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Abstract 

Nike, Inc. (Nike) is the world’s leading innovator and supplier in sports consumer goods, and 

sell-through is the percentage of the quantity of retailers’ initial on-hand inventory sold by 

retailers in a given period. Subsequently, the objective of this Master Thesis Project was to 

examine how (European) sell-through data can be used as early as possible in the (Nike) selling 

season in order to pro-actively drive Nike’s (European) liquidation process. Therefore, Nike’s 

upcoming excessive inventory, which is denoted as close-out inventory (COI), can more 

efficiently be liquidated. Additionally, higher sell-through significantly resulted in less COI (p < 

0.01) and sell-through calculations should be approached on a seasonal horizon and an 

aggregated style-color level. However, the required high absolute correlation coefficient between 

sell-through and COI (max r = -0.248) was missing. Since Nederpel (2012) also suggested using 

attribute-based forecasting when forecasting COI, regression analyses were preferred for 

examining the added value of sell-through data when forecasting COI (at Nike). Subsequently, 

given the limitation of excluding multiple regression (i.e. three out of the six assumptions were 

violated), the multinomial logistic regression model (i.e. categorical dependent variable) was the 

most promising forecasting model for adding value to the predictability of (Nike’s) COI using 

sell-through data. Moreover, customer cancellations and sell-through could be indicated as the 

most important predictors. However, the implementation of the multinomial model is not 

preferred due to the limitations on simplicity and operational accessibility. Therefore, sell-

through should be integrated in Nike’s current COI forecasting model, after which the resulting 

model can serve as a basis for Nike’s future COI forecasting model. Concluding, sell-through 

can already be indicated as a useful validation method when forecasting COI, but future research 

should be conducted in order to use sell-through as an autonomous driver for the (pro-active) 

liquidation process (at Nike) within the selling season.  
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Executive Summary 

Project Definition 

The methodology used in this research was based on an adaptive regulative cycle by Van Strien 

(1997) (as cited in Peters, 2012) and could be described in fourfold: project definition (Part 1); 

research design (Part 2); model results and adaption (including validation; Sagasti & Mitroff, 

1973; Part 3); and, implementation and conclusion (Part 4). Moreover, this methodology served 

as the basis for conducting research at Nike, Inc. (Nike), which is the world’s leading innovator 

and supplier in sports consumer goods. 

Additionally, sell-through is the percentage of the quantity of retailers’ initial on-hand inventory 

sold by retailers in a given period. Although various authors and (other) Nike departments 

suggested using sell-through, the sub-department Inventory Management (IM) is not currently 

using this data. More specifically, IM is currently driving a close-out liquidation process for 

products approaching their end offer date in the corresponding selling season. If they reach their 

end offer date (i.e. the close-out drop), then these products can be indicated as Nike’s excessive 

inventory, which is denoted as close-out inventory (COI) in this study. Moreover, this liquidation 

process is mainly based on a COI forecast, which is performed on a material (i.e. disaggregated 

or style-color) level at two weeks before the close-out drop. Thereby, judgemental forecasting 

and time series forecasting are used when forecasting COI. Additionally, from the start of the 

close-out drop, these products (i.e. COI) have an inactive life cycle and are sold for a discounting 

price. As a result of the relative late start of this liquidation process, IM is curious to what extent 

sell-through data can be applied in order to pro-actively drive this process; that is, using sell-

through data as early as possible in the (Nike) selling season, which may have an added value for 

the predictability of (Nike’s) COI. Subsequently, the opportunity to operate more pro-actively 

may lead to various in-season opportunities with the ultimate objective to more efficiently 

liquidate upcoming COI, thus improving product life cycle management. 

In short, the objective of this research was to examine how (European) sell-through data can be 

used as early as possible in the selling season in order to pro-actively drive the (European) 

liquidation process. As a result, appropriate forecasting models from literature should be 

examined in order to determine and assess the most promising COI forecasting model, which 

may add value to the predictability of (Nike’s) COI using sell-through. Moreover, this model 

should comply with simplicity, data availability and operational accessibility (Peters, 2012). 

However, the overview of literature and the gaps in literature indicated that this study was 

relatively innovative, so less literature of sell-through and forecasting could directly be linked to 

this research. Additionally, Nike makes use of many own terminologies and after mapping 

Nike’s current COI process, this process could be indicated as a complex process having 

different components. Therefore, this process (with corresponding scope), which is represented 

in Figure 1, was simplified; thereby, returns, cancellations and at-once orders served as major 

components.  
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Figure 1 – Scope simplification (Nike interviews, 2014) 

Research Design 

After conducting interviews at Nike, a conceptual model was firstly created in order to create an 

appropriate research design. This model consisted of three consecutive phases: average total sell-

through for product P at retailers (abbreviated to sell-through) after xP weeks in the selling 

season, sell-through at the end of the selling season, and COI (for product P at Nike). Thereby, 

xP = point of time in weeks in the selling season for product P. Subsequently, the conceptual 

model was converted to a scientific model, and the aggregated consistency of this scientific 

model was preliminary examined in order to gain a good first insight of this model’s feasibility. 

As a result, various preliminary conclusions could be drawn: 

 A significantly negative correlation coefficient (i.e. r) between sell-through and COI (p < 

0.01) occurred; that is, higher sell-through resulted in less COI. 

 Sell-through calculations should be approached on a seasonal horizon and an aggregated 

material (i.e. style-color) level. 

 Sell-through would always be useful if this data was tracked for at least one moderate or 

large (Nike) retailer in the market. 

 (Nike’s) available retailers’ sell-through in the market resulted in a good indication of 

(Nike’s) unavailable retailers’ sell-through in the market. 

 Sell-through had a maximum correlation coefficient (max r = -0.248) at week twelve and 

the sell-through between week seven and thirteen could be indicated as the most reliable 

and the most useful. This peak could be explained from the perspective of Nike (i.e. the 

start of early price reduction from week thirteen) and retailers (i.e. the start of markdowns 

from week thirteen). 

Concluding from the above findings and given that a product with sell-through was generally 

sold by at least one moderate or large (Nike) retailer, sell-through calculations should not be pre-

filtered on small (Nike) retailers and low tracking units in the market. 

Subsequently, in order to generate a promising forecasting model, two reasons were taken into 

account in this study. First, the preliminary analysis showed that the required high absolute 

correlation coefficient between sell-through and COI (max r = -0.248) was missing, thus COI 

could not be forecasted by sell-through on its own. This low correlation coefficient may be 

caused by correlating two ratios from the perspective of two different supply chain players (i.e. 

Nike and retailers). Second, the graduation report of Nederpel (2012) suggested using attribute-

based forecasting in order to forecast COI on lower material levels in the fashion industry on the 
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short term. As a result, given the above limitations, regression analyses (i.e. explanatory 

forecasting) were preferred for examining the added value of sell-through data when forecasting 

COI (at Nike). 

Additionally, since the dependent variable (i.e. COI) could have three different scale measures, 

three different regression methods were used: multiple regression, binary logistic regression and 

multinomial logistic regression. However, three out of the six assumptions were violated for the 

multiple regression model, thus this research only continued with logistic regression (i.e. a 

categorical dependent variable). Furthermore, in order to determine appropriate dependent and 

independent variables, interviews at Nike mainly served as a basis. Thereby, literature of COI 

and demand/sales forecasting was used as an additional source. Moreover, a distinction was 

made between unfixed and fixed independent variables. On the one hand, the unfixed variables, 

which provided complete information during the selling season, consisted of sell-through and IM 

key performance indicators (see Figure 1). On the other hand, the fixed variables, which 

provided complete information before the selling season, consisted of tracking units in the 

market, product aggregation attributes, sales drivers, inventory drivers and retailer attributes. 

Finally, three datasets were created in order to examine the added value of the independent 

variables at three different measurement points in the selling season. Within each dataset, a 

distinction was made between calibration samples, which estimated the model parameters, and 

holdout samples, which validated the model parameters.  

Model Results and Adaption  

The multinomial model outperformed the binary model from the perspective of both qualitative 

and quantitative results. Therefore, given the above limitation of excluding multiple regression, 

the multinomial model was the most promising forecasting model for adding value to the 

predictability of (Nike’s) COI using sell-through data. Afterwards, the results of the multinomial 

model basically validated the results of the preliminary analysis. More specifically, the 

probability that good sell-through (compared to poor sell-through) ended up as either fair or good 

COI would be very likely at each xP, thus generated relatively less COI. In other words, the 

probability that poor sell-through (compared to good sell-through) ended up as poor COI would 

be very likely at each xP, thus generated relatively more COI. Additionally, by taking poor sell-

through as reference category, good sell-through (compared to fair sell-through) could be 

indicated as a more reliable predictor when forecasting COI at each point of time in the selling 

season (i.e. xP). 

Additionally, the relative importance of independent variables was calculated using the ranking 

method of Van Donselaar and Broekmeulen (2012). This method examined the reduction in 

R2
Nagelkerke (R

2
N) when an independent variable would be excluded from the regression model, 

after which the added value of this independent variable could be determined. Subsequently, as 

can be seen in Table 1, this method demonstrated that the added value of the unfixed 

independent variables increased later in the selling season. More specifically, customer 

cancellations and sell-through resulted in the most average added value, thus could be indicated 



 VII 

as the most important predictors when forecasting COI at each xP; they even outperformed each 

fixed independent variable. Moreover, the added value of sell-through remained relatively 

consistent, which indicated robustness across xP. 

Table 1 - Reduction statistics in R2
Nagelkerke (Van Donselaar & Broekmeulen, 2012) 

Reduction variable 
xP = 1 month 

percentage 

xP = 2 months 

percentage 

xP = 3 months 

percentage 

Average 

percentage 
Ranking 

5 unfixed independent 

variables 
30.09% 42.04% 68.38% 46.83% n.a. 

Customer cancellations 13.02% 19.96% 45.80% 26.26% 1 

Sell-through 12.13% 15.71% 10.80% 12.88% 2 

At-once orders 2.69% 2.55% 8.18% 4.47% 9 

Returns 1.35% 2.12% 2.29% 1.92% 12 

Nike cancellations 0.90% 1.70% 1.31% 1.30% 15 

11 fixed independent 

variables 
69.91% 57.96% 31.62% 53.17% n.a. 

Subsequently, the validation of the multinomial model demonstrated external validity and 

outperformed the COI forecasting model of Nederpel (2012); however, the multinomial model 

did not outperform Nike’s current COI forecasting model, which was performed on material 

level at two weeks before a product reached its end offer date (i.e. the close-out drop). More 

specifically, the multinomial model was outperformed due to the difference in measurement 

point, the absence of trends (i.e. time series forecasting) and the absence of human judgement.  

Implementation and Conclusion 

The implementation of the multinomial model is not preferred due to the limitations from the 

perspective of simplicity and operational accessibility. However, this model has demonstrated 

that sell-through is the second most important predictor when forecasting COI at Nike. In other 

words, sell-through often outperforms Nike’s current COI forecasting components, such as 

returns, Nike cancellations and at-once orders. Therefore, given that customer cancellations are 

already integrated in Nike’s current COI forecasting model and that sell-through entails 

robustness across xP, the first implementation step should be sell-through integration in this 

model. In order to implement sell-through in Nike’s current COI forecasting model, three 

implementations should be generated:  

 The creation of a central sell-through dataset in order to efficiently gather sell-through for 

IM’s business analysts. 

 Sell-through involvement on the short term in order to use sell-through as validation 

method for Nike’s current COI forecast. 

 Sell-through involvement on the medium term in order to use sell-through both as 

validation for Nike’s current COI forecast and as COI forecasting method on its own. 

Afterwards, if the sell-through is successfully integrated in Nike’s current COI forecasting 

model, then the resulting model can serve as a basis for Nike’s future COI forecasting model; 
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that is, pro-actively driving the close-out liquidation process in order to generate the following 

in-season opportunities: 

 Pro-active early price reduction (EPR) (i.e. pro-active COI), which basically serves as 

early markdowns across xP. 

 Pro-active returns and cancellations, which basically serve both as re-allocations (i.e. at-

once orders) across xP. 

Thereby, two implementations should be generated (see Figure 2): 

 The monitor phase, which is at xP = 1 month, in order to identify risks and already 

propose in-season opportunities with the associated customers. 

 The execution phase, which is at xP = 2 months, in order to (re-)identify risks and directly 

execute the in-season opportunities with the associated customers. Given Nike’s lead 

times, the product can benefit approximately six or seven weeks from the selling season. 

 

Figure 2 – Implementation plan for Nike’s future COI forecasting model (Nike interviews, 2014) 

Additionally, Nike only focuses on fashionable products (i.e. in/out products) having the same 

supply chain. Therefore, generalizing the findings of this research to other Nike and in/out 

product groups is reasonable. However, prematurity may be occurred when generalizing the 

following findings of this study to: other scientifically classified product groups (e.g. regular 

non-perishables); other supply chain actors (e.g. retailers); and, another forecasting perspective 

(e.g. demand/sales forecasting). Afterwards, limitations have led to the following five directions 

for future research (at Nike): the involvement of other forecasting methods; the involvement of 

other (scientifically classified) product groups; the expansion of problem scoping; the expansion 

of the sell-through formula; the expansion to other supply chain players and forecasting 

perspective. Finally, the findings of this study have successfully contributed to the following 

literature: calculating and using sell-through when forecasting; forecasting COI; and, using two 

supply chain players’ data. 

Concluding, this research should not be considered as the end of an interesting topic, but this 

study should serve as a starting point for examining all promising opportunities that sell-through 

entails (at Nike). That is, sell-through can already be indicated as a useful validation method 

when forecasting COI, but future research should be conducted in order to use sell-through as an 

autonomous driver for the (pro-active) liquidation process (at Nike) within the selling season. In 

short, sell-through is gold, thus starting with the examination of this promising predictor. 

 

CO drop Current COI forecast 

1st month 3rd month 2nd month 4th month (EPR) 

Monitor phase Execution phase 
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“Where there is a will, there is a way” 

 

Lars Oomen (2012) 
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Part 1: Project Definition 

The aim of the project is defined in the first 

part of this report. More specifically, the 

introduction of this study is given in Chapter 1 

and Chapter 2 provides the problem definition. 

Finally, a conclusion of Part 1 is given. 

Chapter 1. Introduction 

As already mentioned, the introduction is 

given in Chapter 1. More specifically, Section 1.1 discusses the report structure, Section 1.2 

includes the problem environment, Section 1.3 deals with the problem introduction, Section 1.4 

represents an overview of the literature, and Section 1.5 describes the gaps in literature. 

1.1 Report Structure 

As can be seen in Figure 1.1, the methodology used in this research was based on an adaptive 

regulative cycle by Van Strien (1997) (as cited in Peters, 2012). Since Peters (2012) also used 

iteratively recurring model adaptions in his study in order to obtain the required model results, 

the methodology of this study was similar to his study; that is, the model results and adaption 

were merged into one part. Subsequently, the report’s structure could be described in fourfold: 

project definition (Part 1), research design (Part 2), model results and adaption (Part 3), and 

implementation and conclusion (Part 4). Moreover, a validation should be conducted in which 

the degree of correspondence with reality was established (Sagasti & Mitroff, 1973); for that 

reason, a validation phase was explicitly included during Part 3. 

1.2 Problem Environment 

In order to define the problem environment, the company background and Nike’s department 

Demand Planning (DP) and Inventory Management (IM) is described in this section. 

1.2.1 Company Background 

Nike, Inc. (Nike) is known as the world’s leading designer, marketer and distributor of authentic 

athletic footwear, apparel, equipment and accessories for a wide variety of sports and fitness 

activities. This company comprises, next to its own brand Nike, three owned subsidiaries 

including Converse Inc., Hurley International LLC, and Nike Golf. Additionally, the firm was 

founded in 1964 by Phil Knight and Bill Bowerman. Initially, this business was called “Blue 

Ribbon Sports”, but the name was changed to Nike in 1978 and refers to the Greek goddess of 

victory. In addition to operating as a supplier, Nike has its own retail channel (DTC). This 

business also sponsors many trendsetting sports teams and athletes all over the world, and it 

always refers to its world-famous Swoosh logo and the slogan “Just Do it”. Therefore, their 

mission is as follows: “To bring inspiration and innovation to every athlete in the world”, which 

is based on the famous statement of Bill Bowerman: “If you have a body, you are an athlete”. 

Today, Nike employs about 44,000 people worldwide and drives its growth strategy by 
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Figure 1.1 – Report structure (Sagasti & Mitroff, 1973;  

   Van Strien, 1997; Peters, 2012)  
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continuously seeking to new and innovative opportunities, so that excellent products and services 

are always developed; for example, Nike is currently expanding throughout the Chinese market. 

Additionally, Nike had a revenue of $25.3 billion in its fiscal year 2013, which started on the 1st 

June of 2012 and ended on the 31st May of 2013.  

Furthermore, Nike’s World Headquarters (WHQ) is located in Oregon, United States, and Nike’s 

European Headquarters (EHQ) is located in Hilversum, the Netherlands. Nike’s second major 

location in Europe is the European Logistics Center (ELC) in Laakdal, Belgium, which provides 

all distribution activities for the European region excluding Turkey and Russia. In addition, this 

region can be divided into two so-called geographies: Western Europe (WE), and Central and 

Eastern Europe (CEE). In addition, the other geographies, in which Nike runs its business 

operations, consist of Emerging Markets, Greater China, Japan, and North America. 

1.2.2 Department Demand Planning and Inventory Management 

The European department DP and IM is mainly responsible for the European supply chain 

planning at Nike. More specifically, its sub-department DP develops a forward-looking view of 

European product demand for the entire selling season by taking into account the input from the 

departments Global Demand Planning and Global Sourcing, which are located at WHQ and aim 

to create long-term capacity planning. Moreover, DP uses input information from European 

departments, such as Sales. Furthermore, the demand forecast is continuously updated until three 

months before the corresponding product launch in the (Nike) selling season. 

Subsequently, the European sub-department IM executes inventory planning by analysing the 

output from DP. The planning includes detailed inventory requirements at product, location and 

time intersections. Afterwards, these requirements are submitted to the departments Global 

Supply Planning and Global Sourcing, which consider purchase plans for all geographies. If 

these plans are approved, then the European IM department creates purchase orders and ensures 

factory acceptance on the short term. These processes need to be finalized before the beginning 

of the associated selling season. 

Finally, the European sub-department IM manages purchase order information details throughout 

its life cycle, optimizes inventory, eliminates inventory, and drives a liquidation strategy for 

close-out products. However, this liquidation can only be applied if agreements are reached with 

the other European departments, such as Sales, Sales & Operations Planning and Nike Factory 

Stores (NFS). The key functions of IM are executed from seven months before the season launch 

until the final clean-up of these close-out products. In short, the European sub-department DP is 

mainly associated with off-season operations, while the European sub-department IM is mainly 

related to in-season operations.  

1.3 Problem Introduction 

Sell-through is the percentage of the quantity of retailers’ initial on-hand inventory sold by 

retailers in a given period. In addition to various authors, who suggest using sell-through within 

supply chain management, the consideration of facilitating quick and easy transmission of sell-
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through to upstream members of the supply chain has also attracted the attention of Nike. As a 

result, this data is increasingly used by a number of Nike departments. These departments and 

various authors suggest sharing this data in order to generate profitability for both Nike and its 

customer; however, Nike is not currently using this data within the department DP and IM. More 

specifically, the sub-department IM is currently driving a close-out liquidation process for 

products approaching their end offer date in the corresponding selling season. If they reach their 

end offer date (i.e. the close-out drop), then these products can be indicated as Nike’s excessive 

inventory, which is denoted as close-out inventory (COI) in this study. Moreover, this liquidation 

process is mainly based on a COI forecast, which is performed on material (i.e. disaggregated or 

style-color) level at two weeks before the close-out drop. From the start of the close-out drop, 

these products (i.e. COI) have an inactive life cycle and are sold for a discounting price. Given 

that the literature of using sell-through is limited and as a result of the relative late start of this 

liquidation process, IM is curious to what extent (European) sell-through data can be applied in 

order to pro-actively drive this (European) process. In other words, using sell-through data as 

early as possible in the selling season, which may have an added value for the predictability of 

(Nike’s) COI. Subsequently, the opportunity to operate more pro-actively may lead to various in-

season opportunities with the ultimate objective to more efficiently liquidate upcoming COI, thus 

improving product life cycle management. 

1.4 Overview of Literature 

This section shows an overview with the most relevant parts of Oomen’s literature study (2013). 

1.4.1 Characteristics and Destinations of Close-out Inventory 

According to Rogers and Tibben-Lembke (1999), the COI process may be defined as reverse 

logistics: “the process of planning, implementing, and controlling the efficient, cost effective 

flow of raw materials, in-process inventory, finished goods, and related information from the 

point of consumption to the point of origin for the purpose of recapturing or creating value or 

proper disposal” (p. 2). In addition, two major causes of COI are the start of a new selling season 

and the occurrence of product obsolescence (Oomen, 2013). Furthermore, the four destinations 

of COI are: donating COI to charity, disposing COI via either landfill or recycling, sending COI 

to either an outlet store or the secondary market, and returning COI to the supplier (Rogers & 

Tibben-Lembke, 2002). Nike mainly focuses on the last two options, which makes it useful to 

precisely describe the options from the perspective of literature as follows: 

 Products that do not sell at a particular retail price can be sent to either an outlet store or 

the so-called secondary market. This strategy means that companies offer their products 

for lower prices to the consumer, so that demand of the products may remain and the COI 

may reduce. However, the business should beware of so-called specialty firms (e.g. 

brokers) that buy products, which have already been through the primary sales channel, 

for resale on the secondary market. These firms may even sell these products to flea 

markets or dollar stores, which usually sell the products below outlet prices, thus 
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diminishing the brand equity. This situation ensures that companies do not often sell 

these products to domestic markets where the products are known, thus generating less 

probability to affect the brand image (Rogers & Tibben-Lembke, 2001). 

 Items can be returned to the supplier. On the one hand and from the supplier perspective, 

this opportunity creates an advantage, because the supplier may sell the products to a 

different retailer that generates higher demand. On the other hand and from the retailer 

perspective, this strategy also creates an advantage, because they can reduce the risk of 

having COI at the end of the selling season (Rogers & Tibben-Lembke, 2002).  

Finally, Nike uses a combination of these two options in order to derive maximum benefit from 

COI. In other words, customers are able to cancel or return upcoming COI, after which Nike 

particularly sells these products through its own outlet stores. 

1.4.2 Outlet Stores 

Nike’s outlet stores use clearance markdown models in order to stimulate the liquidation of COI. 

Since these stores use an initial price with fixed discounts for all store products per period, the 

model suggested by Bitran and Mondschein (1997), which implies an announced discount 

policy, is similar to the strategy of these stores. Thereby, the final and largest discounts rarely 

occur, because the largest sales take place at the beginning of the period. Furthermore, this 

strategy has both advantages and disadvantages. On the one hand, the outlets lose flexibility to 

react on the individual performance of the products, so that the outlet stores are not able to 

change prices during each period. On the other hand, this strategy attracts more consumers in a 

given period and its simplicity reduces the costs associated with changing prices, such as 

advertisement and management costs (Bitran & Mondschein, 1997). 

However, Bitran and Mondschein (1997) only focus on financial benefits, while Nike also 

considers other aspects. More specifically, Nike aims to offer the newest products with full price 

to the consumer and aims to sell the major part of its COI through its own outlet stores. 

Therefore, the brand image is minimally affected, which is in accordance with the article of 

Rogers and Tibben-Lembke (2002). In addition, four times per year the outlet stores get a 

relatively high number of products that needs to be sold in a relative short amount of time to the 

consumer, thus involving capacity limitations at the outlet stores. Therefore, the attraction of 

more consumers due to relatively higher discounts in a given period may outweigh the 

occurrence of fewer consumers due to relatively lower discounts in a given period.  

1.4.3 Point-of-sales  

According to Wisner et al. (2012), point-of-sales (POS) can be seen as the place where a 

consumer purchases a product or service. Moreover, the resulting data generally enhances when 

and where the transaction takes place, enhances its corresponding price, and enhances the 

information of the consumer’s purchase (i.e. which consumer buys what product). High-tech 

systems, such as electronic data interchange, bar coding, the Internet, logistics software, and 

radio frequency identification have currently ensured that the resulting data can easier, safer and 
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faster be monitored (Wisner et al., 2012). In addition, according to Kiely (1998) (as cited in 

Kaipia & Lakervi, 2006), the main benefit of using POS data in relation to order data, which is 

dependent, is its independence. This independence means that other supply chain participants do 

not have control about this data, thus providing benefit to the order forecasting function from the 

perspective of upstream participants in the supply chain. As a result, according to Lee et al. 

(1997), the bullwhip effect can be reduced by sharing POS data with its upstream members of 

the supply chain. 

However, POS data also entails disadvantages (Kaipia & Lakervi, 2006). First, POS data may be 

inaccurate due to the fact that returned products can incorrectly be handled. Second, products 

may not be scanned into the POS system on a stock-keeping unit (SKU) level, which is the most 

disaggregated product level (Fisher et al., 2000). Third, the sales of one POS may be too small 

and the number of POS may be too large. Fourth, not all POS have the possibility of collecting, 

processing and transmitting consumer data upstream to suppliers (Kiely, 1998; Salmi & 

Holmstörm, 2004). Finally, performance indicators can be derived from the obtained POS data in 

a particular retail store. According to Matilla (1999), commonly used measures for evaluating 

retail performance, and in particular for seasonal fashion, are: service level, lost sales, stock-turn, 

gross margin, gross margin return on inventory, and sell-through percentage.  

1.4.4 Sell-through 

As mentioned above, the sell-through percentage can be used for evaluating retailer performance, 

thus for estimating the customer’s demand in the fashion industry. However, sell-through data 

has commonly been associated with POS data in the literature (Lee et al., 1997; Matilla et al., 

2002; Salmi & Holmstörm, 2004), which indicate their high interdependence. This 

interdependent insight is confirmed by an example of Axline and Lebl (2007), in which they 

suggest that POS information can be used in order to forecast future sell-through of new 

introduced seasonal products. Thereby, the resulting forecast can positively affect the production 

process; for example, the company introduces new products in a few test stores, which allow the 

POS information to forecast the total sell-through for the entire season. 

1.4.5 Regression analysis 

COI can be forecasted by using appropriate forecasting techniques from literature. Two major 

regression techniques, which have an added value for forecasting in the fashion industry, are 

elaborated below. The reason for the selection of these regression techniques is discussed later 

on in this study. 

1.4.5.1 Multiple regression 

According to Alon et al. (2001), multiple regression can be used when dealing with seasonality. 

This analysis can be used to examine the relationship between a single metric dependent variable 

and several independent variables (Hair et al., 2010). Additionally, suppose the prediction error 

ε, the dependent variable Y, the number N of independent variables X1, X2, . . , XN, the intercept 

B0, and its regression coefficients B1, B2, . . , BN. These coefficients can be determined by the 
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least square procedure and represents the absolute effect size; that is, given one-unit change in 

XN reflecting change in Y. Subsequently, the multiple regression formula can be defined as 

follows (Hair et al., 2010): 

Y = B0 + B1 ∙ X1 + B2 ∙ X2+. . +BN ∙ XN + ε (1) 

However, bN should be standardized in order to compare the parameters to each other. 

Additionally, the overall model fit can be determined by taken into account the coefficient of 

determination R2. In other words, the prediction of Y is high if the explanatory power of the 

regression equation is high. Moreover, the adjusted R2, which takes into account the number of 

XN’s and the sample size, can be used in order to compare different equations of Y that vary in 

XN’s and sample size (Hair et al., 2010). Furthermore, Hair et al. (2010) suggest many 

assumptions that should not be violated, such as measuring linearity of the relationship between 

Y and the XN’s, measuring homoscedasticity  (i.e. constant variance of the error), measuring 

independence of errors, measuring a normally distributed subpopulation of errors, and measuring 

no multicollinearity (i.e. no relationship between the XN). Finally, multiple regression can be 

executed by the program SPSS, in which the significance (p < 0.05) of the proposed model is 

determined (Hair et al., 2010). 

1.4.5.2 Logistic regression 

According to Hair et al. (2010), if Y has a non-metric (i.e. categorical) outcome variable, then 

logistic regression should be used. In comparison with other regression techniques, logistic 

regression does face less strict assumptions, such as multivariate normality and equal variance-

covariance matrices across groups. Therefore, logistic regression is more robust, so can be used 

in more situations in relation to other statistical analysis. Moreover, logistic regression is similar 

to multiple regression in terms of statistical test and approaches to incorporate variables, which 

makes it a useful method. Moreover, the logistic regression formula should be expressed as the 

probability of occurring a given event Y (Field, 2009; Hair et al., 2010): 

P(Y) =
1

1 + e−(B0+B1∙X1+B2∙X2+..+BN∙XN+ε)
 (2) 

Subsequently, the maximum likelihood can be applied in order to yield values for BN, which 

maximize the probability of obtaining the observed set of data. Afterwards, the log-likelihood 

ratio test statistic, which has a χ2 distribution, can be used in order to test the fit of a model. 

Furthermore, the coefficients should be interpreted in terms of direction, significance and 

magnitude. Finally, two major issues should be taken into account: verifying possible influential 

data points and residuals, and conducting the Hosmer & Lemeshow test, which checks whether 

the observed and forecasted samples are about equal in the subgroups related to XN (Field, 2009; 

Hair et al., 2010). 
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1.5 Gaps in Literature 

By taking into account the overview of literature (see Section 1.4), this study discusses the 

corresponding gaps in literature, which can be explained in threefold: calculating and using sell-

through when forecasting, forecasting close-out inventory, and using two supply chain players’ 

data. 

1.5.1 Calculating and Using Sell-through When Forecasting 

Various studies conclude that the use of POS is preferred in a seasonally fast-moving consumer 

product environment by using the regression techniques discussed in Section 1.4.5 (Williams & 

Waller, 2010; Williams et al., 2014). Although the literature suggests that sell-through and POS 

data are highly interdependent (Lee et al., 1997; Matilla et al., 2002; Salmi & Holmstörm, 2004; 

Axline & Lebl, 2007), no literature suggests how to calculate and use sell-through when 

forecasting. Moreover, sell-through may already have an added value early in the selling season, 

thus the early sales’ literature may be extended by including sell-through as important predictor 

when forecasting early in the selling season. 

1.5.2 Forecasting Close-out Inventory 

This study focuses on forecasting COI, which can basically be indicated as the reverse of 

demand/sales forecasting; however, only one literature report (Nederpel, 2012) has currently 

focused on forecasting COI. More specifically, the graduation report of Nederpel (2012) 

suggested using attribute-based forecasting in order to forecast COI on lower material levels in 

the fashion industry on the short term. This forecasting technique is based on the article of Fisher 

and Vaidyanathan (2009), in which they describe a SKU as a bundle of attribute values and is 

useful for fashionable products in order to maximize the utilization of their limited historical 

data. In addition, since logistic regression has relatively less statistical assumptions and the fact 

that the dependent variable is either zero or one, Nederpel (2012) used a binary logistic 

regression model in order to express the occurrence of COI as a probability. Since this author 

only made a proof of concept, which only consisted of color and size attributes for the product 

engine apparel, he suggested extending this model with other product categories including more 

attributes. Moreover, this recommendation is made for medium-term forecasting, thus may give 

an opportunity to extend the literature on using attribute-based forecasting on the short-term and 

to add more relevant attributes (predictors) by possibly taken into account other product 

categories.  

Besides, Nederpel (2012) used COI as an absolute on-hand inventory, while this research focuses 

on forecasting COI as a ratio, which can be explained with the next example. Suppose two 

products having the same sell-through, but a large difference in on-hand inventory. Basically, 

both products perform similar, but analysing the outcome variable in absolute terms concludes 

that a large difference in absolute COI occurs. Therefore, choosing the outcome variable as an 

absolute metric can give a distorted view of the actual products’ performance in the market. In 

short, the literature on forecasting can be extended using a ratio as outcome variable. 
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1.5.3 Using Two Supply Chain Players’ Data 

Many forecasting techniques exist in the fashion industry, which is generally related to one 

player in the supply chain (Thomassey, 2014). However, this study takes into account both data 

from the supplier and the retailer, which can be indicated as an extension on the forecasting 

literature using data from the perspective of two players in the supply chain.  

Chapter 2. Problem Definition 

The problem definition is discussed in Chapter 2. More specifically, Section 2.1 discusses the 

major terminology, Section 2.2 includes the process description (i.e. the close-out inventory 

process), Section 2.3 deals with the problem analysis, Section 2.4 represents the scope and 

assumptions, Section 2.5 defines the research questions, and Section 2.6 discusses the practical 

requirements. 

2.1 Major Terminology 

In order to describe the major terminology, this section makes a distinction between a number of 

subsections: business month and selling season, product aggregation level, value chain, type of 

orders, supply chain, cancellations and returns, customers, and seasonal clean-up. 

2.1.1 Business Month and Selling Season  

Nike, Inc. (Nike) uses the term business month in order to define its calendar months. A business 

month starts on the 20th day of the previous calendar month and ends on the 19th day of the 

current month; for example, business month “December2014” starts on the 20th November of 

2014 and ends on the 19th December of 2014. Three consecutive business months are divided 

into one (Nike) selling season, such that: Spring consists of January, February and March; 

Summer includes April, May and June; Fall comprises July, August and September; and Holiday 

consists of October, November and December. Finally, the first month in the season generally 

generates the highest customer demand. 

2.1.2 Product Aggregation Level 

Nike makes a distinction among three so-called product engines: footwear, which includes all 

sports shoes; apparel, which includes all sports clothing; and equipment, which includes all 

sports equipment, such as socks, footballs and bags. In addition, Nike structures its products in 

terms of so-called global categories, which can be defined as follows: Action Outdoor; 

Basketball; Football, Baseball and Athletic Training; Football/Soccer; Nike Sportswear; Other; 

Running; Women Training; and, Young Athletes. Subsequently, within these global categories, 

items can be classified into a more specific category (e.g. Tennis) and in terms of their gender 

age, such as men, women, boys and girls. Afterwards, within this gender age level, products can 

be categorised into silhouette level and technology, such as a short cotton sleeve t-shirt and a 

long cotton sleeve t-shirt. Afterwards, the material level, which indicates the style-color 

combination of a silhouette and technology, can be determined (e.g. a blue short cotton sleeve t-

shirt with a unique print). Finally, style-color items can be classified in terms of their stock-
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keeping unit (SKU), which is style-color-size level, such as a blue short cotton sleeve t-shirt with 

a unique print and medium size.  

2.1.3 Value Chain 

Nike’s value chain makes a distinction among six different stages, which are so-called legs, with 

each its own functions and alignments. The department Sales & Operations Planning (S&OP) 

brings all six legs together in order to continuously verify whether all these value-creating stages 

achieve focus, alignment and synchronization among each other. An overview of all legs that add 

value to the chain is depicted below in Figure 2.1. Moreover, all relevant legs for this research 

(i.e. Leg 2 up to 6) are integrated within Section 2.1.4 up to Section 2.1.8. Finally, the irrelevant 

leg of this research (i.e. Leg 1) is described in Appendix B.1. 

Figure 2.1 – Overview of Nike’s legs (Nike interviews, 2014) 

2.1.4 Type of Orders 

Nike differentiates among three order types: future orders, purchase orders and at-once orders.  

2.1.4.1 First Type of Sales Orders: Future Orders (Leg 2) 

Future orders are the first type of sales orders at Nike. After offering Nike’s collection of the 

corresponding selling season, customers should place their future orders at least five months 

ahead of the desired delivery month, which is beneficial for both Nike and its customers. On the 

one hand, these future orders give Nike more certainty with regard to its future demand, so that 

Nike can better manage its supply and demand on the long term. On the other hand, future orders 

are associated with beneficial sales contracts for the customers, which include delivery 

guarantee, extra discounts and permission to cancel maximum 10% of the ordered volume. 

2.1.4.2 Purchase Orders (Leg 2 and 3) 

Purchase orders are based on the future orders by taking into account imputed lead times from 

the manufacturer to its final destination; however, purchase orders are not always related to 

make-to-order. More specifically, forecasting equipment units can perfectly be based on the 

order book, but apparel and footwear (to a lesser extent) units may have lead times longer than 

five months due to the possible need for high-tech materials and the limited production 

capacities. Nike then places purchase orders on the manufactures where the orders are based on 

historical information and statistics, which are so-called blind buys. However, the forecast can be 

adjusted if the final sales orders are known, which finally leads to a changing production forecast 

for the manufacturers where most of them are located in Asia. 
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2.1.4.3 Second Type of Sales Orders: At-once Orders (Leg 5) 

In addition to the future orders, at-once orders are the second type of sales orders. Customers can 

book them in order to react on the higher demand expected during the selling season. This type 

of orders can be shipped during the entire season until the moment when starting its 

corresponding close-out drop. The at-once orders can be taken from the available inventory in 

the ELC, which is known as available to promise (ATP). This type of inventory and the close-out 

drop is extensively described in later sections. 

2.1.5 Supply Chain (Leg 4) 

The physical supply chain of a Nike product for Europe, which is represented in Figure 2.2, can 

be divided into three parts: inbound, warehousing and outbound. Moreover, these parts can be 

described as follows: 

 Inbound: this type includes all required product flow activities for both direct shipments 

to the customer (DRS) and shipments from the manufacturers to the ELC, which are so-

called distribution center shipments (DC). Moreover, the DRS can be shipped to the 

customer either directly (DRS-direct) or via a deconsolidation center (DRS-decon). If the 

order volume of a customer is enough to fulfil a separate container, then the 

deconsolidation center will not be used. More specifically, finished goods are transported 

from the manufacturer to the consolidation center in the port of origin, which are 

controlled by third-party logistics providers. Afterwards, the goods are transported via 

truck, vessel or air, to their final destination. In general, most shipments are fulfilled by 

sea due to the relative low costs, acceptable lead times and minimal pollution. However, 

airfreight is used when orders needs to be expedited. In addition, trucks are used when 

orders are delivered from European manufacturers.  

 Warehousing: this type implies all required product flow activities within the ELC, such 

as receiving, storing, processing, shipping and adding value services.  

 Outbound: this type consists of all required product flow activities regarding shipments 

from the ELC to the customers, which are outsourced to carriers.  

 

Figure 2.2 – Overview of Nike’s supply chain (Nike interviews, 2014) 
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2.1.6 Cancellations, Diverts and Returns (Leg 4) 

Cancellations are defined as future orders that are cancelled before delivery at the customer. 

Cancellations can be made by either Nike or a customer; for example, customers have 

permission to cancel maximum 10% of the ordered volume for no reason, and they are allowed 

to cancel orders if Nike has not delivered them within the agreed time window of 30 days. If 

cancelled goods are at the consolidation center in the port of origin or at the ELC, then a new 

destination can simply be assigned, which generates relatively low costs. However, if cancelled 

goods are at the deconsolidation center, then these products become part of the so-called divert 

flow, which generates relatively high costs due to separate shipments from the deconsolidation 

center to the ELC.  

Additionally, returns are defined as goods, which can be returned to Nike after delivery at the 

customer and mainly occur after the selling season. For example, customers return their goods 

due to quality or sales issues. More specifically, these goods are returned to the ELC in order to 

resell them if quality checks give approval, which are labelled as A-grade products. In addition, 

B-grade products are products with lower quality, thus they will be sold through Nike’s outlet 

stores (NFS).  

2.1.7 Customers (Leg 5) 

On the one hand, Nike sells products through its own retailers, which can be classified into two 

categories: Nike’s own retail channel (DTC), which only offers the newest full price products to 

the consumer; and Nike Factory Stores (NFS), which are also known as Nike’s outlet stores and 

mainly offers the excessive inventory (i.e. COI) from the previous selling season to the 

consumer. On the other hand, Nike sells products to its external retailers, which can be denoted 

as wholesale in this report. Additionally, customers increasingly share their point-of-sales (POS) 

data, which represents the voice of the consumer, with Nike. In order to obtain this data, Nike is 

currently using a vendor portal (SPS Commerce), which can approximately track 36% of the 

sell-through at customers in Europe. Finally, Nike aims at tracking a major part of these units in 

the future. 

2.1.8 Seasonal Clean-up (Leg 6) 

The seasonal clean-up implies liquidation strategies in order to reduce the excessive inventory 

after a close-out drop, which is denoted as the close-out inventory (COI) at Nike. Nike aims to 

sell the major part of this inventory through NFS, which are especially founded to liquidate 

close-out products in a controlled manner, so that the brand image is not affected. Moreover, 

NFS have to use close-out products for the most part as assortment, which is completed with so-

called rebuy products. Rebuy products are relatively standard products and exclusively 

manufactured for NFS. Furthermore, the remainder of the COI are sold to wholesale or special 

sales channels. Additionally, other options are either disposal or donation, which are less 

preferred due to generating no profit margin and affecting its brand image. Finally, note that the 

COI is extensively described in a later section. 
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2.1.9 Overview of Milestones during the Selling Season 

Referring back to the information given in the previous subsections, an overview of the 

milestones during the selling season is depicted in Figure 2.3. More specifically, future orders 

are related to the entire selling season (marked in grey), and at-once orders are associated with 

the selling season and the so-called prop only period (unmarked), which is the period where 

future orders can only be shipped but not be booked anymore. In other words, this period is only 

reserved for at-once orders, which are sold for the full price to customers. Additionally, every 

month a certain part of the total selling season’s collection is offered. The majority of this 

collection is offered in the first month of the selling season. Moreover, each product generally 

has a product life cycle of at least four months, after which this product will drop in close-out if 

it has not yet sold in its corresponding time window. However, products may transfer to the next 

season, which means that their life cycle is extended; these products are so-called carryovers.  

 

Figure 2.3 – Overview of milestones during the selling season (Nike interviews, 2014) 
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 Close-out drop (CO drop): the date, which indicates the end of the prop only period, 

thus dropping the corresponding excessive inventory in the close-out (i.e. COI). 

 Early price reduction (EPR): the one-month period before the close-out drop, which 

aims to accelerate the sales of excessive inventory (i.e. upcoming COI) during this 

period. Nike Factory Stores (NFS) and wholesale can take advantage of using this period 

in order to reserve and ship quantities from ELC’s available inventory, which has not yet 

been assigned to any wholesale or NFS and is denoted as available to promise inventory 

(ATP) at Nike. More specifically, ATP consists of cancellations, returns and safety stock 

unused due to forecast inaccuracies. Furthermore, NFS always have the first option to 

reserve quantities during EPR; EPR is even not available for wholesale if NFS have more 

demand than supply during EPR. Moreover, these quantities reserved can directly be 

shipped to the concerning customer for a discounting price, so that they arrive at the 

customer at a maximum of two weeks before the close-out drop starts. Note that the lead 

time related to EPR (including associated decision-making processes) generally takes two 

or three weeks and that EPR can even be cancelled if EPR has not yet shipped to the 

customer.  

 

2.2 Process Description: the Close-out Inventory Process 

The European Logistics Center (ELC) makes a distinction between two types of inventory. On 

the one hand, inventory can be related to inline, which implies products with an active life cycle 

and are sold for a full price; note that Figure 2.3 only relates to inline. On the other hand, 

inventory can be related to close-out, which implies products with an inactive life cycle and are 

sold for a discounting price. Additionally, note that a product can only be dropped into close-out 

if its end offer date corresponds to the month of the close-out drop; for example, a product with 

an end offer date that equals to the 31th of January can only be dropped into close-out for the 

month January.  

2.2.1 From Inline Inventory to Close-out Inventory 

The inline and COI consists of five different inventory types, which are extensively described in 

Appendix B. Moreover, two milestones should be considered during an inline to COI process. 

On the one hand, the first milestone is the close-out drop, which is already described in Section 

2.1.9. One the other hand, the second milestone is the “close-out drop + five days”. This 

milestone implies the five-days’ period where NFS have an advantage of five days to reserve and 

request products from close-out ATP. That is, Nike aims to sell the major part of the close-out 

products through NFS in order to minimally affect the brand. After these five-days’ period, 

wholesale is able to reserve/request products from close-out ATP.  

2.2.2 Flowchart 

In order to get a better overview of the COI process at ELC, a flowchart is depicted in Figure 2.4. 

The flows are based on the components described in the previous sections and on the study of 

Nederpel (2012); however, a number of flows have not been discussed so far. More specifically, 
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first, returns and DRS cancellations (diverts) may end up in close-out ATP due to the fact that 

they have at least a two-week lead time; for example, if they are returned or cancelled a few days 

before the close-out drop, then they can no longer be assigned to inline ATP. Second, a B-grade 

product can only be sold through NFS due its lower quality. Therefore, this product type directly 

ends up in close-out ATP (B-grade). Third, as can be seen in the figure, the hash stage is added; 

this phase represents remaining SKUs, which can be both A-grade and B-grade, in ELC and are 

sold through NFS. Moreover, a distinction is made between A-grade and B-grade close-out ATP, 

because this makes the COI process more clearly. Finally, close-out products are not sold 

through Nike’s own retail channel (DTC), so a distinction is made between product flows to 

wholesale and wholesale/DTC. 

 

Figure 2.4 – Flow chart of the COI process at ELC (Nederpel, 2012; Nike interviews, 2014) 

 

2.3 Problem Analysis 

The problem analysis is subdivided among five subsections: significance of research, current 

situation, in-season opportunities, sell-through used at Nike, and lead times. 

2.3.1 Significance of Research 

Nike can be obviously classified into the fashion industry due to its products with short life 

cycles, high volatility, low predictability and high impulse purchasing. This classification is 

confirmed by Christopher et al., (2004), which emphasize the importance of responsiveness in 

the fashion industry, thus the need for an agile supply chain at Nike. One major mechanism for a 

higher responsiveness in the chain is to improve the information flows among the different 
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inventory control and delivery plans of individual actors in the chain (Lee et al., 1997). As a 

result, information sharing generally leads to higher revenues, more accurate demand forecasts, 

better product schedules, more effective transportation and less COI (Lee & Cho, 2013). More 

specifically, a retailer often places an order based upon a demand forecast, which may lead to the 

distortion of demand signal processing, thus resulting in a negative upstream impact of the 

bullwhip effect. Therefore, various authors recommended sharing sell-through or point-of-sales 

(POS) data to upstream supply chain members in order to prevent this negative effect from 

happening (Lee et al., 1997; Williams & Waller, 2010).  

2.3.2 Current Situation  

(European) Sell-through data is increasingly used by a number of Nike departments (e.g. Sales 

and S&OP) in order to generate profitability for both Nike and its customer; however, Nike is 

not currently using this data within the department Demand Planning (DP) and Inventory 

Management (IM). Additionally, the sub-department IM has currently been conducting two COI 

forecasts, which are based on analysing the components represented in Figure 2.4 (e.g. returns, 

cancellations and at-once orders) and are represented in Figure 2.5. Thereby, human judgement 

of IM business analysts and trends (i.e. time series forecasting) for each component on the most 

aggregated level (i.e. product engine level) are taken into account. For example, Nike analyses 

the trend of cancellations (including human judgement) and estimates the COI for this 

component at the CO drop. As a result, the sum of all COI components’ estimations results in a 

final COI forecast.  

More specifically, on the one hand, the first type of forecasts is the intermediate COI forecast on 

the medium term, which is made at the start of each selling season (i.e. basically before the 

selling season). Thereby, an intermediate COI forecast for the upcoming three selling seasons is 

also made in order to plan rebuys for NFS. Moreover, the COI forecast is made on a category 

level (i.e. aggregated level) in order to avoid noise and bias caused at a more disaggregated level. 

On the other hand, the second type of forecasts is the COI forecast made on a material level at 

two weeks before the close-out drop (i.e. basically during the selling season). Thereby, IM 

forecasts the ATP quantity on material level at the close-out drop. In short, this COI forecast 

results in an approach starting two weeks before a product reaches its end offer date. Therefore, 

NFS can determine their final assortment before the close-out drop starts. 

 

Figure 2.5 – Close-out inventory forecasting milestones (Nike interviews, 2014) 
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improving the alignment of Nike’s in-season supply and demand. More specifically, since COI 

serves for the most part as supply for NFS, the predictability of (Nike’s) COI is one of the major 

key challenges of IM; that is, the forecast of this COI should be determined as quickly and 

accurately as possible in order to efficiently liquidate these products through NFS. Therefore, IM 

is curious to what extent (European) sell-through data can be applied in order to pro-actively 

drive this (European) close-out liquidation process. 

Furthermore, when using sell-through data as early as possible in the selling season, a higher 

number of upcoming close-out products may be offered with more certainty either during EPR or 

even before EPR subject to the approval of other stakeholders. Subsequently, the COI may 

reduce when starting the close-out drop, thus improving the product life cycle management, 

which is defined as the management of the entire life cycle process of a product from its 

conception to disposal (Stark, 2011). As a result, assuming that the timing and magnitude of the 

clearance markdown policies are optimal at NFS, the pro-active liquidation of upcoming close-

out products may derive financial benefits (Smith & Achabal, 1998; Mantrala & Rao, 2001; Caro 

& Gallien, 2012; Lee & Cho, 2013) and may improve the brand image (Rogers & Tibben-

Lembke, 2001). 

Another in-season opportunity is to use the data in such a beneficial manner, so that products, 

which generate lower demand than expected during the beginning of the selling season (i.e. low 

sell-through), can be earlier phased out; that is, applying pro-active cancellations and returns in 

order to sell them for full price to a different customer that generates higher demand (i.e. 

reallocating). This opportunity is in accordance with the article of Rogers and Tibben-Lembke 

(2002). Additionally, using in-season opportunities may derive benefit from the characteristics of 

the season; for example, the sales of winter jackets in the winter may outperform the sales of 

winter jackets in the spring (Oomen, 2013). 

In short, using POS or sell-through data as early as possible in the selling season may have an 

added value for the predictability of (Nike’s) COI. As a result, the opportunity to operate more 

pro-actively may lead to various in-season opportunities with the ultimate objective to more 

efficiently liquidate upcoming COI, thus improving product life cycle management. Finally, the 

customer may also be more profitable, thus can invest more in the Nike brand. 

2.3.4 Sell-through and Close-out Inventory Used at Nike, Inc. 

In order to judge POS data, Nike uses different key performance indicators at a customer 

including sell-through. Sell-through is expressed as the percentage of the quantity of retailer’s 

initial on-hand inventory sold by retailers in a given period. Moreover, sell-through can be 

calculated either on weekly or monthly basis from the perspective of Nike. Since the sell-through 

percentage provides information about both the sales and inventory, this metric may be more 

useful in comparison with standard key performance indicators having one dimension. The 

formula of the sell-through percentage for product P at time t is given below. Thereby, the initial 

on-hand inventory for product at time t needs to be > 0, the sales for product P at time t needs to 

be ≥ 0 and t is the time period in which this percentage is measured: 
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SellThroughP,t[%] = 100% ∙
SalesP,t[Units]

Initial OnHand InventoryP,t[Units]
 (3) 

Additionally, Nike makes use of sell-through performance categories. As can be seen in Table 

2.1, the retailer’s sell-through for product P can be classified into three performance categories: 

poor, fair and good. The percentages of these performance categories are chosen in the way the 

sell-through is about 100% within a regular selling season (including prop only period) of 

seventeen weeks. This sell-through indicator can be based either on weekly or monthly basis, 

both from the perspective of one selling season. 

Table 2.1 – Performance categories of the retailer’s sell-through for product P (Nike interviews, 2014) 

 Poor Fair Good  

Weekly sell-through 

Monthly sell-through 

< 4% 

< 16% 

≥ 4% & < 5% 

≥ 16% & < 20% 

≥ 5% 

≥ 20% 
 

 

Furthermore, Nike’s COI for product P basically uses the same calculation as the formula of sell-

through (see Formula 3), because COI is basically the inverse of “Nike’s sell-through”. In other 

words, COI is the percentage of the quantity of Nike’s initial supply sold by Nike in a given 

period. Moreover, as can be seen in Table 2.2, COI for product P also uses performance 

categories and is based on a regular selling season (including prop only period) of seventeen 

weeks. Subsequently, COI can be classified into four performance categories: poor, fair, good 

and excellent. Finally, note that these classifications are based on the key challenges of IM. 

Table 2.2 – Performance categories of Nike’s close-out inventory for product P (Nike interviews, 2014) 

 Poor Fair Good Excellent  

Seasonal close-out 

inventory 
> 10% ≥ 5% & < 10% ≥ 2% & < 5% ≥ 0% & ≤ 2%  

 

2.3.5 Lead Times  

The practical feasibility of in-season opportunities should always consider corresponding lead 

times. As a result of referring back to the overview of Nike’s supply chain (see Figure 2.2), a 

number of relevant lead times including decision-making processes should be taken into account: 

 Sell-through data is weekly obtained from retailers and is then directly available in 

Nike’s reporting system.  

 The lead time of products from ELC to a customer generally takes at most one week.  

 The lead time of returns, cancellations and EPR (including corresponding informative 

decision-making processes) generally takes at least two or three weeks. 

 

2.4 Scope and Assumptions 

The scope and assumptions’ section is subdivided into three subsections: problem scoping, 

product scoping and scope simplification.  
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2.4.1 Problem Scoping 

Regarding business entities involved and as discussed in Section 1.2.2, the sub-department IM is 

mainly related to in-season operations, thus associating with in-season opportunities. That is, the 

sub-department DP is not in the scope of this research, because DP is mainly related to off-

season operations (i.e. associating with off-season opportunities). 

Regarding the magnitude of cost benefits uninvolved, in-season opportunities always involve 

reaching agreements with Nike’s downstream members of the supply chain and other 

interdependent departments, such as Sales, S&OP and NFS. As a result, reaching agreements 

among these actors entails complexity, because each department has its own key functions and 

key challenges. In order to retain simplicity and relevance from the perspective of IM, this 

research focuses on the predictability of (Nike’s) COI using sell-through data within IM. 

Thereby, measures of forecasting errors, which are extensively described in Chapter 6, are used. 

Therefore, quantifying the magnitude of cost benefits (e.g. profit margins), which are generated 

when using the in-season opportunities, is out of scope in this research. In short, by taking into 

account the problem analysis described in the Section 2.3, this research assumes that the in-

season opportunities result in a beneficial cost impact on Nike. 

2.4.2 Product Scoping 

2.4.2.1 Products Involved 

This research only focuses on European operations excluding Turkey and Russia DC processes. 

Furthermore, the three owned subsidiaries (i.e. Converse Inc., Hurley International LLC, and 

Nike Golf) are excluded in the scope of this research; that is, this research only focusses on its 

own brand Nike. In addition, always-available products are not in the delineation of this project 

due to its life cycle time of at least twelve months; more specifically, only products with a life 

cycle of four months are included. Moreover, only A-grade products are included, because in-

season sell-through patterns are not related to B-grade products.  

Besides, the product engine footwear and the global category Nike Sportswear has been taken as 

scope for the data analysis. Since footwear relatively has few styles in comparison with apparel 

and relatively has few carryovers in comparison with equipment, footwear can be considered as 

the most relevant data set for this research. In addition, Nike Sportswear is the largest volume 

driver at Nike, which includes a large width of different type of sports, such as basketball and 

running. Moreover, Nike Sportswear generates the major part of COI. Finally, these products 

have their first product offer date between January 2013 and January 2014, which results in an 

initial dataset of 2177 products. 

2.4.2.2 Sell-through Data Involved 

Sell-through data is obtained from January 2013 until April 2014. Since this data cannot make a 

distinction between the retailer’s warehouse inventory and retailer’s in-store inventory, this 

research assumes that weeks with available sell-through data corresponds with weeks including 

actual sales and retailer’s in-store inventory; that is, the on-hand inventory is in store when the 
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sales are started. In addition, sell-through is obtained from the selling season, which starts at the 

first full week after the first offer date and ends on the close-out drop (i.e. end offer date); 

therefore, the selling season (including prop only period) generally takes sixteen or seventeen 

weeks. Moreover, this report includes only products containing sell-through data of at least one 

retailer that starts selling a given product P (i.e. material level) in the selling season. 

Furthermore, the initial on-hand inventory at a retailer is assumed as initial supply at a retailer; 

that is cancellations are out of scope for approaching this initial supply. More specifically, the 

retailer’s initial order book of a finished season, which basically equals to its sum of 

cancellations and its total on-hand inventory, is not completely taken into account. Although 

cancellations may trigger close-out, data analysis has shown that cancellations can generally not 

be linked to the initial on-hand inventory at a retailer. Namely, they are both tracked via another 

software package, thus even at a retailer including sell-through data, its total on-hand inventory 

and sales cannot be tracked. Therefore, this lack of a complete database may lead to a distorted 

view of the actual situation if cancellations are linked to the sell-through data from the 

perspective of on-hand inventory.  

2.4.3 Scope Simplification  

As can be indicated from the sections discussed so far, Nike’s current COI process is a complex 

process having different components, which are clearly presented in Figure 2.4. In order to 

simplify the problem and to create a more relevant overview of the current situation, this study 

creates a simplified model with the most important components of this process from the 

perspective of IM. These components are based on conducting preliminary data analyses in order 

to determine the available data for each component. This analysis has shown that the ATP 

quantity can only be identified either on category level in the selling season or on material level 

after the selling season; that is, this inventory quantity is not appropriate as predictor for COI. 

However, Section 2.2 has basically shown that cancellations, returns and safety stock serve as 

the major basis for the ATP quantity and COI. Since the major part of footwear is based on 

make-to-order, this study assumes that supply and demand are matched before the selling season 

starts; that is, the safety stock is negligible in this research, so returns and cancellations are the 

basis for COI. Furthermore, the preliminary data analysis has shown that EPR is bucketed in at-

once orders, thus EPR cannot separately be analysed; that is, at-once orders including EPR are 

taken as one predictor. Concluding, the scope simplification results in a simplified overview of 

the COI, which is shown in Figure 2.6; that is, returns, cancellations and at-once orders are 

included where the + or – indicates the direction of the effect. 

 

Figure 2.6 – Scope simplification (Nike interviews, 2014) 
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2.5 Research Questions 

Resulting from the previous sections, the main research question can be defined as follows: 

How can (European) sell-through data be used as early as possible in the (Nike, Inc.) selling 

season in order to pro-actively drive Nike, Inc.’s (European) close-out liquidation process? 

Additionally, the following underlying research questions are supportive in order to answer the 

main research question: 

1. How can the attribute-based forecasting model proposed by Nederpel (2012) be extended 

or adapted by taking into account sell-through and other relevant attributes (predictors)? 

2. Which forecasting models are preferred for examining the added value of (European) sell-

through data when forecasting close-out inventory at Nike, Inc.?  

3. How can the most promising forecasting model, which may add value to the predictability 

of Nike, Inc.’s close-out inventory using (European) sell-through data, statistically be 

assessed? 

4. How can the most promising forecasting model, which may add value to the predictability 

of Nike, Inc.’s close-out inventory using (European) sell-through data, be implemented for 

future use at Nike, Inc.? 
 

2.6 Practical Requirements  

According to Peters (2012), three major practical requirements should be taken into account 

when delivering an appropriate forecasting model, so that Nike’s objectives are also fulfilled: 

 Simplicity: the model should be relatively easy to use, thus this model including the 

output should be understandable for IM’s business analysts. 

 Data availability: the corresponding data should be available for IM’s business analysts. 

Moreover, these analysts should have access to the data as easily and quickly as possible. 

 Operational accessibility: the model should generate a feasible practical solution by 

taking into account its operational limitations, such as lead times. 

Conclusion Part 1: Nike makes use of many own terminologies, which increase complexity when 

conducting research at this company. Additionally, various authors and Nike departments 

suggest using sell-through in order to generate profitability for both Nike and its customer. 

Therefore, IM is curious to what extent this data can be used in order to more efficiently 

liquidate COI, thus improving product life cycle management. However, the gaps in literature 

have indicated that this study is relatively innovative, so less literature of sell-through and 

forecasting can directly be linked to this research. After mapping Nike’s current COI process, 

this process also entailed much complexity. Therefore, this process (with corresponding scope) is 

simplified where returns, cancellations and at-once orders serve as major components. Finally, 

the corresponding and most promising forecasting model should comply with practical 

requirements when examining the added value of sell-through. 
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Part 2: Research Design 

The research design is discussed in the second 

part of this report. More specifically, the 

method of research is provided in Chapter 3, 

Chapter 4 includes the model development, 

Chapter 5 discusses the data, and Chapter 6 

represents the measurement tools. Finally, a 

conclusion of Part 2 is given. 

Chapter 3. Method of Research  

The method of research is discussed in Chapter 3. More specifically, the model selection is 

provided in Section 3.1 and the aggregation level is specified in Section 3.2. 

3.1 Model Selection 

Forecasting methods can be categorized into two different types: judgmental forecasting, which 

refers to the use of qualitative information; and statistical forecasting, which refers to the use of 

quantitative information. Moreover, statistical forecasting can be subdivided into time series 

forecasting, which focuses on predicting the continuation of historical patterns, and explanatory 

forecasting, which aims to determine the relationship between the independent and dependent 

variables (Makridakis et al., 1998). In addition, according to Chatfield (2000), the choice of an 

appropriate forecasting method depends on the context, the objectives, the analyst’s skills, the 

data characteristics and the number of series to be forecasted. 

From the perspective of this research and as already discussed in Section 2.3.2, Nike, Inc. (Nike) 

uses judgemental forecasting and time series forecasting (i.e. estimating trends on an aggregated 

level) when forecasting COI. Moreover, the company is typically confronted with short-term 

forecasting and thousands of items with fundamentally different demand processes, thus having 

little time available to forecast each of them. As a result, less sophisticated statistical forecasting 

techniques, which are mentioned in various textbooks (Makridakis et al., 1998; Silver et al., 

1998), should be used due to the limiting expertise of the analyst, the thesis’ timeframe and the 

large number of series to forecast (Dekker et al., 2004).  

3.2 Aggregation Level 

Another significant decision in the research should be the choice of an appropriate aggregation 

level. According to Zotteri and Kalchschmidt (2007), a distinction can be made between two 

levels of aggregation: a detailed (disaggregated) forecasting approach and an aggregated 

forecasting approach. Moreover, two general approaches were suggested by Dangerfield and 

Morris (1992): on the one hand, a top-down strategy refers to firstly generating an aggregate 

forecast, which is then distributed to a disaggregated level; on the other hand, a bottom-up 

approach refers to firstly generating a forecast on a disaggregated level, which is then distributed 

to an aggregated level.  
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In practice, organizations are facing many difficulties to forecast on a disaggregated level, thus 

using a bottom-up approach. These difficulties occur due to short product life cycles, erratic 

demand and a large number of SKUs offered (Dekker et al., 2004). As a result, various authors 

suggest using product aggregation (i.e. using knowledge of aggregated data), such as 

categorizing items into production lines, which share a common seasonal sales pattern (Hertz & 

Schaffir, 1960; Dekker et al., 2004). On the other hand, various authors suggested using a 

bottom-up approach when it is important to capture differences among demand patterns of 

products; that is, a top-down approach may make the estimate of seasonal deceptive when 

different products have different seasonality (Zotteri et al., 2005). Moreover, this approach is 

needed when differences among time series occur (Zotteri & Kalchschmidt, 2007).  

According to Zotteri et al. (2005), the choice of the appropriate level of aggregation depends on 

the decision-making process, which supports the forecast expected. By taking into account 

interviews conducted at Nike, the company requested for starting the analysis on a material 

(style-color) level. This level refers to a bottom-up approach, thus starting at a disaggregated 

product level; note that the different aggregation levels at Nike have already been discussed in 

Section 2.1.2. Since this approach also corresponded with the theories described above (i.e. the 

determination of capturing differences among patterns), the research aimed to differentiate 

among sell-through patterns of products on a disaggregated product level. 

Chapter 4. Model Development  

The research should construct a conceptual model, which is discussed in Section 4.1, by taking 

into account the project definition (i.e. Part 1 of this study). Afterwards, a scientific model 

should be created in order to formalize the conceptual model (Sagasti & Mitroff, 1973). This 

scientific model consists of three parts: Section 4.2 discusses the mathematical model; Section 

4.3 provides the preliminary analysis; and, Section 4.4 includes the regression analysis.  

4.1 Conceptual Model 

The entire representation of the conceptual model identified the structure of the thesis’ problem 

including its relevant aspects, which corresponded with the approach of Sagasti and Mitroff 

(1973). In order to determine this model, which is shown in Figure 4.1, three relevant supply 

chain players were taken into account: Nike, Inc. (Nike), retailers and consumers. In addition, 

this model included three phases and was based on material level (i.e. style-color level) for a 

given Nike product P including (European) sell-through data for at least one retailer. Moreover, 

the (Nike) selling season was always approached from the perspective of Nike (i.e. four selling 

seasons per year), because each retailer could have another selling season for product P. After 

conducting interviews at Nike, each phase of the conceptual model could be described as 

follows: 

1. The first phase included the calculation of the average total sell-through for product P at 

retailers after xP weeks in the selling season. 
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2. The second phase included examining the consistency between the average total sell-

through for product P at retailers after xP weeks in the selling season and the average total 

sell-through for product P at retailers at the end of the selling season. 

3. The third phase included examining the consistency between the average total sell-through 

for product P at retailers at the end of the selling season and the close-out inventory (COI) 

for product P at Nike. 

 

Figure 4.1 – Conceptual model (Nike interviews, 2014) 

 

4.2 Part 1 of Scientific Model: Mathematical Model 

This section discusses the mathematical model, which was the first part of the scientific model 

and converted each phase of the conceptual model to a set of symbols including constraints. 

Additionally, the average total sell-through for product P at retailers’ variable is abbreviated to 

sell-through (at retailers) in the sequel of this research. 

4.2.1 Part 1 of Mathematical Model: Relevant Variables 

Suppose xP= point of time in weeks in the selling season for product P and ZP = total number of 

weeks in the selling season for product P; these variables were both calculated using the first 

product offer date and the end product offer date from Nike’s point of view. Besides, rP = a 

retailer with available sell-through data for product P and RP = total number of retailers with 

available sell-through data for product P. Additionally, note that xP  ∈ ℕ0 and ZP, rP,RP ∈ ℕ1. 

 

Figure 4.2 – Graphical representation of different retailers’ selling season (Nike interviews, 2014) 

Furthermore, since each retailer had its own starting point in the selling season for selling 

product P, an indicator should be used. As a result, suppose iP,xP,rP is an indicator whether sell-

through data for product P is either not available (iP,xP,rP= 0) or available (iP,xP,rP= 1) at retailer rP 

at xP weeks. Therefore, the total number of available sell-through weeks for product P at retailer 

rP after xP weeks (= TP,xP,rP) can be expressed as follows: 

Phase 1:

Average total sell-through for 
product P at retailers after xP

weeks in the selling season

Phase 2:

Average total sell-through 
for product P at retailers at 

the end of the selling season

Phase 3:

Close-out 
inventory for 

product P at Nike

Time [weeks] 

Sell-through [%] 

rP = 1 

xP = 0 xP = 1 xP = 2 xP = ZP 

rP = 2 

TP,x=1,r=1= xP = 1 

TP,x=2,r=1= xP = 2 
TP,x=Z,r=1 = xP = Zp 

TP,x=1,r=2= 0 

TP,x=2,r=2= 1 

TP,x=Z,r=2 = Zp- 1  



 24 

TP,xP,rP =∑ iP,a,rP

xP

a=0
∈ ℕ0  (4) 

Finally, if a retailer rP started directly selling product P in the first week of the selling season, 

then note that xP = TP,xP,rP. This occurrence can be seen in Figure 4.2, which represents an 

example where retailers had a different starting point in the selling season.  

4.2.2 Part 2 of Mathematical Model: Inventory Approaches 

This study could not assume that the (total) initial on-hand (OH) inventory for product P at 

retailers at xP = 0 weeks, which was tracked by the software package (Edifice), was equal to its 

(total) initial on-hand inventory at xP > 0 weeks. This inconsistency was caused due to the fact 

that retailers did not receive their (total) on-hand inventory before the selling season started; for 

example, this situation could be occurred due to having refills during the selling season. 

Moreover, missing values existed in the sell-through data reports, which were obtained via the 

software package. Therefore, the (total) initial on-hand inventory for product P was continuously 

updated and estimated at xP weeks in the selling season. Furthermore, the on-hand inventory 

could be approached on three levels by taking into account the variables introduced in Section 

4.2.1. First, product P’s weekly initial on-hand inventory, which was calculated at retailer rP at 

xP weeks in the selling season, could be expressed as follows: 

Weekly Initial OH InvP,xP,rP[Units] = 

Weekly End OH InvP,xP,rP[Units] +Weekly SalesP,xP,rP[Units]  
(5) 

Second, product P’s initial on-hand inventory, which was calculated at retailer rP at xP weeks in 

the selling season, could be expressed as follows: 

Initial OH InvP,xP,rP[Units] = Weekly End OH InvP,xP,rP +∑ Weekly SalesP,a,rP

xP

a=0
  (6) 

Third, product P’s total initial on-hand inventory, which was calculated for RP at xP weeks in the 

selling season, could be expressed as follows: 

Total Initial OH InvP,xP[Units] =∑ Initial OH InvP,xP,rP

RP

rP=1
  (7) 

 

4.2.3 Part 3 of Mathematical Model: Elaboration Phase 1 and Phase 2 

In order to define appropriate sell-through formulas, interviews conducted at Nike were mainly 

taken into account. As a result, the sell-through formula for product P was approached both on 

(1) a weekly and (2) a seasonal horizon:  

1. The weekly sell-through percentage for product P was calculated at retailer rP at xP weeks 

in the selling season through dividing its Weekly SalesP,xP,rP by its 

Weekly Initial OH InvP,xP,rP. This approach was used by Nike’s current software package 

(Edifice) and was directly available for Sales’ business analysts. In other words, 

approaching sell-through on a weekly horizon entailed simplicity. 
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2. The seasonal sell-through percentage for product P was calculated at retailer rP at xP 

weeks in the selling season through dividing its Weekly SalesP,xP,rP by its 

Initial OH InvP,xP,rP. As a result, a distorted sell-through view could be avoided; that is, the 

negative influence of refills and missing values during the selling season (see Section 

4.2.2) could be reduced when approaching sell-through on a seasonal horizon.  

After conducting interviews at Nike and by taking into account the literature of aggregation (see 

Section 3.2), these sell-through approaches could be further classified. Thereby, the amount of 

useful information at a retailer was taken into account. In other words, a retailer with more initial 

on-hand inventory (Initial OH InvP,xP,rP) and more available sell-through weeks (TP,xP,rP) may gain 

a more representative insight of the sell-through at retailers. As a result, a distinction was made 

between an (A) aggregated material level and (B) disaggregated material level: 

A. The aggregated material level was calculated by excluding the amount of useful 

information at a retailer; that is, excluding the retailers’ mutual ratio in terms of 

Initial OH InvP,xP,rP and TP,xP,rP. 

B. The disaggregated material level was calculated by including the amount of available 

information at a retailer; that is, including the retailers’ mutual ratio in terms of 

Initial OH InvP,xP,rP and TP,xP,rP. 

In short, four different methods of sell-through formulas were generated (i.e. 1A, 1B, 2A and 

2B). Therefore, the sell-through at retailers could be expressed from four perspectives. 

Moreover, this indicator could be calculated at xP weeks in the selling season, so that this 

percentage ∈ [0%:100%]. Additionally, the four methods could be expressed as follows by 

taking into account the variables and formulas introduced so far: 

1A: Average Total SellThrough RetailersP,xP[%] = 

100% ∙ xP ∙ (
1

RP
∑ [

1

TP,xP,rP
∑

Weekly SalesP,a,rP
Weekly Initial OH InvP,a,rP  

xP

a=0
]

RP

rP=1
) 

(8) 

1B1: Average Total SellThrough RetailersP,xP[%] = 

100% ∙ xP ∙

{
 

 ∑ (Initial OH InvP,xP,rP [∑
Weekly SalesP,a,rP

Weekly Initial OH InvP,a,rP 
xP
a=0 ])

RP
rP=1

∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP)
RP
rP=1

}
 

 

 
(9) 

2A: Average Total SellThrough RetailersP,xP[%] = 

100% ∙ (
∑ [∑ Weekly SalesP,a,rP

xP
a=0 ]

RP
rP=1

 Total Initial OH InvP,xP
) 

 

(10) 

                                                 
1 Full mathematical deviation can be found in Appendix C.1 
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2B1: Average Total SellThrough RetailersP,xP[%] = 

100% ∙ xP ∙ {
∑ [∑ Weekly SalesP,a,rP

xP
a=0 ]

RP
rP=1

 ∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP)
RP
rP=1

} 
(11) 

Finally, a numerical example is given in Appendix C.2 in order to elucidate the above formulas. 

4.2.4 Part 4 of Mathematical Model: Elaboration Phase 3 

After approaching the sell-through at retailers (i.e. Phase 1 and 2 of the mathematical model), 

Phase 3 of the mathematical model should be determined. In order to retain each phase in similar 

terms, the COI (for product P) at Nike was also expressed as a ratio. Thereby, the transfers to 

close-out quantity for product P at the end of the selling season (i.e. xp = Zp) was expressed as a 

ratio of the total goods receipt for product P at Nike (i.e. Nike’s initial supply for product P) 

during the entire active season (i.e. from xp = 0 until xp = Zp). Moreover, note that 

CloseOut Inv NikeP[%] ∈ [0%: 100%], so that Nike’s COI on material level for product P could be 

approached as follows: 

CloseOut Inv NikeP[%] = 100% ∙ [
Transfers to CloseOutP,xp=Zp[Units]

∑ Total Goods Receipt in Season
xp=Zp
xP=0 P,xp

[Units] 
] (12) 

 

4.3 Part 2 of Scientific Model: Preliminary Analysis 

Before conducting extensive research, the aggregated consistency of the scientific model was 

examined in order to gain a good first insight of this model’s feasibility; that is, various 

preliminary analyses were conducted in order to support the determination of the final research 

design. The consistency was determined by respectively investigating (1) the correlation (i.e. 

Pearson’s correlation coefficient; r) between Phase 2 and Phase 3 of the scientific model and (2) 

the correlation between Phase 1 and Phase 3 of the scientific model. According to interviews 

conducted at Nike, the sell-through at retailers at the end of the selling season may include more 

reliable information in comparison with the sell-through at retailers after xP weeks in the selling 

season, so the correlation between Phase 2 and Phase 3 was firstly examined. Moreover, note 

that all calculations were based on the formulas determined in Section 4.2. 

4.3.1 Part 1 of Preliminary Analysis: Analysis’ Methods and Assumptions 

The analyses in Section 4.3 were based on interviews conducted at Nike. Thereby, the sell-

through classification made by Nike was used (see Table 2.1 and Table 2.2). In advance, missing 

values and univariate outliers were deleted from the initial dataset, which consisted of 2177 

products, using the threshold value of standard scores up to 3.29 (Field, 2009). However, no 

bivariate outlier identification was applied due to the complexity of scatterplots having a large 

dataset and no multivariate outlier identification was applied due to the irrelevance having one 

independent variable. Moreover, this approach should not be problematic due to having a large 

dataset (i.e. relative low effect of outliers). Furthermore, these assessments were executed using 
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the interactive calculator developed by Lee and Preacher (2013). This calculator examines the 

equality of two dependent bivariate correlation coefficients with one variable in common. More 

specifically, this calculator makes use of Fisher’s r-to-z transformation (1921), which assesses 

the significance of the difference between two correlation coefficients, and Steiger’s equations 

(1980), which assess the asymptotic covariance of the estimates. As a result, significant 

differences between these coefficients were determined on a two-tailed confidence interval. 

Finally, this study assumed for the upcoming calculations that the retailers’ (total) initial on-hand 

inventory and Nike’s total goods receipt were already known at the start of the season; that is, the 

retailers’ (total) initial on-hand inventory and Nike’s total goods receipt were kept constant 

during the selling season. Since Nike has been using the initial order book as a basis for 

approaching these metrics in current processes, this assumption was basically in accordance with 

its common situation. As a result, estimating and calculating the retailers’ (total) initial on-hand 

inventory in the last week of the selling season (i.e. xp = Zp) may give the best approach of the 

(total) initial on-hand inventory in this study:Total Initial OH InvP,xp=Zpand Initial OH InvP,xp=Zp,rp. 

4.3.2 Part 2 of Preliminary Analysis: Consistency Between Phase 2 and Phase 3 

Nike suggested three options for determining the consistency between Phase 2 and Phase 3: sell-

through method selection, retailer selection and tracking units in the market. As a result, these 

methods are extensively elaborated in Appendix D.1 and the corresponding major findings are 

discussed below. 

First, a significantly negative correlation coefficient (p < 0.01) between sell-through at retailers 

and COI at Nike occurred; that is, higher sell-through resulted in less COI. Besides, Method 2A 

would be the most appropriate sell-through approach, thus sell-through calculations should be 

approached on a seasonal horizon and an aggregated material level. Therefore, Method 1A, 1B 

and 2B (see Appendix D.2) would be excluded in the sequel of this research. Additionally, 

(Nike’s) small retailers could not result in a distorted view of the actual sell-through in the 

market. In other words, sell-through would always be useful if this data was tracked for at least 

one moderate or large (Nike) retailer in the market. Furthermore, products with high tracking 

units in the market (> 36%) did not result in a significantly higher correlation coefficient (p > 

0.05). In other words, (Nike’s) available retailers’ sell-through in the market resulted in a good 

indication of (Nike’s) unavailable retailers’ sell-through in the market. Concluding, given that a 

product with sell-through was generally sold by at least one moderate or large (Nike) retailer, 

sell-through calculations should not be pre-filtered on small (Nike) retailers and low tracking 

units in the market. 

4.3.3 Part 3 of Preliminary Analysis: Consistency Between Phase 1 and Phase 3 

In order to validate the hypothesis that more reliable sell-through could be generated at the end 

of the selling season, the consistency between Phase 1 and Phase 3 was examined by bivariate 

correlating the sell-through at retailers after xP weeks with the COI at Nike. An extensive 
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elaboration of this consistency can be found in Appendix D.2 and the corresponding major 

findings are discussed below. 

First, as can be seen in Figure 4.3, the correlation coefficient for Method 2A (max r = -0.248) 

decreased until week twelve, which was in accordance with the hypothesis having more reliable 

data later in the selling season; however, the correlation coefficient increased after week twelve. 

More specifically, this peak could be explained from the perspective of Nike (i.e. the start of the 

early price reduction, which is discussed in Section 2.1.9, from week thirteen) and retailers (i.e. 

the start of markdowns from week thirteen). However, although significant findings were shown 

in this preliminary analysis, the required high absolute correlation coefficient between sell-

through and COI (max r = -0.248) was missing, even at week twelve. Therefore, COI could not 

be forecasted by sell-through on its own. Moreover, the low correlation coefficient may be 

caused by correlating two ratios from the perspective of two different supply chain players (i.e. 

Nike and retailers). 

 

Figure 4.3 – Graph of correlation coefficient versus sell-through at retailers per week using Method 2A 

Concluding, the preliminary analysis showed that the current scientific model did lead to 

significant consistency but did not lead to the required causality. In order to attain this causality, 

more predictors should be included in a more extensive model. As a result, findings could 

basically be indicated in terms of predictability and the added value of sell-through could be 

determined. In short, regression analyses (i.e. explanatory forecasting) should be the most 

promising forecasting model in order to examine the added value of sell-through and other 

predictors when forecasting the COI at Nike; as a result, the research would become more robust. 

4.4 Part 3 of Scientific Model: Regression Analysis 

As already indicated in Section 1.5, this research was relatively innovative, so less forecasting 

literature could directly be linked to forecasting COI. In order to generate a promising 

forecasting model, two reasons were considered. First, the preliminary analysis suggested using 

explanatory forecasting in order to examine the added value of the sell-through at retailers when 

forecasting COI (see Section 4.3.3). Second, the graduation report of Nederpel (2012) suggested 

using attribute-based forecasting in order to forecast COI on lower material levels in the fashion 

industry on the short term. As a result, regression analyses should be preferred in this study. In 
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order to define appropriate dependent and independent variables, interviews at Nike mainly 

served as a basis. Thereby, literature of COI and demand/sales forecasting was used as an 

additional source. Moreover, hypotheses are not explicitly elaborated in this phase of the thesis, 

but they are directly included with the thesis’ results (i.e. Part 3).  

4.4.1 Dependent Variable 

As discussed in the previous sections, the dependent variable in this study was the COI (for 

product P) at Nike, which was expressed as a ratio of the total goods receipt (for product P) at 

Nike during the entire active season (see Formula 12). Additionally, COI could have three 

different scale measures. According to Field (2009), the metric scale would be preferred, because 

this scale should give a more accurate measurement outcome in comparison with the non-metric 

scale; however, Nederpel (2012) suggested using a binary non-metric scale when forecasting 

COI at Nike, because a product could be dropped either not in close-out (0) or in close-out (1). 

Moreover, Nike generally classifies many outcome variables into categories during their 

planning processes (see Section 2.3.4), so a multinomial non-metric scale could also be seen as a 

valuable scale. Therefore, this study used three different regression methods: 

1. Multiple regression was used when the COI was approached using a metric scale. 

2. Binary logistic regression was used when the COI was approached using a binary nominal 

scale where the performance categories, which were determined by Nike (see Section 

2.3.4), were used in order to determine an appropriate scale; that is, the COI above 10% 

(i.e. poor COI) could be indicated as 0 and was considered as the reference category, 

while the COI below or equal to 10% (i.e. good COI) could be indicated as 1. Note that 

the classification of this variable was slightly different in comparison with the 

classification of Nederpel (2012). The reason for this choice was the difference in the 

objective of the study and the difference in the aggregation level of analysing the COI. 

3. Multinomial logistic regression was used when the COI was approached using a 

multinomial scale where the performance categories, which were determined by Nike (see 

Section 2.3.4), were used in order to determine an appropriate scale: first, the COI above 

10% (i.e. poor COI) could be indicated as 0 and was considered as the reference category; 

second, the COI below or equal to 10% and above 5% (i.e. fair COI) could be indicated as 

1; and third, the COI below or equal to 5% (i.e. good COI) could be indicated as 2. Note 

that the third category is an aggregation of the “good” and “excellent” category of Nike’s 

performance categories. 
 

4.4.2 Independent Variables 

As can be seen in Figure 4.4, the independent variables could be classified into two groups, 

which were based on trivialities: on the one hand, the variables provided complete information 

during the selling season (i.e. unfixed independent variables), such as sell-through at retailers and 

Inventory Management (IM) key performance indicators. On the other hand, the variables 

provided complete information before the selling season (i.e. fixed independent variables), such 
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as tracking units in the market, product aggregation attributes, sales drivers, inventory drivers 

and retailer attributes. Additionally, the next two subsections describe the decision-making 

process (including references) of the independent variables. 

 

Figure 4.4 – Overview of independent variables  

4.4.2.1 Unfixed Independent Variables 

An extensive overview (including description, measurement and scale) of all included unfixed 

independent variables is represented in Appendix E.1. Moreover, a number of explanations are 

given below in order to elucidate the decision-making process for these variables: 

1. The sell-through at retailers is extensively described in Section 2.3.4 and 4.2. The choice 

for Method 2A was based on the preliminary analysis conducted (Section 4.3), thus a 

nominal scale was used and Method 1A, 1B and 2B were excluded in this analysis. 

2. The IM key performance indicators were based on the variables suggested in the scope 

simplification (see Section 2.4.3). In addition, the percentage of returns, customer 

cancellations, Nike cancellations and at-once orders for product P after xP weeks could be 

approached by dividing these metrics by the total goods receipt for product P at Nike. 

Thereby, note that xP was the point of time in the selling season for calculating product 
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P’s sell-through. Moreover, Nike’s total goods receipt were kept constant during the 

selling season, which was basically in accordance with Nike’s common situation (see 

Section 4.3.1). As a result, given the defined variables in Section 4.2, the indicators were 

approached on a metric scale and could be expressed as follows: 

ReturnsP,xP[%] =
ReturnsP,xP[Units]

∑ Total Goods Receipt in Season
xp=Zp
xP=0 P,xp

[Units]
∈ [0%: 100%] (13) 

CancellationsP,xP[%] =
CancellationsP,xP[Units]

∑ Total Goods Receipt in Season
xp=Zp
xP=0 P,xp

[Units]
∈ [0%: 100%] (14) 

AtOnce OrdersP,xP[%] =
AtOnce OrdersP,xP[Units]

∑ Total Goods Receipt in Season
xp=Zp
xP=0 P,xp

[Units]
∈ [0%:100%] (15) 

Since the independent variables were unfixed during the selling season, appropriate time 

windows for these variables should be chosen in order to run the regression analysis. The choice 

for these horizons depended on the following three points of view: 

 Nike aims at a monthly COI forecast on the short term in order to generate more accurate 

in-season COI forecasts (see Section 2.3.3). 

 The relevant lead times including decision-making processes have indicated that in-

season opportunities are practically feasible until one month before the close-out drop for 

a given product P starts (see Section 2.3.5). 

 The results of the preliminary analysis have indicated that the value of sell-through 

increases until one month before the close-out drop for a given product P starts (see 

Section 4.3).  

Concluding, the most relevant time windows for the regression analysis were on a monthly basis 

until one month before the close-out drop for a given product P starts; that is, the regression 

analysis should be conducted for each of the unfixed independent variables at three different time 

windows: first, after one month in the selling season; second, after two months in the selling 

season; and third, after three months in the selling season.  

4.4.2.2 Fixed Independent Variables 

An extensive overview (including description, measurement and scale) of all included fixed 

independent variables is represented in Appendix E.2. Moreover, a number of explanations are 

given below in order to elucidate the decision-making process for these variables: 

3. The tracking units in the market’s variable is extensively discussed in Appendix D.1.3 and 

is completely based on interviews conducted at Nike, which suggested using this metric 

when forecasting COI. Moreover, the percentage of tracking units in the market for 

product P could be approached by dividing the total initial on-hand inventory for product 

P at retailers (see Formula 7) by the total goods receipt for product P at Nike. Thereby, 
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note that the retailers’ total initial on-hand inventory and Nike’s total goods receipt were 

kept constant during the selling season (see Section 4.3.1). As a result, given the defined 

variables in Section 4.2, the indicator was approached on a metric scale and could be 

expressed as follows:  

Tracking UnitsP[%] =
Total Initial OH InvP,xp=Zp[Units]

∑ Total Goods Receipt in Season
xp=Zp
xP=0 P,xp

[Units]
∈ [0%: 100%] 

(16) 

4. The product aggregation attributes used a nominal scale and has already been explained in 

Section 2.1.2. This group was based on interviews conducted at Nike and the literature of 

Nederpel (2012) and Thomassey (2014), which both recommended using product 

aggregation attributes when forecasting in the fashion industry. Moreover, all product 

aggregation attributes used a nominal scale. 

5. The sales drivers were based on interviews conducted at Nike where the department Sales 

made their classifications. That is, they suggested using these drivers when forecasting 

COI. Moreover, all sales drivers used a nominal scale. 

6. The inventory drivers were based on interviews conducted at Nike, which suggested using 

these drivers when forecasting COI. The large volume drivers were classified using the A-

B-C classification (Silver et al., 1998); that is, the largest volume drivers, which 

represented the largest proportion of the total volume (about 80%), were considered as 

large. In addition, the volume drivers associated with minimum buys (i.e. buying at least 

3000 units) were considered as small. Moreover, the remaining products were considered 

as moderate. Finally, all inventory drivers used a nominal scale. 

7. The retailer attributes were both based on interviews conducted at Nike and literature. 

Namely, Thomassey (2014) suggested including retailing strategies when forecasting in 

the fashion industry. Moreover, the preliminary analysis indicated that more attention 

should be paid on the retailer attributes. In addition, each retailer was classified into one of 

the six groups in order to retain the retailers’ confidentiality. Moreover, a distinction was 

made between large, moderate and small retailers. Finally, the total retailers’ variable used 

a metric scale, while all other retailer attributes used a nominal scale. 

Although various other predictors were recommended by Nike and literature, they were excluded 

due to the following reasons: 

 Although Nederpel (2012) suggested using size as attribute, this attribute could not be 

tracked via the available software package (Edifice), thus was excluded in this analysis. 

 Nike suggested using marketing strategy (e.g. promotional and advertising products) 

when forecasting, which was in accordance with Thomassey (2014). However, this 

category had less than fifteen observations, which was not appropriate for the large 

dataset (Field, 2009). For that reason, style family was also not included in the model. 

This disaggregated level resulted in inappropriate small observations per category. 
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 Airfreight at Nike is used when orders need to be expedited or when orders are related to 

an issue (see Section 2.1.5). This issue can be caused by either a mistake of Nike, such as 

production problems, or a supply-demand problem, such as an exceptional large product 

sell-through in the market. Although airfreight may be a promising predictor, the 

identification of an airfreight reason was impossible with the current software packing 

(Edifice), thus was excluded in this analysis. 

 

Chapter 5. Data  

The data is discussed in Chapter 5. More specifically, Section 5.1 discusses the data collection 

and Section 5.2 provides the data analysis.  

5.1 Data Collection 

In order to efficiently collect this data, a number of data issues should be taken into account; 

namely, Nike, Inc. (Nike) deals with large sources of information, and various information 

packages are related to different departments within the company. Within the department 

Demand Planning (DP) and Inventory Management (IM), data acquisition is obtained using IBM 

Cognos software package, which is specialized in business intelligence and performance 

management, and can be exported to Microsoft Excel. More specifically, actual booking 

information and grouping information of products can be obtained on material level. In addition, 

a vendor portal (SPS Commerce) has been tracking approximately 36% of the POS data in 

Europe (see Section 2.1.7). Subsequently, Sales’ business analysts make use of Edifice, which is 

part of SPS Commerce, in order to transform point-of-sales (POS) data into specific and 

personalized reports, which track performance over a specified time period; that is, weekly sell-

through performance on material level could be tracked at a specific retailer for a specific period. 

In short, an effective collaboration between IM and Sales’ businesses analysts was required.  

5.2 Data Analysis 

The data analysis can be subdivided into six different subsections: dataset creation, data 

transformations and excluding multiple regression, sample size, dummies, data issues, and data 

division. 

5.2.1 Dataset Creation 

Recapping the most important dataset information have been discussed so far, the initial dataset 

consisted of 2177 products, which had the following characteristics: European, footwear, Nike 

Sportswear, A-grade and four-months’ life cycle. Moreover, (European) sell-through data was 

obtained from January 2013 until April 2014 of at least one retailer that started selling a given 

product P in the (Nike) selling season (see Section 2.4.2). Besides, only retailers with significant 

correlating sell-through (with COI) were taken into account in order to remove outlying retailers 

(see Appendix D.1.3). Furthermore, the regression analysis should be conducted for each of the 

unfixed independent variables at three different time windows (see Section 4.4.2.1), thus a 

dataset was created at xP = 1 month, xP = 2 months and xP = 3 months. 
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5.2.2 Data Transformations and Excluding Multiple Regression 

Data transformations of metric independent and dependent variables should be applied if the 

normality assumption was not met. Before conducting data transformations, missing values and 

univariate outliers were initially deleted from the datasets using the threshold value of standard 

scores up to 3.29 (Field, 2009). Since this dataset dealt with a large sample size, Kolmogorov-

Smirnov and Shapiro-Wilk tests were not appropriate, so histograms and P-P plots were used in 

order to examine the assumption. As can be seen in Appendix F.1 up to F.3, the dependent 

metric variable dealt with non-normality for each dataset; for that reason, several data 

transformation techniques where a constant of 0.01 was added to this data in order to transform 

the (natural) zero numbers. However, log, lognormal and square root transformations did not 

result in the required normality plots, so these plots indicated that the dependent variable could 

not be transformed into complete normality.  

Subsequently, in order to verify if multiple regression was still appropriate for this study, other 

multiple regression assumptions were also verified (see Appendix F.4). These assumptions were 

only verified for the dataset at xP = 3 months, because these assumptions could basically also be 

applied to the dataset at xP = 1 months and xP = 2 months. As can be seen in Appendix F.4, the 

most promising dependent variable included the log and lognormal data transformation, because 

they met the most assumptions. However, even for these dependent variables, three out of the six 

assumptions (including the normality of the dependent variable) were violated. In short, multiple 

regression was not appropriate for this study (Field, 2009). Additionally, the data transformations 

of other metric independent variables did also not result in an improved normality, so none of 

these variables were included in their transformed form. Concluding, the large probability at 0% 

had an important effect on the non-normality of the metric variables. Therefore, this study should 

continue with logistic regression, which had fewer strict assumptions (Hair et al., 2010). 

5.2.3 Sample Size 

Before creating the final three datasets, the sample size requirements should be considered. The 

first consideration was the overall sample size, which was needed to adequately support 

estimation of the logistic model (Hair et al., 2010). Hosmer and Lemeshow (as cited in Hair et al, 

2010) recommended a sample size greater than 400 for both the calibration and validation phase. 

The second consideration was the sample size per group of the dependent variable. The 

recommended sample size should be at least ten observations per variable, which was greater 

than for multiple regression (Hair et al., 2010). Since dealing with a large sample size, the 

minimal observations were set at fifteen observations per (dummy) variable for the calibration 

phase (Field, 2009). 

5.2.4 Dummies 

According to Field (2009), a reference group should be chosen if a non-metric variable is coded 

with dummy variables; for that reason, the effect of the other dummy variables were measured 

against the reference group. First, for all non-metric variables that dealt with two groups (i.e. 
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[0,1] dummy variable), the 0 was taken as the reference group. Second, the category poor sell-

through was chosen as reference category for the “sell-through at retailers”, which was in 

accordance with choosing poor COI at Nike as the reference category. Third, since no research 

suggested which dummy category should be taken as a reference group for all other non-metric-

variables that dealt with more than two groups, the group that represented the majority of units 

was taken as the reference group (Field, 2009). Therefore, the following groups were indicated 

as a reference group: “Spring” for selling season, “low top” for silhouette, “Running” for general 

sports activity, “core” for specific sports activity, “high” for market price, “large” for volume 

driver, “Autoclave” for technology and “black” for color. 

5.2.5 Data Issues 

In order to compare the sell-through variable with other unfixed independent variables (i.e. 

returns, cancellations, at-once orders), each dataset should contain data of the same time window 

(i.e. the dataset should be consistent); however, returns and at-once orders were bucketed per 

month, so they were not available on a weekly basis. Since Nike, the relevant lead times and the 

preliminary analysis’ results suggested using the unfixed independent variables on a monthly 

basis, this data issue had no impact on creating an appropriate dataset. Furthermore, returns, 

cancellations and at-once orders that were related to in-season operations were only taken into 

account; namely, the COI formula (see Formula 12) was only related to in-season operations, 

thus the involvement of off-season unfixed independent variables could bias the outcomes. 

Since the dataset consisted of products with a four-month’s life cycle, the life cycle generally 

included seventeen weeks sell-through. Since the issue of above suggested using sell-through 

data on a monthly basis, the sell-through data of seventeen weeks should be divided into four 

months. As a result, one month could include sell-through data of five weeks. In order to prevent 

that this issue would lead to inconsistencies in the dataset, one month should include five weeks, 

which was classified into the month with the most complete weeks from the perspective of the 

first day in the month. For that reason, this month was separately analysed by adapting the 

expected outcome for the performance category from the perspective of the sell-through at 

retailers; for example, a month with four weeks’ sell-through at retailers was classified as “good” 

if they had a sell-through of ≥ 20%, while a month with five weeks’ sell-through at retailers was 

classified as “good” if they had a sell-through of ≥ 25% (see Section 2.3.3). Since returns, 

cancellations and at-once orders could perfectly be related to each calendar month, this issue 

only applied to sell-through data. 

5.2.6 Data Division 

In order to create three appropriate datasets for each regression analysis, the research should 

divide the dataset into calibration samples (i.e. estimating model parameters) and holdout 

samples (i.e. validating model parameters); as a result, the external validity and practical 

significance of the model could be assessed (Hair et al., 2010). Thereby, the first ten months (i.e. 

the first offer date from January 2013 until October 2013) were taken as calibration phase and 

the last three months (i.e. the first offer date in November 2013 until January 2014) were taken 
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as validation phase. An overview of the sample size for each dataset is shown in Table 5.1 where 

the missing values were initially deleted. Finally, the residuals of the dataset will be examined in 

Chapter 7, because SPSS would save them as new columns in the data editor; that is, interpreting 

residuals should improve efficiency when examining them during the running of the model 

(Field, 2009). 

Table 5.1 – Overview of different datasets with their samples sizes 

Dataset Time window Total sample Calibration sample Validation sample 

Dataset 1 xP = 1 month 1990 1569 421 

Dataset 2 xP = 2 months 2108 1670 438 

Dataset 3 xP = 3 months 2136 1692 444 

 

Chapter 6. Measurement Tools 

The measurement tools are discussed in Chapter 6. More specifically, Section 6.1 discusses the 

goodness-of-fit and Section 6.2 provides interpreting coefficients. Since this study only 

continues with logistic regression, relevant measurement tools for logistic regression are only 

taken into account in the sequel of this research. Moreover, since SPSS serves as the basis for 

running the logistic regression analysis, each measurement tool is based on the possibilities of 

the SPSS’ measurement tools.  

6.1 Goodness-of-fit 

The logistic regression model can be assessed in two ways: model estimation fit and predictive 

accuracy. First, the model estimation fit with value of -2 times the log-likelihood value (-2LL), 

which can be used to calculate measures comparable to the R2-values in multiple regression. 

However, various measures have been developed in various statistical programs, but in terms of 

interpretation they can be indicated as similar to the R2-values in multiple regression (Field, 

2009; Hair et al., 2010). The most commonly used measures in logistic regression are the pseudo 

R2 in terms of Cox and Snell (R2
CS; 1989) and Nagelkerke (R2

N; 1991). These measures are 

based on the log-likelihood (LL) of the baseline model, the LL of the new model and the sample 

size (n), which can be expressed as follows (Field, 2009; Hair et al., 2010): 

R2CS = 1 − e
[
(−2LLNew model)−(−2LLBaseline model)

𝑛
]
∈ [0: 1] (17) 

R2N = R
2
CS ∙ (1 − e

[
2LLBaseline model

𝑛
]
)
−1

∈ [0: 1] (18) 

In contrast to the cut-off criteria of R2-values in multiple regression, the R2-values of logistic 

regression do not have minimum acceptable R2-values. Moreover, the R2-values in logistic 

regression tend to be smaller than in multiple regression. Therefore, the minimum acceptable R2-

value for logistic regression are indicated as 0.25 where the value 1.0 serves as a perfect model 

fit (Field, 2009; Hair et al., 2010).  
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The second approach is to examine predictive accuracy; the two most common approaches are 

the classification matrix and the Hosmer and Lemeshow test in terms of logistic regression. First, 

the classification matrix measures the percentage of observations correctly classified, which can 

be called as hit ratio. Note that this measurement tool can also be used in the validation phase 

and can be expressed as follows (Hair et al, 2010): 

Hit Ratio [%] =
Correct Classificaitons [Units]

Total Observations [Units]
∈ [0%: 100%] (19) 

Second, the Hosmer and Lemeshow test firstly divides all cases into approximately ten classes, 

after which the number of actual and predicted outcomes is compared with each other with the 

chi-square statistic. Note that this test should lead to insignificance (p > 0.05), which indicates no 

difference (Hair et al., 2010); however, this test can only provided for binary logistic regression 

by SPSS. As a result, Pearson and Deviance statistics can be used for multinomial regression. 

More specifically, these statistics also tests whether the observed values are significantly 

different from the predicted values; that is, insignificance (p > 0.05) indicates no difference. 

Furthermore, note that the Mean Absolute Deviation (MAD) and Mean Absolute Percentage 

Error (MAPE) are not appropriate for logistic regression; in other words, logistic regression 

predicts the probability whether an outcome ends up into a specific category (relative to the 

reference category), so this outcome indicates no absolute outcome.  

6.2 Interpreting Coefficients 

By recapping the literature review of logistic regression (see Section 1.4.5.2), the coefficients 

should be interpreted, which is slightly different in comparison with multiple regression. 

Suppose the variables of that section and suppose the following odds, which is based on the 

probability of occurring a given event Y (Field, 2009): 

P(event Y) =
1

1 + e−(B0+B1∙X1+B2∙X2+..+BN∙XN+ε)
and P(no event Y) = 1 − P(event Y) (20) 

Odds =
P(event Y)

P(no event Y)
 (21) 

Subsequently, the proportionate change in odds can be calculated by dividing the odds after a 

unit change in the independent variable by the odds before that change, which can be called as 

odds ratio (Exp(B) in the SPSS output) and can be expressed as follows (Field, 2009): 

Exp(B) = ΔOdds =
Odds after one unit change in the independent variable

Original odds
 (22) 

More specifically, if this value is greater than 1, then a positive relationship occurs between the 

independent variable and the outcome. If the value is smaller than 0, then a negative relation 

occurs between the independent variable and the outcome. If the value is equal to 1, then no 

relationship occurs between the independent variable and the outcome. Furthermore, a simplified 
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way to determine the magnitude of the coefficients can be indicated as the percentage of change 

in odds and can be expressed as follows (Hair et al., 2010): 

Percentage change in odds[%] = [Exp(B) − 1] ∙ 100% (23) 

For example, suppose an independent variable with Exp(B) = 1.20 on an outcome Y, then one 

unit increase of the independent variable will result in 20% increase in the odds of occurring an 

outcome Y. Finally, note that the percentage change in odds of occurring an outcome Y is always 

related to the reference category. 

Conclusion Part 2: the preliminary analysis showed that higher sell-through significantly 

resulted in less COI (p < 0.01). Moreover, sell-through calculations should be approached on a 

seasonal horizon and an aggregated material level (i.e. Method 2A). Moreover, given that a 

product with sell-through was generally sold by at least one moderate or large (Nike) retailer, 

sell-through calculations should not be pre-filtered on small (Nike) retailers and low tracking 

units in the market. Besides, since the required high absolute correlation coefficient between 

sell-through and COI (max r = -0.248) was missing (i.e. COI could not be forecasted by sell-

through on its own) and the added value of sell-through should be examined, three regression 

models were created. However, three out of the six assumptions were violated for the multiple 

regression models, so this research only continued with binary and multinomial logistic 

regression models. Finally, three datasets were created in order to examine the added value of 

the independent variables at three different measurement points in the selling season. Within 

each dataset, a distinction was made between calibration samples, which estimated the model 

parameters, and holdout samples, which validated the model parameters. 
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Part 3: Model Results and Adaption 

Since this research excludes multiple 

regression from now on, only logistic 

regression analysis’ results are taken into 

account in this part of the study. Furthermore, 

a distinction is made between the calibration 

results, which are discussed in Chapter 7 and 

the validation results, which are included in 

Chapter 8. Finally, a conclusion of Part 3 is given.  

Chapter 7. Calibration Results of Regression Analyses 

This chapter discusses the calibration results from both the binary logistic regression model and 

multinomial logistic regression model. First, preliminary considerations are discussed in Section 

7.1, after which the model results are provided in Section 7.2. Given the intermediate model 

results in this chapter, intermediate model adaptions are applied and intermediate conclusions are 

drawn in order to increase the efficiency of this study.  

7.1 Preliminary Considerations 

This section discusses preliminary considerations, which should be taken into account before 

running the regression analyses. Thereby, a distinction is made between the method of logistic 

regression, the assumptions of logistic regression and the residuals of logistic regression. 

7.1.1 Method of Logistic Regression 

Several methods for logistic regression can be used; thereby, the literature makes a distinction 

between the forced entry methods and stepwise methods. Since this study did not aim at the 

confirmation of existing theories (i.e. in advance this study could not determine which reliable 

variables should be included in the regression model), the stepwise regression method was 

preferred. As a result, at each step SPSS examined the variables in the model to determine 

whether one of them should be removed; thereby, the likelihood ratio method should be the best 

removal criterion. Finally, since the forward method ran a higher risk of making a Type II error, 

the backward method was preferred in comparison with the forward method (Field, 2009). 

7.1.2 Assumptions of Logistic Regression 

As already mentioned, logistic regression had less strict assumptions in comparison with 

multiple regression (Hair et al., 2010); however, three major assumptions should be taken into 

account (Field, 2009): 

1. Linearity: a linear relationship should exist between any metric independent variables 

and the logit of the dependent variable. This assumption should be examined by 

determining the interaction term between the independent variable and its log 

transformation; this interaction term should be insignificant (p > 0.05). 
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2. Independence of errors: the correlation between the errors should be examined; these 

cases data should not be related. This assumption should be examined on the same manner 

as for multiple regression, so the Durbin-Watson test could be used. This test statistic 

should result in a value near two and values less than one or greater than three were causes 

for concern. 

3. Multicollinarity: the independent variables should not correlate high. This assumption 

should be examined on the same manner as for multiple regression, so the variance 

inflation factor (VIF) statistics could be used. This test statistic should result in a value 

below ten. 
 

7.1.3 Residuals of Logistic Regression 

Residuals of the logistic regression model should be examined. On the one hand, residuals for 

which the model fits poorly were examined; that is, standardized residuals with an absolute value 

above three were excluded from the model. On the other hand, residuals for which the model 

exerts undue influence were examined; that is, values with either a Cook’s Distance or DFBeta 

lower than one were excluded from the model (Field, 2009). Additionally, since SPSS could not 

save these residuals for multinomial regression, the residuals for binary logistic regression were 

also applied to the multinomial logistic regression model (University of Texas, 2006). 

7.2 Results of Logistic Regression 

This section discusses the performance of both the binary logistic regression model and the 

multinomial logistic regression model. Thereby, a distinction is made between the initial 

considerations, the overall assessment of logistic regression models, the individual assessment of 

variables and the relative importance of independent variables.  

7.2.1 Initial Considerations  

As can be seen in Table 7.1, a clear overview of the performance differences between binary and 

multinomial logistic regression was created. Thereby, in order to fit all relevant information 

within this table, abbreviations for the statistics were used and could be explained as follows: # 

Initial = the initial number of cases before the regression analysis was run, # Resid = the number 

of residuals identified during the regression analysis, # New = the number of cases after the 

residuals were excluded from the model, D-W = the value for the Durbin-Watson statistic, Avg 

VIF = the average VIF-value for each model, Max VIF = the maximum VIF-value for each 

model and H-L = Hosmer and Lemeshow test. Note that all other abbreviations are self-

explanatory and are discussed in Chapter 6. 

Additionally, the category “Zoom” for technology was removed from each model, because this 

variable was not correctly estimated due to an extremely low standard error < 0.001. 

Furthermore, as can be seen in Table 7.1, the Durbin-Watson value for each regression model 

was near two, which indicated that the assumption independence of errors was met. Besides, the 

variable fiscal year was removed due to a VIF-value greater than ten; this high VIF-value 

occurred due to using “Spring” as dummy variable for selling season, which particularly 
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consisted of products introduced in fiscal year 2013. Moreover, all other VIF-values were 

smaller than ten and the average VIF-value was considerably low, which resulted in no causes 

for multicollinearity. Note that an overview of all VIF-values is shown in Appendix G.  

Finally, the linearity assumption was verified during the regression analysis. As can be seen in 

Appendix H, four out of the twenty-four interactions resulted in a significant effect, thus these 

four cases could be causes for concern. A limitation of this interaction could be the 

transformation of the independent variable into its natural log; namely, if a constant was used in 

the data transformation, then the significance of the interactions would have reduced (i.e. more 

significant interactions would have occurred). Since Field (2009) did not recommend any 

suggestions for this issue and Hair et al. (2010) did not even indicate this entire assumption, no 

emphasis would be placed on this issue anymore; however, if the upcoming results could not 

correctly be validated, then this limitation could be taken into account.  

7.2.2 Overall Assessment of Logistic Regression Models 

As can be seen in Table 7.1, the goodness-of-fit statistics showed an acceptable model fit for 

each regression model (R2 > 0.25). Moreover, the model fit and predictive accuracy increased 

when the data was later analysed in the (Nike) selling season (i.e. when xP increased). This 

increase could be indicated as reasonable, because more reliable data of the unfixed independent 

variables was later available in the selling season. By assessing the binary logistic model and the 

multinomial logistic model from a quantitative point of view, the results showed that the 

multinomial model outperformed the binary model for both R2-measures. This outperformance 

indicated that the multinomial model showed a better model fit.  

Furthermore, predictive accuracy tests showed that the multinomial model resulted in a better 

performance. More specifically, the Hosmer and Lemeshow test showed significant values for 

the binary models (p < 0.05), while the Pearson and Deviance tests showed highly insignificant 

values for the multinomial models (p > 0.05). Although the Hosmer and Lemeshow test was 

sensitive to the large sample size (Hair et al., 2010), the large difference in significance should 

not completely be assigned to the large sample size. Additionally, by assessing both models from 

a qualitative point of view, the multinomial model was preferred, because this model had more 

outcome categories (i.e. three instead of two), thus more meaningful outcomes could be created. 

Although the hit ratio of binary models led to a better performance in comparison with the 

multinomial model, this difference could be associated with the increase of complexity when 

forecasting COI with more number of outcome categories. Concluding, the multinomial model 

would be preferred for further use in this study from the perspective of both qualitative and 

quantitative results.  
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Table 7.1 – Overview of overall assessments of the logistic regression models 

Statistics xP = 1 month xP = 2 months xP = 3 months 

 Binary Multinomial Binary Multinomial Binary Multinomial 

# Initial 1569 1569 1670 1670 1692 1692 

# Resid 21 21 35 35 30 30 

# New 1548 1548 1635 1635 1662 1662 

D-W 1.731 1.672 1.845 1.783 2.036 1.989 

Avg VIF 2.302 2.302 2.289 2.289 2.310 2.310 

Max VIF 9.221 9.221 8.837 8.837 8.853 8.853 

R2CS 0.280 0.374 0.324 0.423 0.373 0.471 

R2N 0.428 0.455 0.496 0.504 0.558 0.561 

Hit Ratio 83.9% 70.4% 84.3% 72.6% 86.7% 74.6% 

H-L 0.049 n.a. 0.006 n.a. 0.022 n.a. 

Pearson n.a. 1.000 n.a. 1.000 n.a. 0.916 

Deviance n.a. 1.000 n.a. 1.000 n.a. 1.000 

 

7.2.3 Individual Assessment of Variables 

Since Section 7.2.2 has shown that the multinomial logistic regression model was preferred for 

further use in comparison with the binary logistic regression model, this section only assessed 

the variables of the multinomial models. Moreover, emphasis was mainly placed on the 

assessment of sell-through, thus the results of other variables were less extensively elaborated. 

Additionally, as already indicated in Section 1.5, this research was relatively innovative, so less 

literature could directly be linked to the individual assessment of variables. Therefore, interviews 

at Nike, Inc. (Nike) mainly served as a basis for this assessment; thereby, literature of 

demand/sales forecasting was used as an additional source. 

7.2.3.1 Overview of Significant Variables 

As can be seen in Table 7.2, only significant variables are shown. This significance was assessed 

at a 0.05 significance level using the Wald statistic in a similar manner to the t-test used in 

multiple regression (Hair et al., 2010), after which the results were reported in terms of the odds 

change. Note that the odds change for this multinomial logistic regression model should be 

interpreted as follows: an increase in one unit of the independent variable resulted in [Exp(B) −

1] ∙ 100% change in the odds of being in either the “fair COI-category” (> 5% & ≤ 10%) or 

“good COI-category” (≤ 5%), both compared to the “poor COI-category” (> 10%; reference 

category). In short, the significant individual variables could be interpreted to identify the 

relationships affecting the outcome categories; for that reason, these variables were elaborated 

below where a distinction was made between the overall assessment of variables and the 

individual assessment of unfixed and fixed independent variables. Furthermore, the logistic 

regression coefficient (B), the standard error (S.E.), the significance and the odds ratio (Exp(B)) 

can be found in Appendix I. Finally, note that fair and good sell-through is an “abbreviation” of 

the average total sell-through for product P at retailers’ classification (see Table 7.2). 
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Table 7.2 – Overview of individual assessments of the variables in the logistic regression models 

Variable 
Fair COI versus poor COI 

(reference category) 

Good COI versus poor COI  

(reference category) 

xP 1 month 2 months 3 months 1 month 2 months 3 months 

Unfixed independent variables 

Sell-through (Average total sell-through for product P at retailers) 

Fair sell-through n.e. n.e. n.e. n.e. 171.1%** 265.8%** 

Good sell-through 76.1%* 195.7%** 118.4%** 357.2%** 632.9%** 605.7%** 

Inventory Management key performance indicators 

Returns n.e. n.e. -20.8%* n.e. -32.8%* -32.9%** 

Customer cancellations -14.7%** -8.3%** -9.8%** -15.2%** -11.8%** -17.0%** 

Nike cancellations n.e. -5.7%* -4.5%** n.e. -5.6%** -4.3%** 

At-once orders n.e. n.e. 8.5%** 4.5%** 4.3%** 11.8%** 

Fixed independent variables 

Tracking units in the 

market 
2.2%** 2.2%** 2.3%** 4.4%** 4.4%** 4.2%** 

Product aggregation attributes 

Selling season Summer n.e. n.e. n.e. 94.9%** 74.6%** 90.9%** 

Selling season Fall n.e. n.e. 61.0%* n.e. n.e. 80.9%** 

Selling season Holiday -50.0%* n.e. n.e. n.e. n.e. n.e. 

Specific sports basketball -57.1%** -62.2%** -62.5%** -67.3%** -72.7%** -74.9%** 

Specific sports elements 

boots 
n.e. n.e. -83.0%* -79.8%* -90.5%** -96.6%** 

Specific sports tennis n.e. n.e. n.e. -79.5%** -85.5%** -82.5%** 

Technology Encap 127.2%* 216%* n.e. 395.1%** 612.5%** 401.4%** 

Technology Lunarlon -81.6%** -67.3%* -84.4%** -92.1%** -84.3%** -92.8%** 

Technology Max Air 466.1%* n.e. n.e. 1931.4%** 1175.4%** 891.1%** 

Technology not applicable n.e. n.e. n.e. 199.5%** 223.1%** 133.0%** 

Technology Visible Air n.e. n.e. n.e. 120.2%** 95.5%* 111.9%* 

Color group yellow n.e. n.e. n.e. n.e. -80.3%* n.e. 

Sales drivers 

Market price moderate n.e. -35.8%* n.e. -42.2%** -46.7%** n.e. 

Marketing type group code -89.0%** -89.0%** -88.8%** -93.5%** -91.4%** -90.6%** 

Inventory drivers 

Small volume driver -59.5%** -57.8%** -44.0%* -75.8%** -75.3%** -60.6%** 

Moderate volume driver n.e. n.e. n.e. -54.2%** -51.8%** -46.9%** 

Retailer attributes 

Large premium WE retailers n.e. -41.3%** n.e. -58.8%** -70.1%** -61.9%** 

Large premium CEE retailers n.e. n.e. n.e. 75.2%** 116.8%** 71.1%* 

Large brand enhancing 

retailers 
n.e. n.e. n.e. 99.2%** 125.5%** 96.6%** 

** p < 0.01. * p < 0.05. n.e. = no significant effect 

 

7.2.3.2 Overall Assessment of Variables 

As can be seen in Table 7.2, the variables of the “good COI versus poor COI”-category (GVP-

category) generally resulted in larger magnitudes (i.e. effect sizes) and more significances (p < 

0.05) in comparison with the “fair COI versus poor COI”-category (FVP-category). These 
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differences occurred due to the difference in the magnitude of the expected outcome category, 

which was one unit for the FVP-category (i.e. relatively low magnitude) and was two units for 

the GVP-category (i.e. relatively high magnitude). Additionally, large differences between the 

metric and non-metric independent variables occurred in terms of the magnitude of coefficients. 

In other words, one unit increase was equal to a 1% increase from the perspective of a metric 

variable, while one unit increase was equal to a change between two categories from the 

perspective of a non-metric variable. Therefore, the metric variables had relatively smaller 

magnitudes in comparison with the non-metric variables.  

Furthermore, considerable differences between the magnitudes for the same independent variable 

at different points of time in the selling season (xP’s) occurred. These differences could be 

explained due to the occurrence of more reliable data for the unfixed independent variables later 

in the selling season. Therefore, on the one hand, the added value of these variables generally 

increased later in the season, which resulted in larger magnitudes for the unfixed independent 

variables. On the other hand, the added value of the fixed independent variables generally 

decreased later in the season, which resulted in smaller magnitudes for these variables. In short, 

despite the fact that no multicollinarity occurred in the model, the magnitude and significance of 

the independent variables could be influenced by other variables included in the model. This 

influence could also result in a maximum or minimum of the magnitude at the middle of the 

selling season (i.e. xP = 2 months) instead of either at the beginning (i.e. xP = 1 month) or at the 

end of the selling season (i.e. xP = 3 months). 

Finally, a number of independent variables were not reliable, because the significance (p < 0.05) 

was not consistent within the associated category across xP (e.g. color group yellow). Therefore, 

the fixed independent variables were considered as unreliable and were not assessed in this 

study. However, the unfixed independent variables continuously changed during the selling 

season and they had relatively less available data at the start of the selling season. As a result, 

considering them as unreliable would be premature, thus all significant unfixed independent 

variables (p < 0.05) were assessed for a given xP. 

7.2.3.3 Individual Assessment of Unfixed Independent Variables 

As can be seen in Table 7.2, good sell-through (compared to poor sell-through) was significant 

(p < 0.05), had a positive relationship and a relatively large magnitude for both the FVP-category 

(to a lesser extent) and the GVP-category (to a greater extent) at each xP. Therefore, this study 

proved that as sell-through changed from poor to good, the change in the odds of having both fair 

and good COI (compared to poor COI) enormously increased at each xP. Moreover, note that the 

magnitude was not at its maximum at xP = 3 months, which was caused by the influences of 

other variables included in the model (see Section 7.2.3.2). Furthermore, fair sell-through 

resulted in less significances (p < 0.05) and lower magnitudes due to the smaller difference in the 

magnitude of poor and fair sell-through (i.e. relatively low magnitude) in comparison with fair 

and good sell-through (i.e. relatively high magnitude). In other words, this study demonstrated 

that only fair sell-through (compared to poor sell-through) significantly generated good COI 
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(compared to poor COI) for the GVP-category at xP = 2 months and xP = 3 months, thus 

moderate robustness was indicated. 

Therefore, this study demonstrated that good sell-through (compared to poor sell-through) 

resulted in more reliable outcomes in comparison with fair sell-through (compared to poor sell-

through), thus good sell-through (compared to fair sell-through) could be indicated as a more 

reliable predictor when forecasting COI at each xP. Moreover, the probability that good sell-

through (compared to poor sell-through) ended up as either fair or good COI would be very 

likely at each xP, thus generated relatively less COI. In other words, the probability that poor 

sell-through (compared to good sell-through) ended up as poor COI would be very likely at each 

xP, thus generated relatively more COI. These findings were in accordance with the sell-through 

findings of the preliminary analysis (see Section 4.3), because this section already demonstrated 

a significantly negative correlation coefficient between sell-through and COI (p < 0.01). 

Additionally, the other unfixed independent variables (i.e. returns, cancellations and at-once 

orders) generally showed the same direction of the relationship (p < 0.05) as supposed in the 

scope simplification (see Section 2.5), which was based on interviews conducted at Nike. In 

other words, on the one hand, the returns and cancellations had a negative impact on the fair and 

good COI (compared to poor COI), so they generated relatively more COI. On the other hand, 

the at-once orders had a positive impact on the fair and good COI (compared to poor COI), so 

they generated relatively less COI. Furthermore, the returns and Nike cancellations led to 

insignificant effects (p > 0.05) at xP = 1 month. Moreover, less significances (p < 0.05) and 

lower magnitudes occurred for the FVP-category in comparison with the GVP-category. As 

already explained in Section 7.2.3.2, these effects occurred due to the difference in the 

magnitude of the expected outcome category and due to the occurrence of more reliable data for 

the unfixed independent variables later in the selling season. 

7.2.3.4 Individual Assessment of Fixed Independent Variables 

In order to increase clarity and readability for this relatively large section, small subsections are 

added in this section. The subdivision is based on the group classification of the independent 

variables (e.g. product aggregation attributes) as made in Section 4.4.2  

Tracking Units in the Market and Product Aggregation Attributes 

In addition to Section 4.3.2, which introduced tracking units in the market as a possible 

predictor, the results from Table 7.2 demonstrated that this variable also had a main effect on fair 

and good COI (compared to poor COI); that is, this variable had a significantly positive 

relationship (p < 0.01) for both the FVP-category and the GVP-category at each xP. This effect 

was reasonable, because products with high tracking units in the market (> 36%) relatively 

resulted in higher retailers’ total initial on-hand inventory; that is, the majority of these products 

were no longer located in the European Logistics Center (ELC). Since returns mainly occurred 

after the selling season, the probability that these products, which had high tracking units in the 

market, ended up as good COI would be more likely, thus generated relatively less COI. 
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Furthermore, the product aggregation attributes’ results showed that a number of significant 

effects occurred (p < 0.05). These effects could be explained due to the occurrence of seasonality 

and fashion trends for the product aggregation attributes. Namely, Thomassey (2014) 

emphasized the impact of seasonality and fashion trends on sales regarding product aggregation 

attributes, thus these factors could also be related to the occurrence of significant effects on COI. 

However, separately explaining each effect would entail too many complexities for this study, 

because each product aggregation attribute dealt with its own seasonality and fashion trends. In 

short, detailed explanations of product aggregation attributes’ effects were omitted. 

Sales Drivers and Inventory Drivers 

As can be seen in Table 7.3, the results showed that as a volume driver changed from large to 

either moderate or small, the change in the odds of having good COI (compared to poor COI) 

increased at each xP. This difference could be explained by two reasons. First, large volume 

drivers were generally styles that had already been used in the market before. Therefore, these 

products could relatively better be forecasted. Second, small and volume drivers often dealt with 

consolidation processes, which were inter alia caused by minimum buys. Therefore, these 

products dealt with more forecast uncertainty, thus the probability that the small and moderate 

volume drivers ended up as poor COI would be more likely (i.e. generated relatively more COI). 

Additionally, as the marketing type group code changed from inline to special make-up, the 

change in the odds of having fair and good COI (compared to poor COI) significantly decreased 

(p < 0.05) at each xP. Since special make-up products could only be sold by specific customers, 

these products could not be sold to other customers within the selling season (i.e. no at-once 

orders could be created for these products). Furthermore, special make-up products were 

relatively smaller volume drivers and customer cancellations relatively occurred later in the 

selling season. In short, the probability that the special make-up products ended up as poor COI 

would be more likely, thus generated relatively more COI. 

Furthermore, market price did not result in a reliable significant effect (p > 0.05), which could be 

explained by the following contradiction: on the one hand, products with a low market price 

were generally large volume drivers, which generated relatively less COI; on the other hand, 

products with a high market price were more pro-actively coordinated during the selling season 

due to its high product margins, thus generated relatively less COI. In short, this contradiction 

could result in the absence of a significant effect for market price. 

Finally, the insignificant effect (p > 0.05) for the blind buys could be explained due to the fact 

that blind buys included a small part of the total volume of a product from the perspective of 

footwear. Moreover, if the dataset contained apparel products, which generally included more 

blind buys due to the longer lead times in comparison with footwear (see Section 2.1.4.2), then 

the effect of blind buys would be more likely. 
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Retailer Attributes 

The total retailers’ variable did not result in a significant effect (p > 0.05), which was basically a 

validation of the results obtained from the preliminary analysis (see Section 4.3.2). That is, the 

preliminary analysis demonstrated that the COI prediction was independent on the total amount 

of information at a retailer, thus more attention was paid on the retailer attributes. As can be seen 

in Table 7.3, this consideration led to significant effects for three types of retailers: large 

premium WE retailers, large premium CEE retailers and large brand enhancing retailers.  

First, the large premium Western Europe (WE) retailers had a significantly negative effect (p < 

0.01) on the good COI (compared to poor COI). These retailers always pursued selling the 

newest and most fashionable products in the market and relatively used high product margins. 

Moreover, they always pursued the four-season business model of Nike, so that their selling 

seasons were in accordance with Nike’s selling seasons (i.e. Spring, Summer, Fall, Holiday) and 

had a relatively more integrated business planning with Nike. As a result, these retailers operated 

more pro-actively during the selling season, which resulted in relatively many pro-active returns 

and customer cancellations. In short, the probability that products, which were sold by large 

premium WE retailers, ended up as poor COI would be more likely, thus generated relatively 

more COI. 

Second, the large premium Central and Eastern (CEE) retailers had a significantly positive effect 

(p < 0.05) on the good COI (compared to poor COI). These retailers dealt with the same retailing 

strategy as the large premium WE retailers; however, the effect of the large premium CEE 

retailers was contradictory in comparison with the effect of the large premium WE retailers. This 

effect could be explained due to the fact that CEE had extra distribution centers in Russia and 

Turkey. These locations were not taken into account in this study (see Section 2.4.2), because 

their close-out quantities could not be tracked with the current software package. In short, the 

probability that products, which were sold by large premium CEE retailers, ended up as good 

COI (in the ELC) would be more likely, thus generated relatively less COI. 

Third, the large brand enhancing retailers had a significantly positive effect (p < 0.05) on the 

good COI (compared to poor COI). These retailers had the same retailing strategy as the large 

premium retailers; however, they did not always pursue the four-season business model of Nike. 

In other words, they may pursue a two-season business model, which consisted of six months 

(Spring & Summer, Fall & Holiday). As a result, these retailers had a relatively less integrated 

business planning with Nike, thus they operated less pro-actively during Nike’s selling seasons; 

that is, less pro-active returns and less customer cancellations were generated. In short, the 

probability that products, which were sold by large brand enhancing retailers, ended up as good 

COI would be more likely, thus generated relatively less COI.  

Finally, the large volume driving retailers, moderate retailers and small retailers did not result in 

a significant effect (p > 0.05). These retailers could be indicated as retailers with a relatively less 

integrated business planning with Nike. As a result, supply and demand processes were relatively 

less synchronised; moreover, pro-actively collaborative operations between Nike and these 
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retailers were less likely. In short, the probability of having a significant effect (p < 0.05) 

between these retailers’ sell-through patterns and COI would be less likely for these retailers.  

7.2.4 Relative Importance of Independent Variables 

This section focuses on the relative importance of independent variables, which should be 

examined in order to determine the added value of sell-through in relation to other independent 

variables.  

7.2.4.1 Method for Relative Importance of Independent Variables 

Since this study used different measures of scale (i.e. non-metric and metric) for an independent 

variable, the B’s could not be used in order to determine relative importance. From the 

perspective of multiple regression, the standardized beta coefficient, which was generally given 

by SPSS, could be used in order to gain a better insight into the importance of an independent 

variable in the model (Field, 2009); however, this coefficient was not available for logistic 

regression using SPSS. Since Field (2009) and Hair et al. (2010) did not provide appropriate 

statistics for examining the standardized beta coefficient for logistic regression, the ranking 

method of Van Donselaar and Broekmeulen (2012) was used. This method examined the 

reduction in R2 when an independent variable would be excluded from the regression model, 

after which the added value of this independent variable could be determined. As can be seen in 

Table 7.3, the pseudo R2 in terms of Nagelkerke (R2
N) was used, because Cox and Snell’s R2 

(R2
CS) was limited due to the maximum value < 1; that is, the R2 differences between variables 

could better elucidated for R2
N. Furthermore, the reduction was expressed as: a proportion (in 

percentage) to the sum of reduction for all independent variables at xP, the average reduction (in 

percentage) across xP, the standard deviation of the average reduction across xP, and the ranking 

in ascending order where 1 served as the independent variable with the most added value. 

Moreover, the absolute reduction for each independent variable at xP can be found in Appendix 

J. Finally, note that this analysis only indicated the extra value when a variable was added to the 

model, thus this value depended on other variables in the model (Van Donselaar & Broekmeulen, 

2012). 

7.2.4.2 Relative Significance of Unfixed Independent Variables 

As can be seen in Table 7.3, the added value of the unfixed independent variables generally 

increased later in the selling season, which confirmed the findings of Section 7.2.3. More 

specifically, the added value increased from about 30% at xP = 1 month to 70% at xP = 3 months. 

Additionally, customer cancellations had the most average added value and this variable was 

followed by sell-through. Moreover, since both variables outperformed all other independent 

variables at each xP, reliable results and the most average added value in this model were 

generated. However, technology was an exception at xP = 1 month, but this occurrence would be 

explained in the next section. In contrast to customer cancellations and sell-through, returns, 

Nike cancellations and at-once orders were often outperformed by the fixed independent 

variables, thus these variables resulted in relatively less average added value. 



 49 

Table 7.3 – Reduction statistics in R2
Nagelkerke (Van Donselaar & Broekmeulen, 2012) 

Reduction variable 
xP = 1 

month 

percentage 

xP = 2 

months 

percentage 

xP = 3 

months 

percentage 

Average 

percentage 

Standard 

deviation 

percentage 

Ranking 

5 unfixed independent 

variables 
30.09% 42.04% 68.38% 46.83% 15.99% n.a. 

Sell-through  12.13% 15.71% 10.80% 12.88% 2.08% 2 

Inventory Management key performance indicators 

Returns 1.35% 2.12% 2.29% 1.92% 0.41% 12 

Customer cancellations 13.02% 19.96% 45.80% 26.26% 14.10% 1 

Nike cancellations 0.90% 1.70% 1.31% 1.30% 0.33% 15 

At-once orders 2.69% 2.55% 8.18% 4.47% 2.62% 9 

11 fixed independent 

variables 
 69.91%  57.96%  31.62%  53.17% 15.99% n.a. 

Tracking units in the 

market 
11.23% 8.28% 4.74% 8.08% 2.65% 4 

Product aggregation attributes 

Selling season 4.94% 2.12% 2.29% 3.12% 1.29% 11 

Specific sports  6.59% 6.79% 4.80% 6.06% 0.90% 6 

Technology  14.60% 9.98% 6.05% 10.21% 3.49% 3 

Color group  0.00% 1.27% 0.00% 0.42% 0.60% 16 

Sales drivers 

Market price 2.69% 2.55% 0.00% 1.75% 1.24% 14 

Marketing type group code 8.76% 6.16% 3.60% 6.17% 2.11% 5 

Inventory drivers       

Volume driver 8.98% 6.37% 2.29% 5.88% 2.75% 8 

Retailer attributes 

Large premium WE retailers 6.74% 8.07% 3.27% 6.03% 2.02% 7 

Large premium CEE 

retailers 
1.80% 2.55% 

0.98% 
1.78% 0.64% 13 

Large brand enhancing 

retailers 
3.59% 3.82% 3.60% 3.67% 0.11% 10 

 

More specifically, the added value of sell-through slightly fluctuated in the selling season, which 

could be explained by the increase of the added value of other unfixed independent variables; 

however, the added value of sell-through remained relatively consistent, which could be derived 

from the relatively low standard deviation in comparison with other variables with a high 

average added value. In other words, sell-through could be considered as a stable variable across 

xP. Furthermore, since customer cancellations were mostly related to in-season issues, they 

generally occurred at the end of the selling season. Therefore, the probability that these 

cancellations ended up as COI would be more likely; note that this appearance could be 

associated with the high added value at xP = 3 months.  

On the other hand, Nike cancellations were mostly related to off-season supply issues, such as 

product issues and delivery issues. Therefore, these cancellations did generally not occur during 

the selling season; that is, the probability that these cancellations ended up as COI would be less 
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likely. Besides, returns were also more related to off-season operations. In other words, returns 

generally occurred after the selling season, thus these returns could not be included with the 

calculations of COI; note that the COI was calculated on the basis of in-season operations. 

Additionally, the at-once orders only had considerable added value at xP = 3 months, because 

they generally occurred at the end of the selling season; note that at-once orders basically 

consisted of cancellations and returns, which needed to occur first (see Section 2.1.4). Finally, 

although the at-once orders and customer cancellations peaked both at xP = 3 months, the large 

difference in their magnitude of the added value could be explained by the fact that customer 

cancellations occurred relatively more often in terms of absolute numbers. 

7.2.4.3 Relative Significance of Fixed Independent Variables 

As can be seen in Table 7.3, the added value of the fixed independent variables fluctuated across 

xp and generally decreased later in the selling season, which confirmed the findings of Section 

7.2.3. More specifically, the added value decreased from about 70% at xP = 1 month to 30% at xP 

= 3 months. Additionally, customer cancellations and sell-through outperformed all fixed 

independent variables at each xP, except for technology at xP = 1 month (see below for 

explanation). However, a number of fixed independent variables, such as tracking units in the 

market and technology, still had considerable average added value when forecasting COI. 

Additionally, although technology resulted in the most average added value regarding the fixed 

independent variables, the added value of this variable could incorrectly be assessed due to two 

reasons. First, the product aggregation attributes including technology dealt with its own 

seasonality and fashion trends (Thomassey, 2014; see Section 7.2.3.4), thus many complexities 

for completely explaining the effect of their added values were entailed. Second, technology 

could be indicated as the most disaggregated product aggregation attribute and consisted of many 

different product groups. Since Zotteri et al. (2005) emphasized the fact that differences among 

product patterns could be better captured on a disaggregated level, the added value of the 

variable technology could also be overestimated. In short, assessing the added value of product 

aggregation attributes including technology would be premature in this study. 

Concluding, the relative importance of independent variables’ analysis validated and enhanced 

the sell-through findings of the preliminary analysis conducted in Section 4.3. More specifically, 

customer cancellations and sell-through resulted in the most average added value, thus could be 

indicated as the most important predictors when forecasting COI. Moreover, the added value of 

sell-through remained relatively consistent, which indicated robustness across xP. 

 

Chapter 8. Validation Results of Regression Analyses 

In order to assess the predictive power of the multinomial logistic regression model, this chapter 

discusses the validation of this model using a holdout sample, which is discussed in Section 8.1, 

as suggested by Hair et al. (2010). Afterwards, Section 8.2 discusses the results of this validation 

compared with the current forecasting performance at Nike, Inc. (Nike). Finally, Section 8.3 

compares the results of this validation with the forecasting performance in the scientific field. 
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8.1 Validation of the Logistic Regression Models 

As introduced in Section 5.2.6, this study divided the dataset into calibration and validation 

samples. SPSS could not calculate classifications for the cases in the validation sample (i.e. 

holdout sample), so these classifications were manually calculated for the multinomial logistic 

regression model. In order to classify these cases, the log of the odds for each group was 

calculated, after which the log of the odds was converted to a probability value (i.e. the 

probability to which group the outcome belongs) (University of Texas, 2006). As a result, the hit 

ratio for the validation phase was calculated. An overview of the hit ratios for both the 

calibration phase and validation phase is shown in Table 8.1. As can be seen in this table, the 

calibration phase slightly outperformed the validation phase; however, the minor differences 

were no causes for concern, because the differences were consistent across the (Nike) selling 

season (i.e. xP). Additionally, the predictive accuracy of the model increased when the data was 

analysed later in the selling season, which could be explained by the increase of the added value 

of the unfixed independent variables. Note that this increase applied to both the calibration and 

validation phase. Concluding, the model showed sufficient external validity for complete 

acceptance of the results (Hair et al., 2010). 

Table 8.1 – Overview of the hit ratios for both the calibration and validation sample 

Statistics xP = 1 month xP = 2 months xP = 3 months 

Hit Ratio calibration phase 70.4% 72.6% 74.6% 

Hit Ratio validation phase 67.0% 69.6% 71.9% 
 

8.2 Comparison with Nike, Inc.’s Performance 

The current forecasting accuracy of Nike was compared with the forecasting accuracy of this 

study in order to gain more insights in the performance of the multinomial logistic regression 

model. As already discussed in Section 2.3.2, Nike had only used a COI forecast on material 

level at two weeks before a product reached its end offer date. Therefore, the resulting 

forecasting accuracy of this forecast was compared with the forecasting accuracy of the closest 

COI forecast of this study, which was the forecast at xP = 3 months (i.e. note that the products 

had a life cycle of four months). Additionally, Nike’s forecasting accuracy was also expressed as 

a hit ratio and measured for the same samples and the same time period as in the validation phase 

for this study (i.e. the first offer date in November 2013 until January 2014).  

Subsequently, Nike’s forecasting accuracy resulted in a hit ratio = 79.6%. This performance 

slightly outperformed the hit ratio of this study, which led to a hit ratio = 71.9%. In order to 

explain this difference, three major causes could be taken into account. First, a two weeks’ 

difference occurred in the forecast horizon, thus the probability that Nike would have a better 

forecasting accuracy would be more likely; that is, Nike’s forecasting accuracy was measured at 

xP = 3.5 months converted and the forecasting accuracy of this study was measured at xP = 3 

months. Second and third, Nike made use of a forecasting model (without fixed independent 

variables) where trends (i.e. time series forecasting) and human judgement were taken into 
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account. More specifically, Nike did only take into account the unfixed independent variables, 

thus they used less independent variables in comparison with the forecasting model of this study 

(i.e. model parsimony). Therefore, Nike’s current performance could indicate that trends and 

human judgement were important factors when forecasting COI. This conclusion was basically 

in accordance with the literature. Namely, according to Thomassey (2014), trends should be 

considered for a forecasting model in the fashion industry, thus the trends used by Nike (i.e. 

trends of returns, cancellations and at-once orders) could have an added value when forecasting 

COI. Moreover, the forecasting model of this study only made use of statistical forecasting. 

According to Goodwin and Fildes (1999), the forecasting accuracy should improve when 

including judgemental forecasting. Since Nike’s forecasting model always took into account the 

knowledge of the IM’s business analysts in order to make COI forecasts, the human judgement 

used by Nike could have an added value when forecasting COI.  

8.3 Comparison with Scientific Field 

As already indicated in Section 1.5, this research was relatively innovative, so less forecasting 

literature could be linked to the validation of the forecasting model in this study. The study of 

Nederpel (2012) only focussed on forecasting COI; however, this author only included color and 

size as predictors in the model, because he only made a proof of concept. Moreover, he did not 

measure the forecasting accuracy with a hit ratio as used in this study. Therefore, the model fit of 

both studies was compared with each other. More specifically, the model fit of this study (i.e. 

average R2CS = 0.423 and average R2N = 0.507) enormously outperformed the model fit of 

Nederpel’s (2012) study (i.e. R2CS = 0.003 and R2N = 0.010). This result was reasonable, because 

Nederpel (2012) only included two product aggregation attributes and these two variables could 

be indicated as unimportant predictors when forecasting COI (see Section 7.2.4.3). 

Conclusion Part 3: the multinomial logistic regression model outperformed the binary logistic 

regression model. Additionally, by taking poor sell-through as reference category, good sell-

through (compared to fair sell-through) could be indicated as a more reliable predictor when 

forecasting COI at each 𝑥𝑃. Moreover, the probability that good sell-through (compared to poor 

sell-through) ended up as good COI would be very likely at each 𝑥𝑃, thus generated relatively 

less COI and basically validated the findings of Part 2. In other words, the probability that poor 

sell-through (compared to good sell-through) ended up as poor COI would be very likely at each 

𝑥𝑃, thus generated relatively more COI. Additionally, the added value of the unfixed independent 

variables increased later in the selling season. More specifically, customer cancellations and 

sell-through could be indicated as the most important predictors when forecasting COI at each 

𝑥𝑃; they even outperformed each fixed independent variable. Moreover, the added value of sell-

through remained relatively consistent, which indicated robustness across 𝑥𝑃. Subsequently, the 

validation of the multinomial model demonstrated external validity and outperformed the COI 

forecasting model of Nederpel (2012); however, the multinomial model did not outperform 

Nike’s current forecasting model due to the difference in measurement point and the absence of 

trends (i.e. time series forecasting) and human judgement. 
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Part 4: Implementation and Conclusion 

The implementation and conclusion are 

discussed in the fourth part of this study. More 

specifically, Chapter 9 discusses the 

implementation and the conclusion is provided 

in Chapter 10. Finally, a conclusion of Part 4 is 

given. 

Chapter 9. Implementation 

This chapter discusses the implementation and consists of three subsections. More specifically, 

Section 9.1 provides preliminary implementation considerations. Moreover, a distinction should 

be made between the implementation for Nike, Inc.’s (Nike’s) current forecasting model and the 

implementation for Nike’s future forecasting model. Thereby, the added value of the multinomial 

logistic regression model, which is the most promising forecasting model considered in this 

study, should be compared with Nike’s current close-out inventory (COI) forecasting model and 

is elaborated in Section 9.2. Subsequently, the added value of the multinomial model should be 

compared with Nike’s future COI forecasting model and is elaborated in Section 9.3.  

9.1 Preliminary Implementation Considerations 

In order to write a meaningful implementation plan for Nike, interviews at Nike mainly served as 

a basis and three practical requirements were taken into account: simplicity, data availability and 

operational accessibility (Peters, 2012; see Section 2.6). Additionally, as mentioned in Section 

2.3.2, Nike differentiates between two COI forecasting models: a COI forecast on category level 

(i.e. aggregated level) at the start of the (Nike) selling season and a COI forecast on material 

level (i.e. disaggregated level) at two weeks before a product reached its end offer date (i.e. its 

close-out drop). Since this study only focused on in-season opportunities approached on a 

material level, the COI forecast on material level is only included during this implementation 

phase. 

Furthermore, the multinomial logistic regression model is outperformed by Nike’s current 

forecasting model from the perspective of simplicity and operational accessibility. More 

specifically, Nike is a young and flexible organization, which often deals with the change of new 

employee positions. However, the multinomial model requires special software (i.e. SPSS), 

which is currently not available at Nike, and IM’s business analysts have no experience with this 

software program. Moreover, SPSS needs relatively much time for computing outcomes and 

these outcomes are categorical, which reduces forecast accuracy. On the other hand, Nike’s 

forecasting model forecasts metric outcomes and basically consists of a simple time series’ 

forecasting model (i.e. model parsimony), which is adjusted by the input from human judgement. 

Therefore, more accurate forecasts can be made within a relatively short time horizon. In short, 

Nike’s current model entails more simplicity and operational accessibility, thus a complete 

implementation of the multinomial model is not preferred. 
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Despite the fact that the multinomial model is not preferred for implementation at Nike, this 

model has demonstrated that sell-through is the second most important predictor when 

forecasting COI at each point of time in the selling season (i.e. xP). In other words, sell-through 

often outperforms Nike’s current COI forecasting components, such as returns, Nike 

cancellations and at-once orders. Therefore, given that customer cancellations are already 

integrated in Nike’s current COI forecasting model and that sell-through entails robustness 

across xP, the first implementation step should be sell-through integration in Nike’s model, after 

which Nike should consider whether the resulting model can be implemented in Nike’s future 

plans.  

Finally, this study has demonstrated that trends and human judgement have already been 

reasonably integrated (see Section 8.2), thus already serving as a sufficient basis when 

forecasting COI at Nike. Therefore, important fixed independent variables (e.g. tracking units in 

the market) can be integrated on the long term, but they currently have no priority for the 

implementation of Nike’s COI forecasting models.  

9.2 Implementation for Nike, Inc.’s Current Forecasting Model 

In order to integrate sell-through in Nike’s current COI forecast, three implementations in the 

organisation, which are represented in Figure 9.1, should be considered. 

 

Figure 9.1 – Implementation plan for Nike’s current COI forecasting model (Nike interviews, 2014)  

As a result, the implementation plan for the current forecast can be described as follows: 

1. Central sell-through dataset: sell-through is obtained from another department (Sales) 

and software program (Edifice) in comparison with the Inventory Management (IM) key 

performance indicators (returns, cancellations and at-once orders), which are obtained 

from Cognos (see Section 5.1). Currently, the sell-through needs to be requested at Sales’ 

business analysts, who deliver sell-through in its purest form; that is, weekly sales and 

weekly on-hand inventory for each retailer are represented in an unclear dataset and this 

data is not directly available for IM’s business analysts. In order to efficiently gather the 

sell-through for these analysts, a central sell-through dataset should be created; thereby, 

the sell-through percentage should be pre-calculated on a seasonal horizon and aggregated 

material level in order to easily determine each product’s sell-through. Therefore, Sales’ 

business analysts should weekly update and pre-process the sell-through data, so that this 

data is directly available for IM’s business analysts. Thereby, the sell-through should also 

indicate its performance category (i.e. poor, fair or good). In order to retain the retailers’ 

confidentiality, the sell-through for a specific retailer should not be visible. 

2. Sell-through involvement on the short term: this study has only demonstrated the 

probability that a given sell-through performance category ended in a COI performance 
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Implementation 1: 

Central sell-through 
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category (i.e. no absolute COI outcome). Moreover, this study has shown that the sell-

through needs other predictors in order to generate an accurate COI forecast; that is, sell-

through cannot forecast a COI performance category on its own. Therefore, in order to 

involve sell-through in Nike’s current COI forecasting model on the short term, the sell-

through forecast can be used as a validation method with Nike’s current forecast regarding 

a COI performance category outcome. More specifically, if Nike’s current forecast is 

similar to the sell-through forecast (i.e. having both the same COI performance category 

outcome), then Nike’s current forecast will result in a reliable outcome. Otherwise, this 

forecast may be a cause for concern, thus considering an extensive re-examination of 

Nike’s current forecast (on material level). Thereby, IM’s business analysts should gain 

knowledge in order to use their human judgement for choosing the most appropriate 

solution of above. 

3. Sell-through involvement on the medium term: more extensive sell-through research, 

which is extensively discussed in Section 10.3.1, should be conducted before 

implementing sell-through as a standard forecasting component in the model. As a result, 

the sell-through may forecast a COI performance category or even an absolute COI 

outcome on its own. Subsequently, the sell-through forecast may be used as a validation 

method with Nike’s current forecast and may even be blended with Nike’s current 

forecast. Additionally, if a large difference occurs between Nike’s current forecast and the 

sell-through forecast, then Nike’s current forecast may be a cause for concern, thus 

considering an extensive re-examination of Nike’s current forecast (on material level). 

Regarding the above solutions, IM’s business analysts should gain knowledge in order to 

use their human judgement for choosing the most appropriate solution. In short, the sell-

through involvement on the medium term may result in a more reliable COI forecast, thus 

improving the COI forecasting accuracy. 

Finally, the resulting COI forecast should always be linked to Nike’s corresponding initial 

supply, which can be obtained from Cognos (IM’s business analysts), in order to estimate the 

range of the corresponding absolute COI volume.  

9.3 Implementation for Nike, Inc.’s Future Forecasting Model 

In order to discuss the implementation plan for Nike’s future COI forecasting model, major 

considerations should be taken into account. First, Nike is aware of the fact that more 

intermediate in-season (probably monthly) COI forecasts on a disaggregated level should be 

developed in order to generate in-season opportunities approached on a material level (see 

Section 2.3.3). Given that Fisher and Raman (1996) and Hovers (1998) demonstrated that early 

sales data can be a powerful predictor for future sales of products with short life cycles, 

intermediate in-season COI forecasts should have an added value for implementation. 

Additionally, since the added value of sell-through increases earlier in the selling season and the 

added value of other unfixed independent variables (i.e. returns, cancellations and at-once 

orders) decreases earlier in the selling season, sell-through will even be a more important 
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component when forecasting COI earlier in the selling season (see Section 7.2.4.2). Therefore, 

Nike’s current COI forecasting model (i.e. excluding sell-through involvement) will reduce 

predictive accuracy if this model is used earlier in the selling season. Moreover, given that sell-

through cannot forecast a COI outcome on its own, extensive sell-through research should first 

determine whether sell-through can forecast a COI performance category or even an absolute 

COI outcome on its own. Note that this suggestion is in accordance with the third 

implementation of Nike’s current COI forecasting model (see Section 9.2). Therefore, in-season 

opportunities cannot yet be generated on the short term. In short, if the sell-through is 

successfully integrated in Nike’s current COI forecasting model, then the resulting model can 

serve as a basis for Nike’s future COI forecasting model. Subsequently, if in-season 

opportunities are possible in this future model, then they will consist of (see Section 2.3.3): 

 Pro-active early price reduction (EPR) (i.e. pro-active COI), which basically serves as 

early markdowns across xP. 

 Pro-active returns and cancellations, which basically serve both as re-allocations (i.e. at-

once orders) across xP. 

Moreover, the in-season opportunities should be subjected to the approval of different 

stakeholders, such as IM, Sales, Sales and Operations Planning (S&OP), Nike Factory Stores 

(NFS) and other customers. Thereby, lead times should be incorporated; given that the lead times 

of in-season opportunities (including decision-making process) generally take at least two or 

three weeks, in-season opportunities at xP = 3 months are not useful. Therefore, the 

implementation plan for Nike’s future COI forecasting model consists of two phases, which are 

represented in Figure 9.2, in the selling season at xP = 1 month and xP = 2 months.  

 

Figure 9.2 – Implementation plan for Nike’s future COI forecasting model (Nike interviews, 2014) 

As a result, the implementation plan for this model can be described as follows: 

1. The monitor phase: IM should monitor sell-through on material level at one month in the 

selling season (xP = 1 month). If the sell-through for a given product is not in the desired 

COI performance category (e.g. the model forecasts that the product will end up as poor 

COI), then IM should start discussing this issue including risks with S&OP and Sales. 

Subsequently, they should discuss this issue including risks with the associated customers, 

who cause the poor COI performance. Moreover, these departments can already propose 

in-season opportunities with these customers; however, since these customers can start 

selling this product later in the selling season, Nike should give the associated customers 

the opportunity to improve the poor COI perspective within one month. Meanwhile, the 

new destinations for re-allocations should already be considered. Only in the case if the 

CO drop Current COI forecast 

1st month 3rd month 2nd month 4th month (EPR) 

Monitor phase Execution phase 
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associated customers do not show any potency at xP = 1 month, then corresponding in-

season opportunities should directly be executed. 

2. The execution phase: IM should re-monitor sell-through on material level at two months 

in the selling season (xP = 2 months). If the sell-through for a given product is (again) not 

in the desired COI performance category (e.g. the model forecasts that the product will 

end up as poor COI), then IM should start (re-)discussing this issue including risks with 

S&OP and Sales. Subsequently, they should (re-)discuss this issue including risks with the 

associated customers, who (re-)cause the poor COI performance. Afterwards, these 

departments should (re-)propose in-season opportunities with these customers and they 

should directly be executed. Thereby, the new destinations for re-allocations should 

already be established. If the poor COI perspective does not improve after re-allocation 

plans (i.e. the market does not show potency for selling full-price products), NFS should 

already be involved in order to discuss the opportunities for early EPR. Finally, given that 

the selling season (including prop only period) generally takes seventeen weeks and the 

lead times of in-season opportunities (including decision-making process) generally take 

at least two or three weeks, the product can benefit approximately six or seven weeks of 

the selling season. 

Finally, the resulting COI forecast should again be linked to Nike’s corresponding initial supply 

in order to estimate the range of the corresponding absolute COI volume.  

 

Chapter 10. Conclusion 

This chapter discusses the conclusion and consists of four subsections. More specifically, Section 

10.1 provides overall conclusions, Section 10.2 deals with generalizability, Section 10.3 

represents the limitations and recommendations for future research, and Section 10.4 describes 

the contribution of literature. 

10.1 Overall Conclusions 

The objective of this research was to examine how (European) sell-through data can be used as 

early as possible in the (Nike) selling season in order to pro-actively drive the (European) 

liquidation process at Nike, Inc. (Nike). Thereby, four underlying research questions were 

supportive in order to examine this objective and were integrated in the upcoming overall 

conclusions. Subsequently, the preliminary analysis firstly demonstrated that a significantly 

negative correlation coefficient (i.e. r) between sell-through and COI (p < 0.01) occurred; that is, 

higher sell-through resulted in less COI. Moreover, sell-through calculations should be 

approached on a seasonal horizon and an aggregated material level (i.e. Method 2A). 

Additionally, sell-through would always be useful if this data was tracked for at least one 

moderate or large (Nike) retailer in the market and (Nike’s) available retailers’ sell-through in 

the market resulted in a good indication of (Nike’s) unavailable retailers’ sell-through in the 

market. In short, given that a product with sell-through was generally sold by at least one 

moderate or large (Nike) retailer, sell-through calculations should not be pre-filtered on small 
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(Nike) retailers and low tracking units in the market. Besides, the sell-through had a maximum 

correlation coefficient (max r = -0.248) at week twelve and the sell-through between week seven 

and thirteen could be indicated as the most reliable and the most useful. This peak could be 

explained from the perspective of Nike (i.e. the start of early price reduction from week thirteen) 

and retailers (i.e. the start of markdowns from week thirteen). 

Additionally, this research was relatively innovative, so less forecasting literature could directly 

be linked to forecasting COI. Therefore, in order to generate a promising forecasting model, two 

reasons were taken into account in this study. First, the preliminary analysis showed that the 

required high absolute correlation coefficient between sell-through and COI (max r = -0.248) 

was missing, thus COI could not be forecasted by sell-through on its own. This low correlation 

coefficient may be caused by correlating two ratios from the perspective of two different supply 

chain players (i.e. Nike and retailers). Second, the graduation report of Nederpel (2012) 

suggested using attribute-based forecasting in order to forecast COI on lower material levels in 

the fashion industry on the short term. As a result, given the above limitations, regression 

analyses (i.e. explanatory forecasting) were preferred for examining the added value of sell-

through data when forecasting COI (at Nike). Since three out of the six assumptions were 

violated for the multiple regression models, this research could only assess binary and 

multinomial logistic regression models (i.e. a categorical dependent variable).  

Subsequently, the multinomial model outperformed the binary model from the perspective of 

both qualitative and quantitative results. Therefore, given the above limitation of excluding 

multiple regression, the multinomial model was the most promising forecasting model for adding 

value to the predictability of (Nike’s) COI using sell-through data. Afterwards, the results of the 

multinomial model basically validated the results of the preliminary analysis. More specifically, 

the probability that good sell-through (compared to poor sell-through) ended up as either fair or 

good COI would be very likely at each xP, thus generated relatively less COI. In other words, the 

probability that poor sell-through (compared to good sell-through) ended up as poor COI would 

be very likely at each xP, thus generated relatively more COI. Additionally, by taking poor sell-

through as reference category, good sell-through (compared to fair sell-through) could be 

indicated as a more reliable predictor when forecasting COI at each point of time in the selling 

season (i.e. xP).  

Subsequently, the relative importance of the independent variables’ analysis demonstrated that 

the added value of the unfixed independent variables increased later in the selling season. More 

specifically, customer cancellations and sell-through resulted in the most average added value, 

thus could be indicated as the most important predictors when forecasting COI at each xP; they 

even outperformed each fixed independent variable. Moreover, the added value of sell-through 

remained relatively consistent, which indicated robustness across xP. Subsequently, the 

validation of the multinomial model demonstrated external validity and outperformed the COI 

forecasting model of Nederpel (2012); however, the multinomial model did not outperform 

Nike’s forecasting model, which was performed on material level at two weeks before a product 
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reached its end offer date. Namely, the multinomial model was outperformed due to the 

difference in measurement point and the absence of trends (i.e. time series forecasting) and 

human judgement.  

Furthermore, the implementation of the multinomial model is not preferred due to the limitations 

from the perspective of simplicity and operational accessibility. However, since this model has 

demonstrated that sell-through is the second most important predictor when forecasting COI at 

Nike, sell-through should be integrated in Nike’s current COI forecasting model. In order to 

implement sell-through in this model, three implementations should be generated: the creation of 

a central sell-through dataset (i.e. efficiently gathering the sell-through for IM’s business 

analysts), sell-through involvement on the short term (i.e. using sell-through as validation 

method for Nike’s current COI forecast) and sell-through involvement on the medium term (i.e. 

using sell-through both as validation for Nike’s current COI forecast and as COI forecasting 

method on its own). Afterwards, if the sell-through is successfully integrated in Nike’s current 

COI forecasting model, then the resulting model can serve as a basis for Nike’s future COI 

forecasting model, thus pro-actively driving the close-out liquidation process. Thereby, in order 

to generate in-season opportunities (i.e. generating pro-active COI, returns and cancellations), a 

monitor phase and execution phase should be implemented at xP = 1 month and xP = 2 months, 

respectively. 

Concluding, this research should not be considered as the end of an interesting topic, but this 

study should serve as a starting point for examining all promising opportunities that sell-through 

entails (at Nike). In other words, sell-through can already be indicated as a useful validation 

method when forecasting COI, but future research should be conducted in order to use sell-

through as an autonomous driver for the (pro-active) liquidation process (at Nike) within the 

selling season. In short, sell-through is gold, thus starting with the examination of this promising 

predictor. 

10.2 Generalizability 

After drawing overall conclusions, the generalizability of this study should be discussed. 

Thereby, a distinction is made among: generalizability to other Nike product groups; 

generalizability to other scientifically classified product groups; and, generalizability to other 

supply chain actors and forecasting perspective. 

10.2.1 Generalizability to Other Nike, Inc. Product Groups 

As already discussed in Section 2.4.2 and 5.2.1, this study used a dataset consisting of products 

with available sell-through data and the following characteristics: footwear, Nike Sportswear, A-

grade and four months’ life cycle. First, since sell-through is not available for B-grade products 

and the “COI” of carryovers (i.e. products having more than four months’ life cycle) is sold for 

full price in the upcoming selling season, the findings of this study cannot be generalized to these 

product types. Second, since Nike Sportswear (footwear) is the largest volume driver and 

includes a large width of different type of sports, the findings for this study are likely to be 
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generalized to other product categories (e.g. Young Athletes) and product engines (e.g. apparel). 

Moreover, Nike only focuses on fashionable products having the same supply chain. Therefore, 

each Nike product generally has the same attributes, thus generalizing the findings of this 

research to other Nike product groups (i.e. product categories and product engines) is reasonable. 

However, an exception should be made for the product aggregation attributes including 

technology, which can be different for other product groups. Therefore and as already discussed 

in Section 7.2.4.3, generalizing the findings of product aggregation attributes including 

technology may be premature. 

10.2.2 Generalizability to Other Scientifically Classified Product Groups  

Nike only focuses on fashionable products, thus dealing with short life cycles, high volatility, 

low predictability and high impulse purchasing. According to Van Donselaar et al. (2005), these 

products should be classified as phasing-in/out items. Therefore, the findings of this research to 

phasing-in/out items can be generalized. Since the other scientifically classified product groups 

require a different way of controlling the operations and this study is relatively innovative, 

generalizing the findings of this study to these product groups (e.g. regular perishables and non-

perishables) may be premature (Van Donselaar et al., 2005). 

10.2.3 Generalizability to Other Supply Chain Actors and Forecasting Perspective 

This research has demonstrated that sell-through has a considerable added value from Nike’s 

perspective in the supply chain. Nike mainly serves as supplier in the supply chain, thus having a 

relatively large distance to consumers. Since the negative impact of the bullwhip effect increases 

upstream in the supply chain (Lee et al., 1997; Williams & Waller, 2010; see Section 2.3.1), the 

added value of sell-through may be lower downstream in the supply chain. In other words, since 

the distance between retailers and consumers is relatively lower, generalizing the findings of this 

study to the retailer’s perspective may be premature. 

Additionally, this research has shown that sell-through has a considerable added value when 

forecasting COI. Thereby, this research supposes that forecasting COI can basically be indicated 

as the reverse of demand/sales forecasting. Since the literature of COI is limited (see Section 

1.5.2), generalizing the findings of this study to the demand/sales forecasting’s perspective may 

be premature. 

10.3 Limitations and Recommendations for Future Research 

Limitations and recommendations for future research (at Nike) can be divided into five 

subsections: the involvement of other forecasting methods; the involvement of other 

(scientifically classified) product groups; the expansion of problem scoping; the expansion of the 

sell-through formula; and, the expansion to other supply chain players and forecasting 

perspective. 
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10.3.1 Involvement of Other Forecasting Methods 

The multinomial logistic regression model has shown promising results for including sell-

through in the COI forecasting process. However, this study is limited in the use of various other 

forecasting methods at Nike. Therefore, future research should be conducted in order to 

determine whether more accurate COI forecasts can be made by making use of other forecasting 

methods. More specifically, three new directions for future research occur from the perspective 

of the forecasting methods’ expansion: 

 If the assumptions of multiple regression are not violated, then future research should be 

conducted in order to examine the added value of sell-through (and the other independent 

variables) using multiple regression. Subsequently, the resulting model can forecast an 

absolute COI outcome, which may increase the probability of generating a more accurate 

COI forecast using sell-through. 

 From the perspective of time series forecasting, the most promising method may be the 

use of clusters (Thomassey, 2014). In this study, clustering can be associated with the 

clustering of historical and similar sell-through trends including a corresponding COI 

performance category or even a corresponding absolute COI outcome. As a result, the 

current sell-through trend can be classified according to the most similar sell-through 

trend, which is obtained from clustering. Subsequently, the sell-through forecast may be 

used on its own when forecasting COI, which may increase the probability of generating 

a more accurate COI forecast using sell-through. 

 Although this study has demonstrated that human judgement may be an important factor 

when forecasting COI, future research should be conducted in order to examine the 

precisely added value of human judgement in combination with the use of the 

multinomial model (or even other promising COI forecasting models).  
 

10.3.2 Involvement of Other (Scientifically Classified) Product Groups 

As already mentioned in Section 10.2.1, this research has only been conducted for a specific 

dataset at Nike. Although the results of this study can be generalized at Nike, future research 

should be conducted in order to validate the results to other product groups at Nike. Moreover, 

the outcomes of this research can also not be generalized to products having a more than four 

months’ life cycle at Nike, thus future research should be conducted in order to examine the 

results to this product type (at Nike). Additionally, since generalizing the results of this study to 

other scientifically classified product groups (e.g. regular perishables and non-perishables) may 

be premature, future research should be conducted in order to examine this prematurity. 

10.3.3 Expansion of Problem Scoping 

As assumed in Section 2.4.1, this study only focuses on aspects from the perspective of IM, thus 

only taking into account in-season opportunities on a material level. Thereby, the magnitude of 

cost benefits is uninvolved. Given these assumptions, three new directions for future research 

occur from the perspective of the problem scoping’s expansion: 
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 Given that Dekker et al. (2004) demonstrated the added value of product aggregation (i.e. 

forecasting on an aggregated product level), future research should be conducted in order 

to examine the added value of sell-through (and the other independent variables) on a 

more aggregated product level, such as a category level. As a result, in-season 

opportunities of this research can no longer be generated, but the overall COI 

predictability (at Nike) can be improved.  

 Future research should be conducted in order to examine off-season opportunities, which 

are mainly generated by the sub-department Demand Planning (DP), relative to sell-

through at retailers (on an aggregated product level). In other words, DP may use former 

sell-through at retailers within its forecasting process in order to improve the forecasting 

accuracy of the future retailer’s demand outside the selling season. Since DP currently 

uses inter alia historical trends of cancellations (on an aggregated product level), sell-

through at retailers (on an aggregated product level) may have an added value when 

forecasting the future retailer’s demand. 

 Future research should be conducted (at Nike) in order to examine the beneficial cost 

impact of (in-season) opportunities when using sell-through. Although this research 

entails much complexity due to the involvement of different actors, Williams and Waller 

(2010) emphasized the importance of sharing point-of-sales (POS) data relative to its 

cost. 
 
 

10.3.4 Expansion of the Sell-through Formula 

As assumed in Section 2.4.2.2, the initial on-hand inventory at a retailer is assumed as initial 

supply at a retailer due to the corresponding limitations in its database. If these limitations can be 

resolved during future research, which is likely due the exponential increase of tracking (reliable) 

sell-through at retailers in the market, then the initial order book of retailers can be connected to 

the sell-through formula. Therefore, a better insight of the initially actual retailer’s supply can be 

gained; that is, approaching the weekly sell-through formula through dividing the retailer’s 

weekly sales by the initially actual retailer’s supply. In short, a distorted view of the actual sell-

through can more often be prevented, so that the consistency between sell-through and COI can 

be improved.  

10.3.5 Expansion to Other Supply Chain Players and Forecasting Perspective 

Generalizing the results of this study to another supply chain and forecasting perspective may be 

premature (see Section 10.2.3), thus future research should be conducted in order to examine the 

findings of this research from the retailer’s and demand/sales forecasting’s point of view.  

10.4 Contribution to Literature 

Three different gaps in the literature are discussed in Section 1.5. As a result, this research has 

successfully provided contributions to these gaps and are elaborated in three subsections: 

calculating and using sell-through when forecasting; forecasting COI; and, using two supply 

chain players’ data. 
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10.4.1 Calculating and Using Sell-through When Forecasting 

As already discussed in Section 1.5.1, literature has demonstrated that POS data is a promising 

predictor in common forecasting processes (Williams & Waller, 2010; Williams et al., 2014). 

Moreover, sell-through and POS data are highly interdependent (Lee et al., 1997; Matilla et al., 

2002; Salmi & Holmstörm, 2004; Axline & Lebl, 2007). Since no literature suggests how to 

calculate and to use sell-through when forecasting, this research has shown that the literature can 

be extended with the use of regression analyses when forecasting by making use of sell-through 

on a seasonal horizon and an aggregated material level. Moreover, the sell-through should not be 

pre-filtered on small retailers and low tracking units in the market when calculating sell-through. 

Additionally, sell-through has already an added value early in the selling season, thus the early 

sales’ literature can be extended by including sell-through as an important predictor when 

forecasting early in the selling season.  

10.4.2 Forecasting Close-out Inventory 

As already discussed in Section 1.5.2, only one literature report (Nederpel, 2012) has currently 

focussed on forecasting COI. Therefore, this study has shown that the literature can be extended 

with the fact that Nederpel’s (2012) recommending model, which basically consisted of logistic 

regression and attribute-based forecasting on both material level and the medium term, is also an 

appropriate COI forecasting method on both material level and the short term. Moreover, this 

research has demonstrated the added value of including other relevant predictors in this model, 

such as sell-through; this addition has also improved the predictive accuracy of COI forecasting 

in the literature. Additionally, since COI is expressed as a ratio in this study, this research has 

demonstrated that the literature on forecasting can be extended using a ratio as outcome variable. 

10.4.3 Using Two Supply Chain Players’ Data 

Since forecasting techniques are generally related to one player in the supply chain (Thomassey, 

2014; see Section 1.5.3), this study has demonstrated that the literature can be extended with the 

fact that data, which is obtained from both the supplier and the retailer, is meaningful for 

forecasting models.   

Conclusion Part 4: the implementation of the multinomial model is not preferred due to the 

limitations from the perspective of simplicity and operational accessibility. However, the model 

has demonstrated that sell-through should be integrated in Nike’s current COI forecasting 

model. Afterwards, if the sell-through is successfully integrated in Nike’s current COI 

forecasting model, then the resulting model can serve as a basis for Nike’s future COI 

forecasting model, thus pro-actively driving the close-out liquidation process. In other words 

sell-through can already be indicated as a useful validation method when forecasting COI, but 

future research should be conducted in order to use sell-through as an autonomous driver for the 

(pro-active) liquidation process (at Nike) within the selling season. Moreover, the 

generalizability and limitations of this research have led to different new directions for future 

research. Finally, the findings of this study have successfully contributed to the literature. 
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Appendix A. Abbreviations and Symbols 

Appendix A represents abbreviations and variables. More specifically, Section A.1 represents the 

list of abbreviations and Section A.2 represents the list of symbols. 

A.1 List of Abbreviations 

ATP   Available to promise 

CEE   Central and Eastern Europe 

CO drop  Close-out drop 

COI   Close-out inventory for product P (at Nike) 

DC   Distribution center 

DRS   Direct shipments 

DP   Demand Planning 

DTC   Nike’s own retail channel 

EFOD   End future offer date 

ELC   European Logistics Center 

EHQ   European Headquarters 

EPR   Early price reduction 

FPOD   First product offer date 

FVP-category  “Fair close-out inventory versus poor close-out inventory”-category 

GVP-category  “Good close-out inventory versus poor close-out inventory”-category 

IM   Inventory Management 

KPI   Key performance indicator 

LL   Log-likelihood 

MAD   Mean absolute deviation 

MAPE   Mean absolute percentage error 

Nike    Nike, Inc. 

NFS   Nike Factory Stores 

OH   On-hand 

POS   Point-of-sales 

S&OP   Sales and Operations Planning 

Sell-through  Average total sell-through for product P (at retailers) 

Selling season  (Nike) selling season 

SKU   Stock keeping unit 

TU/e   Eindhoven University of Technology 

VIF   Variance inflation factor 

WE   Western Europe 

WHQ   World Headquarters 
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A.2 List of Symbols 

B   Regression coefficient 

ε   Prediction error 

Exp(B)   Odds ratio  

iP,xP,rP              An indicator whether sell-through data for product P is either not available 

(iP,xP,rP= 0) or available (iP,xP,rP= 1) at retailer rP at xP weeks 

n   Sample size 

N   Number of independent variables 

p   Significance level 

P A given Nike product on material level (i.e. style-color level) including 

sell-through data for at least one retailer 

r   Pearson’s correlation coefficient 

rP        Retailer with available sell-through data for product P 

RP              Total number of retailers with available sell-through data for product P   

R2    Coefficient of determination 

R2
CS   R2 in terms of Cox and Snell 

R2
N   R2 in terms of Nagelkerke 

t   Point of time 

TP,xP,rP    Total number of available sell-through weeks for product P at retailer rP 

after xP weeks 

xP   Point of time in weeks in the selling season for product P  

X   Independent variable 

Y   Dependent variable 

ZP     Total number of weeks in the selling season for product P 
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Appendix B. Additional Information of Nike, Inc. 

Appendix B represents additional information of Nike, Inc. (Nike), which can be referred to 

Section 2.1 and 2.2. More specifically, Section B.1 discusses merchandise and go to market (i.e. 

Leg 1) and Section B.2 extensively describes the process of the milestones during an inline to 

close-out inventory (COI) process at the European Logistics Center (ELC). 

B.1 Merchandise and Go to Market (Leg 1) 

As mentioned in Section 2.1.3, Nike’s value chain makes a distinction among six different 

stages, which are so-called legs, with each its own functions and alignments. The first leg is 

irrelevant for the main text of this research and consists of three major steps:  

 Launching the brand strategic direction: this step includes launching the seasonal 

innovation with its corresponding creative strategy. 

 Launching the global category direction: this step implies reviewing the amplified 

category concepts, merchandising the integrated colours, reviewing the integrated design 

concept and meeting the category alignments. 

 Applying the geography integration: this step suggests directing the category 

assortment, meeting the seasonal integration and conducting the go to market meeting. 

Finally, the resulting product collection can be offered to Nike’s customers. 

 

B.2 From Inline Inventory to Close-out Inventory 

Figure B.1 depicts a simplified overview of the milestones at ELC during an inline to COI 

process, which is focused on the close-out drop. In addition, the inventory levels give an 

indication of a common situation at Nike and is based on interviews conducted at Nike. These 

levels consist of five different inventory types, which can be described as follows: 

 The first type of inventory is assigned to inspection and blocked. Both wholesale and 

Nike Factory Stores (NFS) cannot reserve/request these quantities, because ELC has not 

yet cancelled these units. These quantities are added to inline available to promise (ATP) 

if this inventory is approved by ELC to sell it. 

 The second type of inventory is assigned to future orders, which are quantities 

reserved/requested by wholesale. In other words, these customers have not requested all 

unites for any reason, so that they remain partially reserved at ELC before the close-out 

drop; however, a minor part is still reserved/requested after the close-out drop, which 

means that this certain part is sold to the customer for full price. The remainder of future 

orders, which was actually reserved before the close-out drop, are cancelled at the close-

out drop. Subsequently, these quantities are added to close-out ATP. 

 The third type of inventory indicates quantities reserved/requested including early price 

reduction period (EPR) reserved/requested by wholesale. This type of inventory slightly 

increases after the five-days’ period, because wholesale can then reserve/request products 

from close-out ATP, which is not assigned to NFS. 
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 The fourth type of inventory indicates quantities reserved/requested including EPR 

reserved/requested by NFS. This type of inventory has a large increase during the five-

days’ period, because NFS take advantage of using this period to reserve/request products 

already from close-out ATP.  

 The fifth type of inventory implies ATP quantity. Nike aims to fulfil at-once orders from 

inline ATP, which particularly consists of cancellations, returns and safety stock unused 

due to forecast inaccuracies. In other words, inline ATP is inventory unreserved, so it has 

not yet been assigned to any wholesale or NFS. Subsequently, close-out ATP has a large 

increase at the close-out drop, because the future orders, which were actually 

reserved/requested before the close-out drop, are cancelled. Afterwards, close-out ATP 

has a large decrease during the five-days’ period. As described above, this decrease is 

mainly caused by the large number of requests placed by NFS during this period.  

 

Figure B.1 – Milestones during an inline to close-out process at ELC (Nike interviews, 2014) 
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Appendix C. Mathematical Model 

Appendix C provides additional information of the mathematical model, which can be referred to 

Section 4.2. More specifically, Appendix C.1 includes the deviation of the mathematical 

formulas and Appendix C.2 provides a numerical example of the mathematical model. 

C.1 Deviation of the Mathematical Formulas 

1B: Average Total SellThrough RetailersP,xP[%] = 

100% ∙ xP ∙ 

{
 

 ∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP [
1

TP,xP,rP
∑

Weekly SalesP,a,rP
Weekly Initial OH InvP,a,rP 

xP
a=0 ])

RP
rP=1

∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP)
RP
rP=1

}
 

 

= 

100% ∙ xP ∙

{
 

 ∑ (Initial OH InvP,xP,rP [∑
Weekly SalesP,a,rP

Weekly Initial OH InvP,a,rP 
xP
a=0 ])

RP
rP=1

∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP)
RP
rP=1

}
 

 

 

(24) 

2B: Average Total SellThrough RetailersP,xP[%] = 

100% ∙ xP ∙

{
 
 

 
 ∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP [

∑ Weekly SalesP,a,rP
xP
a=0

 Initial OH InvP,xP,rP ∙ TP,xP,rP
])

RP
rP=1

∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP)
R
r=1

}
 
 

 
 

= 

100% ∙ xP ∙ {
∑ [∑ Weekly SalesP,a,rP

xP
a=0 ]

RP
rP=1

 ∑ (Initial OH InvP,xP,rP ∙ TP,xP,rP)
RP
rP=1

} 

(25) 
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C.2 Numerical Example of the Mathematical Model 

First, note that the data overview of this numerical example is given in Table C.1. Furthermore, 

the question was to calculate the average total sell-through for product P at retailers after four 

weeks (i.e. xP  = 4) for each of the four different sell-through approaches. More specifically, 

suppose three retailers where two of them sold a given product P in the selling season counting 

four weeks (i.e. xP = ZP = 4). Both retailers had a different method of selling: first, Retailer 1 

directly started with the sales of product P (i.e. TP,xP=4,rP=1 = 4) and dealt with short-term 

forecasting, thus having weekly refills; second, Retailer 2 started later with the sales of product P 

(i.e. TP,xP=4,rP=2 = 3) and dealt with long-term forecasting, thus having a one-time refill at the 

start of the season. Moreover, Retailer 1 included one week with missing values.  

Table C.1 –Data overview of numerical example 

 

Time 

[Weeks] 

Refills 

[Units] 

Initial OH 

Inv [Units] 

Sales 

[Units] 

End OH Inv 

[Units] 

Weekly Sell-

through [%] 

Missing 

Values 

Retailer 1 

0 0 0 0 0 n.a. No 

1 10 10 5 5 50 No 

2 10 15 10 5 67 No 

3 10 5 5 0 100 Yes 

4 10 10 10 0 100 No 

Retailer 2 

0 0 0 0 0 n.a. No 

1 0 0 0 0 n.a. No 

2 50 50 10 40 20 No 

3 0 40 5 35 13 No 

4 0 35 10 25 29 No 

As a result, the following calculations could be made: 

Initial OH InvP,xP=4,rP=1 = 5 + 10 + 5 + 10 + 0 = 30 Units 

Initial OH InvP,xP=4,rP=2 = 10 + 5 + 10 + 25 = 50 Units 

Total Initial OH InvP,xP=4 = 30 + 50 = 80 Units 

1A: Average Total SellThrough RetailersP,xP=4 = 

100% ∙ 4 ∙
1

2
([
1

4
(0.50 + 0.67 + 1 + 1)] + [

1

3
(0.20 + 0.13 + 0.29)]) = 199% = 100% Rounded 

1B: Average Total SellThrough RetailersP,xP=4 = 

100% ∙ 4 ∙
[30 ∙ (0.50 + 0.67 + 1 + 1) + 50 ∙ (0.20 + 0.13 + 0.29)]

(30 ∙ 4 + 50 ∙ 3)
= 186% = 100% Rounded 

2A: Average Total SellThrough RetailersP,xP=4 = 100% ∙
(5 + 10 + 5 + 10 + 10 + 5 + 10)

(30 + 50)
= 69% 

2B: Average Total SellThrough RetailersP,xP=4 = 

100% ∙ 4 ∙
(5 + 10 + 5 + 10 + 10 + 5 + 10)

 (30 ∙ 4 + 50 ∙ 3)
= 81%  
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Appendix D. Preliminary Analysis 

Appendix D provides additional information of the preliminary analysis, which can be referred to 

Section 4.3. More specifically, Section D.1 represents Part 2 of the preliminary analysis: the 

consistency between Phase 2 and Phase 3. Moreover, Section D.2 discusses Part 2 of the 

preliminary analysis: the consistency between Phase 1 and Phase 3.  Finally, Section D.3 

provides retailer correlations.  

Appendix D.1 Part 2 of Preliminary Analysis: Consistency Between Phase 2 

and Phase 3 

The company suggested three options for determining the consistency between Phase 2 and 

Phase 3: sell-through method selection, retailer selection and tracking units in the market. As a 

result, these methods are elaborated below. 

Appendix D.1.1 Sell-through Method Selection 

In order to determine appropriate sell-through methods for this research, the bivariate correlation 

between the sell-through at retailers at the end of the selling season and the total COI at Nike was 

calculated for each method. As can be seen in Table D.1, the correlation coefficient for each 

method was negative and significant (p < 0.01), so a negative consistency between the sell-

through at retailers and the COI at Nike existed; that is, higher sell-through at retailers resulted in 

lower COI at Nike.  

Table D.1 – Correlation, sample size and differences in z for sell-through method Selection 

Method Correlation Sample 

size 

Differences in z 

1A 1B 2A 2B 

1A -0.121** 2111 - 0.617 4.028** 3.435** 

1B -0.132** 2126 -0.617 - 3.561** 3.343** 

2A -0.211** 2126 -4.028** -3.561** - -0.971 

2B -0.201** 2126 -3.435** -3.343** 0.971 - 

** p < 0.01, * p < 0.05 
 

However, as can be seen in Table D.1, Method 2 had a significant lower (i.e. higher absolute) 

correlation coefficient in comparison with Method 1 (p < 0.01). A numerical example is given in 

Appendix C.2 in order to elucidate this result. As can be seen in this example, the aggregated 

approach on material level (A) slightly differed from the disaggregated approach on material 

level (B) in comparison with the difference between Method 1 and Method 2. More specifically, 

Method 1 resulted in enormously higher sell-through percentages in comparison with the sell-

through percentages of Method 2. As earlier explained, missing values and refills during the 

season could give a distorted view of the actual sell-through, thus this example confirmed that 

Method 1 tended to overestimate the sell-through percentage at a retailer. In short, this numerical 

example was in accordance with the results shown in Table D.1. Concluding, Method 1 would be 

excluded in the sequel of this research; however, both Method 2A and Method 2B would still be 

included in this study, because they did not significantly differ. 
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Appendix D.1.2 Retailer Selection 

According to the interviews conducted at Nike, the selection of appropriate retailer data may also 

be an important issue, because this data may have a substantial variety of quality; moreover, this 

data was used in order to calculate the sell-through at retailers. In order to assess the data quality, 

the bivariate correlation between the sell-through at each retailer at the end of the selling season 

and the COI at Nike was calculated; note that an overview of the significance of each bivariate 

correlation coefficient is shown in Appendix D.3. By taking into account the method suggested 

by Fisher and Raman (1996), the correlation coefficient may be lower (i.e. higher absolute) if 

Nike and a retailer had similar estimates of the product’s sell-through. Concluding from the 

resulting correlation coefficients, this calculation showed that 17 out of the 28 retailers did result 

in a significant negative correlation (p < 0.05). The other retailers led to insignificant 

correlations, thus these retailers may be indicated as outliers for this research.  

Table D.2 – Correlation, sample size and differences in z for retailer selection 

Method Correlation Sample 

size 

Differences in z 

2A (excl) 2B (excl) 2A (incl) 2B (incl) 

2A (excl) -0.215** 2119 - -1.169 -0.733 -1.246 

2B (excl) -0.203** 2119 1.169 - 0.700 -0.324 

2A (incl) -0.211** 2126 0.733 -0.700 - -0.971 

2B (incl) -0.201** 2126 1.246 0.324 0.971 - 

** p < 0.01, * p < 0.05 
 

In addition, in order to assess the impact of the uncorrelated retailers on the COI, the bivariate 

correlation between the sell-through at retailers at the end of the selling season and the COI at 

Nike was re-examined for both Method 2A and 2B. Thereby, two datasets were created: a dataset 

including the uncorrelated retailers and a dataset excluding the uncorrelated retailers. As can be 

seen in Table D.2, all correlation coefficients were significantly negative (p < 0.01) and the 

dataset excluding the uncorrelated retailers resulted in a lower (i.e. higher absolute) correlation 

coefficient; however, the uncorrelated retailers had no significant impact on the correlation 

coefficient (p > 0.05). Since the uncorrelated retailers were on average involved with about 18% 

products (i.e. 394 out of the about 2179), the insignificant effect could be explained due to its 

smaller involvement. Moreover, Nike supposed that the uncorrelated retailers had a small 

comprehensive business and assortment with Nike (i.e. less volume driven and less brand 

enhanced in comparison with the correlated retailers). In short, this analysis showed that Nike’s 

uncorrelated retailers could not result in a distorted view of the actual sell-through at retailers in 

the market. Finally, although the uncorrelated retailers did not have a significant impact on the 

correlation coefficient, they would be excluded in the sequel of this research. 

Appendix D.1.3 Tracking Units in the Market  

As indicated in Section 2.1.7, approximately 36% of the sell-through data can be tracked in 

Europe. According to Nike, a product with much sell-through data in the market may gain, in 

proportion, a more representative insight of the product’s sell-through at retailers. Additionally, 
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the percentage of tracking units in the market for product P could be approached by dividing the 

total initial on-hand inventory for product P at retailers (see Formula 7) by the total goods receipt 

for product P at Nike. Thereby, note that the retailers’ total initial on-hand inventory and Nike’s 

total goods receipt were kept constant during the selling season (see Section 4.3.1). In addition, 

given the defined variables in Section 4.2, the indicator could be expressed as follows: 

Tracking UnitsP[%] =
Total Initial OH InvP,xp=Zp[Units]

∑ Total Goods Receipt in Season
xp=Zp
xP=0 P,xp

[Units]
∈ [0%: 100%] 

(26) 

In order to examine the impact of this indicator on the sell-through, the bivariate correlation 

between the sell-through at retailers at the end of the selling season and the COI at Nike was re-

examined for both Method 2A and 2B. Thereby, two datasets were created: a dataset with 

tracking units below 36% and a dataset with tracking units above 36%. Since each dataset 

consisted of unique samples, these datasets could be indicated as independent; therefore, only 

Fisher’s r-to-z transformation (1921) was applied.  

As can be seen in Table D.3, all correlation coefficients were significantly negative (p < 0.01) 

and the dataset with tracking units above 36% had a lower (i.e. higher absolute) correlation 

coefficient, which was in accordance with the hypothesis. Although this finding would suggest 

excluding the dataset with tracking units below 36%, reducing the dataset to 811 units would be 

premature; namely, the dataset with tracking units below 36% did not significantly differ for 

both methods (p > 0.05) and this dataset could include other valuable information, which had not 

yet been discussed so far. 

Table D.3 – Correlation, sample size and differences in z for tracking units in the market 

Method 
Correla- 

tion 

Sample 

size 

Differences in z 

2A 

(<36%) 

2B 

(<36%) 

2A 

(>36%) 

2B 

(>36%) 

2A(<36%) -0.187** 1304 - -0.395 1.693 1.812 

2B(<36%) -0.172** 1304 0.395 - 2.039* 2.158* 

2A(>36%) -0.259** 811 -1.693 -2.039* - 0.108 

2B(>36%) -0.264** 811 -1.812 -2.158* -0.108 - 

** p < 0.01, * p < 0.05 

 

Appendix D.2 Part 3 of Preliminary Analysis: Consistency Between Phase 1 

and Phase 3 

In order to validate the hypothesis that more reliable sell-through could be generated at the end 

of the selling season, the consistency between Phase 1 and Phase 3 was examined by bivariate 

correlating the sell-through at retailers after xP weeks with the COI (for product P) at Nike. As 

can be seen in Table D.4, the correlation coefficient for both methods (max r = -0.248) decreased 

until week twelve, which was in accordance with the hypothesis having more reliable data later 

in the selling season; however, the correlation coefficient increased after week twelve, which 

could be explained from the perspective of Nike and retailers.  
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Table D.4 – Correlation, sample size and differences in z per week for Method 2A and 2B 

 Method 2A Method 2B 

Week Correlation 
Sample 

size 

Differences 

in z 
Correlation 

Sample 

size 

Differences 

in z 

0 0 0 - 0 0 - 

1 -0.152** 1595 3.251** -0.133** 1603 4.329** 

2 -0.172** 1751 3.602** -0.162** 1755 3.485** 

3 -0.184** 1843 3.341** -0.175** 1849 3.185** 

4 -0.197** 1914 2.922** -0.195** 1920 2.425* 

5 -0.210** 1963 2.411* -0.218** 1971 1.238 

6 -0.212** 2004 2.556* -0.218** 2013 1.348 

7 -0.225** 2035 1.798 -0.223** 2040 1.109 

8 -0.231** 2079 1.522 -0.229** 2088 0.754 

9 -0.232** 2091 1.623 -0.236** 2091 0.193 

10 -0.232** 2095 1.899 -0.237** 2095 0.115 

11 -0.242** 2104 0.957 -0.231** 2104 1.089 

122 -0.248** 2111 - -0.238** 2111 - 

13 -0.243** 2114 0.952 -0.228** 2114 1.714 

14 -0.235** 2115 1.708 -0.221** 2115 2.146* 

15 -0.233** 2117 1.605 -0.216** 2117 2.289* 

16 -0.226** 2052 1.988* -0.213** 2052 2.244* 

17 -0.206** 1781 3.169** -0.187** 1781 3.800** 

** p < 0.01, * p < 0.05    

On the one hand and from the perspective of Nike, this increase could be explained due to the 

start of the early price reduction period (EPR), which is extensively described in Section 2.1.9. 

Although EPR could not be identified from Nike’s dataset on material level at an earlier point of 

time (i.e. this quantity is bucketed in the at-once orders’ quantity), the at-once orders generally 

increased with approximately 40% in the fourth month of the selling season (including prop only 

period); therefore, the at-once orders could include a large part of EPR. As a result, the at-once 

orders from week thirteen were in-transit to a relative great extent, so they did not drop into 

close-out, while they had not yet arrived at the customer; for that reason, the sell-through at 

retailers could decrease during EPR, while the thesis’ model supposed that the sell-through at 

retailers would keep a constant pattern (i.e. no decrease).  

On the other hand and from the perspective of retailers, this increase could be explained due to 

the start of markdowns at retailers. According to Nike, these markdowns generally started from 

thirteen weeks in the selling season. Moreover, note that markdowns should be placed, because 

the sales of a fashionable product typically peak shortly after a product is introduced, after which 

the product’s sales gradually decreases further in the season (Caro & Gallien, 2010). Therefore, 

the sell-through at retailers could increase during their markdown period, while the thesis’ model 

supposed that the sell-through at retailers would keep a constant pattern (i.e. no decrease). In 

                                                 

2 The correlation of week twelve was taken as reference value for calculating z-differences 
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short, these two reasons could result in a distortion of the correlation coefficient’s pattern, thus 

had a peak at twelve weeks in the selling season. 

Furthermore, as can be seen in Table D.4, all correlation coefficients were negative and 

significant (p < 0.01), which indicated that the sell-through at retailers for both methods may be 

useful from week one; however, the first seven weeks’ correlation coefficients for one of the 

methods significantly differed from the correlation coefficient in week twelve (p < 0.05), which 

was taken as reference value; that is, from week seven the correlation coefficient for both 

methods did not significantly differ from week twelve (p > 0.05). Besides, week fourteen until 

seventeen also significantly differed from week twelve’s correlation coefficient for one of the 

methods (p < 0.05). In short, the sell-through at retailers between week seven and thirteen could 

be indicated as the most reliable and the most useful. 

Finally, as can be seen in Table D.4 and Figure D.1, the correlation coefficient for both methods 

differed only slightly for each week (p > 0.05). Therefore, the retailers’ mutual ratio in terms of 

the number of available sell-through weeks and the amount of initial on-hand inventory (i.e. 

Method 2B) did not gain a more representative insight of the sell-through at retailers; as a result, 

more attention should be paid on retailer attributes, which are elaborated later on, instead of 

analysing the retailers’ amount of available inventory and sell-through information during the 

selling season. More specifically, the aggregated approach on material level (Method 2A) 

slightly outperformed the disaggregated approach on material level (Method 2B) in terms of the 

regression coefficient’s magnitude (p > 0.05), which could be declared by taken into account the 

difficulties of analysing patterns on a disaggregated level (see Section 3.2; Dekker et al., 2004). 

Moreover, Method 2A reduced the number of intermediate calculations, so this approach entailed 

simplicity, which was one of the major practical requirements (see Section 2.6). As a result, 

Method 2B would be excluded in the sequel of this research. 

 

Figure D.1 – Graph of correlation coefficient versus sell-through at retailers per week using Method 2A 

and 2B 
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D.3 Retailer Correlations  

The bivariate correlation between the sell-through at each retailer at the end of the selling season 

and the COI at Nike was calculated; note that this section refers to Appendix D.1.2. 

  
Nike’s close-out 

inventory (metric) 

Nike’s close-out 

inventory (non-metric) 

Retailer 1 sell-through 

Pearson 

correlation 
-.163 -.255 

Sig. (2-tailed) .267 .080 

n 48 48 

Retailer 2 sell-through 

Pearson 

correlation 
-.039 -.043 

Sig. (2-tailed) .758 .732 

n 65 65 

Retailer 3 sell-through 

Pearson 

correlation 
-.246** -.348** 

Sig. (2-tailed) .000 .000 

n 244 244 

Retailer 4 sell-through 

Pearson 

correlation 
-.428 -.351 

Sig. (2-tailed) .144 .240 

n 13 13 

Retailer 5 sell-through 

Pearson 

correlation 
-.395** -.422** 

Sig. (2-tailed) .000 .000 

n 85 85 

Retailer 6 sell-through 

Pearson 

correlation 
.059 -.093 

Sig. (2-tailed) .816 .715 

n 18 18 

Retailer 7 sell-through 

Pearson 

correlation 
-.222** -.264** 

Sig. (2-tailed) .000 .000 

n 473 473 

Retailer 8 sell-through 

Pearson 

correlation 
-.047 -.059 

Sig. (2-tailed) .758 .697 

n 46 46 

Retailer 9 sell-through 

Pearson 

correlation 
-.086 -.076 

Sig. (2-tailed) .446 .500 

n 81 81 
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Retailer 10 sell-through 

Pearson 

correlation 
-.189** -.200** 

Sig. (2-tailed) .001 .000 

n 304 304 

Retailer 11 sell-through 

Pearson 

correlation 
.311 .280 

Sig. (2-tailed) .107 .150 

n 28 28 

Retailer 12 sell-through 

Pearson 

correlation 
-.277** -.286** 

Sig. (2-tailed) .000 .000 

n 195 195 

Retailer 13 sell-through 

Pearson 

correlation 
-.237** -.248** 

Sig. (2-tailed) .000 .000 

n 770 770 

Retailer 14 sell-through 

Pearson 

correlation 
-.238** -.278** 

Sig. (2-tailed) .000 .000 

n 318 318 

Retailer 15 sell-through 

Pearson 

correlation 
-.312** -.373** 

Sig. (2-tailed) .000 .000 

n 131 131 

Retailer 16 sell-through 

Pearson 

correlation 
-.171** -.167** 

Sig. (2-tailed) .000 .000 

n 1372 1372 

Retailer 17 sell-through 

Pearson 

correlation 
-.181** -.176** 

Sig. (2-tailed) .000 .000 

n 1087 1087 

Retailer 18 sell-through 

Pearson 

correlation 
-.297 -.401* 

Sig. (2-tailed) .063 .010 

n 40 40 

Retailer 19 sell-through 

Pearson 

correlation 
-.998* -.982 

Sig. (2-tailed) .037 .121 

n 3 3 

Retailer 20 sell-through 
Pearson 

correlation 
-.345** -.401** 
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Sig. (2-tailed) .000 .000 

n 318 318 

Retailer 21 sell-through 

Pearson 

correlation 
-.170 -.333** 

Sig. (2-tailed) .151 .004 

n 73 73 

Retailer 22 sell-through 

Pearson 

correlation 
-.231** -.195** 

Sig. (2-tailed) .000 .000 

n 403 403 

Retailer 23 sell-through 

Pearson 

correlation 
-.051 -.138 

Sig. (2-tailed) .639 .202 

n 87 87 

Retailer 24 sell-through 

Pearson 

correlation 
-.208 -.176 

Sig. (2-tailed) .077 .137 

n 73 73 

Retailer 25 sell-through 

Pearson 

correlation 
-.210** -.144* 

Sig. (2-tailed) .001 .023 

n 248 248 

Retailer 26 sell-through 

Pearson 

correlation 
-.179** -.181** 

Sig. (2-tailed) .000 .000 

n 447 447 

Retailer 27 sell-through 

Pearson 

correlation 
-.473 -.557 

Sig. (2-tailed) .343 .251 

n 6 6 

Retailer 28 sell-through 

Pearson 

correlation 
-.335** -.395** 

Sig. (2-tailed) .000 .000 

n 631 631 

** p < 0.01, * p < 0.05,  marked retailer = excluded retailer 
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Appendix E. Regression Analysis’ Variables 

Appendix E provides additional information of the regression analysis’ variables, which can be 

referred to Section 4.4. More specifically, Section E.1 provides an overview of included unfixed 

independent variables and Section E.2 represents an overview of included fixed independent 

variables. 

E.1 Overview of Included Unfixed Independent Variables 

Variable Description Measurement Scale 

1. Average total sell-through at retailers (see Section 2.3.4, 4.2 and 4.3) 

Method 2A 

Dummy indicating whether retailer’s sell-

through for product P is poor (0), fair (1), or 

good (2) after xP weeks in the selling season 

[0:2] Nominal 

2. Inventory Management key performance indicators (see Section 2.4.3) 

Returns 
Percentage of returns for product P after xP 

weeks in the selling season 
[0%:100%] Scale 

Cancellations 

Percentage of cancellations for product P 

after xP weeks in the selling season where a 

cancellations can be executed by either Nike 

or a customer 

[0%:100%] Scale 

At-once orders 
Percentage of at-once order for product P 

after xP weeks in the selling season 
[0%:100%] Scale 

 

E.2 Overview of Included Fixed Independent Variables 

Variable Description Measurement Scale 

3. Tracking units in the market (see Appendix D.1.3) 

Tracking units in the 

market 

Percentage of tracking units in the market 

for product P 
[0%:100%] Scale 

4. Product aggregation attributes (see Section 2.1.2) 

Fiscal year 

Dummy indicating whether product P is 

introduced in fiscal year 2013 (0) or 2014 

(1) 

[0:1] Nominal 

Selling season 

Dummy indicating whether product P is 

introduced in Spring (0), Summer (1), 

Fall (2) or Holiday (3) 

[0:3] Nominal 

Gender 
Dummy indicating whether product P is 

related to men (0) or women (1) 
[0:1] Nominal 

Silhouette 

Dummy indicating whether product P is 

high top (0), low top (1) or three quarter 

high (2) 

[0:2] Nominal 

General sports 

activity 

Dummy indicating whether product P is 

basketball (0), football/soccer (1), other 

(2) or running (3) 

[0:3] Nominal 

Specific sports 

activity 

Dummy indicating whether product P 

belongs to a specific sports activity (see 

Appendix E.3 for complete overview) 

[0:7] Nominal 

Technology 
Dummy indicating whether product P 

belongs to a technology (see Appendix 
[0:12] Nominal 
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E.3 for complete overview) 

Color group 

Dummy indicating whether product P 

belongs to a color group (see Appendix 

E.3 for complete overview) 

[0:14] Nominal 

5. Sales drivers 

Market price 

Dummy indicating of the theoretical sales 

value of product P sold to the consumer at 

a retailer, which can be small (< $75; 0), 

moderate (>= $75 and <= $90; 1) or large 

(> $90; 2) 

[0:2] Nominal 

Marketing type group 

code 

Dummy indicating whether product P is 

either generally offered to all qualified 

customers (inline; 0) or offered to specific 

customers (special make-up; 1) 

[0:1] Nominal 

6. Inventory drivers    

Blind buys 

Dummy indicating whether product P is 

(not; 0) related to the process placing 

purchase orders on the manufacturers 

before the total order book of the 

customers is known (1) 

[0:1] Nominal 

Volume drivers 

Dummy indicating whether product P is a 

small (0), moderate (1) or large (2) 

volume driver 

[0:2] Nominal 

7. Retailer attributes 

Total retailers 
The total number of retailers selling a 

product P 
[1:19] Scale 

Large premium 

retailers Western 

Europe 

Dummy indicating whether product P is 

(not; 0) sold by large premium retailers in 

Western Europe 

[0:1] Nominal 

Large premium 

retailers Central and 

Eastern Europe 

Dummy indicating whether product P is 

(not; 0) sold by large premium retailers in 

Central and Eastern Europe 

[0:1] Nominal 

Large brand 

enhancing retailers 

Dummy indicating whether product P is 

(not; 0) sold by large brand enhancing 

retailers 

[0:1] Nominal 

Large volume driving 

retailers 

Dummy indicating whether product P is 

(not; 0) sold by large volume driving 

retailers 

[0:1] Nominal 

Moderate retailers 
Dummy indicating whether product P is 

(not; 0) sold by moderate retailers 
[0:1] Nominal 

Small retailers 
Dummy indicating whether product P is 

(not; 0) sold by small retailers 
[0:1] Nominal 

 

E.3 Other Product Aggregation Attributes  

The specific sports activity variable had a nominal scale with the following categories: 

 0 = Basketball  

 1 = Core  

 2 = Elements boots  
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 3 = Elements solar  

 4 = Running  

 5 = Soccer and football  

 6 = Tennis  

 7 = Womens  

The technology variable had a nominal scale with the following categories: 

 0 = Autoclave  

 1 = Cupsole  

 2 = Encap  

 3 = Free  

 4 = Lunarlon  

 5 = Max Air  

 6 = Natural Motion  

 7 = Not applicable  

 8 = Other (Dual Fusion, Flex Wrap, Max 360, Ramp Air)  

 9 = Shox  

 10 = Slatbed  

 11 = Visible Air  

 12 = Zoom 

The color group variable had a nominal scale with the following categories: 

 0 = Black  

 1 = Blue  

 2 = Grey  

 3 = White  

 4 = Green  

 5 = Red  

 6 = Brown  

 7 = Dark natural  

 8 = Gold/Silver/Metallic  

 9 = Light natural  

 10 = Orange  

 11 = Pink  

 12 = Purple  

 13 = Yellow  

 14 = Not applicable 
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Appendix F. Multiple Regression  

Appendix F provides additional information of multiple regression, which can be referred to 

Section 5.2. More specifically, Section F.1 up to F.3 provides dataset transformations (i.e. xP = 1 

month, xP = 2 months and xP = 3 months) and Section F.4 discusses the six assumptions of 

multiple regression (Field, 2009). 

F.1 Dataset 1 Transformations (xP = 1 Month) 
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F.2 Dataset 2 Transformations (xP = 2 Months) 
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F.3 Dataset 3 Transformations (xP = 3 Months) 
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F.4 Assumptions 

According to Field (2009), the six following assumptions should be examined before using 

multiple regression: normality of dependent variable, normality of error distribution, 

homoscedasticity, multicollinarity, independent errors and linearity. 

F.4.1 Normality of Dependent Variable 

Section 5.2.2 discusses the normality of the dependent variable, which did not result in the 

required normality. Therefore, log, lognormal and square root transformations were applied (see 

Section F.1 up to F.3 for a complete overview); however, these transformations did also not 

result in the required normality, so the assumption was violated for each dependent variable. 

F.4.2 Normality of Error Distribution 

The following histograms and normal P-P Plots of the standardized residual indicated that the 

normality of error distribution assumption was met when the dependent variable was transformed 

using log and lognormal data transformations. In other words, the assumption was violated for 

the dependent variable having both no data transformation and square root data transformation. 
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F.4.3 Homoscedasticity 

In order to verify homoscedasticity, the scatterplot of the regression standardized residual and the 

regression standardized predicted value was analysed for each dependent variable. As can be 

seen in the figures below, the data points were not randomly and evenly dispersed throughout the 

plots, thus leading to heteroscedasticity. In short, the assumption of homoscedasticity was 

violated for each dependent variable. 
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F.4.4 Multicollinarity 

The independent variables should not correlate high. Thereby, the variance inflation factor (VIF) 

statistics could be used when examining multicollinarity. This test statistic should result in a 

value below ten. Regarding this study, the maximum VIF was equal to 8.109 (< 10) and the 

average VIF-value was 2.320, which was considerably low. Therefore, the assumption of 

multicollinarity was met for each dependent variable. 

F.4.5 Independent Errors 

The correlation between the errors should be examined; these cases data should not be related. 

Thereby, the Durbin-Watson test could be used. This test statistic should result in a value near 

two and values less than one or greater than three were causes for concern. Subsequently, the 

values for this test statistic result in 0.885 for no data transformation, 0.969 for the log and 

lognormal data transformation, and 0.997 for the square root data transformation. Therefore, the 

assumption of independent errors was violated for each dependent variable. 

F.4.6 Linearity 

In order to verify linearity, the linear relationship between the six most important independent 

variables (i.e. unfixed independent variables) and the dependent variable was examined. As can 

be seen in the scatterplots below, no non-linear relationship could be determined; that is, the 

assumption of linearity was met for each dependent variable. 
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F.4.6.1 No Data transformation 
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F.4.6.2 Lognormal Data Transformation 
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F.4.6.3 Log Data Transformation 
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F.4.6.4 Square Root Data Transformation 
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Appendix G. Multicollinearity Statistics 

Appendix G provides additional information of multicollinarity statistics, which can be referred 

to Section 7.2.1. More specifically, Section G.1 provides the statistics for the logistic regression 

model after xP = 1 month, Section G.2 represents the statistics for the logistic regression model 

after xP = 2 months, and Section G.3 includes the statistics for the logistic regression model after 

xP = 3 months. 

G.1 Logistic Regression Model (xP = 1 Month) 

 
 

VIF 

Sell-through Retailer 2A Category: Fair 1.109 

Sell-through Retailer 2A Category: 

Good 
1.242 

Total Retailers 6.971 

Returns Percentage 1.046 

Customer Cancellations 1.211 

Nike Cancellations 1.097 

At-once 1.160 

Percentage of Tracking Units (Metric) 2.544 

Selling Season SU 1.554 

Selling Season FA 1.589 

Selling Season HO 1.476 

Silhouette High Top 2.019 

Silhouette Three Quarter High 2.128 

General Sports: Basketball 9.221 

General Sports: Football/Soccer 3.401 

General Sports: Other 6.273 

Specific Sports: Basketball 4.578 

Specific Sports: Elements Boots 1.618 

Specific Sports: Elements Solar 2.052 

Specific Sports: Running 4.580 

Specific Sports: soccer and Football 1.445 

Specific Sports: Tennis 1.609 

Specific Sports: Womens 3.035 

Market Price: Low 6.856 

Market Price: Moderate 3.233 

Marketing Type Group Code 2.715 

Blind Buy Indicator 1.162 

Small volume driver 1.859 

Moderate volume driver 1.509 

Large Premium WE Retailers 1.999 

Large Premium CEE Retailers 2.348 

Large Brand Enhancing Retailers 2.078 

Large Volume Driving Retailers 1.853 

Moderate Retailers 2.334 

Small Retailers 2.317 

Technology: Cupsole 1.768 
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Technology: Encap 2.783 

Technology: Free 2.653 

Technology: Lunarlon 1.674 

Technology: Max Air 2.859 

Technology: Natural Motion 1.734 

Technology: Not Applicable 5.571 

Technology: Other 1.384 

Technology: Shox 1.825 

Technology: Slatbed 2.123 

Technology: Visible Air 4.255 

Technology: Zoom 1.303 

Color: Blue 1.555 

Color: Grey 1.516 

Color: White 1.428 

Color: Green 1.263 

Color: Red 1.283 

Color: Brown 1.194 

Color: Dark Natural 1.062 

Color: Gold/Silver/Metalic 1.099 

Color: Light Natural 1.267 

Color: Orange 1.131 

Color: Pink 1.157 

Color: Purple 1.063 

Color: Yellow 1.125 

Color: Not Applicable 1.143 

Average VIF 2.302 

Maximum VIF 9.221 

 

G.2 Logistic Regression Model (xP = 2 Months) 

 
 

VIF 

Sell-through Retailer 2A Category: Fair 1.130 

Sell-through Retailer 2A Category: Good 1.279 

Total Retailers 7.203 

Returns Percentage 1.057 

Customer Cancellations 1.476 

Nike Cancellations 1.324 

At-once 1.234 

Percentage of Tracking Units (Metric) 2.762 

Selling Season SU 1.546 

Selling Season FA 1.585 

Selling Season HO 1.473 

Silhouette High Top 2.019 

Silhouette Three Quarter High 2.117 

General Sports: Basketball 8.837 

General Sports: Football/Soccer 3.228 

General Sports: Other 6.112 

Specific Sports: Basketball 4.555 
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Specific Sports: Elements Boots 1.720 

Specific Sports: Elements Solar 1.919 

Specific Sports: Running 4.620 

Specific Sports: soccer and Football 1.419 

Specific Sports: Tennis 1.592 

Specific Sports: Womens 3.057 

Market Price: Low 6.639 

Market Price: Moderate 3.128 

Marketing Type Group Code 2.846 

Blind Buy Indicator 1.151 

Small volume driver 1.896 

Moderate volume driver 1.514 

Large Premium WE Retailers 2.014 

Large Premium CEE Retailers 2.396 

Large Brand Enhancing Retailers 2.117 

Large Volume Driving Retailers 1.838 

Moderate Retailers 2.358 

Small Retailers 2.326 

Technology: Cupsole 1.745 

Technology: Encap 2.616 

Technology: Free 2.545 

Technology: Lunarlon 1.651 

Technology: Max Air 2.793 

Technology: Natural Motion 1.679 

Technology: Not Applicable 5.170 

Technology: Other 1.369 

Technology: Shox 1.809 

Technology: Slatbed 2.029 

Technology: Visible Air 4.170 

Technology: Zoom 1.272 

Color: Blue 1.573 

Color: Grey 1.521 

Color: White 1.444 

Color: Green 1.260 

Color: Red 1.284 

Color: Brown 1.196 

Color: Dark Natural 1.069 

Color: Gold/Silver/Metalic 1.107 

Color: Light Natural 1.262 

Color: Orange 1.124 

Color: Pink 1.160 

Color: Purple 1.068 

Color: Yellow 1.114 

Color: Not Applicable 1.134 

Average VIF 2.289 

Maximum VIF 8.837 
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G.3 Logistic Regression Model (xP = 3 Months) 

 
 

VIF 

Sell-through Retailer 2A Category: Fair 1.157 

Sell-through Retailer 2A Category: Good 1.355 

Total Retailers 7.286 

Returns Percentage 1.146 

Customer Cancellations 1.426 

Nike Cancellations 1.228 

At-once 1.283 

Percentage of Tracking Units (Metric) 2.827 

Selling Season SU 1.552 

Selling Season FA 1.579 

Selling Season HO 1.517 

Silhouette High Top 2.014 

Silhouette Three Quarter High 2.124 

General Sports: Basketball 8.853 

General Sports: Football/Soccer 3.202 

General Sports: Other 6.151 

Specific Sports: Basketball 4.629 

Specific Sports: Elements Boots 1.727 

Specific Sports: Elements Solar 1.992 

Specific Sports: Running 4.789 

Specific Sports: soccer and Football 1.429 

Specific Sports: Tennis 1.632 

Specific Sports: Womens 3.102 

Market Price: Low 6.764 

Market Price: Moderate 3.107 

Marketing Type Group Code 2.973 

Blind Buy Indicator 1.151 

Small volume driver 1.882 

Moderate volume driver 1.500 

Large Premium WE Retailers 2.064 

Large Premium CEE Retailers 2.439 

Large Brand Enhancing Retailers 2.118 

Large Volume Driving Retailers 1.845 

Moderate Retailers 2.369 

Small Retailers 2.338 

Technology: Cupsole 1.716 

Technology: Encap 2.625 

Technology: Free 2.558 

Technology: Lunarlon 1.666 

Technology: Max Air 2.820 

Technology: Natural Motion 1.670 

Technology: Not Applicable 5.385 

Technology: Other 1.361 

Technology: Shox 1.817 

Technology: Slatbed 2.025 
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Technology: Visible Air 4.158 

Technology: Zoom 1.282 

Color: Blue 1.573 

Color: Grey 1.524 

Color: White 1.440 

Color: Green 1.266 

Color: Red 1.280 

Color: Brown 1.196 

Color: Dark Natural 1.067 

Color: Gold/Silver/Metalic 1.107 

Color: Light Natural 1.252 

Color: Orange 1.122 

Color: Pink 1.168 

Color: Purple 1.061 

Color: Yellow 1.107 

Color: Not Applicable 1.136 

Average VIF 2.310 

Maximum VIF 8.853 
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Appendix H. Linearity of Logit Tests 

Appendix H provides additional information of the linearity of logit tests, which can be referred 

to Section 7.2.1, for both the binary and multinomial logistic regression model. More 

specifically, Section H.1 and H.2 provide an overview of the statistics after xP = 1 month, 

Section H.3 and H.4 include an overview of the statistics after xP = 2 months, and Section H.5 

and H.6 represent an overview of the statistics after xP = 3 months. 

H.1 Binary Logistic Regression Model (xP = 1 Month) 

 
B S.E. Wald df Sig. Exp(B) 

95% C.I.for 

EXP(B) 

Lower Upper 

Ln_TotalRetailers by TotalRetailers -.470 .349 1.810 1 .178 .625 .315 1.240 

CustomerCancellations by 

Ln_CustomerCancellations 
.235 .095 6.138 1 .013 1.265 1.050 1.524 

Ln_NikeCancellations by NikeCancellations .033 .058 .320 1 .571 1.033 .923 1.156 

Atonce by Ln_AtOnce .293 .150 3.803 1 .051 1.340 .999 1.798 

Ln_TrackingUnits by 

PercentageofTrackingUnitsMetric 
.013 .030 .185 1 .667 1.013 .955 1.074 

Ln_ReturnsPercentage by ReturnsPercentage .314 .479 .429 1 .513 1.368 .535 3.499 

 

H.2 Multinomial Logistic Regression Model (xP = 1 Month) 

Effect 

Model Fitting Criteria 
Likelihood Ratio 

Tests 

AIC of 

Reduced 

Model 

BIC of 

Reduced 

Model 

-2 Log 

Likelihood 

of 

Reduced 

Model 

Chi-

Square 
df Sig. 

Intercept 103.591 148.500 55.591 1.059 2 .589 

TotalRetailers * Ln_TotalRetailers 104.488 149.396 56.488 1.956 2 .376 

CustomerCancellations * 

Ln_CustomerCancellations 
104.138 149.047 56.138 1.606 2 .448 

NikeCancellations * Ln_NikeCancellations 103.679 148.588 55.679 1.147 2 .564 

Atonce * Ln_AtOnce 103.912 148.821 55.912 1.380 2 .502 

PercentageofTrackingUnitsMetric * 

Ln_TrackingUnits 
103.314 148.223 55.314 .783 2 .676 

ReturnsPercentage * Ln_ReturnsPercentage 104.162 149.071 56.162 1.631 2 .442 
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H.3 Binary Logistic Regression Model (xP = 2 Months) 

 
B S.E. Wald df Sig. Exp(B) 

95% C.I.for 

EXP(B) 

Lower Upper 

Ln_TotalRetailers by 

TotalRetailers 
-.506 .577 .770 1 .380 .603 .195 1.867 

Ln_Returns by ReturnsPercentage -.290 .565 .263 1 .608 .748 .247 2.265 

CustomerCancellations by 

Ln_CustomerCancellations 
.113 .118 .919 1 .338 1.120 .889 1.411 

Ln_NikeCancellations by 

NikeCancellations 
-.570 .363 2.457 1 .117 .566 .277 1.153 

Atonce by Ln_AtOnce -.198 .099 4.000 1 .046 .820 .676 .996 

Ln_TrackingUnits by 

PercentageofTrackingUnitsMetric 
.028 .070 .166 1 .684 1.029 .898 1.179 

 

H.4 Multinomial Logistic Regression Model (xP = 2 Months) 

Effect 

Model Fitting Criteria 
Likelihood Ratio 

Tests 

AIC of 

Reduced 

Model 

BIC of 

Reduced 

Model 

-2 Log 

Likelihood of 

Reduced Model 

Chi-

Square 
df Sig. 

TotalRetailers * Ln_TotalRetailers 542.168 1037.076 286.168b .547 2 .761 

ReturnsPercentage * Ln_Returns 542.162 1037.070 286.162b .541 2 .763 

CustomerCancellations * 

Ln_CustomerCancellations 
543.124 1038.032 287.124b 1.503 2 .472 

NikeCancellations * 

Ln_NikeCancellations 
544.980 1039.888 288.980b 3.360 2 .186 

Atonce * Ln_AtOnce 547.128 1042.036 291.128b 5.507 2 .064 

PercentageofTrackingUnitsMetric * 

Ln_TrackingUnits 
542.778 1037.686 286.778b 1.157 2 .561 
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H.5 Binary Logistic Regression Model (xP = 3 Months) 

 
B S.E. Wald df Sig. Exp(B) 

95% C.I.for 

EXP(B) 

Lower Upper 

Ln_TotalRetailers by TotalRetailers .239 .376 .404 1 .525 1.270 .607 2.656 

Ln_Returns by ReturnsPercentage -.216 .295 .533 1 .465 .806 .452 1.438 

CustomerCancellations by 

Ln_CustomerCancellations 
.100 .044 5.044 1 .025 1.105 1.013 1.206 

Ln_NikeCancellations by 

NikeCancellations 
-.071 .047 2.290 1 .130 .932 .850 1.021 

Atonce by Ln_AtOnce -.046 .057 .656 1 .418 .955 .854 1.068 

Ln_TrackingUnits by 

PercentageofTrackingUnitsMetric 
.011 .027 .172 1 .678 1.011 .959 1.066 

 

H.6 Multinomial Logistic Regression Model (xP = 3 Months) 

Effect 

Model Fitting Criteria 
Likelihood Ratio 

Tests 

AIC of 

Reduced 

Model 

BIC of 

Reduced 

Model 

-2 Log 

Likelihood 

of 

Reduced 

Model 

Chi-

Square 
df Sig. 

TotalRetailers * Ln_TotalRetailers 905.486 1503.946 641.486b 3.095 2 .213 

ReturnsPercentage * Ln_Returns 908.707 1507.167 644.707b 6.315 2 .043 

NikeCancellations * 

Ln_NikeCancellations 
905.099 1503.560 641.099b 2.708 2 .258 

CustomerCancellations * 

Ln_CustomerCancellations 
907.295 1505.755 643.295b 4.903 2 .086 

Atonce * Ln_AtOnce 907.822 1506.282 643.822b 5.430 2 .066 

PercentageofTrackingUnitsMetric * 

Ln_TrackingUnits 
902.646 1501.106 638.646b .254 2 .881 
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Appendix I. Coefficients of Multinomial Logistic Regression Models 

Appendix I provides additional information of the coefficients of multinomial logistic regression 

models, which can be referred to Section 7.2.3. More specifically, Section I.1 provides an 

overview of the statistics after xP = 1 month, Section I.2 includes an overview of the statistics 

after xP = 2 months, and Section I.3 represents an overview of the statistics after xP = 3 months. 

Additionally, SPSS could only run the multinomial logistic regression model for which last 

category of a dummy (non-metric independent variable) was used as reference category; 

however, this study assumed that the first category should be the reference category of a dummy. 

As a result, the coefficients of the non-metric independent variables were multiplied by -1; 

however, the constant of this model could not multiplied by -1, because the model would then 

not fit anymore with the other coefficients. Therefore, the constant of the model was not relevant 

anymore for the coefficients, which are represented below; however, the constant should be 

taken into account when predicting the outcome categories. 
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I.1 Multinomial Logistic Regression Model (xP = 1 month) 

Variable 

Fair COI versus poor COI  

(reference category) 

Good COI versus poor COI 

 (reference category) 

B (SE) Exp(B) 
Odds 

Change 
B (S.E.) Exp(B) 

Odds 

Change 

Unfixed independent variables 

Fair sell-through n.e. n.e. n.e. n.e. n.e. n.e. 

Good sell-through 0.57 (0.3)* 1.76 76.07% 1.52 (0.25)** 4.57 357.17% 

Returns n.e. n.e. n.e. n.e. n.e. n.e. 

Customer 

cancellations 
-0.17 (0.03)** 0.84 -15.73% -0.16 (0.02)** 0.85 -15.20% 

Nike cancellations n.e. n.e. n.e. n.e. n.e. n.e. 

At-once orders n.e. n.e. n.e. 0.04 (0.01)** 1.04 4.45% 

Fixed independent variables 

Tracking units in 

market 
0.02 (0.01)** 1.02 2.18% 0.04 (0.01)** 1.04 4.35% 

Selling season 

Summer 
n.e. n.e. n.e. 0.67 (0.2)** 1.95 94.90% 

Selling season Fall n.e. n.e. n.e. n.e. n.e. n.e. 

Selling season Holiday -0.69 (0.29)* 0.50 -49.97% n.e. n.e. n.e. 

Specific sports 

basketball 
-0.85 (0.28)** 0.43 -57.11% -1.12 (0.23)** 0.33 -67.31% 

Specific sports 

elements boots 
n.e. n.e. n.e. -1.6 (0.77)* 0.20 -79.82% 

Specific sports tennis n.e. n.e. n.e. -1.58 (0.49)** 0.21 -79.46% 

Technology Encap 0.82 (0.42)* 2.27 127.23% 1.6 (0.35)** 4.95 395.14% 

Technology Lunarlon -1.69 (0.54)** 0.18 -81.59% -2.54 (0.57)** 0.08 -92.13% 

Technology Max Air 1.73 (0.73)* 5.66 466.12% 3.01 (0.66)** 20.31 1931.37% 

Technology not 

applicable 
n.e. n.e. n.e. 1.1 (0.25)** 3.00 199.51% 

Technology Visible 

Air 
n.e. n.e. n.e. 0.79 (0.29)** 2.20 120.16% 

Color group yellow n.e. n.e. n.e. n.e. n.e. n.e. 

Market price moderate n.e. n.e. n.e. -0.55 (0.18)** 0.58 -42.20% 

Marketing type group 

code 
-4.65 (0.82)** 0.01 -99.04% -2.73 (0.4)** 0.07 -93.50% 

Small volume driver -0.9 (0.28)** 0.41 -59.49% -1.42 (0.24)** 0.24 -75.76% 

Moderate volume 

driver 
n.e. n.e. n.e. -0.78 (0.19)** 0.46 -54.22% 

Large premium WE 

retailers 
n.e. n.e. n.e. -0.89 (0.18)** 0.41 -58.82% 

Large premium CEE 

retailers 
n.e. n.e. n.e. 0.56 (0.21)** 1.75 75.23% 

Large brand enhancing 

retailers 
n.e. n.e. n.e. 0.69 (0.18)** 1.99 99.17% 

** p < 0.01. * p < 0.05. n.e. = no significant effect 
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I.2 Multinomial Logistic Regression Model (xP = 2 months) 

Variable 

Fair COI versus poor COI  

(reference category) 

Good COI versus poor COI 

 (reference category) 

B (SE) Exp(B) 
Odds 

Change 
B (S.E.) Exp(B) 

Odds 

Change 

Unfixed independent variables 

Fair sell-through n.e. n.e. n.e. 1 (0.27)** 2.71 171.12% 

Good sell-through 1.08 (0.29)** 2.96 195.70% 1.99 (0.26)** 7.33 632.88% 

Returns n.e. n.e. n.e. -0.4 (0.17)* 0.67 -32.81% 

Customer 

cancellations 
-0.09 (0.02)** 0.92 -8.30% -0.13 (0.01)** 0.88 -11.75% 

Nike cancellations -0.06 (0.02)* 0.94 -5.75% -0.06 (0.02)** 0.94 -5.57% 

At-once orders n.e. n.e. n.e. 0.04 (0.01)** 1.04 4.33% 

Fixed independent variables 

Tracking units in market 0.02 (0.01)** 1.02 2.23% 0.04 (0)** 1.04 4.40% 

Selling season Summer n.e. n.e. n.e. 0.56 (0.2)** 1.75 74.62% 

Selling season Fall n.e. n.e. n.e. n.e. n.e. n.e. 

Selling season Holiday n.e. n.e. n.e. n.e. n.e. n.e. 

Specific sports 

basketball 

-0.97 

(0.27)** 
0.38 -62.21% -1.3 (0.23)** 0.27 -72.66% 

Specific sports elements 

boots 
n.e. n.e. n.e. -2.35 (0.75)** 0.09 -90.50% 

Specific sports tennis n.e. n.e. n.e. -1.93 (0.53)** 0.15 -85.46% 

Technology Encap 1.15 (0.45)* 3.16 216.03% 1.96 (0.41)** 7.13 612.53% 

Technology Lunarlon -1.12 (0.55)* 0.33 -67.35% -1.85 (0.57)** 0.16 -84.35% 

Technology Max Air n.e. n.e. n.e. 2.55 (0.59)** 12.75 1175.36% 

Technology not 

applicable 
n.e. n.e. n.e. 1.17 (0.26)** 3.23 223.06% 

Technology Visible Air n.e. n.e. n.e. 0.67 (0.3)* 1.95 95.45% 

Color group yellow n.e. n.e. n.e. -1.63 (0.7)* 0.20 -80.32% 

Market price moderate -0.44 (0.2)* 0.64 -35.81% -0.63 (0.18)** 0.53 -46.71% 

Marketing type group 

code 

-4.63 

(0.82)** 
0.01 -99.03% -2.45 (0.4)** 0.09 -91.40% 

Small volume driver 
-0.86 

(0.27)** 
0.42 -57.76% -1.4 (0.25)** 0.25 -75.33% 

Moderate volume driver n.e. n.e. n.e. -0.73 (0.2)** 0.48 -51.79% 

Large premium WE 

retailers 

-0.53 

(0.21)** 
0.59 -41.31% -1.21 (0.19)** 0.30 -70.14% 

Large premium CEE 

retailers 
n.e. n.e. n.e. 0.77 (0.21)** 2.17 116.80% 

Large brand enhancing 

retailers 
n.e. n.e. n.e. 0.81 (0.18)** 2.26 125.51% 

** p < 0.01. * p < 0.05. n.e. = no significant effect 
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I.3 Multinomial Logistic Regression Model (xP = 3 months) 

Variable 

Fair COI versus poor COI  

(reference category) 

Good COI versus poor COI 

 (reference category) 

B (SE) Exp(B) 
Odds 

Change 
B (S.E.) Exp(B) 

Odds 

Change 

Unfixed independent variables 

Fair sell-through n.e. n.e. n.e. 1.3 (0.27)** 3.66 265.75% 

Good sell-through 0.78 (0.3)** 2.18 118.42% 1.95 (0.27)** 7.06 605.65% 

Returns -0.23 (0.11)* 0.79 -20.82% -0.4 (0.12)** 0.67 -32.91% 

Customer 

cancellations 
-0.1 (0.01)** 0.90 -9.78% -0.19 (0.01)** 0.83 -16.97% 

Nike cancellations -0.05 (0.02)** 0.96 -4.49% -0.04 (0.02)** 0.96 -4.30% 

At-once orders 0.08 (0.01)** 1.08 8.49% 0.11 (0.02)** 1.12 11.82% 

Fixed independent variables 

Tracking units in 

market 
0.02 (0.01)** 1.02 2.31% 0.04 (0.01)** 1.04 4.17% 

Selling season 

Summer 
n.e. n.e. n.e. 0.65 (0.22)** 1.91 90.92% 

Selling season Fall 0.48 (0.23)* 1.61 60.97% 0.59 (0.21)** 1.81 80.89% 

Selling season Holiday n.e. n.e. n.e. n.e. n.e. n.e. 

Specific sports 

basketball 
-0.98 (0.28)** 0.38 -62.45% -1.38 (0.25)** 0.25 -74.86% 

Specific sports 

elements boots 
-1.77 (0.79)* 0.17 -83.03% -3.38 (0.88)** 0.03 -96.61% 

Specific sports tennis n.e. n.e. n.e. -1.74 (0.53)** 0.18 -82.46% 

Technology Encap n.e. n.e. n.e. 1.61 (0.41)** 5.01 401.42% 

Technology Lunarlon -1.86 (0.57)** 0.16 -84.44% -2.63 (0.59)** 0.07 -92.76% 

Technology Max Air n.e. n.e. n.e. 2.29 (0.56)** 9.91 891.10% 

Technology not 

applicable 
n.e. n.e. n.e. 0.85 (0.27)** 2.33 133.05% 

Technology Visible 

Air 
n.e. n.e. n.e. 0.75 (0.32)* 2.12 111.94% 

Color group yellow n.e. n.e. n.e. n.e. n.e. n.e. 

Market price moderate n.e. n.e. n.e. n.e. n.e. n.e. 

Marketing type group 

code 
-4.46 (0.83)** 0.01 -98.85% -2.37 (0.43)** 0.09 -90.64% 

Small volume driver -0.58 (0.28)* 0.56 -44.04% -0.93 (0.26)** 0.39 -60.63% 

Moderate volume 

driver 
n.e. n.e. n.e. -0.63 (0.21)** 0.53 -46.85% 

Large premium WE 

retailers 
n.e. n.e. n.e. -0.96 (0.2)** 0.38 -61.89% 

Large premium CEE 

retailers 
n.e. n.e. n.e. 0.54 (0.22)* 1.71 71.14% 

Large brand enhancing 

retailers 
n.e. n.e. n.e. 0.68 (0.19)** 1.97 96.58% 

** p < 0.01. * p < 0.05. n.e. = no significant effect 
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Appendix J. Reduction in R2
N When Excluding the Independent 

Variable 

Appendix J provides additional information of the reduction in R2
Nagelkerke when excluding the 

independent variable, which can be referred to Section 7.2.4. More specifically, Table J.1 

provides an overview of the reduction in terms of both an absolute number and a percentage. 

Moreover, a distinction is made among xP = 1 month, xP = 2 months and xP = 3 months. 

Table J.1 – Reduction in R2
N when excluding the independent variable 

Variable 

xP = 1 month xP = 2 months xP = 3 months 

Absolute Percentage Absolute Percentage Absolute Percentage 

Unfixed independent variables 

Sell-through 0.027 12.13% 0.037 15.71% 0.033 10.80% 

Returns 0.003 1.35% 0.005 2.12% 0.007 2.29% 

Customer cancellations 0.029 13.02% 0.047 19.96% 0.140 45.80% 

Nike cancellations 0.002 0.90% 0.004 1.70% 0.004 1.31% 

At-once orders 0.006 2.69% 0.006 2.55% 0.025 8.18% 

Fixed independent variables 

Tracking units in market 0.025 11.23% 0.020 8.28% 0.015 4.74% 

Selling season 0.011 4.94% 0.005 2.12% 0.007 2.29% 

Specific sports 0.015 6.59% 0.016 6.79% 0.015 4.80% 

Technology 0.033 14.60% 0.024 9.98% 0.019 6.05% 

Color group 0.000 0.00% 0.003 1.27% 0.000 0.00% 

Market price 0.006 2.69% 0.006 2.55% 0.000 0.00% 

Marketing type group code 0.020 8.76% 0.015 6.16% 0.011 3.60% 

Volume driver 0.020 8.98% 0.015 6.37% 0.007 2.29% 

Large premium WE retailers 0.015 6.74% 0.019 8.07% 0.010 3.27% 

Large premium CEE retailers 0.004 1.80% 0.006 2.55% 0.003 0.98% 

Large brand enhancing 

retailers 
0.008 3.59% 0.009 3.82% 0.011 3.60% 

 

 

 


