1no lift 0 259.24 328.24 109.78 178.92 289.11 349.79 17.00 18.70 

Table 6.6: Error measure comparison in case of different value for gamma on SKU level for new items (underlined means 
superior performance) 

6.1.4.4 Perfect segment forecast 
Since the forecast performance on the SKU level depends heavily on the forecast accuracy of the 
segment level, another additional analysis is performed to assess the benefits of a more accurate segment 
forecast. This is done by employing the actual sales on the segment level as a segment forecast, this is 
referred to as the perfect scenario. The other elements of the forecast are performed in the same fashion 
as originally proposed for Method 1no lift. In addition, the performance is assessed in the situation in 
which γ = 1 is used to determine the minimum amount for all new items in a segment.  

The results of this analysis are stated in Table 6.7. From this table it can be seen that improving the 
segment forecast leads to a superior performance in terms of the MAPE and MdAPE. Regarding the 
MAPE, an improvement of 12% and 19% for the 5 and 3 months forecast scenario, respectively, is 
observed. In addition, the MdAPE shows an improvement of 37% and 48%, in case of a 5 and 3 months 
horizon, respectively. Thus, improving the segment forecast results in a higher relative performance. 
However, the absolute forecast errors in terms of the MSE and RMSE are, surprisingly, inferior to the 
original scenario for forecast Method 1. These measures put a higher punishment on larger errors. This 

can possibly be explained by the fact that the new item forecast on SKU level depends on Y , . In some 
cases, the actual sales of the segment are larger than forecasted and since the carry-over forecast is the 
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same as before, this leads to a higher value of Y ,  and, thus, also in a higher forecast on SKU level. 
Since the absolute metrics penalize higher forecast errors harder than smaller errors, this results is a 
worse performance in terms of the MSE and RMSE. In conclusion, given the fact that the perfect 
scenario yields enhanced relative performance, it is deemed that further improving the segment forecast 
benefits the forecast performance on the SKU level for new items as well. 

Scenario MAPE MdAPE MSE RMSE 

Horizon 5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Original scenario  308.15 350.98 153.24 185.12 314.96 369.02 17.75 19.21 

Perfect scenario 270,45 281,45 96,93 96,10 450,22 457,77 21,22 21,40 

Table 6.7: Error measure comparison on SKU level for new items in case of perfect segment forecast (underlined means 
superior performance) 

Similar improvements are found when assessing the effect of the perfect segment forecast for the various 
values for γ (see Appendix J for detailed results). For example, the MdAPE improved to a level of ± 
77%, for both horizons, in case γ is set to 0.5. In comparison with the validation method, this means the 
improvement potency is around 52% in terms of the MdAPE. Only when γ is set to 0, part of the 
observed improvements were lower compared to the other values for γ. Thus, the benefits of improving 
the segment forecast are also applicable when different settings are used for γ and best results are 
obtained when both elements are optimized.  

6.1.4.5 No cluster  
Another analysis that is made concerns the added 
value of having multiple estimated sales profiles 
for new items. In order to draw conclusions, the 
performance of forecast Method 1no lift is measured 
in two scenarios: the proposed scenario and the 
scenario in which items are not classified to a sales 
pattern. In the latter scenario, items follow the 
average sales pattern of all observed sales patterns 
of new items in the spring/summer season 2016 
and is depicted in Figure 6.5. The results of this 
analysis are stated in Table 6.8. Depending on the 
horizon, the scenario with no clusters performs 2-3% worse compared to five clusters in terms of MAPE 
and 6-15% in terms of the MdAPE. However, in terms of the absolute metrics, enhanced performance 
can be seen when employing no clusters. Given the fact that the average sales pattern behaves almost as 
a flat line, less peaks in the estimates occur. For that reason it is less likely that extreme errors occur 
and, thus, the performance in absolute terms is better than in case of using sales patterns based on 
clusters.  

Number of clusters MAPE MdAPE MSE RMSE 

Horizon 5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

5 clusters  308,15 350,98 153,24 185,12 314,96 369,02 17,75 19,21 

No clusters 318,32 359,62 162,35 212,39 264,47 308,10 16,26 17,55 

Table 6.8: Error measure comparison on SKU level for new items with having Method 1 five and no clusters employed 
(underlined means superior performance) 

6.1.4.6 No shift introduction date 
One of the assumptions made in this research concerns that it is known beforehand whether an item is 
introduced five or three months later. In case this is unknown, items will be forecasted from the moment 
the selling season starts. Here, the impact of having and using the information on the forecast 

Figure 6.5: Average sales pattern of new items spring/summer 
season 2016 



42 
 

performance is shown. The forecast method that is used for this analysis is Method 1no lift and no clusters. 
The results of this analysis are stated in Table 6.9. In order to measure the MAPE and MdAPE for the 
months in which an item is not sold because it is not yet introduced, it is chosen to set the actual sales 
to the arbitrary value of 1. From Table 6.9 it can be seen that employing the introduction date in the 
forecast method results in superior performance in terms of the MAPE and MdAPE. However, in terms 
of the absolute errors metrics, inferior performance is observed. The reason for this is that when all items 

are forecasted from the start of the season, Y ,  is attributed to a larger amount of new items. Regardless 
of the fact that the forecast for unintroduced items is undoubtedly wrong, it ensures that the forecasts 
for the other items decline. As a result, less extreme errors are observed in comparison with the situation 
in which introduction dates are taken into account. Due to the high penalization of higher errors, the 
MSE and RMSE favor forecasting from the beginning of the season. In conclusion, the relative 
performance is better when the introduction date is considered. Therefore, it is beneficial to forecast new 
items from the moment they are introduced in the stores.  

Forecast start moment MAPE MdAPE MSE RMSE 

Horizon 5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Introduction date 318,32 359,62 162,35 212,39 264,47 308,10 16,26 17,55 

Start season 449,06 470,48 306,06 321,58 137,56 162,88 11,73 12,76 

Table 6.9: Error measure comparison for Method 1no clusters with different forecast starting moments on SKU level for new 
items (underlined means superior performance) 

6.1.4.7 Price influence 
Finally, the influence of price variations is assessed in order to find out whether possibly other factors 
determined the various sales patterns. This is done by averaging the sales price per month per cluster. 
The average sales price includes also the discounts as result of promotion. The result of this analysis is 
depicted in Figure 6.6. A negative relation between the price and sales pattern is expected, i.e. an 
increase in sales when price goes down and decrease when price goes up. This relation is also observed 
in the figure. For example, at cluster D a ramp up in the sales pattern is observed in the second and third 
month when the price is lower, but an increase in the sales price in month four results in a simultaneous 
decrease in the sales pattern. Another example can be found in the sales pattern of cluster E. Here, a low 
sales pattern is observed in the first three months, but from the moment the price is decreased in the 
fourth month, the sales pattern increases.  

On the other hand, concerning cluster B, it can be seen that a decrease in sales price, starting in the 
fourth month, results only in a minor peak. After that moment, the sales pattern continues its declining 
pattern . Given the high normalized sales in the first month of cluster E, the previous could indicate that 
less stock was available at the end of the season for items in this cluster. This would mean that an 
insufficient amount of stock is procured. Finally, cluster E shows the opposite pattern, with a low sales 
pattern in the first months and high pattern in the last three months. Given the decrease in sales price in 
the final two months, it could be that items of cluster E had high stock levels at the end of the season 
and were marked-down for that reason.  

Finally, to determine the relation between the observed sales patterns and the sales price including 
discounts, a correlation test is performed. The results are stated in Table 6.10. From here it can be seen 
that none of the clusters’ sales patterns have a significant correlation with the sales price on a 95% 
confidence scale. For that reason, it can be concluded that the sales price is, at least, not the only 
explanation of the observed sales patterns in the spring/summer season of 2016.   
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Figure 6.6: Comparison between sales pattern and average sales price 
including discounts 

Cluster Correlation p-value 
A 0.560 0.191 
B 0.099 0.833 
C -0.365 0.420 
D -0.533 0.218 
E -0.691 0.086 

Table 6.10: Price - sales pattern correlation 

6.2 Discussion 
Within the scope of the case study it can be concluded that Method 1 without a lift factor has a better 
forecast performance than the validation method. However, given the fact that the forecast performance 
could only be measured in four months of the selling season, makes it hard to study the full performance 
of the model. For example, in case a complete selling was studied it would have been possible to include 
the actual sales patterns in the reflection as well. This would have made it possible to conclude whether 
errors occurred due to wrongly assigned sales patterns or one of the other given explanations. In addition, 
it is assumed that similar sales patterns occur in the spring/summer season 2017, but this could not be 
verified in the case study. Furthermore, due to short sales history of 2017, one element of the forecast 
procedure could not be tested. This concerns the proposed method for the in-season forecast scenario. 

In the ideal situation the results of the case study could have been studied more thoroughly. However, 
within the availability of the data it is already possible to assess the added value of the various steps in 
the proposed forecast procedure. The remainder of this section elaborates on the potency of the different 
forecast steps, this is done with a focus on both the current case study and the application of the model 
in future selling seasons.   

6.2.1 Cluster Benefits 
One of the findings in the research is that employing five clusters, rather than using a single mean sales 
profile, strengthens the forecast performance on SKU level for new items. However, as stated 
previously, it is unknown whether the same sales patterns occur in subsequent seasons. For that reason, 
observed sales profiles in subsequent selling seasons should always be compared with the existing ones 
to assess the preservability of older sales profiles. By this, changing shopping behavior can be 
encountered. In case sales patterns are deemed to be stable, the old sales patterns and the most recent 
ones can be combined in order to make the clusters more robust. Nonetheless, when a retailer keeps 
track of evolving sales patterns, sales forecasts for new items can, thus, be improved by using multiple 
sales profiles to estimate future sales.  

6.2.2 Classification Procedure 
Having the sales patterns of more items available would enhance the classification procedure. Since 
decision trees are made to handle large amount of data and including more items will make the decision 
tree less prone for randomness, makes it likely that the classification procedure can be further improved. 
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This is endorsed by the fact that Landis and Koch (1977) deem the current model’s performance on the 
boundary between ‘slight’ and ‘fair’. Another point faced during the case study is the appearance of new 
levels in characteristics. As a solution this study assigned to these items the mean of all sales patterns, 
but ideally a different approach is used. In a business environment, a solution could be to include 
judgmental reasoning by including expert opinion (Kaya, Yeșil, Dodurka, & Sıradağ, 2014). This means 
that a category expert assigns such an item to one of the clusters based on his knowledge about the 
existing and new level(s) of that particular attribute. Similarly, the proposed forecast procedure is 
focused on the spring/summer season and, therefore, the month on introduction attribute encompasses 
only the months March until September. When the model is applied for other seasons, it should be 
verified whether the attribute can be transformed to a more generic one, e.g. ith month since start of 
selling season, without loss of predictive power.  

6.2.3 Added Value of Lift Factor 
The following forecast step to be discussed is the lift factor. The added value of including the lift factor 
is assessed in the model, but within the scope of the case study this did not lead to sounding results. In 
fact, adding the influence of explanatory variables by means of a lift factor resulted in a surprisingly 
lower forecast performance in comparison with the situation in which no lift factor was employed for 
the proposed methods 1 and 2. This can be explained by the fact that the baseline models already tend 
to overestimate the actual sales, which is amplified by the lift factor. A reason for this could be that the 
lift factor is determined with a linear model, but according to Ni and Fan (2011) it is better to model 
relations in the fashion retail in a nonlinear manner such as with fuzzy logic (Liu et al., 2013). 
Nonetheless, it can be concluded that a baseline forecast is sufficient and a lift factor, determined in a 
linear manner, should not be employed.  

6.2.4 Carry-Over Forecasts 
Other interesting results from the case study concern the performance of the carry-over forecasts. Since 
Method 1 is considered as the best model regarding new item SKU level forecast, this method is of 
special interest. Therefore, it is interesting to understand the reason of the better performance of Method 
2 regarding the carry-over forecast, because this indicates that there is room for further improvement for 
Method 1. As stated earlier, this is probably caused by the fact that Method 2 takes the number of carry-
overs and new items into account and aggregates the carry-over SKU level forecast, whereas the carry-
over forecast of Method 1 relies on the time series of the aggregated sales of carry-overs. By this, the 
relative number of carry-overs in comparison with the new items at a specific moment is not taken into 
account by Method 1. When the model takes this into account in an enhanced version, the forecast 
performance will probably be higher. Another reason for the inferior performance of Method 1, is that 
an assumption had to be made to lengthen the time series of the carry-overs, which gave room for 
potential errors in the time series used for forecasting. In conclusion, enhanced forecast performance of 
Method 1, when forecasting carry-overs, is likely to be observed when the model includes the number 
of carry-overs and a sufficient amount of actual sales is available.  

6.2.5 New Item Forecasts 
At first sight the accuracy at new item SKU level of the proposed forecast methods might not seem to 
be satisfactory. This can partially be explained by to the fact that absolute percentage errors are highly 
skewed in case actual sales are close to zero and a heavier penalty is placed on overestimation. In 
addition, when the actual sales are zero, the error cannot be computed as it is infinite or undefined. 
Therefore, it is suggested to include other error measures, such as the Mean Absolute Scaled Error, that 
are not subject to the issues common to other measures, when assessing the performance in future 
(Hyndman & Koehler, 2006). Yet, although the forecast error seem to be high, comparable results are 
reported in similar researches (Thomassey & Happiette, 2007; Thomassey et al., 2005a; Thomassey, 
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Happiette, & Castelain, 2002). In addition, Method 1no lift showed superior performance compared to a 
commonly used method in fashion retail. Thus, when the comparison is made in the proper context, the 
results are actually not that bad.  

When considering the new items SKU level forecasts,  results would have been better in case of having 
high carry-over forecast performance. The amount that is attributed to new items depends on the carry-
over forecast, which is especially the case for Method 1. For this method, a minimum amount is already 
in place to ensure that always a forecast can be made on SKU level. However, given the fact that items 

are introduced at different moments in time, the amount available for new items Y ,  is sometimes 
attributed to a smaller amount of items. This makes it more likely that items that are introduced in that 
segment are overestimated. To avoid this, an ultimate maximum of sales per new item can be determined 
which cannot be exceeded. By this, Method 1 would incorporate as well the number of new items. In 
addition, this could also resolve the challenge concerning the carry-over forecast of Method 1 by 
assigning the remainder, in case the maximum is reached, to the carry-over forecast.  

Next to the previous suggested improvement for Method 1no lift, the potency of improving two other 
elements is assessed. This revealed that optimizing the minimum forecast for new items has a major 
positive impact on the forecast accuracy. The other element concerns the segment forecast. By 
employing a perfect segment forecast, insight is gained about the dependence of the SKU level forecast 
on the segment forecast. This analysis showed that enhancing the segment forecast leads to a 
significantly higher forecast performance. Finally, improving both elements jointly, revealed that they 
are complementary to one and other. This is endorsed by the potential improvement of 52% in terms of 
the MdAPE in comparison with the validation method. In conclusion, the forecast performance of 
Method 1 can be further improved by optimizing the segment, carry-over forecasts and the minimum 
forecast for new items.   

Regarding forecast Method 2, a potential explanation for its inferior performance can be found in one 
of the assumptions made. This concerns the assumption that carry-over items are in the maturity phase 
of the PLC and new items in the introduction and growth phase. This assumption implies that new items 
grow in one selling season from introduction to the maturity phase. After one selling season new items 
are, thus, considered to be on the same level as the carry-overs. Although Method 2 incorporates already 

the amount of new items and carry-overs when disaggregating Y , it treats the sales patterns of new 
items and carry-overs on the same level due to the assumption made. However, it is possible that new 
items are not in the maturity phase after one season. This would imply that the relative contribution of 
new items is overestimated in the current method, leading to overestimated new item SKU level 
forecasts and underestimated carry-over SKU level forecasts. In order to find out whether the relative 
contribution of new items should be adjusted downwards, complete PLCs should be investigated to 
examine the time it takes to reach the maturity phase.  

Subsequently, the relative high error in the first month of introduction is discussed. One the 
imperfections of the case study is that the introduction date is aggregated to the month level. As a result, 
the model does not distinct between items that are introduced, for example, at the beginning, halfway or 
at the end of the month. For that reason, it is likely that items are overestimated. In addition, an item is 
considered as introduced as soon the firs sale is observed. By this, it is assumed that from that moment 
items are available in all stores to which it is assigned. However, this is not necessarily true since it 
plausible that items either arrive or are being introduced at different days in the stores. Although the 
presence of the high error in the first month is only assessed for Method 1, this holds probably as well 
for Method 2. The reason for this is that Method 2 does not take the exact moment into account when 
calculating an items’ estimated contribution to the segment forecast. Concluding, both methods would 
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benefit by further optimizing an items’ proportion, to an aggregated forecast, through incorporating 
more detailed information about the moment of introduction.    

6.2.6 Forecast Horizon 
To assess the added value of having the sales history closer to the moment for which the forecast is 
made, the model is tested in the scenarios with a five and three month forecast horizon. From the case 
study no significant improvements were found that a three month forecast horizon gives better results. 
In fact, in most cases the opposite result was found. This is already observed on the segment level. 
Moreover, since the lower level SKU forecasts rely on the segment forecast, it is not surprisingly that 
performance is affected in the same way. The cause of this phenomenon could be that either the growth 
trend of some segments is wrongly estimated in the more recent months or the seasonality indices are 
incorrect. Both suggestion can be a result of randomness or unsystematic events. Unsystematic events 
are defined as events that will not repeat regularly at the same time every year. Events that are 
characterized as unsystematic are for example one-time sales promotions. In case a sales promotion is 
held at the same moment each year it is, of course, a systematic event. These unsystematic events should 
be removed, because their effect can influence the actual seasonal sales pattern (Kaya et al., 2014). 
Another explanation of the unexpected results is that the model is only tested in the pre-season scenario. 
The advantage of the three month horizon is that it can include early sales in two forecasts more than 
the five month horizon in case of the in-season forecast scenario. Considering the promising results 
obtained by Fisher et al. (2001), it is expected that the three month horizon will have superior 
performance as soon early sales data becomes available. In conclusion, although it is observed that a 
longer forecast horizon yields better forecast performance, different results would probably have been 
obtained on all forecast levels, in case unsystematic events and the in-season forecast scenario were 
taken into account as well.  

6.2.7 Price Effects 
Considering the fact that unsystematic events can distort sales patterns, the average price per month per 
cluster is studied. The results of this analysis show that no significant correlation was found between the 
average price including discounts and the sales pattern of the cluster. Although the behavior of the 
clusters’ sales patterns could be explained by qualitative reasoning, no significant evidence was found 
for an actual correlation between the two. Attributing logical movement of the sales patterns, in light of 
the average sales price, to coincidence would probably oversimplify the situation. The reason for this is 
that in case a particular segment is on promotion it could cannibalize the sales of another segment 
(Guadagni & Little, 1983). The decrease in sales of another brand, as a result of cannibalization, cannot 
directly be related to the average sales price, because it is likely that the sales price for items not on 
promotion stay the same. Considering these price effects, it is possible that the clustering procedure 
would lead to other average sales patterns in case the normalized sales patterns are adjusted for pricing 
effects. Nonetheless, even without considering these effects, Method 1no lift has proven to have superior 
performance over the validation method. 

6.2.8 Supply Chain Collaboration 
The final element that is elaborated on concerns the introduction moment. During the research it was 
found that not all new items are introduced at the same time, i.e. at the start of the selling season. To 
express the added-value of having this information available, an additional analysis is conducted. This 
analysis has proven the benefits of having and including information regarding the moment items are 
introduced. Superior results were found on SKU level for new items. Furthermore, by including the day 
of introduction, true sales patterns of the first seven months of new items, could be examined. Although 
the benefits of incorporating the introduction date are undoubtedly, this information can only be gained 
by cooperating with suppliers. The reason for this is that part of the lead time, which is the forecast 
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horizon, is the responsibility of the supplier. Think of processes such as the procurement of raw materials 
and the production process. Given the dependency, the lead time will automatically be exceeded in case 
of serious problems in the processes of the supplier. Therefore, to improve forecasts, retailers should 
collaborate with their suppliers to ensure introduction dates can be included in the forecast.  

6.3 Conclusion 
This research examines the possibility of improving the sales forecast for new items with a mean term 
forecast horizon. The focus of the research is a result of challenges faced by GVSC with forecasting 
new items. One of its markets, served by SSF, is confronted with assortment updates three times a year. 
An initial analysis of the problem situation led to the following main research question: How can the 
sales forecast of newly introduced sunglasses of SSF be improved in order to obtain more accurate 
forecasts to support DC replenishment? 

In order to answer this question, first an literature analysis is conducted on existing methods for 
forecasting new products. This resulted in four forecast methods, i.e. based on judgmental, statistical, 
computational intelligence and hybrid methods. In addition, from the four forecast methods two main 
type of forecasting solutions are found, which are characterized either as a mathematical or modelling 
solution.  

Next to the forecasting methods, three important modelling decisions were found during the literature 
analysis. The first modelling decision concerns the forecast horizon, which means how long in advance 
the forecast should be made. Given the focus of improving DC replenishment of SSF, it was found that 
the horizon is bounded by the lead time of new items such that the ordering decision can be supported 
in time. To study the effect of a shorter forecast horizon, the research is performed with a five and three 
month horizon. Given the fact that a three month horizon did not improve the forecast results for the 
proposed forecast model, it is not advised to focus on shortening the lead time with the objective to 
improve the forecast performance. Additional analyses, on causes for the inferior performance of the 
three months horizon, should ascertain the benefits a having a shorter forecast horizon.  

The second modelling decision that was studied, is the timeliness. This refers to the moment in time the 
forecast has to be made and can either be pre-season or in-season. Given the lead time in combination 
with the duration of the selling season, the forecast is primarily performed pre-season. In a seven month 
during selling season in combination with a five month horizon, only the final forecast is made in-
season. Whereas this would be the case for the final three months of the selling season when a three 
month horizon is considered. Unfortunately, the in-season scenario could not be tested within the scope 
of the case study. However, considering that for both horizons the majority of the forecasts are made 
pre-season, it is deemed to be most important that this scenario could be tested.  

Thirdly, the aggregation level is assessed. This concerns the extend of granularity in terms of product, 
store and time bucket level. Starting with store aggregation level, it is chosen to forecast on the highest 
level since DC replenishment is done for the whole market of SSF. Moreover, forecasting at a higher 
level invokes less randomness rather than forecasting at a lower level. Furthermore, to forecast at store 
level, one should be aware of local demand patterns. Thus, considering that the goal of the forecast is to 
support DC replenishment, it is best to forecast on the market level of SSF. Concerning the time bucket 
level, it is advised to forecast on month level. The reason for this is that the sales are characterized by 
intermittent sales behavior on day and week level. Aggregating the sales data to month level ensures 
that distinct sales patterns can be found in the time series. In case one would like to know the forecast 
per week, then within month patterns can be used to disaggregate the forecast to week level. Concerning 
the product aggregation level, multiple aggregation levels should be used. Clearly, as an output the 
forecast should be on the lowest level, i.e. SKU level, to support DC replenishment. However, to come 
to this outcome, the aggregated sales forecast for the segment should be used. The reason for this is that 
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on a SKU level no time series of historical sales exist since it concerns new items. However, on the 
segment level, this information is available, unless it concerns new segments. From the segment level 
the forecast can be disaggregated in the final stage of the forecast procedure such that an sales estimation 
is provided for each SKU.  

Given the available information and the forecast requirements, a forecast method is proposed. This 
method relies on the forecast method of Thomassey and Happiette (2007) for the pre-season scenario 
and combines this method with the provided solution of Fisher et al. (2001) for the in-season scenario. 
The method with the best performance is considered as most suitable and is explained in short. The 
method identifies sales patterns of previously introduced items and assigns one of these to a new items, 
that is introduced in future. The classification to one of the sales patterns is done by means of a decision 
tree. Subsequently, a forecast is made for the segment and carry-overs on an aggregate level based the 
sales growth and the sales in the base month. The input values are determined by means of linear 
regression on seasonal adjusted sales per month. Sales of phase-out items can be estimated by historic 
decline in sales as a results of decreasing inventory levels. Then, the remainder after subtracting the 
carry-overs and phase-out items form the segment forecast can be attributed to the new items within the 
segment based on their expected contributions to the segment sales. The expected contribution are 
determined by the use of the assigned sales profiles.  

During the modelling procedure several explanatory variables were found that carry predictive power 
when it comes to future sales of new items. These variables concern the following product 
characteristics, Style, Price point and Material type. The explanative power of these variables are 
assessed by means of a lift factor. However, during the benchmark process of the forecast methods it is 
found that employing a lift factor yields inferior results. Hence, the predictive power of these variables 
are questionable. On the other hand, product attributes are considered in the classification procedure. In 
the final decision tree, these three characteristics are used for classification. Thus, Style, Price point and 
Material type contain explanative power, though in a more indirect form. Other attributes found to be 
part of the classification tree are month of introduction, gender and number of facings.  

In order to conclude whether the proposed method contributes to the research problem and improved 
results are obtained, a benchmark is made. Since the actual forecasts made by SSF are not available, a 
different validation method is used. This method is commonly used in retail when forecasting new 
products and is also employed in GVSC’s proposed forecasting software. In comparison with this 
method the proposed method yields an improved performance of 9% and 20% in terms of the MAPE 
for the five and three months forecast horizon, respectively. When considering the MdAPE, an 
improvement of 15% is observed in the five months scenario and a decrease of 6% in the three months 
scenario. When the absolute error measures are examined, an improved is seen for both the MSE and 
RMSE for all horizons.  

Given the fact that the proposed method has superior performance compared to the validation method, 
it is concluded that it is a good method for SSF. Therefore, the forecast accuracy of SSF’s new items 
can be enhanced by embedding the proposed method. This can be done by employing the method in 
GVSC’s proposed forecast software. As this program has already a sophisticated method for carry-overs 
and aggregated forecasts, it can be improved by employing the logic for new items that is proposed in 
this research. As one of the suggestions to improve the proposed method concerns a better segment and 
carry-over forecast, this could be realized by using the output of the software, on these levels, as input 
for the proposed method. In addition, GVSC should strive to find the optimal value for adjusting the 
minimum forecast for all new items in a segment, such that the best forecast accuracy can be obtained. 
Next, it should be noted that Method 1no lift should first only be used for the market of SSF and sunglasses. 
The reason for this is that the method has proven itself only in this context. Before it can be employed 
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for other markets and product categories, the method should be tested thoroughly. In addition, the 
method has only considered part of SSF’s segments and the in-season scenario could not be validated. 
GVSC should, thus, be careful with embracing the proposed methods and, again, extensive testing is 
advised before GVSC can fully rely upon the proposed method for forecasting new products. 
Furthermore, some suggestions for further improving the forecast method are provided. These should 
be employed and tested as well such that their added value can be expressed. In conclusion, the proposed 
method shows potency of improving the forecast performance of new items at SSF, however before it 
can fully be employed and rolled-out to other markets additional case studies should be performed.  

6.4 Managerial Implications 
Next to the direction for implementing the proposed method, some other managerial implications are 
provided. This concerns additional advise for further improvement of the forecasting procedure. The 
first subject concerns data warehousing, which is divided in several subtopics. Firstly, the data about 
products should be complete. During the research multiple items needed to be excluded from the sample 
as a result of incomplete or incorrect data. For example, some items did not carry a proper EAN code 
and other missed one or more product characteristics. Secondly, the store assortment should be 
maintained carefully. During the research it was found that only a few items were assigned to a particular 
store according to the store assortment list, whereas it was found in the POS data that numerous of 
products were sold in the same period. Given the fact that number of facings is one of the predictors in 
the classification tree, it is important that the input is correct. Furthermore, the information is also 
required concerning store replenishment decisions.  

The second managerial implication concerns PLC management. In this study, several assumptions are 
made to determine a product’s state within the PLC. The reason for these assumptions is that there is no 
information available about this. For example, the sales patterns could be determined more precisely in 
case exact starting moment of the PLC would have been known. Likewise, the level that is generally 
reached after the first selling season with respect to more mature items can be compared. In order to get 
more insight in the PLC of new items, a first step would be to track when a product is placed on the pin. 
When also the stock in the stores is measured, jointly, this information can give more visibility on the 
actual customer demand.  

Finally, the results show that knowing the exact moment an item is introduced is of added value 
compared instead of assuming that all items are available when the selling season starts. For that reason 
it is highly recommended to establish strong relations with suppliers to create an environment in which 
information that affects the moment of introduction is shared. 

6.5 Contributions to literature 
This research contributes to literature in various ways. First of all, a new case study is conducted in 
which a successful proposed method is examined. Given the sparse literature with a focus on forecasting 
new products in a fashionable retail environment, it is of significant importance that another case study 
is conducted. Secondly, additional evidence is provided that it is beneficial to link historical sales 
patterns to new items based on clustering and classification. This supports the findings of Thomassey 
and Happiette (2007). Furthermore, the research conducted in this study contributes by using product 
characteristics such as Style, Gender type and Material type as attributes for product classification. By 
this, the research examines the added value of other attributes as considered in other studies. Next, the 
proposed Method 1 differs from the method of Thomassey and Happiette (2007) in the sense that it 
employs solely sales patterns for new items by treating carry-overs and phase-out items separately. This 
method has proven itself with a superior performance over the validation method, which is similar to 
the one used by Thomassey and Happiette (2007). Moreover, a method for incorporating early sales data 
in the in-season scenario is proposed in a theoretical manner. By this, the research extends the study of 
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Fisher et al. (2001) by considering differences in sales patterns when extrapolating the early sales. In 
addition, a description is provided on how the expected sales of the complete selling season can be 
disaggregated to month level in order to support the DC replenishment decision. Finally, this research 
contributes to scientific literature by proposing a method that is capable of forecasting new items in both 
pre- and in-season forecast scenarios.  

6.6 Limitations & Directions for Further Research 
One of the limitations of this study is that the sales estimation of phase-out items is considered to be 
out-of-scope by employing the actual sales as forecast. Obviously, this is a simplification of reality. But 
due to limited availability of sales history, absence of inventory levels and the explicit focus on new 
items, it is deemed to be reasonable. However, in a successive research it would be good to estimate the 
sales of phase-out items as well due test the method’s performance in a more truthful case study.  

Another limitation of this study is that unsystematic events and price effects are not taken into account. 
This could imply that, for example, other sales patterns would have been observed in case unsystematic 
events were treated properly. On the other hand, the absence of taking care for these effects could also 
result in worse performance on the segment, carry-over and SKU level forecast. Given the unambiguity 
of the impact of not incorporating the unsystematic events, it is an interesting direction for further 
research.  

The final limitation concerns the inability of testing the in-season forecast performance. Currently, no 
conclusions can be withdrawn on the added value of this element of the forecast method. Moreover, 
given the fact that a shorter forecast horizon implies the availability of incorporating early sales in at an 
earlier moment, could give more evidence in the debate about the benefits of having a shorter forecast 
horizon. Therefore, it would be good that an additional case study is performed in which the performance 
of the full model can be tested.  

Next to the previous described directions of further research as a result of the limitations in this study, 
some other directions are described. First, in general limited data is available for new items. As could 
be seen in this study, every additional piece of information that can be linked to new items can be 
beneficial for the forecast performance. Therefore, it is suggested to investigate the benefits of including 
more information in the forecast procedure. One could think about including like-for-like product 
replacement information, employing product ranking based on expert’s knowledge and testing products 
prior to the selling season in some stores or on the website. 

Another direction for further research concerns optimizing the adjustment factor for the minimum 
amount available for the new items. This research revealed the potency of optimizing the adjustment 
factor, but a consecutive research could provide a systematic way for optimizing this value for future 
forecasts.  

Finally, the current method is only assessed on the error rate between forecasted and actual sales. 
However, in a business environment the error rate does not necessarily have the same implications, i.e. 
an error is accompanied with costs. Over- and underestimation do not have to represent equal costs as 
for the one retailer being out-of-stock is more expensive, whereas this could be the opposite for another 
retailer. Therefore, it would be good to study the forecast error in terms of cost in a successive research.  
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Appendix B. Formula Derivation 
To find the formula for the minimum value for the new items in a segment a derivation is performed. 
The following symbols are involved by this derivation:  

m  = Number of carry overs of segment   

n    = Number of new items of segment   

q  = Number of segments 

p ,  = Historic proportion of a new item s contribution to the average sales per SKU of segment   

p  = Average historic proportion of a new item s contribution to the average sales per SKU 

Y  = Actual sales for of segment , after subtracting the sales of phase out items 

Y ,  = Actual sales for all carry overs of segment    

Y ,  = Actual sales for all new items of segment    

The derivation is then based on the formula for the actual sales of a segment, excluding the sales of phase-
out items, and the way a new item’s contribution to the average sales per SKU is defined. This is expressed 
as follows: 

Y = Y , + Y ,  

p , =
,

,
  

,    
,

= p , ∗
,

 +  
,

 

     
, , ∗ ,

=
, ∗ ,

 

     Y , ∗ (1 − p , ) ∗ m = p , ∗ Y , ∗ n  

     Y , =
, ∗ , ∗

, ∗
  

Y = Y , +
, ∗ , ∗

, ∗
   =  

, ∗ , ∗ , ∗ ∗( , )
, ∗

  

    = 
, ∗ , ∗ ∗( , )

, ∗
    

     Y , ∗ p , ∗ n + m ∗ (1 − p , ) = Y ∗ (1 − p , ) ∗ m  

     Y , =
∗ ∗ ,

, ∗ ∗ ,  

Y , =
, ∗ ∗ ,

, ∗
  = 

, ∗ ∗
∗ ∗ ,

, ∗ ∗ ,

, ∗
   

    = 
, ∗ ∗ ∗ ∗ ,

, ∗ ∗ ∗ , ∗ , ∗ ,
 

    = 
∗ , ∗

, ∗ ∗ ,  

The average historic proportion of a new item’s contribution to the sales of an SKU in a particular segment 
is then defined as follows:   

p =
1
q

p ,  
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Appendix C. Product Lifecycle States 

C.1 Comparison between all PLC states  
Details about the total amount of items per status are provided in Table C.1 for 2016 and Table C.2 for 
2017. The latter one carries an extra distinction for those items that are carry-overs from 2015 to 2016 
and also a carry-over to the current season in 2017 The same yields for the items that are phased out in 
2016 and are still phased out in 2017.   

Status Number of Items Sales volume 2016 

Carry over (15-16) 796 322,857 

New 2016 407 32,050 

Phase-out 2016 703 44,662 

Table C.1: Information about the number of items per status in 2016 

Status Number of Items Sales volume 2017 

Carry over (16-17) 747 146,608 

New 2017 418 20,001 

Phase-out 2017 755 39,210 

Phase-out 16 & 17 692 4,659 

Table C.2: Information about the number of items per status in 2017 

C.2 Moment of Introduction  

  

Figure C.1: Number of product introductions per week for whole assortment (Left: 2016, Right: 2017) 

Month Number of introductions Month Number of introductions 

Jan 2015 727 Apr 2016 48 

Feb 2015 79 May 2016 35 

Mar 2015 97 Jun 2016 42 

Apr 2015 144 Jul 2016 74 

May 2015 114 Aug 2016 83 

Jun 2015 70 Sep 2016 25 

Jul 2015 67 Oct 2016 13 

Aug 2015 23 Nov 2016 33 

Sep 2015 7 Dec 2016 124 

Oct 2015 33 Jan 2017 71 

Nov 2015 20 Feb 2017 41 

Dec 2015 37 Mar 2017 80 

Jan 2016 17 Apr 2017 87 

Feb 2016 84 May 2017 141 

Mar 2016 66 Jun 2017 54 

Table C.3: Overview of amount SKUs first day of sales per month 
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Figure C.2: Number of product introductions per week for new items (Left: 2016, Right: 2017) 

 

New items 2016 New items 2017 

Month Number of introductions Month Number of introductions 

Mar 2016 65 Mar 2017 79 

Apr 2016 48 Apr 2017 86 

May 2016 33 May 2017 143 

Jun 2016 41 Jun 2017 54 

Jul 2016 70 NA 56 

Aug 2016 85   

Sep 2016 26   

Oct 2016 8   

Nov 2016 3   

Dec 2016 3   

Jan 2017 7   

Feb 2017 4   

Mar 2017 4   

Apr 2017 2   

NA 7   

Table C.4: Overview per month of the amount of new items are introduced for 2016 and 2017  



58 
 

Appendix D. Brands Selection & Seasonality 

D.1 Selection Guidelines 
The brands that are incorporated in the research must comply with some characteristics. These are stated 
as follows: 

Firstly, the SKUs of a brand should support the ability of testing the forecast model on new products. 
Therefore, it is required that new products are introduced in 2017 for the brands that are part of the 
subset. 

Secondly, to ensure that sufficient data is available, it is required that the brand existed already in January 
2015. This is assumed by the amount of sales in January. If this is zero, then is assumed that the brand 
did not exist yet in January 2015. 

Thirdly, as this research focuses primarily on forecasting new products and not on detecting and 
incorporating changing sales patterns of brands, only brands that are deemed to be stable are included 
in the research. To make this distinction between stable and unstable brands, a forecast based on the 
growth trend and seasonality is made per brand. The procedure of how this is done is described in section 
5.1.2. Finally, the forecast error is assessed by use of the Theil inequality statistic that is described in 
section 4.4.1. 

While analyzing the Theil inequality statistic, high emphasize is put on a low proportion of , because 
this is an indication of a systematic error which should be avoided. Moreover, forecasts tend to be 
optimal in case  is low (Watson & Teelucksingh, 2002). To avoid this, an arbitrary cut-off point is 
taken of 20%, meaning that brands with a higher bias then 20% are not part of the subset. Finally, it 
should be prevented that brands with a low  with wrong seasonal indices, are included in the subset. 
This is for example possible when sales are highly over estimated in one month and under estimated in 
a different month. In that case the joint average of the forecast can be fairly close at a bigger horizon, 
but forecasts can be extremely off on month level. In that case  and  are low, but point-by-point 
values differ due to a lack of covariation leading to a high . However, on the other hand when UM is 
low, the MSE is distributed over  and  and their values depend on the magnitude of the noise 
relative to that of the trend. Therefore it is hard to make a clear distinction between these two components 
and thus this final distinction should be treated carefully (Sterman, 1983; Watson & Teelucksingh, 
2002).  

D.2 Results Brands Selection 
Detailed results of the selection process are stated in two tables. Table D.1 contains the brands that did 
not meet one of the requirements and are excluded during one of the steps. And, Table D.2 contains the 
brands that meet the requirements of a particular step and, thus, remain in the subset for the next step. 
In addition, a complete list of all the brands can also be found in Table D.2. 

In total there were 61 brands in the assortment of SSF in the years 2015 – 2017. From those brands only 
45 carried at least one new product in the assortment of 2017. This means that for 16 brands no new 
items were selected and are therefore excluded in the first step. The time series of the brands that are 
excluded in this step are depicted in Figure D.1 and Figure D.2. The next step leads to an exclusion of 
another 11 brands, because those brands do not have two years of sales history. This can be seen in the 
Figure D.3 and Figure D.4, where the time series of these brands are shown. Then, based on the 
inequality statistic another 15 brands are excluded due to a high forecast bias. The (forecasted) time 
series and estimated growth trends are depicted in Figure D.5-8. The MSE decomposition per brand can 
be found in Table D.5 and the results are graphically depicted in Figure D.9. Finally, 1 more brand is 
excluded in the fourth step due to the fact that it had a dominant covariation error indicating that the 
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model is not capable to capture the seasonality of the brand. The brands that meet the requirements of 
the fourth step form the final subset and can be found in the final column of Table D.2.  

Step 1. New products in 2017 Step 2. Sufficient history Step 3. Low forecast bias  Step 4. No dominant covariation error 

Brand 1 Brand 3 Brand 2 Brand 22 

Brand 9 Brand 4 Brand 11  

Brand 15 Brand 7 Brand 17  

Brand 16 Brand 14 Brand 21  

Brand 20 Brand 27 Brand 23  

Brand 24 Brand 37 Brand 26  

Brand 25 Brand 39 Brand 29  

Brand 28 Brand 48 Brand 33  

Brand 31 Brand 51 Brand 35  

Brand 32 Brand 54 Brand 41  

Brand 49 Brand 61 Brand 42  

Brand 52  Brand 46  

Brand 55  Brand 50  

Brand 56  Brand 53  

Brand 59  Brand 58  

Brand 60    

Table D.1: List of brands that do not meet the requirements per step in the selection process  
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All brands Step 1. New products in 2017 Step 2. Sufficient history Step 3. Low forecast bias  Step 4. No dominant covariation error 

Brand 1 Brand 2 Brand 2 Brand 5 Brand 5 

Brand 2 Brand 3 Brand 5 Brand 6 Brand 6 

Brand 3 Brand 4 Brand 6 Brand 8 Brand 8 

Brand 4 Brand 5 Brand 8 Brand 10 Brand 10 

Brand 5 Brand 6 Brand 10 Brand 12 Brand 12 

Brand 6 Brand 7 Brand 11 Brand 13 Brand 13 

Brand 7 Brand 8 Brand 12 Brand 18 Brand 18 

Brand 8 Brand 10 Brand 13 Brand 19 Brand 19 

Brand 9 Brand 11 Brand 17 Brand 22 Brand 30 

Brand 10 Brand 12 Brand 18 Brand 30 Brand 34 

Brand 11 Brand 13 Brand 19 Brand 34 Brand 36 

Brand 12 Brand 14 Brand 21 Brand 36 Brand 38 

Brand 13 Brand 17 Brand 22 Brand 38 Brand 40 

Brand 14 Brand 18 Brand 23 Brand 40 Brand 43 

Brand 15 Brand 19 Brand 26 Brand 43 Brand 44 

Brand 16 Brand 21 Brand 29 Brand 44 Brand 45 

Brand 17 Brand 22 Brand 30 Brand 45 Brand 47 

Brand 18 Brand 23 Brand 33 Brand 47 Brand 57 

Brand 19 Brand 26 Brand 34 Brand 57  

Brand 20 Brand 27 Brand 35   

Brand 21 Brand 29 Brand 36   

Brand 22 Brand 30 Brand 38   

Brand 23 Brand 33 Brand 40   

Brand 24 Brand 34 Brand 41   

Brand 25 Brand 35 Brand 42   

Brand 26 Brand 36 Brand 43   

Brand 27 Brand 37 Brand 44   

Brand 28 Brand 38 Brand 45   

Brand 29 Brand 39 Brand 46   

Brand 30 Brand 40 Brand 47   

Brand 31 Brand 41 Brand 50   

Brand 32 Brand 42 Brand 53   

Brand 33 Brand 43 Brand 57   

Brand 34 Brand 44 Brand 58   

Brand 35 Brand 45    

Brand 36 Brand 46    

Brand 37 Brand 47    

Brand 38 Brand 48    

Brand 39 Brand 50    

Brand 40 Brand 51    

Brand 41 Brand 53    

Brand 42 Brand 54    

Brand 43 Brand 57    

Brand 44 Brand 58    

Brand 45 Brand 61    

Brand 46     

Brand 47     

Brand 48     

Brand 49     

Brand 50     

Brand 51     

Brand 52     

Brand 53     

Brand 54     

Brand 55     

Brand 56     

Brand 57     

Brand 58     

Brand 59     

Brand 60     

Brand 61     

Table D.2: List of brands that meet the requirements per step in the selection process   
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To verify whether the regular brands contribute for a substantial part to the sales of the whole assortment, 
a comparison is made for the years 2016 and 2017 per state in the PLC. The results are stated in Table 
D.3 and Table D.4, respectively. Considering these tables in combination with Table D.2, it can be 
derived that roughly 30% of all brands account for more than 30% of the items and at least 30% for the 
sales per state in the PLC for 2016 and 2017. Given the fact that this part of all brands contributes for at 
least as many to the number of items and sales volume, it can be concluded that their contribution is 
substantial and is valid to fungate as a subset in the research. 

 Regular brands Complete assortment 

Status Number of items Sales Volume Number of items Sales Volume 

Carry over (15-16) 392 189,809 796 322,857 

New 2016 160 14,818 407 32,050 

Phase-out 2016 292 26,359 703 44,662 

Table D.3: Comparison between regular items and complete assortment of 2016 per state in PLC 

 

 Regular brands Complete assortment 

Status Number of items Sales Volume Number of items Sales Volume 

Carry over (16-17) 429 96,317 747 146,608 

New 2017 142 5,758 418 20,001 

Phase-out 2017 276 14,196 755 39,210 

Phase-out 16 & 17 286 2,668 692 4,659 

Table D.4: Comparison between regular items and complete assortment of 2017 per state in PLC 
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Figure D.1: Time series of the brands without new product releases in 2017 [1/2]  
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Figure D.2: Time series of the brands without new product releases in 2017 [2/2] 

  

  
Figure D.3: Time series of the brands with insufficient sales history [1/2]  
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Figure D.4: Time series of the brands with insufficient sales history [2/2]  
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Figure D.5: Forecasts based on growth trend and seasonality indices per brand [1/4] 
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Figure D.6: Forecasts based on growth trend and seasonality indices per brand [2/4] 
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Figure D.7: Forecasts based on growth trend and seasonality indices per brand [3/4] 
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Figure D.8: Forecasts based on growth trend and seasonality indices per brand [4/4] 

 

 
Figure D.9: Results forecast error decomposition by brand  
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Brand MSE    

Brand 2 4,320 0.652 0.229 0.119 

Brand 5 3,449 0.003 0.637 0.36 

Brand 6 195.1 0.001 0.684 0.316 

Brand 8 74,809 0.002 0.824 0.174 

Brand 10 8,877 0.001 0.481 0.518 

Brand 11 2,519 0.456 0.376 0.168 

Brand 12 405.6 0.194 0.582 0.224 

Brand 13 92,443 0.04 0.888 0.072 

Brand 17 146.9 0.501 0.34 0.159 

Brand 18 8,645 0.158 0.362 0.48 

Brand 19 1,251 0.016 0.895 0.089 

Brand 21 4,473 0.372 0.325 0.302 

Brand 22 5,410 0 0.396 0.604 

Brand 23 117,071 0.625 0.361 0.014 

Brand 26 142,500 0.817 0.019 0.164 

Brand 29 532.7 0.455 0.44 0.105 

Brand 30 2,981 0.003 0.769 0.228 

Brand 33 7,681 0.553 0.444 0.003 

Brand 34 17,310 0.173 0.618 0.208 

Brand 35 250,497 0.848 0.052 0.101 

Brand 36 1,979 0.041 0.608 0.351 

Brand 38 22,409 0.131 0.626 0.243 

Brand 40 24,268 0.067 0.643 0.29 

Brand 41 327,426 0.35 0.32 0.33 

Brand 42 7,250 0.287 0.567 0.146 

Brand 43 4,332 0.024 0.49 0.486 

Brand 44 18,002 0.077 0.892 0.031 

Brand 45 6,787 0.002 0.892 0.105 

Brand 46 7,557 0.224 0.535 0.242 

Brand 47 10,502,964 0.015 0.853 0.132 

Brand 50 467.2 0.546 0.255 0.2 

Brand 53 4,136,877 0.456 0.296 0.248 

Brand 57 442.5 0.005 0.847 0.148 

Brand 58 40,336 0.223 0.486 0.292 

Table D.5: Results MSE decomposition per brand 
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Appendix E. Seasonality and Growth Trends 

E.1 Seasonality indices 
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1 0.57 0.62 0.37 0.74 1.01 0.55 0.36 0.41 0.82 0.59 0.51 0.55 0.42 0.45 0.43 0.52 0.47 0.37 0.48 

2 0.52 0.71 0.44 0.80 0.66 0.51 0.67 0.66 0.75 0.67 0.67 0.52 0.54 0.52 0.49 0.56 0.55 0.53 0.56 

3 0.81 1.1 0.56 0.95 1.01 0.88 1.06 0.57 0.96 0.96 0.85 0.71 0.8 1.34 0.86 0.88 1.01 0.46 0.91 

4 1.01 1.31 0.96 1.13 1.58 1.04 1.15 1.02 1.46 1.16 0.94 0.88 1.10 1.51 1.12 1.14 1.29 1.16 1.20 

5 1.52 1.38 1.54 1.16 1.58 1.19 1.43 1.34 1.13 1.26 1.07 0.98 1.25 1.45 1.27 1.39 1.39 1.98 1.28 

6 1.68 1.08 1.44 1.11 1.80 1.26 1.58 1.64 1.17 1.29 1.02 1.29 1.37 1.70 1.25 1.31 1.48 1.33 1.36 

7 1.78 1.33 2.03 1.43 1.52 2.27 1.38 1.60 1.61 1.67 1.47 2.45 1.94 1.21 1.72 1.63 2.00 1.89 2.00 

8 1.37 1.93 1.88 1.36 0.82 1.53 1.43 1.70 1.12 1.34 1.96 1.75 1.60 1.11 1.64 1.74 1.46 1.68 1.51 

9 0.76 1.15 1.06 0.96 0.57 0.80 0.95 0.86 0.66 0.97 0.94 0.90 0.85 0.73 1.04 0.82 0.71 0.73 0.78 

10 0.66 0.60 0.62 0.85 0.69 0.68 0.68 0.73 0.33 0.73 0.70 0.62 0.66 0.72 0.79 0.75 0.57 0.40 0.67 

11 0.63 0.41 0.45 0.58 0.32 0.57 0.53 0.61 0.63 0.57 0.76 0.49 0.55 0.59 0.59 0.56 0.40 0.40 0.52 

12 0.69 0.37 0.65 0.92 0.44 0.72 0.79 0.86 1.37 0.80 1.12 0.88 0.94 0.66 0.82 0.71 0.65 1.07 0.73 

Table E.1: Seasonality index per brand per month of the year 

E.2 Growth trend 
Brand Intercept Growth trend P-value R2 

Brand 5 69.22 3.38 <0.001* 0.7 

Brand 6 16.76 0.53 <0.001* 0.56 

Brand 8 242.2 8.81 0.001* 0.49 

Brand 10 48.84 6.57 <0.001* 0.67 

Brand 12 9.63 0.65 0.001* 0.52 

Brand 13 728.9 2.33 0.63 0.01 

Brand 18 52.58 7.22 <0.001* 0.8 

Brand 19 69.52 0.5 0.377 0.05 

Brand 30 3.91 3.44 <0.001* 0.75 

Brand 34 438.5 -6.84 <0.001* 0.66 

Brand 36 51.12 1.7 <0.001* 0.79 

Brand 38 229.7 4.73 0.002* 0.47 

Brand 40 295.1 6.31 0.002* 0.46 

Brand 43 38.93 4.08 <0.001* 0.86 

Brand 44 254.5 0.7 0.662 0.01 

Brand 45 189.7 -2.08 0.017* 0.31 

Brand 47 5,885 55.42 0.001* 0.53 

Brand 57 27.98 0.5 0.03* 0.26 

Assortment 15144.08 248.36 <0.001* 0.46 

Table E.2: Growth trend per brand (* = significant growth trend) 

 

 

  



71 
 

Appendix F. Cluster Analysis 
In this appendix an analysis is made on the prototypes evolving from the clustering procedure. Firstly, 
the clusters are presented that resulted from analyzing the sales patterns between March and September 
2016. Secondly, clusters are analyzed after modifying the normalization procedure.  

F.1 Initial Cluster Analysis 

  

  

  

  

 

Figure F.1: Clusters of sales behavior Spring/Summer 2016 (Month 1=March, 7 = September) 
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F.2 Cluster Analysis – Adjusted Introduction Date 

  

  

  

  

 
 

Figure F.2: Clusters of sales behavior of 7 months after introduction date (Month 1=1st  month after introduction, 7 = 7th 
month after introduction) and Calinski Harabasz criterion for cluster selection.  
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Appendix G. Classification Tree 

G.1 Classification Tree Selection 
The performance of each of the models, in terms of the out of sample Kappa score and the extend of 
congruence with the majority classified cluster, is stated in Table G.1. In addition, the table states as 
well the rank per performance measure.  From Table G.1 it can be seen that model 7 has a high score on 
the Kappa statistic (K = 0.19) and that the classification was in 71.32% of the cases in line with the 
prototype that was assigned to an item by the majority of the classification models. 

Model Out of sample Kappa 
score 

Extent of congruence 
(%) 

Kappa ranking Congruence 
ranking 

1 0.05 77.21 8 1 

2 0.07 69.12 7 4 

3 0.07 70.59 7 3 

4 0.20 45.59 1 7 

5 0.11 31.62 4 10 

6 -0.05 35.29 10 9 

7 0.19 71.32 2 2 

8 0.00 58.82 9 6 

9 0.13 36.03 3 8 

10 0.09 66.91 5 5 

Table G.1: Performance of the decision trees 

Next, for each tree the importance of all attributes is measured, this is stated in Table G.2. This table 
reflects the average usage, splits per attribute of all the decision trees and the ranking based on its 
importance. When assessing the most important attributes, it can be seen that Month and Style are mostly 
used in the models. Other important attributes are Price point, Gender, Material type and number of 
Facings. In terms of splits, it can be seen that there is no attribute that represents a major part of the 
splits on average in the models. However, it can be seen that Label is least important with only an 
average representation of 3.09% in the splits. Considering both usage and splits, it can be concluded that 
the most important attributes are Month, Gender, Style and Price point. Since these attributes are all 
accommodated in model 7 and considering its relative good importance, it is reckoned that model 7 is 
the best decision tree and is therefore selected as the final model.  

Attribute Usage (%) Splits (%) Usage ranking Splits ranking 

Color 10.51 8.26 8 7 

Facings 24.40 17.26 6 1 

Gender 36.43 16.41 3 2 

Label 12.93 3.09 7 8 

Month 89.05 10.90 1 6 

Material type 30.06 14.36 5 5 

Price point 31.40 14.92 4 3 

Style 50.57 14.80 2 4 

Table G.2: Average importance of the attributes in the decision trees 

  



74 
 

G.2 Final Classification Tree 
 Month = June: D 
 Month = August: 

o Style = Active: E  
o Style in {Basic, Fashion}: A 
o Style = Classic: 

 PP in {Best, Better, Budget, Platinum}: A  
 PP in {Good, Premium}: D 

o Style = Createur: 
 Gender = Female: D  
 Gender = Male: A  
 Gender = Unisex: C  

 Month = July: 
o Style = Active: C  
o Style in {Basic, Createur, Fashion}: A  
o Style = Classic: 

 PP in {Best, Better, Budget, Good, Platinum}: C 
 PP = Premium: A  

 Month = March: 
o Gender in {Male, Unisex}: A 
o Gender = Female: 

 Facings <= 27: A 
 Facings > 27: B 

 Month = April: 
o MT = Z1: C  
o MT = ZU: E  
o MT = Z2: 

 PP = Better: A  
 PP in {Budget, Premium}: B  
 PP = Best: 

 Style = Active: C  
 Style in {Basic, Classic, Createur, Fashion}: B  

     PP = Good: 
 Color_code in {Black, Brown, Gold, Grey}: C  
 Color_code = Other: E 

     PP = Platinum: 
 Gender = Female: B  
 Gender in {Male, Unisex}: A  

 Month = May: 
o Style = Active: B  
o Style = Classic: C  
o Style = Fashion: 

 PP in {Best, Better, Budget, Platinum, Premium}: A  
 PP = Good: C  

o Style = Createur: 
 MT = Z1: E  
 MT = Z2: 

 Facings <= 20: A  
 Facings > 20: 

o PP = Better: A  
o PP in {Best, Budget, Good, Platinum, Premium}: E  
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Appendix H. Baseline Forecast 

H.1 Carry-over Analysis 
In this section the adaptations concerning the carry-overs are discussed in detail. First the analysis is 
shown from which the carry-over time series in 2015 are derived. Secondly, the analysis is discussed 
where the limit for the carry-over forecast is determined.   

Concerning the carry-over time series, here the analysis is shown about the sales proportion of carry-
overs in 2016 compared with other items that were either a carry-over in 2017 (Figure H.1) or a phase-
out item in 2017 (Figure H.2). Based on the left boxplot in Figure H.1 it is chosen to remove the Brand 
12 from calculating an average proportion, as no carry-over in 2016 became a carry-over in 2017. From 
the left boxplot in Figure H.1 it can be seen that is an extraordinary case and therefore it is treated as an 
outlier.  

Detailed results about the proportion per brand can be found in Table H.1. This table states as well the 
average proportion for both the phased out items 2017 and carry-overs 2017. The average proportions 
of the carry-overs 2016 are 0.76 and 0.80 of all items being a carry-over in 2017 or phase-out item 2017, 
respectively.  

  
Figure H.1: Boxplot of sales proportion generated by carry-overs 2016 compared with the other states found being a carry-
over in 2017 (Left: including outlier, Right: outlier removed) 
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Figure H.2: Boxplot of sales proportion generated by carry-overs 2016 compared with the other states found being a phase-
out item in 2017 (Left: including outlier, Right: outlier removed) 

Brand Proportion carry-overs 2017 Proportion phased-out 2017 

Brand 5 0.63 0.9 

Brand 6 0.59 0.74 

Brand 8 0.68 0.72 

Brand 10 0.64 0.89 

Brand 12 0 0.55 

Brand 13 0.7 0.67 

Brand 18 0.81 0.84 

Brand 19 0.64 0.79 

Brand 30 0.84 0.8 

Brand 34 0.92 1 

Brand 36 0.98 0.67 

Brand 38 0.94 0.73 

Brand 40 0.84 0.84 

Brand 43 0.65 0.79 

Brand 44 0.67 0.61 

Brand 45 0.98 1 

Brand 47 0.94 0.96 

Brand 57 0.42 0.65 

Average 0.72 0.79 

Average (without outliers) 0.76 0.80 

Table H.1: Proportion of sales generated by carry-overs 2016 compared with the other states found being a carry-over or 
phase-out item in 2017  
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Concerning the limit for the new item forecast, the relative proportions of the amount that carry-over 
and new items on average contribute per item per segment are depicted in the boxplots of Figure H.3. 
From this figure it can be seen that carry-overs have a on average a higher contribution than new items. 
This can be concluded for the spring/summer season 2016 and 2017. Furthermore, it can be seen that 
the median is almost the same for those years. Therefore, it makes sense to use the ratio between carry-
overs and new items that is determined in 2016 for the same season in the next year. The ratio that is 
found is: 0.73:0.27, meaning that on average for each items that is sold, 73% can be attributed to carry-
overs and 27% to the sales of new items. The ratio is calculated by averaging the proportions for carry-
overs and new items and is found by applying the following formulas from Appendix B: 

p , =
,

,
  

,   

p =
1
q

p ,  

The parameters are defined as follows:  

p ,  = Historic proportion of a new item s contribution to the average sales per SKU of segment   

p  = Average historic proportion of a new item s contribution to the average sales per SKU 

Y ,  = Actual sales for all carry overs of segment    

Y ,  = Actual sales for all new items of segment    

m  = Number of carry overs of segment   

n    = Number of new items of segment   

q  = Number of segments 

The statement that proportions can be used for the next season are supported by the fact that the same 
average proportions were found in the available data of the two years. Detailed results of the relative 
proportions per brand can be found in Table H.2.  

 

 
Figure H.3: Boxplot of proportion of sales generated by carry-overs and new items in 2016 and 2017 by segment 
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2016 2017 

Segment Carry over (15-16) New 2016 Carry over (16-17) New 2017 

Brand 5 0.57 0.43 0.65 0.35 

Brand 6 0.75 0.25 0.60 0.40 

Brand 8 0.63 0.37 0.78 0.22 

Brand 10 0.85 0.15 0.96 0.04 

Brand 12 0.33 0.67 1.00 0.00 

Brand 13 0.67 0.33 0.68 0.32 

Brand 18 0.86 0.14 0.84 0.16 

Brand 19 0.56 0.44 0.72 0.28 

Brand 30 0.95 0.05 0.44 0.56 

Brand 34 1.00 0.00 0.75 0.25 

Brand 36 0.87 0.13 0.59 0.41 

Brand 38 0.80 0.20 0.74 0.26 

Brand 40 0.74 0.26 0.75 0.25 

Brand 43 0.48 0.52 0.73 0.27 

Brand 44 0.64 0.36 0.75 0.25 

Brand 45 1.00 0.00 0.75 0.25 

Brand 47 0.81 0.19 0.77 0.23 

Brand 57 0.82 0.18 0.64 0.36 

Average 0.73 0.27 0.73 0.27 

Table H.2: Relative proportions of sales on average generated by carry-overs and new items. 

H.2 Phase-out Analysis 
Here, the evolvement of the phase-out items 2016 is discussed. Figure H.4 depicts the actual sales from 
the moment items are phased-out, the cumulative proportion of sales generated in that month and the 
seasonal adjusted sales per month. The detailed numbers can be found in Table H.3. Although more 
historic sales data would give a more true representation of reality, this analysis gives already an 
indication of the declining sales pattern of phase-out items. It can be seen that during the spring/summer 
season the sales rise in July and from there drop to a lower level. The same is observed in January. It is 
known that in these periods often a clear-out promotion takes place, which possibly drive this 
observation. Furthermore, it can be seen that by the end of the spring/summer season in 2016, around 
80% of the total sales observed between March 2016 and June 2017 is accumulated. However, as the 
sales level is still around 900 per month at that time, no conclusions can be withdrawn on the exact 
amount of inventory is sold in a season.  
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Figure H.4: Decline pattern phase-out items 2016 (Left: Proportion of sales, Right: cumulative proportion of sales) 
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Date Actual sales Proportion of sales Cumulative proportion of sales 

2016-03-01 4725.91 0.11 0.11 

2016-04-01 5277.96 0.13 0.24 

2016-05-01 4599.21 0.11 0.35 

2016-06-01 5174.79 0.12 0.47 

2016-07-01 8231.88 0.20 0.67 

2016-08-01 3004.60 0.08 0.75 

2016-09-01 1438.95 0.04 0.79 

2016-10-01 1105.91 0.03 0.81 

2016-11-01 776.49 0.02 0.83 

2016-12-01 1047.99 0.03 0.86 

2017-01-01 1223.56 0.03 0.89 

2017-02-01 1100.48 0.03 0.91 

2017-03-01 751.15 0.02 0.93 

2017-04-01 1071.52 0.03 0.96 

2017-05-01 843.46 0.02 0.98 

2017-06-01 937.58 0.02 1.00 

Table H.3: Detailed information per month of phase-out items 2016 
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H.3 Segment & Carry-over Forecast 
Segment MAPE MdAPE MSE RMSE 

Horizon 5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Brand 5 17.91 25.19 18.26 22.85 1774.40 3291.44 42.12 57.37 

Brand 6 33.91 44.02 23.66 36.27 132.76 215.16 11.52 14.67 

Brand 8 25.21 22.40 19.33 18.64 61045.29 55199.49 247.07 234.95 

Brand 10 27.93 20.78 28.49 18.21 4398.29 2832.27 66.32 53.22 

Brand 12 73.75 60.73 70.87 59.61 834.94 672.99 28.90 25.94 

Brand 13 21.82 21.81 21.52 24.48 24781.62 28675.55 157.42 169.34 

Brand 18 41.55 40.58 40.58 49.33 8800.52 10106.53 93.81 100.53 

Brand 19 18.91 25.93 16.07 23.23 579.89 855.17 24.08 29.24 

Brand 30 16.31 25.27 16.14 25.89 1468.03 3199.89 38.31 56.57 

Brand 34 13.60 14.71 14.54 14.94 2001.45 2254.89 44.74 47.49 

Brand 36 24.94 16.74 21.58 18.04 413.09 219.09 20.32 14.80 

Brand 38 7.78 9.12 8.50 9.19 607.78 1083.08 24.65 32.91 

Brand 40 8.47 15.92 8.34 14.55 2549.77 9167.50 50.50 95.75 

Brand 43 101.37 96.29 110.86 104.14 24661.57 23548.47 157.04 153.46 

Brand 44 21.40 15.57 18.93 10.92 10581.20 8592.52 102.86 92.70 

Brand 45 26.56 21.16 18.19 9.43 1696.39 1319.84 41.19 36.33 

Brand 47 26.95 30.99 29.42 33.30 6826197.49 8344193.96 2612.70 2888.63 

Brand 57 28.56 28.21 31.31 24.81 285.64 222.32 16.90 14.91 

Table H.4: Segment forecast results per segment 
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Segment M MAPE MdAPE MSE RMSE 

Horizon  5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Brand 5 1 22.06 25.09 22.60 25.59 1593.67 1862.55 39.92 43.16 

Brand 5 2 27.22 36.36 24.44 30.04 2302.31 3871.74 47.98 62.22 

Brand 6 1 19.89 19.66 16.31 10.35 12.47 17.11 3.53 4.14 

Brand 6 2 68.60 86.32 48.48 62.38 143.33 222.79 11.97 14.93 

Brand 8 1 32.90 32.32 32.62 31.29 37234.14 34178.68 192.96 184.87 

Brand 8 2 45.12 42.60 32.37 33.62 64961.21 59158.46 254.87 243.23 

Brand 10 1 23.79 20.05 28.12 17.57 1955.67 1953.21 44.22 44.20 

Brand 10 2 32.92 28.86 31.81 27.56 3820.80 2635.92 61.81 51.34 

Brand 12 1 6.64 12.86 6.73 12.37 2.76 12.44 1.66 3.53 

Brand 12 2 120.76 97.97 106.93 92.14 834.94 672.99 28.90 25.94 

Brand 13 1 23.79 21.28 26.75 22.52 10238.04 7771.33 101.18 88.16 

Brand 13 2 34.03 34.02 40.32 43.28 18515.44 21270.49 136.07 145.84 

Brand 18 1 34.62 32.19 26.33 31.64 2500.39 2508.75 50.00 50.09 

Brand 18 2 48.02 44.02 31.68 36.10 4530.49 4091.55 67.31 63.97 

Brand 19 1 40.93 40.07 41.36 40.37 1319.14 1404.82 36.32 37.48 

Brand 19 2 26.74 26.13 22.78 21.93 616.60 766.85 24.83 27.69 

Brand 30 1 153.17 121.18 163.60 127.28 2889.58 1693.72 53.75 41.15 

Brand 30 2 39.27 31.82 37.02 34.93 172.93 161.25 13.15 12.70 

Brand 34 1 166.99 164.58 160.68 157.94 60957.76 58915.74 246.90 242.73 

Brand 34 2 21.54 21.44 19.84 20.81 1287.94 1291.04 35.89 35.93 

Brand 36 1 52.61 38.49 55.31 43.10 658.90 377.45 25.67 19.43 

Brand 36 2 26.75 28.64 24.66 28.91 291.63 231.20 17.08 15.21 

Brand 38 1 13.31 8.59 12.64 3.13 1492.20 1681.71 38.63 41.01 

Brand 38 2 21.98 22.66 21.62 22.69 4169.06 5012.19 64.57 70.80 

Brand 40 1 17.31 16.97 16.96 17.04 4881.83 5396.75 69.87 73.46 

Brand 40 2 10.77 20.03 9.58 17.08 2091.26 7734.22 45.73 87.94 

Brand 43 1 136.41 119.73 147.43 136.99 13481.81 10558.85 116.11 102.76 

Brand 43 2 136.76 127.28 125.34 133.28 14015.85 12620.69 118.39 112.34 

Brand 44 1 62.70 60.47 61.75 58.60 40176.69 37621.14 200.44 193.96 

Brand 44 2 31.84 25.23 32.91 22.20 12742.42 9975.46 112.88 99.88 

Brand 45 1 34.53 31.34 19.75 15.95 1804.58 1528.58 42.48 39.10 

Brand 45 2 16.55 10.51 18.87 11.15 331.56 119.75 18.21 10.94 

Brand 47 1 31.24 33.31 34.33 37.25 7664504.11 7818705.84 2768.48 2796.19 

Brand 47 2 22.61 26.71 28.42 32.79 4356181.33 5364476.26 2087.15 2316.13 

Brand 57 1 43.51 54.05 51.31 58.27 252.12 340.07 15.88 18.44 

Brand 57 2 42.86 41.73 41.51 40.50 198.70 184.74 14.10 13.59 

Table H.5: Segment forecast results per segment for the two forecast methods (M = forecast method)   
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5 months horizon 3 months horizon 

  

Figure H.5: Forecasted time series on segment & carry-over level [1/4] 
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5 months horizon 3 months horizon 

  

Figure H.6: Forecasted time series on segment & carry-over level [2/4]  
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5 months horizon 3 months horizon 

  

Figure H.7: Forecasted time series on segment & carry-over level [3/4] 
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5 months horizon 3 months horizon 

  

Figure H.8: Forecasted time series on segment & carry-over level [4/4] 
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H.4 New Item Forecast 
5 months horizon 3 months horizon 

  

Figure H.9: Forecasted time series on segment & carry-over level [1/4] 
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5 months horizon 3 months horizon 

  

Figure H.10: Forecasted time series on segment & carry-over level [2/4] 
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5 months horizon 3 months horizon 

  

Figure H.11: Forecasted time series on segment & carry-over level [3/4] 
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5 months horizon 3 months horizon 

  

Figure H.12: Forecasted time series on segment & carry-over level [4/4] 
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Appendix I. Uplift Forecast 

I.1 Dependent Variable 
Lift LN(Lift) 

  

  

Figure I.1: Histogram and boxplot of dependent variable (Left: untransformed dependent variable, Right: LN transformed 
variable) 

I.2 Independent Variables 

 

 

  
Figure I.2: Graphical representation of the independent variables: Color, Style, Price point and Gender type 
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Figure I.3: Histograms of number of facings in general and per store type 
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I.3 Linear Regression Analysis 
The linear regression analysis on the dependent variables Lift and LN(Lift) is described in the Table I.1-
14. It should be noted that the variable total number of facings is removed as it gave problems with the 
facings per store type. The reason for this is that these variables are related to each other, which causes 
multicollinearity. The modelling is started with the full model, i.e. containing all explanatory variables, 
after which variables are removed one-by-one by checking significance levels of explanatory variables 
and assessing the residuals. 

Model 1a (Full Model) 

Dependent variable = Lift 

Model 1b (Full Model) 

Dependent variable = LN(Lift) 

 Estimate Std. Error t-value p-value  Estimate Std. Error t value p-value 

(Intercept) 1.305 <0.001 2.13e+15 <0.001* (Intercept) 0.266 <0.001 1.36e+15 <0.001* 

B   0.095 <0.001 1.17e+14 <0.001* B   0.070 <0.001 2.70e+14 <0.001* 

B   -0.102 <0.001 -1.91e+14 <0.001* B   -0.082 <0.001 -4.76e+14 <0.001* 

B   -0.030 <0.001 -2.08+13 <0.001* B   -0.023 <0.001 -5.04e+13 <0.001* 

B   -0.120 <0.001 -1.63e+14 <0.001* B   -0.097 <0.001 -4.10e+14 <0.001* 

B   -0.028 <0.001 -4.28e+13 <0.001* B   -0.022 <0.001 -1.04e+14 <0.001* 

B   -0.084 <0.001 -9.74e+13 <0.001* B   -0.066 <0.001 -2.41e+14 <0.001* 

B   -0.257 <0.001 -3.30e+14 <0.001* B   -0.219 <0.001 -8.81e+14 <0.001* 

B   0.027 <0.001 4.19e+13 <0.001* B   0.021 <0.001 9.93e+13 <0.001* 

B   -0.058 <0.001 -6.87e+13 <0.001* B   -0.045 <0.001 -1.68e+14 <0.001* 

B   -0.204 <0.001 -3.24e+14 <0.001* B   -0.170 <0.001 -8.44e+14 <0.001* 

B   -0.150 <0.001 -3.23e+14 <0.001* B   -0.122 <0.001 -8.22e+14 <0.001* 

B   0.341 <0.001 4.91e+14 <0.001* B   0.232 <0.001 1.04e+15 <0.001* 

B   -0.079 <0.001 -1.20e+14 <0.001* B   -0.062 <0.001 -2.96e+14 <0.001* 

B   0.135 <0.001 1.54e+14 <0.001* B   0.099 <0.001 3.50e+14 <0.001* 

B   0.092 <0.001 1.49e+14 <0.001* B   0.068 <0.001 3.45e+14 <0.001* 

B   0.035 <0.001 5.00e+13 <0.001* B   0.027 <0.001 1.18e+14 <0.001* 

G  0.000 <0.001 -6.40e-02 0.949 G  0.000 <0.001 3.97e-01 0.691 

G  0.000 <0.001 2.02e-01 0.840 G  0.000 <0.001 -7.04e-01 0.482 

S  0.000 <0.001 2.38e+00 0.018* S  0.000 <0.001 -1.64e+00 0.103 

S  NA NA NA NA S  NA NA NA NA 

S  NA NA NA NA S  NA NA NA NA 

PP  0.000 <0.001 -2.04e+00 0.042* PP  0.000 <0.001 1.16e+00 0.249 

PP  NA NA NA NA PP  NA NA NA NA 

PP  0.000 <0.001 -4.54e-01 0.650 PP  0.000 <0.001 -1.61e+00 0.108 

PP  0.000 <0.001 -1.72e-01 0.863 PP  0.000 <0.001 -1.41e+00 0.160 

C  0.000 <0.001 7.60e-02 0.939 C  0.000 <0.001 4.23e-01 0.672 

C  0.000 <0.001 -1.09e+00 0.275 C  0.000 <0.001 -9.62e-01 0.337 

C  0.000 <0.001 -2.48e-01 0.804 C  0.000 <0.001 -5.91e-01 0.555 

C  0.000 <0.001 -1.04e+00 0.297 C  0.000 <0.001 2.22e+00 0.027* 

MT  0.000 <0.001 -6.34e-01 0.526 MT  0.000 <0.001 -5.51e-01 0.582 

NF  1.305 <0.001 8.06e-01 0.421 NF  0.000 <0.001 9.45e-01 0.345 

NF  0.095 <0.001 -9.04e-01 0.367 NF  0.000 <0.001 -3.60e-01 0.719 

NF  -0.102 <0.001 6.60e-02 0.947 NF  0.000 <0.001 8.85e-01 0.377 

R2 1.00 R2 1.00 

R2 adjusted 1.00 R2 adjusted 1.00 

Table I.1: Regression coefficients full model (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift,  
* = significant at a 0.05 confidence level)  
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Model 1a (Full Model) 

Dependent variable = Lift 

Model 1b (Full Model) 

Dependent variable = LN(Lift) 

  

  

Table I.2: Residual analysis of full model (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

The results of the linear regression analysis of the full model gives uncommon results for model 1a and 
1b. This can be seen from the extreme high score of 1 on the R2. In addition, the residual versus fitted 
value plot and the normal probability plot show unexpected patterns that do not satisfy the assumptions 
of linear regression. Probably it is a result of overfitting caused by the explanatory variable Brand. 
Therefore, Brand is removed in model 2 for both dependent variables.     
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Model 2a  

Dependent variable = Lift 

Model 2b 

Dependent variable = LN(Lift) 

 
Estimate 

Std. 
Error t-value p-value 

 
Estimate 

Std. 
Error t value p-value 

(Intercept) 1.348 0.027 50.189 <0.001* (Intercept) 0.291 0.021 14.189 <0.001* 

G  -0.025 0.014 -1.784 0.075 G  -0.020 0.011 -1.908 0.057 

G  -0.028 0.024 -1.163 0.245 G  -0.022 0.018 -1.183 0.238 

S  -0.063 0.022 -2.890 0.004* S  -0.038 0.017 -2.299 0.022* 

S  -0.108 0.021 -5.052 <0.001* S  -0.072 0.016 -4.393 <0.001* 

S  0.039 0.020 1.982 0.048* S  0.036 0.015 2.414 0.016* 

PP  0.128 0.033 3.840 <0.001* PP  0.095 0.025 3.745 <0.001* 

PP  -0.123 0.031 -3.951 <0.001* PP  -0.103 0.024 -4.353 <0.001* 

PP  0.023 0.023 0.997 0.319 PP  0.011 0.018 0.639 0.523 

PP  -0.003 0.021 -0.157 0.875 PP  -0.009 0.016 -0.541 0.589 

C  0.006 0.015 0.414 0.679 C  0.004 0.012 0.352 0.725 

C  0.035 0.023 1.525 0.128 C  0.025 0.018 1.445 0.149 

C  -0.022 0.020 -1.061 0.290 C  -0.019 0.016 -1.189 0.235 

C  0.004 0.014 0.301 0.763 C  0.002 0.011 0.176 0.860 

MT  -0.049 0.013 -3.687 <0.001* MT  -0.038 0.010 -3.710 <0.001* 

NF  -0.005 0.005 -1.029 0.304 NF  -0.004 0.004 -0.901 0.368 

NF  0.005 0.003 1.484 0.139 NF  0.003 0.002 1.374 0.170 

NF  -0.002 0.003 -0.584 0.559 NF  -0.001 0.002 -0.520 0.604 

R2 0.36 R2 0.37 

R2 adjusted 0.33 R2 adjusted 0.34 

Table I.3: Regression coefficients model 2 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

Model 2a  

Dependent variable = Lift 

Model 2b 

Dependent variable = LN(Lift) 

 
 

  

Table I.4: Residual analysis of model 2 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 
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Model 3a  

Dependent variable = Lift 

Model 3b 

Dependent variable = LN(Lift) 

 
Estimate 

Std. 
Error t-value p-value 

 
Estimate 

Std. 
Error t value p-value 

(Intercept) 1.348 0.027 50.236 <0.001* (Intercept) 0.291 0.020 14.195 <0.001* 

G  -0.024 0.014 -1.714 0.087 G  -0.019 0.010 -1.850 0.065 

G  -0.027 0.024 -1.126 0.261 G  -0.021 0.018 -1.150 0.251 

S  -0.062 0.022 -2.862 0.004* S  -0.038 0.017 -2.274 0.024* 

S  -0.106 0.021 -5.044 <0.001* S  -0.070 0.016 -4.385 <0.001* 

S  0.040 0.020 2.024 0.044* S  0.037 0.015 2.454 0.015* 

PP  0.129 0.033 3.903 <0.001* PP  0.096 0.025 3.803 <0.001* 

PP  -0.122 0.031 -3.943 <0.001* PP  -0.103 0.024 -4.347 <0.001* 

PP  0.020 0.023 0.879 0.380 PP  0.009 0.017 0.526 0.599 

PP  -0.004 0.021 -0.206 0.837 PP  -0.009 0.016 -0.587 0.558 

C  0.005 0.015 0.354 0.723 C  0.003 0.012 0.298 0.766 

C  0.035 0.023 1.529 0.127 C  0.025 0.018 1.449 0.148 

C  -0.022 0.020 -1.106 0.270 C  -0.019 0.016 -1.230 0.220 

C  0.004 0.014 0.309 0.757 C  0.002 0.011 0.183 0.855 

MT  -0.049 0.013 -3.659 <0.001* MT  -0.038 0.010 -3.687 <0.001* 

NF  -0.006 0.005 -1.066 0.287 NF  -0.004 0.004 -0.934 0.351 

NF  0.004 0.003 1.366 0.173 NF  0.003 0.002 1.273 0.204 

R2 0.36 R2 0.37 

R2 adjusted 0.33 R2 adjusted 0.34 

Table I.5: Regression coefficients model 3 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

 

Model 3a  

Dependent variable = Lift 

Model 3b 

Dependent variable = LN(Lift) 

  

  

Table I.6: Residual analysis of model 3 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 
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Model 4a  

Dependent variable = Lift 

Model 4b 

Dependent variable = LN(Lift) 

 
Estimate 

Std. 
Error t-value p-value 

 
Estimate 

Std. 
Error t value p-value 

(Intercept) 1.346 0.027 50.277 <0.001* (Intercept) 0.290 0.020 14.167 <0.001* 

G  -0.025 0.014 -1.803 0.072 G  -0.020 0.010 -1.931 0.054 

G  -0.032 0.023 -1.366 0.173 G  -0.024 0.018 -1.364 0.173 

S  -0.067 0.021 -3.129 0.002* S  -0.041 0.016 -2.504 0.013* 

S  -0.105 0.021 -5.029 <0.001* S  -0.070 0.016 -4.373 <0.001* 

S  0.042 0.020 2.152 0.032* S  0.038 0.015 2.571 0.011* 

PP  0.135 0.033 4.116 <0.001* PP  0.100 0.025 3.995 <0.001* 

PP  -0.120 0.031 -3.881 <0.001* PP  -0.102 0.024 -4.296 <0.001* 

PP  0.023 0.022 1.027 0.305 PP  0.011 0.017 0.653 0.514 

PP  0.000 0.020 0.002 0.998 PP  -0.006 0.016 -0.412 0.680 

C  0.005 0.015 0.301 0.763 C  0.003 0.012 0.252 0.801 

C  0.034 0.023 1.500 0.134 C  0.025 0.018 1.425 0.155 

C  -0.025 0.020 -1.220 0.223 C  -0.021 0.015 -1.332 0.184 

C  0.003 0.014 0.194 0.846 C  0.001 0.011 0.082 0.934 

MT  -0.050 0.013 -3.781 <0.001* MT  -0.039 0.010 -3.797 <0.001* 

NF  0.001 0.001 1.060 0.290 NF  0.001 0.001 1.148 0.252 

R2 0.36 R2 0.37 

R2 adjusted 0.33 R2 adjusted 0.34 

Table I.7: Regression coefficients model 4 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

 

Model 4a  

Dependent variable = Lift 

Model 4b 

Dependent variable = LN(Lift) 

  

  

Table I.8: Residual analysis of model 4 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 
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Model 5a  

Dependent variable = Lift 

Model 5b 

Dependent variable = LN(Lift) 

 
Estimate 

Std. 
Error t-value p-value 

 
Estimate 

Std. 
Error t value p-value 

(Intercept) 1.360 0.023 58.056 <0.001* (Intercept) 0.301 0.018 16.825 <0.001* 

G  -0.024 0.014 -1.788 0.075 G  -0.020 0.010 -1.913 0.057 

G  -0.032 0.023 -1.364 0.173 G  -0.024 0.018 -1.362 0.174 

S  -0.068 0.021 -3.179 0.002* S  -0.042 0.016 -2.557 0.011* 

S  -0.104 0.021 -4.983 <0.001* S  -0.069 0.016 -4.321 <0.001* 

S  0.045 0.019 2.328 0.020* S  0.041 0.015 2.763 0.006* 

PP  0.136 0.033 4.170 <0.001* PP  0.101 0.025 4.052 <0.001* 

PP  -0.116 0.031 -3.771 <0.001* PP  -0.098 0.023 -4.177 <0.001* 

PP  0.023 0.022 1.024 0.306 PP  0.011 0.017 0.650 0.516 

PP  0.003 0.020 0.160 0.873 PP  -0.004 0.015 -0.246 0.806 

C  0.006 0.015 0.423 0.673 C  0.004 0.012 0.384 0.702 

C  0.034 0.023 1.489 0.137 C  0.025 0.018 1.412 0.159 

C  -0.027 0.020 -1.362 0.174 C  -0.023 0.015 -1.485 0.138 

C  0.002 0.014 0.154 0.878 C  0.000 0.011 0.038 0.970 

MT  -0.052 0.013 -3.898 <0.001* MT  -0.040 0.010 -3.922 <0.001* 

R2 0.36 R2 0.37 

R2 adjusted 0.33 R2 adjusted 0.34 

Table I.9: Regression coefficients model 5 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

 

Model 5a  

Dependent variable = Lift 

Model 5b 

Dependent variable = LN(Lift) 

  

 

  

Table I.10: Residual analysis of model 5 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 
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Model 6a  

Dependent variable = Lift 

Model 6b 

Dependent variable = LN(Lift) 

 
Estimate 

Std. 
Error t-value p-value 

 
Estimate 

Std. 
Error t value p-value 

(Intercept) 1.363 0.022 61.531 <0.001* (Intercept) 0.303 0.017 17.885 <0.001* 

G  -0.022 0.014 -1.650 0.100 G  -0.018 0.010 -1.761 0.079 

G  -0.031 0.023 -1.310 0.191 G  -0.023 0.018 -1.305 0.193 

S  -0.061 0.021 -2.974 0.003* S  -0.036 0.016 -2.322 0.021* 

S  -0.101 0.021 -4.910 <0.001* S  -0.067 0.016 -4.239 <0.001* 

S  0.045 0.019 2.362 0.019 S  0.041 0.015 2.788 0.006 

PP  0.130 0.032 4.052 <0.001* PP  0.096 0.024 3.907 <0.001* 

PP  -0.120 0.030 -3.979 <0.001* PP  -0.102 0.023 -4.407 <0.001* 

PP  0.020 0.022 0.896 0.371 PP  0.009 0.017 0.507 0.612 

PP  0.001 0.020 0.040 0.968 PP  -0.006 0.015 -0.376 0.707 

MT  -0.056 0.012 -4.631 <0.001* MT  -0.043 0.009 -4.616 <0.001* 

R2 0.35 R2 0.36 

R2 adjusted 0.33 R2 adjusted 0.34 

Table I.11: Regression coefficients model 6 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

 

Model 6a  

Dependent variable = Lift 

Model 6b 

Dependent variable = LN(Lift) 

  

  

Table I.12: Residual analysis of model 6 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 
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Model 7a  

Dependent variable = Lift 

Model 7b 

Dependent variable = LN(Lift) 

 
Estimate 

Std. 
Error t-value p-value 

 
Estimate 

Std. 
Error t value p-value 

(Intercept) 1.344 0.019 69.394 <0.001* (Intercept) 0.288 0.015 19.429 <0.001* 

S  -0.051 0.020 -2.591 0.010* S  -0.028 0.015 -1.894 0.059 

S  -0.094 0.020 -4.649 <0.001* S  -0.061 0.015 -3.950 <0.001* 

S  0.044 0.019 2.325 0.021* S  0.040 0.015 2.744 0.006* 

PP  0.117 0.031 3.765 <0.001* PP  0.086 0.024 3.604 <0.001* 

PP  -0.132 0.027 -4.844 <0.001* PP  -0.110 0.021 -5.295 <0.001* 

PP  0.027 0.022 1.250 0.212 PP  0.015 0.017 0.873 0.383 

PP  0.001 0.020 0.034 0.973 PP  -0.006 0.015 -0.385 0.700 

MT  -0.058 0.012 -4.828 <0.001* MT  -0.044 0.009 -4.805 <0.001* 

R2 0.34 R2 0.35 

R2 adjusted 0.33 R2 adjusted 0.34 

Table I.13: Regression coefficients model 7 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

Model 7a  

Dependent variable = Lift 

Model 7b 

Dependent variable = LN(Lift) 

  

 
  

Table I.14: Residual analysis of model 7 (Left: Dependent variable is Lift, Right: Dependent variable is LN(Lift) 

 VIF Model 7a VIF Model 7b 

S  2.23 2.23 

S  3.06 3.06 

S  2.82 2.82 

PP  1.93 1.93 

PP  1.54 1.54 

PP  3.21 3.21 

PP  2.20 2.20 

MT  1.08 1.08 

Table I.15: VIF scores final models  



101 
 

Appendix J. Perfect Segment Forecast 
In section 6.1.4.4 the performance of Method 1no lift is described in case of a perfect segment forecast. 
This is done according to the initial situation in which γ = 1. The effect of a perfect segment forecast in 
case of other values for γ are stated in Table J.1. Per setting the difference is shown between the original 
situation and the perfect scenario. The improvement for each of the model settings in case of a perfect 
scenario per error measure is stated in Table J.2. This table shows that similar improvements are obtained 
when a perfect forecast is employed for the segment. Only in case γ is set to be 0, deviating results are 
observed. This is possibly caused by the fact that the minimum is equal to 0 and thus no forecast is made 
for new items in this case. In conclusion, improving the segment forecast has more or less the same 
positive impact on the forecast performance for all settings of γ, as long this value is other than 0. 

Method γ MAPE MdAPE MSE RMSE 

Horizon  5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Original scenario  1 308,15 350,98 153,24 185,12 314,96 369,02 17,75 19,21 

Perfect scenario 1 270,45 281,45 96,93 96,10 450,22 457,77 21,22 21,40 

Original scenario  0.75 289,21 337,30 136,86 178,92 297,30 354,33 17,24 18,82 

Perfect scenario 0.75 253,28 265,67 79,68 85,24 451,54 457,70 21,25 21,39 

Original scenario  0.5 274,11 324,62 132,33 178,92 287,88 346,01 16,97 18,60 

Perfect scenario 0.5 239,02 252,17 76,60 78,76 465,53 471,68 21,58 21,72 

Original scenario  0.25 263,11 325,18 126,54 178,92 286,32 347,49 16,92 18,64 

Perfect scenario 0.25 230,18 243,39 82,25 83,99 493,73 499,89 22,22 22,36 

Original scenario  0 259,24 328,24 109,78 178,92 289,11 349,79 17,00 18,70 

Perfect scenario 0 236,66 249,32 100,00 100,00 536,16 542,02 23,16 23,28 

Table J.1: Error measure comparison on SKU level for new items in case of perfect segment forecast for various values of γ 
(underlined means superior performance) 

Method γ MAPE MdAPE MSE RMSE 

Horizon  5 months 3 months 5 months 3 months 5 months 3 months 5 months 3 months 

Perfect scenario 1 12% 20% 37% 48% -43% -24% -20% -11% 

Perfect scenario 0.75 12% 21% 42% 52% -52% -29% -23% -14% 

Perfect scenario 0.5 13% 22% 42% 56% -62% -36% -27% -17% 

Perfect scenario 0.25 13% 25% 35% 53% -72% -44% -31% -20% 

Perfect scenario 0 9% 24% 9% 44% -85% -55% -36% -24% 

Table J.2: Improvement of the error measure in case of a perfect segment forecast in comparison with the original scenario 
for various values of γ 

 


