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ABSTRACT

There is an essential need in the retail industry, of integrating inventory planning and pricing strategies. In the
fast-fashion world of retail, inventory is treated as a perishable item leading to short selling periods. It is a
common practice for retailers to liquidate unsold merchandise via clearance markdown policies. Joint
marketing and production decisions are important and challenging in retailing. Clearance sales depend on the
pricing, seasonal effects, and the assortment of goods available to the customer. Errors in inventory

distribution and clearance pricing result in loss of potential revenue or excess inventory to be salvaged.

In the case of Spanish-based retailer Zara, thirteen percent of annual revenues are attributed to clearance sales.
To maximize these revenues a supply chain tool is designed to facilitate the inventory distribution decisions
for the clearance season while considering price markdowns. A two part linear optimization model considers

the demand forecast, pricing decisions, and logistic costs in determining the allocation of excess inventory.

The business case is very similar to other retailers where revenues need to be maximized. However, Zara’s
business model and vertically integrated supply chain makes this case very unique. In a forecast error
comparison test, the proposed solution improved the forecast error from 8 to 4 percent in respect to the

current forecast process.

Thesis Supetvisors:
Chris Caplice, Executive Director for the Center of Transportation and Logistics
MIT Department of Engineering Systems

Felipe Caro, Assistant Professor of Decisions, Operations, and Technology Management
UCLA Anderson School of Management

Thesis Reader:
Jérémie Gallien, Associate Professor of Operations Management
MIT Sloan School of Management



This page has been intentionally left blank.



TABLE OF CONTENTS

ADSEIACE ..ttt 3
Table Of CONtENLS...couiuiieiririeiicietciectrenert et s b 5
TSt Of TADLES 1ottt bttt es s bbb 8
LiSt Of FIGUIES ..ouviieirctieeictetci ittt bbb bbb 9
AckNOWIEdZMEnNtS.......ccuviuivviiiicircie e s 10
1 INEEOAUCHOMN .ottt en e et 12
1.1 Overview of Problem Statement .......cccccceuvevvicniiniiccnnnccnncnicnnnns 13
1.2 Project MethodolOogy ......covueieeiriiineieiniieinicins s 14
1.3 Chapter OULHNE ......vvevereeceteeet s nans 15
2 Company Background......coioirieinrincciec e 16
2.1 Sales Campaign and Regular Season .......coceeeereieinesininicincinnnininnnens 17
2.2 Organization Team ... 18
2.3 Product LINES ..c.cocueeieireeeeireeieceececeiie ettt sesesess s 18
2.4 Regular Season Merchandising and Distribution..........cccceeueeunne. 19
2.5 Clearance SEASOM ..cccuurerererererieireeieerietrieeereresesesensae e se e s e s sesssessesnas 20
3 Clearance Distribution Problem.....ccoooiveeieicniicnnnciiiesciiinicenenas 20
3.1 Legacy Clearance FOrecasting......cocoueuvueuruecucuneecinenseinniessieineeseennes 20
3.2 Legacy Clearance Distribution Process.......oooeeeeieeinenesnssiscininnnns 21
3.2.1 Selecting a Reference ...ttt
3.2.2  ChOOSING 2 STOTLE...coiiriirieiiietiistntseteisie sttt snas
3.2.3  Store Shipment S1Ze ..ot
3.3 Proposed SOIUtON ...ttt 23
4 Forecasting Model ...t 24
4.1 Clearance Pricing Forecasting Model ..., 24
4.2 Regular Season Forecasting ......ccocoevvruevveciernicinccieccceceee e, 25
4.2.1 Forecasting for Weekly Regular Season Sales........ccccoovruvererrieiereiinrnrnnrenann,
4.2.2 Forecasting for the Entire End-of-Season Sales.......cooeeereecrnnninnnnnans
4.2.3 Regular Season Comparison Test.....ooreireiniciniciceece i

4.3 Clearance Season FOrecasting ......ooooeeueeeerinceninscsnincieinsssnsnsenennes 28



4.3.1 Forecasting Tests for the First Clearance Petiod.........cccoveverevmrevrrecerrennnneee. 29
4.3.2 Estimating the Elasticity of Demand......cccccoevivemmrinernenrseeseeeeceesceeeenene 30
4.4 New Variables for Demand .......cccoevvivirnecnnnrceeieseeeeeeeeeene. 34
4.5 Forecasting Process SUmMmAry ........cccoceerernerneencrneeneencenisnssnnsenansannen, 35
5 Model Formulation: Clearance Material Distribution Optimization ...... 36
5.1  Model I: Maximizing Revenues Formulation ........cccceecevuenrerrrrnrenne. 36
5.1.1 Indices and INdex Sets ...cccvmurrrrrrrrrisreeeenisieeieteeeie et R 37
5.1.2  ParameEterS...ciuiceciiiiciiceieacsettiesetstaesstse e besssastesss et sassssassess st st s sesassesesssans 37
5.1.3  Decision Varlables......couiinirrirnirnreeesese et sessse et ssssseenennns 39
5.1.4  ODbjectiVe FUNCHOMN w.veueecirerieirieccieetrte ettt v et s ettt naene 40
5.1.5 Model T CONSLIANLS ceucumrrereeircciriristreisneeese st see s s s e sssesesesenene 41
5100 LLEVELS ittt ettt a ettt s e naen 44
5.2 Model II: Minimizing Costs Formulation.........cccccvereevererrreenserennnn. 45
5.2.1 Indices and INdex SEts ....coovreiniiireiiieeecerere et 45
5.2.2  ParameterS.. .ottt sesses ettt s sttt st nenenean 45
5.2.3  Decision Variables. ...t sess s 48
5.2.4  Objective FUNCHON ..ottt eeeesseaesss st eesaens 48
5.2.5  CONSIAIMLS cuvviiieereireireieneieteietsteee ettt tsssas e ses s s se st sesss s se st ssssssanas 50
52,0 LEVEIS ettt sttt se e ettt sttt 51
6 IMPlEMENtAtION ..cucuriieicriiiriaeieieeeeteets ettt ae st sae s sasees 51
6.1 AMPL FIIES ...cuiririeiiericectreeieireeessesstessssss st sesae e s s bt smsassns 51
6.2  Model I Output ..o s s 52
6.3 Model IT OULPUL ...ovieiiieiireceeceeeetreeeeeae s stsesesesss e ssas s s senens 53
6.4 Optimization Model ANALYSIS .....coceruerrencerereereeneneereneeeeessssnstessaesenns 53
6.4.1 Legacy Process and Proposed Model Fit .........ccccoveuereveeericneninsnininssiesennennans 54
6.4.2 Winter 2010 Forecast Efror OVErvIEW ......ccccveevverieecrereenie e eresenssenanns 54
6.4.3  Store FOrecast ELTOr ..ottt s 57
6.4.4 Product Line FOrecast ELroOr ..ot 59
T CONCIUSIONS ..uiviieiceceirrnicrciet ettt seae sttt ess sttt s s b s sns 60
7.1 Recommendations for Zara ........coveevrnivenccesinieiniesessseeeessisennens 61
7.2 FUture WOrLK ..ottt st ssees 63
8 APPEIAIX oottt ettt ane 64



8.1 Descriptive Statistics for Forecast EXIOrSs ....covviiieieinnnieissisisnsnienenes 64

8.1.1 Regular Season StatiStiCS ......oeveeiererirrernreressssieiencsesesenss et
8.1.2  Clearance Seasomn StALSHCS ....c.cocovrerrecrirteirrerrisieesesssisisssisssssssssssssssassssssenssenes
8.1.3  Product Line StatiStCS ..oerecruvueeeiriiieininincisinescinssesesessssesesaesessneseneas

8.2 Model T AMPL FilES.....ouiuriieienireniceeneerieirieiceecceesesssesississessassssasens 69
8.2.1 Model I Data File ..ot
8.2.2 Model I RUn File ..ot sens
8.2.3 Model I MO File ..uvuuiiiiiieeiccecccicceeeeesensesicssssesesssssssessensins

8.3 Model IT AMPL FIlES ..ccourueiriririeniercieicnicreiereesieeesenesssesssesssesesesssesens 76
8.3.1 Model IT Data File ..cccoerveecerieireeiceerieiicsieeeeeensesessienesisssssssssesessons
8.3.2 Model IT Run File ..ot
8.3.3 Model II MOd FIle ....uouemeeiciiiiiicniciicciccicnc i sasaeasaesenes

0 WOLK CHted ...vueeuieececiceriret ettt ettt ss s 83

GLOSSALY ...ttt bbb bbb s 87



LIST OF TABLES

Table 1: Demand Fotecast Beta-5 COMPALISON ...coverecrrcreercerrernrsensnrsnestssesssesessessessesssssssssersesssssessersensen 33
Table 2: ROtation COMPATISON ..cuueiuietireirscrssersssanssssssssessssassesssesasssasssessssssesssssssessesssessessassssessssssassssssons 34
Table 3: Model I Country Detailed ShIPMENLS ...cccovieucercerrrrcreraesnrsneesssseesessesnrssessessessessmssssssessessessessense 53
Table 4: Model II Store Detailed SHIPMENT .....coccvecierriisrsienricearesseeseesseerasssesssessessserssssssssssessasessesasssses 53
Table 5: Model IT DC Total SRIPIIENtS....ccoiriuirierisestrsassseessessessansseaseasssssesssssssessasssesssasssassasssassansssessace 53
Table 6: Legacy vs. MIT FOLecast ELrOf c..uuiuuiiinrerivensnirinncisisrasssssssesssecsessansssessnsssssssssssesassssassasssensaes 57

Table 7: Product Line Forecast Effor SUMMALY ......cccvevceriiisininsisuisisiencncesresessessssessessasssesasssessssssens 59



LIST OF FIGURES

Figure 1: Inventory DistriDUtion...c..icevveeeererieeerisrerrinrenneeineesisisninnnteetieeiieeesosssnresssteessesssssessennanssensessasss 13
Figute 2: Project OVeIVIEW ......ueeeciieiiiiisitiniiisstnieeicsttisesssntteessssnesisessaserssssssssesssssasssssssasessosssssssssssssnssasss 15
Figute 3: Zara StOre il GIEECE...uueuieirierieriirrisrrnsneeeesssesssessansssasosnsssssssanssssassnsastassassssasssssssnsesasssssssssnesans 17
Figute 4 : Zara Merchandizing........coeeereeivvenrenrnnernersntreniesiestnestneseesscsssntessesssessnassssssesssesssassssssssssesens 19
Figure 5: Disttibution Center........uiieeieieeiiciiiiniitiiiiisseteiisieretessssesiessssnetessssasssssssnsesssssssssesssssassssssss 21
Figute 6: Regular Season Forecast Comparison Test ...cueieeerrrenseesrressresseresiensneessnessnesssessaasssasssacssaessns 28
Figure 7: Demand ElastiCity PlOt......ciivuieeiieeiniinicnensinnennieniiesniieisisseessseessieseissessssssssasesssssessasesessssaan 32
Figure 8: Forecast Experiment SUMMALY ....cccoverieiinitinnitiniiiiintiiitenestienisisnnnesseesssneesssessssssssosasesane 35
Figure 9: Unit Sales by Countty Linear Fit ......ccueeieiniiireeinriniienininieicinntteiecsnnensesseneessssnsesesssssesssessnns 54
Figure 10: Optimization Model Descriptive StatistiCS......cccvrrresscnrissesssnnsssesesssnesssseessnsesssanssssseessnsessns 55
Figure 11: Legacy Process Descriptive StatiStiCSs....ccceivemrericreieeericsneiissssnericssinneeccsssnsesssssnnenesssnseesosens 55
Figure 12: Optimization Model Capability Analysis ................ veremeeeesnreesesnaanees 56
Figure 13: Legacy Process Capability ANalysis .....cccceisvereiivensssnnisssnesssnnssssnissssessssssssssssesssesssnsessanssssssneses 56
Figure 14: Legacy Store Descriptive StatiStiCS...c.ceivereiiiieiieciicnrieeeiscierisssnnieriesseniscssintessssssssesssnnsecessnnne 58
Figure 15: Optimization Model Store Descriptive StatiStiCs .....ccceeerrerieeiscrtiricrcneiiecsntecnsnecesnneeeesssnnes 58
Figure 16: Legacy Store Capability Analysis .......ccccccevremrrciuecisseinsinninsneeessnnessennnnn ..58
Figure 17: Optimization Model Store Capability Analysis .....ccccccerrveerinrrecserrscnensnnnnnns ..59
Figure 18: Product Line Unit Sales....ciuvuierireiiiniisiinnsseerssiesisisesssssssssinsesssessssnssssnsessassossssssssessansessanses 60
Figure 19: Group Error Chart.........ccueeeveeerveeensuecirnnens ceretresisnneesisnaeesssnanesesanaenesnes 60
Figure 20: Optimization Model Regular Season StatiStics......ccceeirrueeirrirrneenerisnerecicnstnicssneniesssenennenn 64
Figure 21: Legacy Regular Season StatiStiCs ...c.eeveererreesrensersessessnsensnsssessnssesssssanssassassssossssnsasssssssssasans 64
Figure 22: Optimization Model Clearance Season StatiStiCS........ccvererrrrreriressrereessssractessssnensecssnnneescssonans 65
Figure 23: Legacy Clearance Season StatiStiCS......ccerrrrressnererssessseesssueesssnsissanesssnsesssanessnsesssensssssessnnsesss 65
Figute 24: Product Line A StatiStiCs .....ueeiiicrieeiiiisieeeiisiientiiisesaeiisissssisessssssssssssssssesssssnssesssnasssesssssasses 66
Figure 25: Product Line B StatistiCS.....cccvverurrrereriiciisiiiiiireiiirieiisciisssisnnneesnseeressssssssssnsessessesssssssssanssasenans 66
Figure 26: Product Line C StatistiCS....ciuvieerieersinenssniersiensisseissssensssnesisssnssssssssssesesssesssssesssssssssasssssasssanss 67
Figure 27: Product Line D StatistiCs .....ccceeerieereeeenrieinniienineeinieennntneninniniseessisessnseessssesssssessssnessassssnnes 67
Figure 28: Product Line E StatiStiCS....ccoveeirrcernrneiissniessiiensseissseisssseessssesssaressssacssssssssonsessasssosssnsessassosans 68
Figure 29: Product Line F StatiStiCs .cccccvveeeieriieriiisieiieissisnnecsisinenicssseneessesssensessssssssessssnseesssssssaenssssssnns 68



ACKNOWLEDGMENTS

I owe my deepest gratitude to the team at Zara and my advisors for the development and success of

this project. I would like to first thank my supervisor, Francisco Babio, for his continual support,
corporate insight, and introduction to the Spanish culture. To Felipe Pefia Pita, who was my right-
hand man, for sharing his knowledge and using his curiosity to continuously challenge the
methodologies to grow as a leader. My appreciation goes to Miguel Vifias, Cesar Suatez, and Pepe
Corredoira for collaborating on the project and ensuring the outcomes align with current business
processes. I would also like to thank Miguel Diaz for being the champion of the project and
believing in academia research to continuously improve and grow the organization. To the rest of
the Zara family who welcomed me to the organization with open arms and shared their lives, work,

and culture with me.

I would like to extend my sincere appreciation to my advisor Professor Felipe Caro who mentored

and encouraged me throughout the project. It was an honor working side by side with him and I will

forever by grateful. For Professor Jérémie Gallien who inspired me take a supply chain adventure in

fast fashion. To Professor Chris Caplice for reminding me that business solutions are often practical

and simple.

For my family and friends who have helped guide me throughout my life and whose love provides
fuel for my soul.

10



This page bas been intentionally left blank.

11



1 Introduction

There 1s an essential need in the retail industry, of integrating inventory planning and pricing
strategies. In the fast-fashion world of retail, inventory is treated as a petishable item leading to short
selling periods in which “inventory and pricing strategies are central to success.” It is 2 common
practice for retailers to liquidate unsold goods via clearance pricing®. From 1925-1965 average

markdowns were stable at 6% but by the mid-1990’s they had grown to over 26%’.

The forefront of the problem lies with the demand uncertainty followed by discount decisions made
dynamically. Mantrala and Rao (2001), state that in the 1990’s there had been an explosion of
product variety on the supply side and consumer tastes had diversified on the demand side increasing
demand volatility. With excess inventory on hand, retailers focus on maximizing revenues by
improving clearance markdown policies, which has caused an increase in dynamic pricing strategies

in recent years to facilitate these needs”.

Integrating marketing and inventory control was first proposed by Whitin in 1955 and has since
received broad attention in the marketing, economics and inventory management literature’. In
1991, for example, Eliasberg and Steinberg designed an integrated joint marketing production
decision model. There has also been analysis of pricing strategies in respect to clearance markdowns

found in (Gallego & van Ryzin, 1994) as well as (Feng & Gallego, 1995) among others.

The following will discuss a case study on Zara, a Spanish based fast-fashion retailer. It will address a
business case, a proposed solution, which will include a demand forecast and a two-patt optimization
model, and an analysis of the findings with further recommendations. The business case is very
similar to other retailers where revenues need to be maximized. However, Zara’s business model and
vertically integrated supply chain makes this case very unique. The proposed solution suggests a
more sophisticated methodology in coordinating inventory distribution and discount decisions than
the current business policy. In a comparison test for forecast accuracy the proposed solution

improved the current business process by four percentage points.

! (Bitran, Caldentey, & Mondschein, 1998)

2 (Wang & Webster, 2009)

3 (Mantrala & Rao, 2001)

4 (Keskinocak & Elmaghraby, 2003)

5 (Smith & Achabal, Clearance Pricing and Inventory Policies for Retail Chains, 1998)
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1.1 Overview of Problem Statement

End-of-season clearance sales is a strategy retailers use to liquidate excess inventory. Each year
Inditex S.A. sells less than twenty percent of regular season inventory during clearance sales shown in
Figure 1. Within the first seven days, thirty percent of this inventory is sold. Inditex S.A. is one of
the largest fashion distributers in the world with revenues of €10.4 billion’. Zara is Inditex’s largest
of eight commercial brands and accounts for 65.5% of the total contribution. In 2008, thirteen
percent of Zara’s revenues were generated during the clearance season. The objective of this project
is to maximize clearance profits. In order to facilitate this goal, merchandise should be distributed to

stores with the highest potential of sale and employ the proper discount price.

<20%
Clearance

~94% Sold
Regular Price

<Salvaged

Figure 1: Inventory Distribution

One of the biggest challenges Zara faces in preparation for the clearance season is determining how
to distribute 11,000 different fashion designs to over 1,200 stores worldwide. To accommodate for
limited store capacity, shipments of clearance inventory must begin one month before the start of the

sale. Once the sale begins, the ability to react and transfer merchandise is limited.

In 2007, Professor Jérémie Gallien, Professor Felipe Caro and Rodolfo Carboni developed a
methodology for Zara to determine the price discounts that should be applied to each fashion design
during the clearance season’. This model assumed that the physical distribution of the inventory was
already at each store. The purpose of this project is to develop a methodology that will optimize
store merchandising during the clearance season to later facilitate pricing decisions in which the

combination of the two would lead to maximizing revenues. In other words, each store would have

6§ (Grupo Inditex 2008 Annual Report)
7 (Carboni, 2008)
13



the right merchandise, at the right time, with the right pricing and gain higher profits during the

clearance season.
1.2 Project Methodology

The approach of the project was composed of two parts: determining a demand forecast for end-of-
season and clearance season sales and developing an optimization model prototype that coordinates

ricing decisions with store merchandising during the clearance season.
g

The project began by trying to improve the current clearance pricing demand forecast model
developed by Caro and Gallien. This forecast considers the size of the purchase, age, demand rate of
the previous period, broken assortment, and price discount as determining factors. The model was
adjusted to develop an end-of-season demand forecast. The main adjustment was removing demand
elasticity as the price remains steady during the regular season. Next various tests were conducted
that determined that the elasticity of demand or the price discount variable was the most sensitive in
estimating the demand during the clearance season. Therefore various factors were tested to try to
improve the elasticity of demand such as unemployment rate, store to city population ratio, and price
demand elasticity of regular season discounts. Though all of these vatiables and experiments seemed
promising, it was concluded that the current model’s prediction is the most favorable for both end-

of-season and clearance season sales.

Next, two optimization models were developed to determine end-of-season replenishments as well as
clearance inventory distribution. The first optimization model used the input from the demand
forecasting model to decide how much merchandise to ship to each of the 72 counties to maximize
global revenues. Shipment costs from the central distribution centers to each country were taken into
account as well as the cost of transshipment between each distribution center. The second
optimization model used the output from the first model to disaggregate the country shipments to
the store and article level while minimizing costs. In this model, shipment costs to the stores from
the distribution centers, country warehouses, and other stores wete also considered. The advantages
of the model are that it uses a demand forecast, considers discount prices and costs, and determines
shipments to a store at a fashion design level. Figure 2 illustrates an overview of the project

approach.

14
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Figure 2: Project Overview

Lastly, a comparison of the current merchandising process with the proposed model will be
discussed. An extensive analysis of the model will be given along with the motivation of the decisions
of the proposed model. Recommendations on how to improve the model and how to utilize its

methodology in future research will also be discussed.

1.3 Chapter Outline
This thesis is divided into seven chapters as discussed below.

Chapter 2 provides company background and introduces the clearance season and its key

components.

Chapter 3 explains the current forecasting and inventory distribution process for the clearance

season as well as the description of the proposed model.

15



Chapter 4 describes the pricing demand forecasting model and outlines the various hypothesis
tests conducted to improve and modify the forecast to utilize in inventory planning and pricing

decisions.

Chapter 5 outlines the two linear optimization models and its formulations that work in

conjunction with a demand forecast to maximize revenues while minimizing shipment costs.

Chapter 6 discusses the implementation of the integer programming model in AMPL and the

present’s the inventory distribution decisions.

Chapter 7 addresses the optimization model’s decisions in comparison with the cutrent

processes and provides recommendations to improve the model use it in future research.

2 Company Background

In 1975, Amancio Ortega Gaona opened the first Zara store in La Coruna, Spain. Zara provided
high quality designer clothing at reasonable prices and quickly gained customer popularity. By 1989,
there were 82 stores in Spain with international presence in Portugal, Paris, and New Yotk City.
Inditex Group, Zara’s parent company, became a publically traded company in 2001 and was the
third largest clothing retailer’. Today, Inditex is the wotld’s largest fast fashion retailer by sales,
overtaking GAP Inc. in 2008. Inditex has eight commercial formats including Zara, Pull & Bear,
Massimo Dutti, Bershka, Stradivarius, Oysho, Zara Home and its newest brand Uterquie. In 2008,

Inditex had 89,122 employees in 72 countries with 4,264 stores and over 140 nationalities’.

Zara is the flagship chain for Inditex with €6.8 billion in revenues. It is known for its innovative
trends in fashion and rapid response to market demand. The key to Zara’s success and rapid growth
has been due to its virtually integrated supply chain that includes textile sourcing, design, production,
distribution and retail. Zara designers look to luxury fashion designers for inspiration for new trends
and work together with the fashion savvy regional sales teams to respond to customer demands. The
supply chain flexibility, from procurement to distribution, enables new fashion trends to reach stores
on a weekly basis. For example, the logistic team is able to take orders from a store and deliver the

merchandise within 24 hours for European stores and within 48 hours to American or Asian stores.

8 (Fraiman, Medini, Arrington, & Paris, 2002)
? (Grupo Inditex 2008 Annual Report)
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In the past decade, Zara has grown from 507 stores in 39 countries'’ to over 1300 stores in 73
countries tripling its revenues. To thrive with the large expansion, Zara expanded its network of
vendors to other European and Asian suppliers. With the rapid growth Zara was forced to rescale
their supply chain and improve their current process to maintain their competitive advantage. Figure

3 is a picture of one of the Zara stores located in Greece.

Figure 3: Zara Store in Greece

To facilitate growth strategies, in 2006, Zara began a partnership with the Leaders for Global
Operations (LGO) Program at MIT to develop and incorporate novel forecasting, inventory, pricing
and distribution models to their supply chain. Zara stores have three departments Women’s, Men’s
and Kids". Zara Woman represents sixty percent of Zara’s revenues and hence has been selected to
pilot new supply chain tools, including those presented here. Past projects with MIT included regular
season replenishment and clearance pricing. The project described here combines merchandising,

replenishment and pricing in an optimization that will maximize clearance season revenues.

2.1 Sales Campaign and Regular Season

Zara divides its design collections into two campaigns each year the winter campaign and the
summer campaign. Each campaign lasts approximately six months and at the end of each campaign a
clearance season is followed that serves as a transition from one campaign to the next. During the
first two weeks of the clearance season the stores position themselves to focus primarily on clearance

sales in order to liquidate the old trends. As the clearance season progresses, less and less of the

10 (Grupo Inditex 2001 Annual Report)
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store’s real estate is dedicated to the clearance items. The sale signs in the display windows come
down and the new campaign designs are displayed. The clearance season ranges from two to eight

weeks and varies in start dates by country and store.

2.2 Organization Team

There are three groups that collaborate to determine the distribution of inventory during the clearance
season. The first group is the Performance Management Team (PMT) who estimates the expected sales
of each store in both revenues and unit sales. They are responsible for maintaining and updating the

store shipment schedule each week.

The second team involved in the inventory distribution process is the distribution group. They forward
the schedule of shipments to the distribution centers (DC) to create work orders. Because the schedule
specifies number of units for each store it is up to the DC to pick and choose the stock keeping units

(SKUs) to distribute to each store. A SKU is a particular size and color of an article.

Lastly, commercial managers are responsible for store sales and are the market experts in the countries
and regions they manage. They are in contact with store managers on a daily basis and have familiarity
with store inventory needs. Once the schedule of shipments is released, they work with the PMT and
the distribution group to make any adjustments to the schedule. Commertcial managers can also block
shipments of certain trends to a given region. A common example is blocking the distribution of heavy
coats to the Middle East during the summer months. Due to hot weather conditions, customers are less

likely to buy coats even at a discounted price.

2.3 Product Lines

The Women’s Department is separated into six product lines that have a team of designers and buyers
who are responsible for the quality and success of the designs. The product lines vary in price, design,
and fit. Some for example have more trendy designs while others have basic trends for casual use.

Within each product line there are groups that further categorize each segment such as dresses or pants.

In each group there are references or articles, which are design trends that are categorized by a model
and textile quality. For example, a reference such as a denim jacket would be under the outerwear group

for product line A.
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2.4 Regular Season Merchandising and Distribution

Merchandising decisions are essentially investment decisions made by retail managers'’. From a
marketing prospective, there are many advantages to offering a wide assortment of products. Van
Ryzin and Mahajan suggest that having such an assortment will increase the likelihood a customer
will purchase something from that assortment (1999). Merchandising is centralized at Zara from

inventory distribution to store merchandising.

During the regular season, Zara’s inventory distribution philosophy uses a forecast to predict the
following week’s sales based on historic sales. A demand forecast and optimization model created by
Gallien and Caro is used to maximize revenue for a reference and determines how to allocate the
inventory to each store'”. Zara’s information technology system also enables store managers to place

any additional merchandise orders from a personal digital assistant (PDA). m

Figure 4 : Zara Merchandizing

Store merchandising is fundamental to Zara’s unique customer experience. At headquarters, Zara
has mock stores where visual merchandisers design store layouts including window and in-store
displays as well as a design assortment to facilitate a standard Zara appearance worldwide. Store
dynamics includes a very detailed process to ensure a well assorted collection of fashion designs
shown in Figure 4. This includes a strict rule on the number of sizes that can be displayed at a time

for a given article and a quick replenishment process once an item is sold.

11 (Sweeney, 1973)
12 (Correa, 2007)
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2.5 Clearance Season

Zara approached Professors Gallien and Caro to assist them once again in an optimization model but
this time for clearance season sales. The approach taken by the professors was to develop a two-step
process. The first was to establish a pricing policy to ensure articles during the clearance season were
priced in 2 manner that maximized revenues. Zara’s current pricing policy is managed by the Pricing
Team and country managers. Each week during the clearance season the sales team reviews its sales
at the current price and based on experience and instinct make pricing decisions. In 2007, LGO
Rodolfo Carboni in conjunction with Gallien and Caro worked on an optimization model that would

facilitate the pricing decisions".

The second step, which will be discussed here, is ensuting stores receive the proper merchandise for
the clearance season. The combination of having stores with the right merchandise and priced at the
right levels would facilitate Zara’s goal of maximizing clearance revenues. Similar methodologies are

used in both projects purposely in order to facilitate integration.

3 Clearance Distribution Problem

One month before the start of the clearance sale the Performance Management Team estimates store
sales for the remainder of the regular season merchandise. This includes sales from both the last
month of regular season and those accumulated from the clearance season. With this estimate a store
shipment schedule is created and is used by the business as the main disttibution plan. This chapter
discusses the clearance season in more detail focusing on the current inventory distribution decision
process. The process includes the existing clearance forecasting method as well as the allocation of

goods to each store.

3.1 Legacy Clearance Forecasting

The current forecasting method used by the PMT is based on data from similar campaigns and
seasons. Therefore, when estimating sales for the current winter clearance season the previous yeat’s
winter clearance sales data 1s used. The forecast is calculated by taking into account the sales from
the previous year and the current sales trend for that campaign and season. These estimations are in

both revenues and unit sales.

13 (Carboni, 2008)
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The forecasting method ensures all merchandise in the DC’s is distributed to the stores. Therefore,
stores are expected to make an effort to sell the excess inventory. A load factor that proportionately
allocates the inventory is used to calculate the expected effort of the store. The load factor

considers the inventory levels in the network including country warehouse, distribution centers,
and stores. If there is sufficient inventory in the store to cover the estimated sales, the store will
be blocked from additional shipments. Once the store estimations are complete they are aggregated

at a country level to identify if a country needs to be blocked.

The forecast drives the store shipment schedule by determining total store sales. The shipment
schedule uses this information to breaks down the total shipment by weekly shipments. Weekly

shipments are derived by a combination of store inventory capacity and maximum shipment levels.

3.2 Legacy Clearance Distribution Process

The PMT manages a schedule of shipments that is sent to the distribution center to decide what
merchandise each store will receive. A three step process is used by the distribution center to
determine the shipments. These steps are first selecting a reference, determining which stores to ship

the reference, and calculating the shipment size.

Figure 5: Distribution Center

3.2.1 Selecting a Reference

The first step is selecting a reference to distribute. Zara’s picking system is based on inputting a

reference and then assigning the quantity to ship to all stores. DC personnel pick at a reference level
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and then the item is physically sorted by store. This is different than picking a set of references for a
given store.

To choose which reference 7 , the distribution team considers merchandise with the highest success
ratio, lowest stock to sales ratio, and most inventories. Each reference has a success ratio SS,, which

is the ratio of total sales of a reference divided by the total opportunity of sales for the current
season. This estimates the success of sales over the life of the item. The range of the success ratio is
from 0 to 1 and used as a percentage of inventories that has been sold at a given store. A success

ratio of 0.8 signifies that 80 percent of the total inventory available to the store has been sold.

Equation 3-1 desctibes the success ratio in which [nventory, is the current stock on hand at a given

store and Sales, is the total sales of that reference.

Sales ,

SS, =
Invenotry , + Sales,

Equation 3-1: Success Ratio

Next, references are sorted by those with a low stock to sales ratio. The stock to sale ratio or rotation
Rot, is “a direct index of the stock which should be on hand at each store in a given time.'*” It
divides the stock at the end of a petiod with the sales during that period. Rotation is the number of
days the current inventory will remain on hand at a store if the sales rate remains the same for that
period. This differs from the success ratio as it is only captured at a given period and not the entire
season. At Zara, the stock to sales ratio is estimated on a daily or weekly basis. Equation 3-2 is the

rotation calculation for a given period.

Invento

r

Sales
Equation 3-2: Rotation

By considering the success ratio S5, and the stock to sale ratio Rof, the DC is ultimately choosing to
ship those items that are selling very well first. The sooner these items are in the store the more likely
they will be sold during the first week of clearance and will not have to be discounted numerous

times.

14 (Schmalz, 1928)
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Lastly, references with the most inventory on hand take priotity shipment. Items with the most stock
on hand are those that did not have success during the regular season. If there is an excess amount of
these items in the distribution centers they are likely to be used to fill store orders due to the volume

of the merchandise.

3.2.2 Choosing a Store

To choose which stores should recetve a shipment of a chosen reference, the DC team considers
first those stores that have the highest total unit sales of the reference and the highest sales of that
reference the previous week. The information system, based on point-of-sale, has this information
easily accessible for the user to monitor. Stores that have been blocked by the commercial manager
will have an alert in the system and will not allow the user to assign a pick list to that store. A final
method of choosing a store is based on the DC’s knowledge of that market. For instance, if the
reference is a pair of Bermuda shorts and it is known that historically Japan sells many Bermudas,

Japanese stores will have a priority of these shipments with respect to another country.

3.2.3 Store Shipment Size

The size of the shipment to each store is based on the current inventory level of that stote and its
sales the previous week. Conventionally store shipments are larger for the clearance season than for
the regular season since the merchandise is to replenish stock for the entire clearance season and not
just one week of sales. If there is an item in which there are less than a few thousand articles
available, the DC will ship to only those few stores with the highest historical sales. Once the top
references have been evaluated and assigned to a store the team sums the total shipments quantity
per store. A report is printed out with each stores shipment size and compared to the schedule

created by the PMT team to ensure the proper shipment sizes are implemented.

3.3 Proposed Solution

The proposed solution to this process is to create a demand forecast that will be use to determine
sales for both end-of-season and clearance season. It will be an automated process in which point-
of-sale data would be used for inventory and past sale records, making the forecast more viable. An
optimization model based from linear programming will be implemented to make distribution
decisions for each reference by maximizing profits for the global network and then minimizing costs

for distribution within each country.
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4 Forecasting Model

The fashion industry relies heavily on sales forecasting for operational decisions. Demand is very
volatile and “any gaps between supply and demand leave stores holding too much of what customers
don’t want and too little of what they do”". In Chapter 3 the traditional forecasting tools used by

Zara and how historical data is used to reflect current trends are discussed.

In this chapter the current forecasting model created by Caro and Gallien in 2007 is addressed. This
model that will be referred to as the pricing forecast, considers five vatiables to estimate demand
including the elasticity of demand in each country. It encompasses data from both the current
season as well as historical sales from the previous two years. Next, the model is analyzed by running
various simulations and hypothesis testing to determine key decision variables to improve forecasting

accuracy. Finally, a forecasting model for end-of-season demand is formulated.

4.1 Clearance Pricing Forecasting Model

In 2007, Caro and Gallien developed a forecast to estimate demand of a given reference at different
price points during the clearance season. The pricing forecast estimates expected unit sales for a
given reference at a group and country level. In Carboni’s case study, he found that the sales data
was most accurate when observed at an aggregated reference level. The pricing forecast is described

m Equation 4-1.

InvPos ! PY
ﬁLN[MIN[l, " *’ ]D [ﬁ LN(——’—D
ZW = e(ﬂor) * e(ﬂlLN(Purchase,)) * e(ﬂzAge:”) %k e(ﬂ3LN(ﬂ:}_] )) * e[ ) f*C.*S, * ’ PrT
-

Equation 4-1: Pricing Forecast!6

There are five explanatory variables, purchase, age, demand level, broken assortment, and price
discount. Purchase represents the global purchase in units of the given reference. Age refers to the
number of days the reference has been in the store starting from the day it shipped out of the
distribution center. The demand level is an estimation of demand based on sales from the week

before. Broken assortment refers to the variety colors and sizes available for a given reference.

Finally, the price discount is the price elasticity of demand also referred as S5 .

15 (Friend & Walker, 2001)
16 (Carboni, 2008)
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Regular season data is used to calculate f (the intercept) through £, (demand level) in 2 minimum
squared error linear regression. In order to normalize the regression, the model removes the effects
of seasonality and product assortment by using intra-week (de/f2) and inter-week seasonality. Intra-
week refers to seasonality observed from one day of the week to the next. Inter-week seasonality

measures sales patterns from one week in the regular season to another.

The broken assortment ( f,) and price discount ( f;) is calculated using historical regular season and

clearance season data. In order to estimate the price elasticity of demand, past data is important
when capturing the price sensitivity of each reference by country. the broken assortment also

changes during the clearance season as the majority of the reference collection was sold during the
regular season. f,and f; are calculated through a series of residuals and then are fitted in the linear

regression with the other variables.

Once the demand forecast is calculated it is must be converted into unit sales. The demand is than
multiplied by an a/jpha parameter that disaggregates the demand to a color, size, and store level.
Currently the demand 1s at a reference by country level. Next, it is multiplied by the de/fa intra-week
seasonality that gives an estimated demand by the number of days of the clearance period. During
the clearance season, each petiod of sales may vary in number of days as it is dependent on when the
business decides to make a pricing decision. Finally, the Gamma Distribution is used to convett this

calculation into unit sales.

4.2 Regular Season Forecasting

The pricing forecast created by Caro and Gallien estimates clearance sales using both historical and
current season data. Conceptually, the fitted model should be able to predict regular season demand
by using B, through f,. In this section this hypothesis is tested by predicting one week in the
regular season and then using the model to estimate sales for the remainder of the regular season. As
mentioned in Section 3.1, the current forecast is calculated four weeks before the clearance season.
In order to allow decision flexibility the forecast analysis in this chapter is based on an eight week

horizon.

Belgium’s winter 2008 regular season data was used to test the model. Belgium was chosen as it is a
medium size country with 25 stores and has been the pilot country chosen by Zara. The broken
assortment parameter will be calculated with the regular season data through the linear regression.
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Historical data will not be used as the price discount parameter will not be incorporated since there is

no change in prices during the regular season.

4.2.1 Forecasting for Weekly Regular Season Sales

The first test conducted was to understand if the pricing model, with modifications, would predict
weekly sales during the regular season. Meaning, can the pricing model determine sales for week 7+7

with current regular season data through week 2. Modifications to the pricing demand model were
calculating 3, with regular season data and removing . Another alteration needed for the model

was to use seven days for the de/ta intra-week seasonality used to transform the demand to sales.

Seven days represents the duration of a regular season sales week.

The sales forecast in comparison with the true sales resulted in a forecasting error of -1 percent. With
such a low error it was concluded that the modified forecast gave an acceptable estimation of weekly
sales. However, it was unclear if the model could estimate the eight weeks leading up to the

clearance sales. This is imperative to have when making the inventory distribution choices.

4.2.2 Forecasting for the Entire End-of-Season Sales

To determine if the same approach could be used to estimate the last eight weeks of the regular
season two methodologies were tested to calculate the intra-week seasonality. The first approach was
a straight line estimation using 56 days (7 days x 8 weeks) as it represents the remaining days left
before the clearance period. The second approach was a calculation based on the number of days a
SKU was on display at each store. In this latter method, it took the average days a given color and
size of a reference was on display per store. The number of days was calculated based on the day of

the first shipment to the store.

Though the average number of days on display of a SKU appeared to be logical, when testing both
methods this approach gave a large underestimation compared to the straight line approach. There
were many doubts about the straight line approach as sales tend to drop as the regular season comes
to an end. The results however proved to give a feasible prediction for two months in the future.

The new regular season forecast is shown in Equation 4-2. This equation is the same as Equation

4-1: Pricing Forecast but does not contain the price discount (B ) variable.
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Equation 4-2: Regular Season Forecast

4.2.3 Regular Season Comparison Test

After testing the regular season forecast, it was compared to the legacy forecasting method discussed
in Section 3.1. In the legacy method, the forecasts are estimated at a store level. The regular season
forecast, on the other hand, is based on sales for a reference therefore this estimation was
disaggregated to a store level in order to compare both techniques. The forecast error is calculated by
taking the difference between the forecast and the actual sales and dividing by the actual sales as

shown in Equation 4-3.

Forecast — True _ Sales

Forecast _Error =
True _Sales

Equation 4-3: Forecast Error

Figure 6 shows the forecast etror of both methods for each Belgian store. A negative error
represents an underestimation of the forecast where a positive etror represents an overestimation.
From a store level there is more variation in the forecast error using the regular season forecast.
However, at the aggregated country level, the regular season forecast gives a closer estimation of
sales than the legacy method. The ideal forecast the organization would like to obtain would be one

that decreases both store and country variation.
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Figure 6: Regular Season Forecast Comparison Test

With the regular season trials, the team was comfortable with the formulation of the regular season
forecast and the results of the comparison test. The next step was to focus on estimating sales for
the clearance season followed by experimenting with adding additional variables to improve the

demand forecast.

4.3 Clearance Season Forecasting

The pricing forecast is based on all data leading up to the clearance season. In other words, it
captures the entire regular season information to estimate clearance sales. Smith and Achabal’s
(1998) research demonstrates that the first clearance markdown tends to be the dominant
decision economically. With this in mind, Caro and Gallien designed the pricing forecast model
to estimate the first period of the clearance season and through a pricing optimization model to

calculate the total clearance sales".

The following tests focus on improving the first period of the clearance season by using the
pricing forecast. The first experiment was to test the forecast error using the data that would be
available eight weeks prior to the start of the clearance season. The second experiment was

testing other variables that may affect the elasticity of demand for the pricing discounts.

17 (Carboni, 2008)
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4.3.1 Forecasting Tests for the First Clearance Period

Estimating clearance sales two months before the sales begin is challenging. One aspect to consider
is that the inventory position in the current period will be different once the clearance season begins.
The current inventory position changes as there will be both sales and merchandise replenishment in
the eight weeks leading up to the clearance season, both of which are unknown. Inventory position
affects the calculation of the broken assortment variable in the linear regression. Moreover, it
impacts the conversion of the demand to sales through the Gamma Distribution. The Gamma
Distribution has two parameters & and zbefa. Theta is the scale parameter and in the Caro and Gallien
pricing model is the demand multiplied by the intra-week de/fa factor and an a/pha that disaggregates
the reference to a SKU and store level. Current stock level or inventory position is the parameter £
used to shape the Gamma Distribution. Changes to the stock level will impact the sale estimation.
Various iterations of the inventory position were tested to analyze how feasible it would be to

estimate the first week of clearance sales.

In this analysis winter 2008 data for all stores in Belgium were used. The clearance period duration
for the winter 2008 was five days, therefore the intra-week seasonality resulted in a 4.8 value'®. This

of course is an after-the-fact data point but was used to understand the viability of the model.
The various inventory positions are described below:

e Inventory Position I: The inventory position eight weeks prior to the start of the clearance
season, this would reflect the stock levels the business can identify.

e Inventory Position II: The stock level eight weeks prior to the clearance period plus all
shipments within the eight weeks. In practice an estimation of all the shipments would not be
feasible but was tested to determine the significance of these shipments.

¢ Inventory Position III: The inventory position at the start of the clearance season. The
inventory level at the beginning of the clearance season would be unknown in practice as

both shipments and generated sales would have to be considered.

The experiments showed that there was little difference with the forecast errors when using
Inventory Position I versus Inventory Position III. The second inventory position did not offer any

convincing insights and was quickly discarded. It was concluded that using stock levels two months

18 Each day of the week has its own sales weight (seasonality), the five days in this case had a 4.8 value.
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prior to the clearance season provides a demand forecast similar to one when knowing the true stock
level at the start of the clearance season. Consequently the pricing forecast could be used to

determine the first period of the clearance season given a shortage on regular season data.

4.3.2 Estimating the Elasticity of Demand

Price elasticity of demand is “a measure of the sensitivity of quantity demanded to changes in

1. The current model estimates the elasticity as a function of historical sales in the previous

price
two years. However, it fails to test if there are external factors that can influence the ratio between
quantity demanded and change in price. For the following experiment three yeats worth of data

(2006-2008) for the summer clearance season was used to test the variables for 10 countties using a
linear regression approach. The next section describes the factors considered as viable variables to

test.

4.3.2.1 Test Variables

1) Country Growth Domestic Product rate year over year: GDP was used to understand if
there was a trend with a countries growth that it may affect the elasticity of demand.

2) Country unemployment rate year over year': Unemployment rate was considered due to
the social impacts and changes in spending trends in consumers.

3) Store to city population ratio”: The ratio of population of each city to the number of
stores in each country was considered to understand the dynamics of any cannibalization
between stores.

4) Country economic position: Economic position of a country was a measure of how many
hours a store employee would have to work to be able to purchase an article from the store.

5) Regular Season Markdowns: The price elasticity of demand of regular season mark

downs.

19 (Wikipedia Elasticity of Demand)
2 (European Commission Eurostat)
21 (European Commission Eurostat)
22 (City Population, )
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4.3.2.2 Elasticity of Demand Regression Analysis

The pricing forecast focuses on estimating sales for each of the 21 groups at a time. As mentioned in
Section 2.3, groups are categotized into product lines. Through analyzing historical sales, there was

evidence in trends amongst product lines. Therefore, the elasticity of demand was estimated at the

product line level. Using the true B, for the summer clearance season, the elasticity of demand for

the product line was calculated by taking the average f; of the groups within the product line.

To test the correlation of the variables with the elasticity of demand, three years worth of data was
used for 10 countries with a total sample size of 30 per product line. The linear regression tested
each of the variables independently with only unemployment rate and regular season markdowns
proving to be statistically significant. The relationship with unemployment rate and the elasticity of
demand signified that consumers were more sensitive to price mark downs as the unemployment rate
inceased. However, using unemployment rates to determine the elasticity of demand for the
clearance sales has its short comings as these figures may not be readily accessible for all countries.
The elasticity of demand from the regular season markdowns, on the other hand, is a more practical
solution. The next step was to test the theory by estimating the elasticity of demand using current

season data.

4.3.2.3 Estimating B with Regular Season Markdowns

The plot of the linear regression using three years worth of data can be found in Figure 7. The
dependent vatiable f3; product line was estimated by taking the weighted average elasticity of each
group within the product line. Markdown elasticity was measured using the definition of price

elasticity found in Equation 4-4 were D is unit sales and Pis price. Since the unit sales are known

for the price markdown during the regular season, demand was not necessatry.

Elasticity = %ﬁ?

Equation 4-4: Markdown Elasticity?

The change in sales was determined by the sales of the last seven days at the regular season price

denoted by variablee and the sales for the first seven days at the markdown price denoted by variable

2 (Wikipedia Elasticity of Demand)
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b . The price ratio was calculated by using a weighted average that was dependent on the inventory
volume for each reference7. Equation 4-5 and Equation 4-6 illustrate the sales and price ratio
respectively.
D —-D
AD/D = —( b .)

e

Equation 4-5: Change in Sales Ratio

B =P
ZS‘OC": * (b_e_)
; F,
AP/P= -
ZStock,

Equation 4-6: Change in Price Ratio

To estimate the elasticity of demand for summer 2009, a simple linear regression was used given by

the regression analysis of the historical data. The relationship between the two variables can be found

in Figure 7 where y is the 5 product line for 2009 and x is the markdown elasticity for 2009.

Relationship of Historic Elasticity
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Figure 7: Demand Elasticity Plot

This linear relationship will give the elasticity of demand at the product line level, therefore needs to
be disaggregated at a group level for the pricing forecast. To estimate the f; group (B5) we took

the weighted average from the previous year as denoted in Equation 4-7. Where BS5p; represents S,

product line and tis the current year.
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B5:
B

B5L =

Equation 4-7: Beta-5 Weighted Average
Equation 4-8 portrays the final calculation of B35 ; by multiplying the group weighted average by
B3,

n t-1
BS. = B5' *BS,_
Equation 4-8: Beta-5 Group Estimation

With the estimated S for summer 2009, the pricing forecast was tested with these new values versus
the values given though the residual analysis discussed in Section 4.1.
Next, 10 countries with regular season data up to two months prior to the clearance season was used

to test the pricing forecast. The forecast errors using both methods of calculating the elasticity of

demand were compared and are shown in Table 1.

Pricing Pricing Forecast
Forecast + Markdowns

Table 1: Demand Forecast Beta-5 Comparison

The results showed that estimating the /3 using regular season markdowns improved the pricing
forecast by an absolute error in country 28 and 101. However, the pricing forecast overall had a
smaller error percentage for 80 percent of the countries tested. Another insight from this test was
that the model was successful in terms of forecast etror for multiple countries not just one as tested

in Section 4.3.1.
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4.4 New Variables for Demand

The last hypothesis in improving the pricing forecast was to determine if adding an additional
vatiable to the current five variable pricing forecast would decrease the overall forecasting error. In
Section 3.2.1 the stock to sales ratio called rotation was discussed as a factor that Zara uses to
measure how well a given article is performing. A rotation of 5 signifies that the current inventory for
a reference would last 5 days if the store continues to sell at that rate. The data used in this
experiment was winter 2008 figures for three medium size countries. To test if the Rotation variable

was significant in determining demand, it was added to the linear regression as f¢ and calculated

using regular season data. Given that the rotation is the stock to sales ratio, there are various
techniques that can measure this variable. Therefore, three distinct rotation measurements were
tested by adding them to the regular season forecast and the pricing forecast. Below are the rotation

calculations and results of these experiments.
1. Rotation of the first day of sale
2. Rotation of the first week of sale
3. Rotation of the total regular season

Collecting the data for the first two rotations was a tedious task as each article had its individual first
day of sale. The third rotation measurement took less effort to collect and calculate as 1t was the ratio
of the sum of total inventory and total sales for the regular season. Table 2 is a comparison of each

rotation measutement for a sample reference.

S  Rotation
FirstDayofSale  4.35
First Week of Sale 3.81
Total Season Sale 412

Table 2: Rotation Comparison

The rotation tests were tested on both the regular season forecast and the pricing forecast. In each
case, the results were not compelling. In the case of the pricing forecast, all three rotation
calculations were not statistically significant in the linear regression. The third rotation calculation,
however, was statistically significant in the regular season linear regression. The sales estimation for

the regular season with the rotation variable was an improvement from the legacy forecasting
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method but was not the case in comparison to the regular season forecast as shown in Equation 4-2.

It was therefore concluded that rotation is not a significant variable and will not be added to the two

forecasting methods.

4.5 Forecasting Process Summary

Caro and Gallien’s pricing forecast proved to be sufficient in determining both regular season sales
and clearance season sales with limited data. The forecast is aggregated at each reference and
predictions are arranged at a group and country level. A linear regression analysis is used to

determine demand and finally converted to sales though the Gamma Distribution.

The regular season forecast is a modification of the pricing forecast in that it did not contain the
ptice discount variable. A straight line estimation approach was used to estimate the sales for the
ending weeks of the regular season. The demand forecast is then converted to a sales forecast for

the optimization models discussed in Chapter 1.

Experiement

= Intra-week delta = Days on display X
H2: External factors affect price elasticy and can improve pricing forecast.
Experiement
1 External factors can predict beta-5
eRegularseasonmarkdowns
® Unemployment rate X
= Store to city population X
« Country economic position )4
2 Regularseason markdowns improve forecast XK.z
H3: Adding Rotation as a variable will improve forecast. _
Experiement Resuits
______ 1 e Rotation= First day of sale X
__®Rotation=Firstweek ofsale X
# Rotation = Total season sale ) 4

Figure 8: Forecast Experiment Summary

In estimating demand for the clearance season, the pricing forecast proved to be sufficient. Various
tests were conducted to improve the model as shown in Figure 8 but all failed in providing
compelling evidence to change the current model. The demand for the first week of the clearance

season at vatious discounted prices is determined by using the pricing forecast and an optimization
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model discussed in Carboni’s case study. To estimate inventory distribution for the clearance season,

a demand estimate is used for the clearance season rather than a sales estimate as used in the regular

season forecast. This is due to the optimization models that will be discussed in the following

chapter that will determine the shipment based on the available inventory and demand.
5 Model Formulation: Clearance Material Distribution Optimization

The optimization model was broken down into two models in order to be able to manage the
size of the data of 11,000 SKUs and 73 countries. The objective of the first model is to
maximize global profits for each group and pricing cluster by determining the allocation of
inventory to each country. A pricing cluster is a set of references that have the same regular
season price. It uses the demand forecast at each of the various price points from the regular
season price to the distinct price discounts during the clearance season. The output of this

model will be the number of units to ship to a county in a given group and pricing cluster.

In the second model it will take each group and cluster and allocate these at a reference level to
each store while minimizing shipping costs. With this model users can determine what reference
to ship to each store from the distribution centers and local warehouses as well as which
references to transfer from one store to another. These two models are designed to run a few
weeks before the clearance season begins to assign the total number of units by reference to
ship to each store for both end-of-season and clearance season sales. The two models were

formulated by Professor Felipe Caro®.

In order to distinguish the variables between regular season and clearance season, in the

following section variables and parameters with a tilde ~ will denote regular season. For example
F,. and F,  denote the sales forecast for a given country m , group g, and cluster # during the

regular season and the clearance season respectfully.

5.1 Model I: Maximizing Revenues Formulation

The purpose of this optimization model is to maximize global profits by making inventory

distribution decisions based on a dynamic pricing system. The model considers each product

2 (Caro F. , In preparation for: Coordination of Inventory Distribution and Price Markdowns for Clearance Sales, 2009,
November 15)
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group and pricing cluster in determining the allocation of the inventory to each country.
Inventory and demand estimates are taken from the POS system each period for data accuracy.
For clearance markdowns it is assumed that pricing decisions are permanent, therefore cannot

increase overtime. The general notations of the model will be introduced first followed by the

definition of the parameters.

5.1.1 Indices and Index Sets

® me M : Each county within the distribution network. The index m will also be used to
denote local warehouses for those countries in which it exists.

® g€ A:Main distribution centers located in Spain. Thus, a(m)denotes the distribution
center that supplies country m and a(j) the distribution center that supplies store j . Let
P(a) c M and T(a) c J denote the set of countties and stores respectfully that are

supplied by the distribution centers.

e g e G: Clearance sales groups that represent each product line and are numbered from 1

to 21.

e neN(g): Price clusters in a given group g . each group g has distinct price clusters that

represent several references? .

e keK= {k k2> 1}: Clearance prices are indexed by (k). Let p, denote the set of clearance

prices that increases by convention, i.e. p; < p, <...< p,, where p, is the final liquidation

price.

e welWW= {W: 0<w< W}: Periods within the clearance season, where w = 0 represents the

first period of the clearance season and w =W the last period of the season.

5.1.2 Parameters

Each country has different price clusters based on their currency as well as their local market

demand. For example, an article in the distribution center may be categorized in price cluster 9.99

Euros. That same article in a different country might have a different price point in the local country

currency. In order to allocate the inventory the clusters were standardized in the pricing categories
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of the distribution centers located in Spain. Therefore, the clusters were grouped in the same

grouping as the distribution centers and prices were converted into Euros.
® Pt Regular season price in Euros, for cluster # in country m and group g .

® psalvage,: Liquidation price for each group g at the end of the clearance season.

When allocating inventory from the distribution centets, the model includes metchandise for the
current season that is in transit or on order from the vendor. It is important to count this inventory
as 1t will only be sold during the current season and will be distributed for the current petiod as well
as the clearance season. Any changes to vendor fulfillment is updated on a weekly basis and reflected

in the inventory count. Therefore the inventory on hand in the curtent period is denoted as follows:

~

. : Inventory on hand in units, at the beginning of the current period at distribution

T .
center a and in group gand cluster # . The inventory also includes incoming merchandise
from vendors for the current regular season.

e [, Inventory on hand in units, at the beginning of the current period at countty m and in
group gand clustern . This is the total inventory in each country which represents the
total inventory on hand in both the stores and the local warehouse (if it exists) for a given
country.

The forecast for each country, specified by the regular season forecast and pricing forecast discussed
i Chapter 4 are denoted below.

® F,.: Estimated demand in units for the clearance season at country m and in group gand

clustern .

~

e [, ,: Estimated sales in units for the end-of-season sales during the regular season at
country m and in group gand clustern . This represents estimated sales as discussed in
Section 4.6.

To ensure the inventory is distributed across vatious countries a maximum shipment constraint is

established. The maximum shipment constraint is based on the success ratio SS,,, for each group

gand cluster n for country m . There are four steps to calculate this parameter.

* B, :Maximum shipment of a given group g and cluster n for country.
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Step 1 — Calculating a countries success ratio

In order to calculate the country success ratio, the success ratios of all new store openings,
closing, or expansions must first be estimated. Each year there are new store openings and
to account for expected sales from these stores a sales level of an equivalent store that has

been opened for at least one year must be assigned to the new store.
Step 2 — Eliminating counties with low success ratios
For a country m that has a success ratio SSmgn that is 1.5 standard deviations below the mean

Hpgy Of all countties in the set of M, let B, , =0 and remove that country from M ,.

gn’

Step 3 —Caleulating the maximum shipment B,,,,

For all countries m € M, , let the maximum shipment be calculated by the following

equation:
Sales
mgn
B, = Zlagn °d, ., where d, = ZSales '
acA oy mgn
meM gy

Equation 5-1: Maximum Shipment Estimation

Step 4 — Recaleulating B,

LetX,,, be the minimum shipment quality, which can be country, group, or cluster specific
if necessary. If B <X pen for countrym , setB, , =0 and remove that country from M "

For those countries that remain in M, recalculate B, .

5.1.3 Decision Variables

. : Inventory flow in units from the distribution centers to country m for group g

qmgn
and clustern .

e [,.,: Inventory on hand in units for period wduring the clearance season at country m in

group gand clustern .
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° lmgn : Expected sales in units during the regular season for country m in group gand
clustern .

® Ao Expected sales in units for period w during the clearance season for country m in
group gand cluster n at clearance price k .

® {4 Inventory flow in units from distribution center a toa'for group g and clustern .

® Xy € {O,l} : Binary decision variable indicating whether the clearance price for clustern
in group gand county m should be less than or equal p, to during the clearance periodw.

® Voo € {0,1}: Binary decision variable associated with X, , , that assumes the value of 1 if

the price p, is assigned to clustern in periodw .

® Lsaldero,, : Total inventory that will be salvaged in country m and group g .

5.1.4 Objective Function

The objective function in Model I is to maximize sales by taking the sum of total sales and
subtracting the associated costs. There are three elements in which profits can be generated and two

shipment costs that are being considered.

Max E0S_SALES+C_SALES+S_SALES—CS_COSTS~DCS _COSTS

Equation 5-2: Maximizing Revenues

® Variable EoS _ SALES: Represents the total revenue generated from the end-of-season or
regular season sales. This corresponds to the sales forecast made by the forecast model at

the regular season price.

EoS_SALES= > (Bpn X Aongn)

(m,g2)eMxG,
neN(g)

Equation 5-3: End-of-Season Sales

e Variable C _ SALES: This variable is the revenue generated during the clearance season.
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C_SALES = ) pyx At

(m.g)eMxG,
neN(g)
0<w<W k21

Equation 5-4: Clearance Season Sales

Variable S SALES': Represents the revenues generated by selling the excess inventory in

each country and distribution centers at the liquidation price.

S_SALES= Y (In, +I,,)x psalvage,

(m,g)eMxG,
neN(g)

Equation 5-5: Liquidation Sales
Variable CS _ COSTS : This variable is the cost of shipping a unit from the distribution

centerg to countrym .

CS_COSTS =Cuts Y (Bogn * Imgn)

(m,g)eM, '
geG,neN(g)

Equation 5-6: Country Shipment Cost

Variable DCS _ COSTS : Represents the cost of shipping a unit from the distribution

centera to distribution center a'.

DCS_COSTS =Cas D (Pogn X Quen)

a,a'eA,
geG,neN(g)

Equation 5-7: Intra-DC Shipment Cost

5.1.5 Model I Constraints

The following constraints are inventory flow constraints for the distribution centers and the

countries. The first constraint ensures that the shipments made from the distribution centers do not

exceed the inventory available. In Constraint 5-2, it ensures a balance of mventory flow for each

country. The third constraint models the initial inventory levels of each clearance period by

discounting the sales from the previous period.

Tagn + an’agn 2 Z qmgn + ana'gnv(a’g’n) € AGN

a'ed meP(a) a'ed

Constraint 5-1: DC Inventory Balance
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o _ 7 ~
Imgn - Imgn + qmgn - ]’mgnv(m3 g’”) € MGN
Constraint 5-2: Country Inventory Balance

Im=Ir =Y &,V (mg,nw) e MGNW

k21
Constraint 5-3: Clearance Inventory Flow
The expected sales estimation for the Optimization Model I is limited by sales forecast shown in
Constraint 5-4 and Constraint 5-5.

Amgn S Frpen¥(m, g,n) e MGN

Constraint 5-4: Expected Regular Season Sales

Zomenkc S Froen (D) Yo * tiempo™ ¥ (m, g, n,k, w) € MGNKW

Constraint 5-5: Expected Clearance Season Sales

As calculated in Section 5.1.2, the maximum shipment constraint is used to ensure merchandise is
allocated to multiple countries. This calculation serves as an essential factor for blocking countries

from receiving a shipment for a given group or cluster.

qug" < Bugn¥(m,g,n) € MGN

geG,neN(g)
Constraint 5-6: Maximum Shipment

A minimum shipment constraint is necessary to ensure single digit shipments ate not sent to each
country. For any item in the distribution centers that has a stock level below this minimum
shipment, these items would not ship to the countries and would ultimately be sold at the liquidated

price. The minimum shipment requirement is determined by the distribution center policy.

qug" 2 OnV(m,g,n) e MGN

geG,neN(g)
Constraint 5-7: Minimum Shipment

Constraint 5-8 ensures that the initial ordering of each price cluster is maintained throughout the
clearance period. For example, if reference 7 was priced higher during the regular season than

reference 7', it will never be price lower than reference 7' during the clearance season.
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Xk S Xeno1x V(m, g, 1k, w) € MGNKW

Constraint 5-8: Price Cluster Order

In order to follow Zara’s clearance pricing policy, Constraint 5-9 ensures that the price of an article

can never increase as the clearance period progresses. Meaning that the clearance price for period

w+1can only be equal or below the clearance price in week w .

X, V(m,g,n k,w) e MGNKW

mgnk — xmgnk

Constraint 5-9: Pricing Restriction
Constraint 5-10 and Constraint 5-11ensure the all clusters will be discounted during the first week of
the clearance period.

Xponk = lV(m,g,n,max(k) 3 Pt < Dgn *(1 —Min_Discount))e MGNK
Constraint 5-10: Cluster Discounts
yrlngnk =1 V(m:gan’k) € MGNK
Constraint 5-11: First Week Discounts

The total liquidation revenues that can be generated are restricted by the amount of excess inventory
in the distribution centers and the countries given in Constraint 5-12. The liquidated inventory for
each country is restricted by the amount of inventory left unsold at the end of the clearance season as
denoted in Constraint 5-13.

Tagn= Y qme)+ D10, _[ STan+ Y. W)-S, V(a,m,g,n) € AMGN

(a,g,n)eAGN(g) meM (m,g,n)eMGN (g) (a,g,n)eAGN(g)  (m,g,n)eMGN (g)
Constraint 5-12: Liquidation Revenues

Lsalderome < > I V(m,g,n,w) e MGNW

neN(g)
Constraint 5-13: Country Liquidation
The three following constraints are structural constraints to facilitates the binary variables x and y .

x Y(m,g,n,k,w) e MGNKW

mgnk—1 < mgnk

Constraint 5-14: Structural Constraint I
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Vene = Xowenie — Xmene1 ¥ (M, g, 1, k, w) € MGNKW
Constraint 5-15: Structural Constraint II
Vg s Xmgnk € {O,I}V(m, g,m,k,w)e MGNKW
Constraint 5-16: Binary Variables

Constraint 5-17 and Constraint 5-18 enforces all shipments, expected sales and stock levels to have

positive values.

Amgnics Lmgne = OV (m, g, n,k, w) € MGNKW

‘mgnk *
Constraint 5-17: Non-Negative Clearance Values

A >0V(a,a’,m,g,n)e AAMGN

qaa'gn > qmgn >““mgn

Constraint 5-18: Non-Negative Shipments and Demand

5.1.6 Levers

The following are levers that can be adjusted based on business policy and standards.

e (), : Shipment costs by unit from distribution centers to country m .
e (,: Shipment costs by unit from one distribution center to another.

e D:Number of days in a clearance period.

® . : Number of periods in the clearance season in which W, represents the first period in
the clearance season and W, the last period.

e §,: Percent of stock in the distribution centers that can be salvaged.

e S, : Percent of total global stock that can be salvaged.

* (., :Minimum shipment quantity in units per country m .

e Min_ Discount: Minimum discount for the first week of sale. This forces the model to

make a minimum discount for which price clusters must be marked down in respect to the

regular season.
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e tiempo: Time factor that decreases the amount country clearance sales each week. A time

factor of 0.80 represents that the maximum amount of sales the current clearance period

can be is 80% of the estimated sales forecast from the previous week.

5.2 Model II: Minimizing Costs Formulation

The purpose of Model I is to distribute the merchandise to each store by minimizing shipment
costs. With the output of Model I that dictates the total quantity to ship to each country at a group
and cluster level, this model disaggregates the shipments to an article and store level. This
optimization model focuses on one group and cluster at a time due to the excess amount of data.
The number of references in a group and cluster can range from 1 to 100 and they are distributed to

over 1200 stores in 73 counties.

5.2.1 Indices and Index Sets

The following are additional references that are introduced in Model II in addition to those from the

first model.

e 7€ R(n): References in a given price cluster 7. A reference is a given fashion design that
is categorized by their original regular season price and grouped by a price clustern .

e jeJ: Stores within the distribution network. Let m(j) denote the country of stote j and
T(m)c J denote the set of stotes in country m .

e /e L: Logistic platforms for each store. Stores are able ship and receive clearance
merchandise from stores within their county or within a region of the country. Therefore,
£(j) denotes the logistic platform for a given store and T'(¢)  J denotes the set of stores

associated with platform £ .

5.2.2 Parameters

The following initial inventory parameters similar to those in Model I, however these are at a

reference level not at a group and cluster level.

~

o [, :Inventory in units at the beginning of the cutrent period for distribution centera and

reference? .

~

e [ :Inventory in units at the beginning of the current period for store j and referencer .
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~

e I, :Inventory in units at the beginning of the current period for country m and reference

r.

The first optimization model gives an output of the total shipment to a country by group and cluster
in the decision variableq,,.,. In this model it is important to first determine how to distribute this
quantity to each store. The total inventory in the country plus the incoming shipment from the
distribution center is allocated to each store based on the percentage of sales of each store in its

respected country. The store’s current inventory is also taken into consideration as shown in

Equation 5-8.

e A;: Total shipment quantity in units allocated to each store j .

Salesjgn
A=\ + -d, - T.Where,d. =
j (mgn qmgn) Jgn ; rj Jgn .‘TZSaleSj.gn
JE€lp(ny

Equation 5-8: Store Shipment Quantity

Similar to the maximum shipment calculation of B, , in Model ], there is a similar variable for the

maximum shipment per store and reference. This parameter ensures references are well allocated to
each store and allows certain references to be blocked at a store level. There are six steps in the

calculation of this parameter as discussed below:
e B, :Maximum shipment quantity in units for store j and referencer .
Step 1: Set maximum shipment to ero if country shipment is gero

Let J,be the set of all stores for referencer . For any country m that g, =0,set B, =0

for all j € T(m)and remove those stores from J,.

Step 2: Remove stores fromJ, that have a low success ratio

For a store j that has a success ratio S, that is 1.5 standard deviations below the mean x,;

of all stores j in the set J,, let B, =0and remove that store from J, .

Step 3: Verify if the shipment meets the minimum shipment requirement
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LetH represent the maximum number of stores that can receive a referencer . Let

Jr

represent the number of stores in set J,and X, the minimum shipment requirement

that may be reference specific. Calculate by using the following Equation 5. 8. If
H<\|J, J,

, then remove |J,| — H stores from J, that have the lowest success ratio S, and set

B.=0.

)

> L
H = aeAd
X

r

Equation 5-9: Maximum Number of Stores

Step 4: Calculating B,

Let [ﬂjr = max{lj,O} denote the positive part of 4,. For every store j € J, calculate B,

using Equation 5.9.

I

Jj'ed,

Equation 5-10: Store Maximum Shipment

Step 5: Ensuring B, meets the minimum shipment requirement

For a store j that does not meet the minimum shipment requirement B, < X, set B, =0

and remove the store fromJ, .

Step 6: Recaliulate B,; and verify feasibility

Recalculate B, for those stores j € J, using Equation 5.10. To avoid infeasibility, verify the

following condition is met for each store.

2By 2 0d,,
reR ()

Equation 5-11: Feasibility Calculation
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5.2.3 Decision Variables

All the decision variables in this model are shipment quantities from one point to another. The

variables below are those shipments from the disttibution center and country warehouses.

® g, Shipment quantity in units for referencer from distribution centera to store j .
® ¢, Shipment quantity in units for referencer from country warehouse m to store j .

® ¢, : Transshipment quantity in units for referencer between distribution centera and

a.

During the clearance season, stores may receive merchandise from other stores within its country.
Most countries do not have a country warehouse that can facilitate store to stote transfers, therefore
there are logistic platforms in each country were shipments are sent and cross docked to another site.
Each store has only one logistic platform and shipments can be transferred between one logistic
platform and another. The following decision variables facilitate store to store transfers using these

logistic platforms.

® g,,: Shipment quantity in units for referencer from logistic platform ¢ to store j .
® g,,: Shipment quantity in units for reference r from store j to logistic platform ¢ .

® g, : Transshipment quantity in units for reference 7 between logistic platform ¢ and ¢'.

5.2.4 Objective Function

The objection function is to minimize shipment costs when distributing merchandise to each store.
There are five basic elements in the optimization Model II, each represents costs associated with
moving merchandise between distribution centers, stores and logistic platforms. All costs are based

on unit costs per reference.

minZ Cyr Zq raa TCs ° Z(qu(m ) ter Zq rr T Ca Zq m(jyj T Cu qu(m

reR a,a'eA jeJ ll'eL JjeJ jeJ

Equation 5-12: Minimizing Costs
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Variable DC2DC': The cost of shipping a reference between one distribution center to
another. This cost includes handling costs as in many instances ptice tags must be removed
and replaced if the merchandise is shipping to a country with a different price. It is the

same cost as the cost in Model 1.

DC2DC = Z(c,, . qua‘]

reR a,a'eA
Equation 5-13: DC-to-DC Shipment Cost

Variable Store  LP: The shipping cost variable of distributing merchandise from one

store to another through a logistic platform. The shipping cost includes material handling
costs of preparing the shipment in one store and receiving the shipment in another store.
Cuttently, commercial managers are responsible in making the decision of what fashion
items to transfer store to store. This variable helps facilitate that decision based on

transportation costs.
Store LP = Z(Cs 2 iy + 9 )J
reR jeJ
Equation 5-14: Store-to-Store Shipping Cost

Variable LP2LP: The cost of shipping one item from a logistic platform to another. One
example of is a store in New York has excess merchandise that can be sold in a store in
Miami will ship the articles to its northeast logistic platform. That platform would then
ship the material to the southern logistic platform and enable the merchandise to be

distributed to stores that support the southern region of the United States.
LP2LP= Z(CL . Zq,ﬂ-)
reR ll'eL
Equation 5-15: LP-to-LP Shipping Cost
Vatiable DC _ Store: The cost to ship from the distribution centers to the stores in which

the cost C,, from Model I is similar. Shipment cost includes both transportation and

material handling costs.
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DC_Store=) | c, D Grais

reR jeJ
Equation 5-16: DC-to-Store Shipping Cost

e Variable Warehouse_Store: Represents the cost of shipping merchandise from the local

country warehouse to a store. There are only a few countties that have a large number of

stores that need a warehouse to support sales.

Warehouse_Store= | ¢\, ® Y g,

reR jeJ

Equation 5-17: Warehouse-to-Store Shipping Cost

5.2.5 Constraints

There are five main constraints in Model II that are primarily based on inventory flow and shipment
constraints. Constraint 5-19 ensures shipments from the distribution centers do not exceed the

mnventory available.

Tm + qu.a > Z 9,4+ qua.‘v’r eR(n),ac 4

a'ed jeT(a) a'ed
Constraint 5-19: DC Inventory Balance

Constraint 5-20 ensures that all merchandise flows through a logistic platform and is not stored at

the logistic platform.

lzqu'l + qujl =qu11' + quzjv" €R(n),leL
el

jeT{) I'el jer ()
Constraint 5-20: LP Inventory Flow

Constraint 5-21 is an inventory balance equation that ensures shipments from country warehouses

do not exceed the inventory on hand.

Trm > quj‘v’r eR(n),meM

JeT (m)
Constraint 5-21: Warehouse Inventotry Balance

Constraint 5-22 ensures that the inflow of inventory to each store is at least the total shipment
quantity allocated to that store.
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Z(qra(j)j Gy T ) 2+ Dy €

reR(n) reR(n)
Constraint 5-22: Store Inventory Flow

Constraint 5-23 ensures shipments of a reference are distributed to multiple stores by the maximum

shipment requirement.

(Graiiy; + Dmiiy; + Duiiy;) S B, Vr € R(n),jeJ
Constraint 5-23: Maximum Shipment
Constraint 5-24 requires all shipments to be positive.
Drac> raj> D> Drij> D> Drir 2 OVreR(n),jel,ac Al l'eL

Constraint 5-24: Non- Negative Shipments

5.2.6 Levers

The only levers in this model are the costs associated with shipping and handling.

e (Cs: Transportation cost between logistic platforms to stores.
e (), :Transportation cost between logistic platforms to logistic platforms.

e (C,, : Transportation cost from country warehouse to store.

6 Implementation

The implementation and results of the optimization models will be discussed in this chapter. The
integer progtamming language AMPL was used to execute the optimization model. The results of
the model are exported to a database where SQL queries are utilized to manage the data. In this
chapter an example of the output information provided by the optimization model will be provided.

Finally, an analysis of the model results will be discussed.

6.1 AMPL Files

The optimization models were formulated using a mixed integer program model coded in the
programming language AMPL and solved using IBM ILOG CPLEX linear programming Solver.
Each optimization model contains three files in which MIT4_PAIS represents Model I and

51



MIT4_TIENDA represents Model II. The AMPL code for all six files can be found in the Appendix

Section 8.1 and 0.

e MIT4_PAIS.mod and MIT4_TIENDA.mod: These files contain the optimization model
formulation including variables, parameters, objection functions, constraint declarations

and definitions.

e MIT4_PAIS.dat and MIT4_TIENDA.dat: The purpose of this module is to load
external input parameters into the model through SQL queties. Input data includes the

forecasts, inventory position, maximum shipment requitement and related variables.

o MIT4_PAIS.run and MIT4_TIENDA.run: The run file invokes the model and data
components through the Solver and exports the results to an internal database. This file
serves as the working file once the model is complete. Any adjustments to the levers such
as costs, clearance group, length of the clearance period and others mentioned in Section

1 are configured in the run file.

6.2 Model I Output

Model I is managed at a group level for all countries in the network and the objective function is to
maximize global revenues. The output of the model provides estimated country sales and shipment

tecommendations at a group cluster level from DC to DC and DC to country. In this first model,
the most important decision variable is 9 men » 2s it determines the total DC shipments to a country

and is the main input for Model I

Table 3 represents the inventory flow for group 8 and cluster 4590. In this example, the model lists
each country and its inventory position from the current date (Inv_RS) to the end of clearance
season (Final_Inv). Sale_RS and Sales_CS are the predicted sales for the regular and clearance

season respectfully. Inv_CS is the estimated inventory at the start of the clearance season. For
Country 1, the model suggests to ship 3538 units (¢, ) to cover all sales leaving no excess inventory

in the country. If the user wants the inventoty in the distribution center to be depleted, some

countries may receive excess merchandise as the case of Country 4.
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4590 17331 3539 3528 17320 17320

1 8 0
2 8 4590 1503 154 479 1828 1828 0
3 8 4590 5293 254 992 6031 6031 0
4 8 4590 7883 741 851 7993 7911 82

Table 3: Model I Country Detailed Shipments

6.3 Model II Output

Model IT uses the shipment recommendation for each country from Model I and determines the

shipment size by store and article. The objective function 1s to minimize shipment costs between
stores, warehouses and distribution centers. Table 4 is an example of the distribution decision for
article 318990. In the example below, Store 64 will not receive any inbound shipments and has

excess inventory that will be shipped to another store. Store 3230 on the other hand, has expected

sales of 37 units and will be replenished by multiple locations.

_ DC cw Store s
Country Store Group Cluster Article Stock shipments' |Shipsents. “Shlnrmeets Ou'tbound
Shipment
11 64 11 2990 318990 30 0 0 0 10
6 3230 11 2990 318990 2 20 10 5 0

Table 4: Model II Store Detailed Shipment

Distribution center reports are also available at a detailed store and article level. The reports
primarily demonstrate the inventory flow between distribution centers and store shipments. Table 5

is an example of the aggregated inventory position for two distribution centers.

122076
18555

1 954913 682939 202221
2 518052 1136758 656

Table 5: Model II DC Total Shipments

6.4 Optimization Model Analysis

The optimization model was tested to predict the end of the regular season and clearance season
sales for the winter 2010 campaign. This prediction occurred in December 2009, a few weeks prior
to the start of the clearance season. In the following sections an analysis of the forecast errors of the
legacy process and the optimization model in respect to actual sales at the closing of the campaign is

discussed.
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6.4.1 Legacy Process and Proposed Model Fit

To ensure the model aligned with the decision of the current legacy process, both country forecasts
were plotted in a bivariate fit. As illustrated in Figure 9, the MIT solution in total unit sales has a
linear fit with the legacy process. The correlation of the models signified that the proposed solution

supports the cutrrent practice and there is not a drastic difference.
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Figure 9: Unit Sales by Country Linear Fit

6.4.2 Winter 2010 Forecast Error Overview

The forecast error for total global unit sales was 4 percent for the optimization model and 8 percent
for the legacy model. The distribution of the country errors for the optimization model and the

legacy model can be found in Figure 10 and Figure 11respectfully.
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Figure 10: Optimization Model Descriptive Statistics
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Figure 11: Legacy Process Descriptive Statistics

Both processes are normally distributed, with the average country error for the test model was 8
petcent in comparison to a 2 percent average for the legacy process. The optimization model on the
other hand, had a much smaller standard deviation than the legacy model at 0.09 compared to 0.14.
Through a capability test analysis, with a lower specification limit (LSL) of -0.2 and an upper
specification limit (USL) of 0.2, 92 percent of the countries fell within this error range with the
optimization model predictions. For the legacy process, only 82 percent of the forecast errors are

within this span as seen in Figure 12 and Figure 13.
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Figure 13: Legacy Process Capability Analysis
There were a total of 70 countries tested, through statistical analysis five countries were identified as
outliers. These outliers represented countries in which the forecast was unable to give an adequate
estimation. In some cases it was because the country was a new market entry for Zara and did not
have any historical sales data. While other cases had external factors that affected country sales

creating a large gap between the forecast.

The regular season forecasts errors for the optimization model (MIT) did not verify the
improvement to the legacy process as it did in the test discussed in Section 4.2.3. As shown in Table
6, the legacy process had a 3 percent error for global sales during the regular season while the

optimization model was 76 percent. If one looks at the average error pet country the error value is
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extremely high over 90% in both models with very high standard deviations. Therefore, the current
methodology for estimating the end-of-season sales needs to be adjusted to provide a more accurate

estimation in both models.

LEGACY 3% 94% 2.4 8% 2% 0.14
MIT 76% 118% 1.09 -2% 3% 0.09

Table 6: Legacy vs. MIT Forecast Error

Clearance season estimations were improved using the MIT optimization model. The total global
sales error was -2 percent for the optimization model and 8 percent for the legacy process. The
average error per store was similar at 2 and 3 percent. The main difference is that the varability of
the error was reduced using the optimization model making the spread much smaller. To view the

descriptive statistics on both the regular and clearance season data refer to Appendix 8.1.

6.4.3 Store Forecast Error

As discussed in Section 3, the legacy process is based on a top down approach in which the store
forecast is estimated followed by the detailed article shipments. The pricing forecast however is a
bottom up approach that focuses on estimating sales for each group and article then sorted at a store
level. Viewing the descriptive statistics of the store forecast errors, the average error for the legacy

process was about 13 percent with a standard deviation of 0.22 as shown in

Figure 14 . The mean error for the optimization model was 5 percent with a standard deviation of

0.38 illustrated in Figure 15.

iean 0.1272778
Std Dev 0.2190128
Std Err Mean 0.0063082
Upper 85% iean 0.1396561
Lower 95% Mean 0.1148885
N 1205

Sum Waot 1205
Sum 153.36972
Variance 0.0479566
Skewness 1.93086
Kurtosis

cv

N Missing
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Figure 14: Legacy Store Descriptive Statistics
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Figure 15: Optimization Model Store Descriptive Statistics

The capability analysis of the models in Figure 16 and Figure 17 show that the legacy process mean is
further away from the target value of zero error in comparison to the optimization model.

However, 30 percent of the stores in the legacy process have errors outside of the specification limits
while 50 percent of stores fall outside in the optimization model. The large variance in the

optimization model is the driving force behind this difference.
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Figure 16: Legacy Store Capability Analysis
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cP 0472 0186 0179
. CPK 0128 0108  0.147
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Figure 17: Optimization Model Store Capability Analysis

6.4.4 Product Line Forecast Error

One of the advantages of the optimization model to the legacy forecasting method 1s that predictions
can be evaluated at a product line, group or article level. The current process only estimates total unit
sales at a store level. As mentioned in Section 2.3 there are six product lines with a total of 21

groups. Table 7 exhibits the forecast errors at a global product line level and the average etror per

group within the product line.
REGULARSEASON CLEARANCE SEASON TOTAL SALES
Average StdDev Total Global Average Std Dev Total Global Average Std Dev
A 8% 8% 17 | 3%  27% 019 | %% 27% 0.15
B 86% 161% 4 -7% 0% 0.18 O% 6% 015
o 42% 64% 0.77 -1% 3% 0.12 4% 5% 0.11
D 8% 130% 25 | 8% &% 023 3% 2% 0.22
E 192% 237% 2.13 -3% 7% 0.14 9% 14% 0.14
F 77% 213% 5.2 0% 7% 0.19 6% 13% 0.18

Table 7: Product Line Forecast Error Summary

The table demonstrates once again that regular season forecasts had large over estimations of sales
and must be adjusted to reduce the gap. The clearance season estimations as well as the total unit
sales estimations are in acceptable ranges, mainly single digit differences. Product line A has a
significantly higher disparity with the sales prediction. This is primarily due to the product line’s

characteristics as it carries a greater assortment of articles and there is very low volume of each article
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in comparison with the other lines. In viewing the total unit sales by product line in Figure 18 it is

apparent that these errors for produce line A are not significant as it only represents 4 percent of the

total unit sales.

Figure 18: Product Line Unit Sales

Viewing the forecast errors at a group level, it is evident that some groups such as 2, 13, and 14 have
a wider error span. These groups belong to product line D and F, the two that have the largest
standard deviation. Adjustments to the forecasting model will be necessary for these individual

groups to be able to reduce the variability for each product line.
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Figure 19: Group Error Chart
7 Conclusions

Clearance inventory management and pricing are important and challenging problems in retailing.

Final sales depend on the pricing, seasonal effects, and the assortment of goods available to the
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customet. Errors in inventory distribution and clearance pricing result in loss of potential revenue or
excess inventory to be liquidated. Supply chain models often concentrate on logistic costs and
inventory management. Sequentially an organization may use a marketing model that focus on
pricing strategies and impact on sales volume and revenues. In order to effectively and efficiently
maximize clearance revenues an integrated model must be developed to make joint marketing and

production decisions.

The case study on Zara was an 11 month analysis on improving the inventory distribution decisions
for the clearance season while considering price markdowns. An optimization model was created
that maximized revenues by considering potential pricing decisions with the current inventory
position. The model used a forecast that predicted sales at a product line and group level for each
country and then desegregated the sales to a store and article level. Both the forecast and the
optimization models are designed to facilitate distribution decisions up to two months prior to the
start of the clearance season. It can be updated on a daily or weekly basis to capture accurate point of

sale data.

7.1 Recommendations for Zara

At the end of the winter 2010 clearance season a forecast error analysis was conducted to compare
the legacy process and the proposed solution. It was found that the optimization model had a global
sales error of 4 percent an improvement to the 8 percent of the legacy process. The data showed
that only five countries had forecast errors above 20 percent in the proposed solution. Whereas the

legacy process had 11 countries outside the upper and lower specification limuits.

In the capability analysis at a store level showed that the optimization model had 50 percent of stores
outside of the LSL and USL. When viewing the capability analysis of each product line, found in
Section 8.1, the percentages of outliers ranged from 7 to 34. This of course 1s not including product
line A. The significance of this analysis is that the model is more capable of predicting sales at a
product line and group level than at the store level. The conclusion aligns with the models bottom

up approach. The question is what is more important to be precise on store sales or group sales.

To improve the optimization model, the recommendation to Zara is to improve the regular season
sales forecast and decrease the variance in the store and group errors. Regular season forecasts had a
tendency to overestimate sales. When developing the regular season forecast discussed in Section 4.2
a straight line de/ta approach was used and proved to be sufficient. However, the initial test was
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conducted to estimate sales two months in advance. The forecast was tested in December, a couple
of weeks to a few days before clearance season started for the various countries. Therefore, the delta
needs to consider the drop in sales that occurs at the tail end of the regular season as the clearance

- season approaches to capture a true sales estimate. There was a large variance in the forecast errors

at a store level for the optimization model. This vatiance can be reduced by changing the calculation
of parameter B, in Model II that desegregates the reference shipments to a store level. Another

option is to develop a forecast that is based on store sales not group sales and use that forecast as an
input to the optimization models. Lastly, there is room to improve the product line errors by

understanding group sales trends and modifying the forecast model to adjust for these changes.

It is important to note that the model has a disadvantage when compating to the actual sales. This is
because the pricing and inventory distribution decisions were based from the legacy process and the
model did not play a role in these decisions. Therefore these large errors at a store or group level are

arbitrary and do not confirm the models validity.

Opverall, the model proves to be an improvement over the legacy process in estimating country unit
sales. An advantage of the model is that the forecast is detived from point of sale data and considers
price elasticity of demand. The optimization model makes inventory distribution decisions based on

dynamic pricing and logistic costs. All of which is currently not available in the legacy process.

Another advantage of the model is its automation that will allows the organization to create and test
various scenarios such as modifications to the inventory levels, duration of the clearance periods, or a
new pricing policy. Using historical data the model can be used to predict clearance sales one to ten
weeks prior to the start of the sale and the organization can determine the optimal week the

distribution decisions should begin based on the forecast errors.

A pilot test needs to be conducted to test the legitimacy of the model. Measuring success of the
optimization model can be determined by the duration of the clearance season, if it lasts longer or
shorter than average in a given country. Another method of measuring success is the number of
price markdowns that occurred during the clearance season and the average total discount per
country. The true measure of success however, is if the optimization model helped increase
revenues. There 1s a pilot test scheduled for the summer 2010 campaign to further analyze the

benefits of the linear optimization model.
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7.2 Future Work

Clearance pricing and distribution model are important for the retail industry especially those that s
perishable items that quickly become obsolete such as fashion goods and electronics. In these

industries it is important to create supply chain tools that facilitate current business practices. Does
the company make decisions based on store sales or product line sales? What are the inventory and

ordering policies?

Further related theoretical work can be expanded from this research by exploring solutions to
forecast discount sales during the regular season such as a weekend holiday promotion. The same
methodology can also be incorporated for retailers who want to markup merchandise that are hot
sellers during a campaign. Finally the wotk can be expanded to traditional retailers outside of fast

fashion to department stores and other mass retailers.

ell

Supply chain tools such as a linear optimization model can save organizations millions of dollars if a

company is willing to change the decision making methodology within the company culture. The

most challenging part of a solution is implementation and having a leadership team that is receptive

to change makes a difference in the final outcome.
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8 Appendix
8.1 Descriptive Statistics for Forecast Errors

8.1.1 Regular Season Statistics
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Figure 21: Legacy Regular Season Statistics



8.1.2 Clearance Season Statistics
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Figure 23: Legacy Clearance Season Statistics
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8.1.3 Product Line Statistics
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8.2 Model I AMPL Files

8.2.1 Model I Data File

le

MIT4_PAIS.dat
D L L R R L L L LT T R T T
# MIT4 CARGA DE DATOS MODELO I ~ COUNTRY MODEL WITH MIT2
# FECWA: 11/11/2009

# VERSION: 2
# ORIETTA VERDUGO *

R R S e R R R Rt S At A L i

% 4 %

# UPDATES
# 10/11/09 ~ UPDATED TABLES

##E DECLARATION OF TABLES
#

table PaisesbC {dc in DATA_DC} IN "ODBC” "MIT4" ("sQL=select distinct b.id_pais from
maestros.centro_distribucion_tienda_seccion a inner join maestros.tienda b on a.id_tienda = b.id_tienda and a.id_tipo_seccion =
" & $SECCION & “ and a.id_campana = " & SANO_CAMPANA & " and a.id_centro_distribucion = " & dc & " inner join
mitd.stock_pais_cat s on b.id_pais = s.id_pais” & " where b.id_pais in (* & $PAISES & ")"): pAIS.0C{dc] <- [id._pais]}:

table Paises IN “ODBC" “"MIT4" ("SQi=select distinct id_pais from mitd.stock_pais.cat where id_tipo_seccion = ¥ & SSECCION &
and id_campana = " & SANO.CAMPANA & " and tid.pais in (" & SPAISES & ")¥): PAIS <~ [id_pais]:

read table PaisesnC;

read table paises;

table Clusters {m in PAIS, g in GROUP} IN "ODSC" "MIT4" ("sQL=select distinct categoria from mitd.stock_pais._cat where id_grupo
=" &g & " and id_centro_compra = " & SCENTROCOMPRA & " and id_pais = " & m): CLUSTER[g,m] <- [categoria];

table Clustersalmacen {dc in DATA_DC,g in GROUPY IN "ODBC" “"MIT4™ (“SQL=select distinct categoria from (select distinct
categoria from tmp.stock. almacen _cav where 1d_gru?o =" &g & " and id_centro_compra = " & SCENTROCOMPRA & " and

id_centro_distribucion in (" & $DCS & ") union select disUineT categoria from stock.pais.cat where id.grupo = " & g & " and
id_centro_compra = " & SCENTROCOMPRA & " ) as a"): CLUSTER.ALMACEN[g, dc] <~ [categorial;

table Inventaric IN “ODBC" "MIT4" ("sQu=select id_pais, id_grupo, categoria, stock from mit4.stock.pais.cat where " & Swhere ):
[id._pais, id_grupo, categorial, Imgn ~ stock;

#Precios of pemand .
table Precios {m in PAIS, g in GROUP} IN “ODBC" "MIT4" ("SQL=select distinct precio from mit4.prediccion_saldo_cat_precio
where id_pais = " & m &" and id._grupo = " & g }: PRECIOS [m,g] <~ [precio}:

#precios of sales N o
#table Precios {m in PAIS, g in GROUP} IN "ODBC" "MIT4” ("sQi=select distinct precio from
mitd.prediccion_saldo_cat.precio_ventas where id.pais = " & m &" and id.grupo = " & g ): PRECIOS [m,g] <~ {precio];

table preciosaldero {g in GROUP} IN "ODBC" “MIT4" ("SQL=SELECT id_grupo, precio FROM mit2.opt_precios_comerciales wHERE
id_grupo = ¥ & g & " AND ESPRECIOSALDERO = 1 and id.pais = 2°): [id_grupo], psaldero{g} ~ precio;

read table Clusters;

read table ClustersAlmacen;
read table Inventario;

read table Precios;

read table Preciosaldero;

# Ratio .
for {m in PAIS, in GROUP, n in CLusTER[g,m]} {
} et Bmgn?m.g,n} HEN 8

table Ratio IN "ODBC" “"MIT4" ("SQL:SELECf id_pais, id_grupo, categoria, ratio FROM mit4.ratic WHERE " & $where): [id_pais,
id_grupo, categorial, 8mgn ~ ratio;

read table Ratio;

pesEes MIT 4 ESTIMACION (Venta en temporada y Demanda con cortes medios y kappa en saldo)

table PF_Temporada 1IN "ODBC” "MIT4” (“sQuz=select id_pais, id_grupo, categoria, precio, prediccion as prediccion_temporada from
mitd.prediccion_temporada_cat_venta where " & Swhere }: [id_pals, id_grupo, categoerial, Pmgn ~ precio, Fmgn ~
prediccion_temporada;

#Initially assignes a zero demand for all pricing possibilities then table F_Saldo will give demand to the prices that are
available leavign all others at zero

for {m in PAIS, g in GROUP, n in CLUSTER[g,m], k in PRECIOSIm,gl} {

) tet Fomgnim,g,n, k] = 0;

#F of Demand
table F_Saldo ~IN "ODBC® "MIT4" ("sQu=select id_pais, id_grupe, categoria, precio, f as prediccion_saldo from
mitd.prediccion_saldo_cat_precio where " & Swhere ): [id_pais, id_grupo, categoria,preciol, f_mgn ~ prediccion_saldo;

#f of sales
#table F_saldo IN "ODBC" "MIT4" ("sQL=select id_pais, id_grupo, categoria, precio, f as prediccion_saldo from
mit4.prediccion_saldo_cat_precio_ventas where " & Swhere }: [id_pais, id.grupo, categoria.precio}l, f_mgn ~ prediccion_saldo;

# ****Table with inventory

#table InveptarioAlmacenes IN "ODBC" "MIT4™ ("sqQL=select id_centro_distribucion, id.grupo, categoria, stock from

tmp.stock almacen_cat where " & V' id_centro_compra = “ & SCENTROCOMPRA & " and 1d.tipo_seccion = " & $SECCION &" and id_campana
= & SANO_CAMPANA & ¥ and Td_centro_distribucion in (" & $DCS & “)"): [did_centro_distribucion, id_grupo, categorial, Jagn ~
stock;

# *522g5rock with real shipments (imaginary wareochouse) use for testing only*=*¥
table InventarioAlmacenes IN "ODBC" "MIT4" ("sQi=select id_centro_distribucion, id.grupo, categoria, stock from
mitd.stock almacen. cat envios where " & ¥ id_centro_ compra = " & SCENTROCOMPRA & " and id_tipo_seccion = " & $SECCION &" and

id.campana = " & SANO_CAMPANA & " and id_centro.distribucion in (" & $DCS & “)*): [id.centro_distribucion, id.grupo,
Page 1
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MIT4_PAIS.dat
categorial, Iagn ~ stock;

table PrecioAlmacenes {dc in DATA.DC} IN “ODBC" "MIT4" ("SQu=select distinct " & dc &" as id.centro_distribucion, id.grupo,
categoria, precio as precio_almacen from tmp.stock_almacen_cat where " &  id_centro_compra = " & SCENTROCOMPRA & " and
id_tipo_seccion = “ & $SECCION &" and id_campana = " & SANO_CAMPANA & " and id_centro_distribucion in (" & $DCS & ")
[id_centro_distribucion, id_grupo, categoria], Pagn ~ precio_almacen;

HxE READING TABLES

B e
read table PF_Temporada;

read table F_Saldo;

#Gives an inventory value of zero for all clusters in stores that are not in DCs
for{dc in DATA.DC, g in_GROUP, n in CLUSTER_ALMACEN[g, dcl} {

Jet Iagn[dc,g,n} = 0
) let pagnidc,g,n] := O

read table InventarioAlmacenes;
read table PrecioAlmacenes;

#4E TEST LEVERS

#This is to assign a percentage of DC inventory to the 10 countries
#let {dc in DATALDC, g in GROUP, n in CLUSTER.ALMACEN[g, dc]} Tagn {dc.g,n] := Iagn [dc,g.n}/24.31;

4% OTHER COMMANDS

# 1f inventory in country is less than zero set it to zero
for {m in PAIS, g in GROUP, n in CLUSTER[g,m]} {
if Imgnim,g,n] < O then lev Imgnim,g.n] := O;

#1If inventory in DC is less than zero set it to zero
for {dc in DATA.DC, g in GROUP, n_in CLUSTER_ALMACEN[g, dc]} {
} if 1agn [dc,g,n] <O then Jet Iagn{dc,g,n} := O

#1f OC inventory is less than or equal to zero set shipments from that DC to zero and set shipments within the same DC to zero

for {dc in DATA_DC, g in GROUP, n in CLUSTER_ALMACEN[g, dcl} {
if ragn [dc, .n% <=0 then {
for %m n PAIS} {
fix qmgn{dc,m,.g,n] := O

1
for {dc2 in DATADC} {
) fix Q.agnidc,dc2,4,n] := 0;

for {dc2 in DATA_DC} {
if dc = dc2 then {
) fix Q.agnidc,dc2,g.n] = O,

}

# Restricts DC's to only ship directly to county within its domain
for {dc in DATA_DC, m in PAIS}
if m not in PAIS_DC[dc] then { ) )
for {g in GROUP, n in CLUSTER_ALMACEN[Q,dc]} {
' fix Qumgn{dc, m, g, n} := 0;

Page 2

70



8.2.2 Model I Run File

MIT4_PAIS.run
#ht:*&w%s’:*#ﬁf:ﬁ%x‘r!«&ﬁ‘f:**ilk&*kx‘:*f‘{(&A’#’:s‘»*fttr'kﬁir%ﬁ*k*ﬁé*&&**fcﬁé&ﬁ*ﬁ*ﬁ AN I AR AR LI E ARSI AL RLC AN TSI RERAND
# MIT4 PLANTILLA DE EJECUCION MODELO II- COUNTRY MODEL WITH MIT2
# FECHA: 11/11/2009

# VERSION: 2
ORIETTA VERDUGO

#
R e R L ]

% oW % %

#version changes and updates X
#11/11/09: updated reports to relfect true revenues and inventory
#10/11/09: Included AMpL simulation reports

resey;

model MITA.PAIS.mod;

§§§ LEVERS
Tet o := 4; # puration of each period (multiplied by 7 days a week)

include MIT4_PAIS._I09.dat;

4R LEVERS

L

Tet €A := .01, # Cost of shipments between DCS

et ¢5 = .02; # Cost of shipments to countries

Tet SA = .01, # percent of DC inventory 1o salvage

let ST := .10; # percent of total inventory to salvage
Tet Qm := 10; # Minimum shipment to each counry

let mindiscount ;= 0; # minimum discount .

Tet we = 4; # Number of petiods during ¢learance sales
et tighten_slack := 0,9999; # Discount factor that gives an upper bounds to L_mgn
Tet tiempo := 0.82; # wwazussNaed to make a table??

#ER AMPL STMULATION OPTIONS

BB e e e 2t

option show_ stats 1;

optien cplex_options (“bestnode "); .

option cplex_options ("bestnode mipgap= 0.0020 timelimit= 5400 mipdisplay= 2");
solve;

printf "ampl Time: %0.2f\tSolver Time: %0.2f\n\n",_ampl_time, _solve_time;

#E8 RESULTS

FEHER o s o o . 2 A o 0 :
print;

printf “s=ss====Cash Fle =zzz\DAN" ;

printf "Objective Function: %.2f \n\n", REVENUES ¢+ DISC_FUT_PROFIT + DISC_PROFIT_SALDERC - DC2DC_COSTS - SHIPMENT;
printf "Total Revenue: %.2f \n\n" REVENUES + DISC_FUT_PROFIT + DISC_PROFIT_SALDERO;

printf "Yotal DC2DC Costs: %.2f \n\n", DC2DC_COSTS:

printf "Total Shipment Costs: %.2f \n\n", SHIPMENT;

printf "ss=cz=Inventory Report (Units)=ss==\n\n";

printf "Total Initial Inventory: %.0f \n\n", sum {dc in DATA_DC, g in GROUP, n in CLUSTER{g]} Iagn [dc,g,n)
+ sum {m in PAIS, g in GROUP, n in CLUSTER[g]} (Imgn Im,g,nl);

gr;ntf ;TotaT D¢ Transfers: %,.0f \n\n", sum {dc in DATA_DC, dc2 in DATA_DC, g in GROUP, n in CLUSTER{g]} Q.agn {dc,
€2,g,n};

printf “"Total Salvaged: %.0f \n\n", sum {m in PAIS, g in GROUP, n in CLUSTERg%]}
(I_mgn %wc+1.m,g.n])§(sum {dc¢ in DATA_DC, ¢ in GROUP, n in CLUSTER[g}} Tagn [d¢,g.n})
- (sum {dc in DATA_DC,m in PAIS, g in GROUP, n in CLUSTER[g]} Q.mgn [dc,m,g,nl);

printf "Total % Salvaged: %.2f \n\n", (sum {m in PAIS, g in GROUP, n in CLUSTER[g]}
I_mgn [we+l,m,g.nl+ sum {d¢ in DATA_DC, g in GROUP, n in CLUSTER{g]} Iagh [dc,g.n}
« sum fdc in DATA_DC.m in PAIS, g in GROUP, n in CLUSTER[Q]} Q.mgn [dc.m,g,n])
/(sum {dc in DATA_DC, g in GROUP, n in CLUSTER[g]} Iagn [dc,g,n]
+ sum {m in PAIS, g in GROUP, n in CLUSTER{g]} Imgn [m,g.,n]);

printf "pC % salvaged: %.2f \m\n", (sum {dc in DATA_DC, g in GROUP, n in CLUSTER[g]} Tagn [dc,g.n]
~ sum {dc in DATA.DC, m in PAIS, g in GROUP, n in CLUSTER[g]} Q.mgn [dc.m,g,n])
/{sum {dc in DATA_DC,g in GROUP, n in CLUSTER[g]} Ilagn [dc,g,n});

#4¥ EXCEL REPORTS

# Table of shipments teo and from each DC

table Envios_DC2DC OUT "ODBC” (' ci\mitd\MIT4_Excel\Pais_Campana.' & $CAMPANA & '_" & SANQ & '_G' & SGRUPO & '.x1s'):
{dc in DATA_DC, dc2 in DAYADC, g in GROUP, n in CLUSTER{gl]} -> [DC_Salida, DC_Entrada, Grupo, Cluster],

Q.agn {dc, dc2,g.n] ~ Tot_unidades, CA ® Pagn [dc, g, n] * Q.agn [dc, dc2, g, n} ~ Tot Coste;
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# Table of total units shipped to each country

table Envios_Pais QUT "ODBC" {'c:\mit4\MIT4_Excel\Pais.Campana.' & SCAMPANA & '_' & $SANO & ' G’ & SGRUPO & *.x1s'):
{d¢ in DATA_DC, g in GROUP, n in CLUSTER[g]}-> [DC, Grupo, Cluster], 3Iagn [dc,g,n] ~ DC_INV_Initial,

sum {m in PAIS} Q.mgn [dc,m,g.n] ~ Envios,

(Tagn [dc,g,n] - sum {m in PAIS} (Q,m?n {dc,m,g,n])+ sum{dc2 in DATADC} (Q.agn [dcZ, dc, g, n})~ sum{dc2 in DATA_DC}
{Q._agn [dc, dc2, g, n])) ~ DCINV_Final;

# Table of inventory on hand at the beginning of clearance sales and expected sales for both regular and clearance season
table Pais_ventas_Inv OuUT “0DBC" (c:\mitd\MIT4_excel\Pais_Campana_' & SCAMPANA & '_" & SANC & '_G' & SGRUPO & '.x1s'):
{m in PAYS, g in GROUP, n in CLUSTER[g]} ~-> [Pais, Grupo, Cluster],

Imgn [m,g,n}~Inv_Temporada,

tmgn {m.g,n] ~ ventas.Temp,

sum {d¢ in DATA_OC} Q.mgn [dc,m,g,n] ~ Envios,

I_mgn {1,m,g,n] ~ Inv_Saldo,

sum {w in 1..wc,k in PRECIOS[m,g}} L.mgn [w,m,g,n,k] ~ ventas_Saldo,

I.mgn [wesl,m,g,n] ~Inv_ Final,

# Table total revenues by country
table Ingreso_Pais OUT "OOBC" ('C:\mitd\MIT4_£xcel\Pais.Campana.’ & SCAMPANA & '’ & SANO & '_G' & SGRUPO & '.x1s'):
{m in PAIS} -> [Pais},

sum {g in GROUP, n in CLUSTER{g]} Pmgn [m, g, n}* Lmgn [m,g,n] ~ Ingreso_Temporada,
sum{w in 1..wc,g in GROUP, n in CLUSTER[g],k in PRECIOS [m.gl} L.mgn{w,m,g,n, k] * k ~ Ingreso_saldo,

sum {g in GROUP, n in CLUSTER[Q%] (pmgn {m, g, n}* tmgn [m,g,n]
+ sumiw in 1..wC, k in PRECIOS (m,g]} L_mgn{w,m,g,n,k] * K)~ Ingreso_Tot,

sum {g in GROUP, n in CLUSTER[Q]} Pmgn [m,g.n]*I_mgn [wcel,m,g,n] ~ Inventoria_Tot;

# Table total inventory by country

table Resume_Inv_Pais OUT "ODBC" ('c:\mitd\MIT4_gExcel\Pais_Campana.’ & SCAMPANA & '_* & SANO & '_G' & $GRUPD & '.xIs'):
{m in paIs} -> [Pais],

sum {g in GROUP, n in CLUSTER{g]} Imgn [m,g,n]~Inv_Hoy,

sum {d¢ in DATALDC, ¢ in GROUP, n in CLUSTER[g]} Q.mgn [dc,.m,g.n} ~ Envios_unidades,
sum {g in GROUP, n in CLUSTER%Q}}(ngn [m,g.n?} -~ yenta_Temporada,

sum {g in GROUP, n in CLUSTER{g]} (I.mgn [1,m,g,n]) ~ Invmﬂeba;as.

sum {w in 1..wC,g in GROUP, n in CLUSTER{g], k 1n PRECIOS{m,gl} L_mgn {w,m,g,.n,k] ~ Venta_Saldo,
sum {g in GROUP, n in CLUSTER{g]} I.mgn [wc+l,m,g,n) ~ Inv_Saldero;

# Table total inventory by DC
table Resume_Inv.DC OUT “ODBCY (’ci\mit4\MIT4_Excel\Pais_Campana_’ & SCAMPANA & ‘' & $ANO & *_G' & $GRUPO & '.x1s’'):
{dc in DATA.DC} ~> [DC], sum {g in GROUP, & in CLUSTER{Q%} Iagn {dc,g,n] ~ DC.Inivial Inv,
sum {dc2 in DATALDC, ¢ 1n GROUP, n in CLUSTER{gl} q.agn [dc, dcz.g,nf ~ Envios_DC20C,
sum {m in PAIS, g in GROUP, n in CLUSTER{g] } Q.mgn [dc,m,g,n] ~ Envios_Pais,
((sum {g in GROUP, n in CLUSTER{g]} Iagn fdc,g,n)
- (sum {m_in PAIS. g in GROUP, n in CLUSTER[g]} Q_mgn [dc.m,g.n})
+ (sumidcz in DATA_DC, g in GROUP, n in CLUSTER] ;} (Qagn {dc2, dc, g, n1))
~ (sum{dc2 in DATA_DC,g in GROUP, n in CLUSTER{Q?; (Q.agn [dc, dc2, g, n})))

~ DCInv_Final;

Er e EXECUMENT OF REPORTS

FER B e e e e > 20 e T T R T T
write table £nvios DC20DC;

write table Envios_Pais;

write table pais_ventas_Inv;

write table Ingreso_rais;

write table Resume_Inv_pPais;

write table Resume_Inv_DC;

#option NOMBRE_FICHERO ("results_campana.’ & SCAMPANA & "_' & SANO & '_G’ & SGRUPO & *.sql’);

#printf {g in GROUP} “delete from d_mitd,salida_pais_grupo_cluster_mini_mit2 where id_grupo = %s;\n",g >
(SNOMBRE__FICHERO) ; . . X .
#printf {m in PAIS, g in GROUP, n in CLUSTER[g]}: “insert into d_mitd.salida_pais_grupo_cluster_mini_mit2 (id_pais,
id.grupo, categoria, stock, ventas temporada, envios, ventas.saldo) values (¥s, %s, %s, %s, %s, ¥s, %s);\n", m, g, n, Imgn
[m,q,n}, tmgn [m,g,n}, sum {dc in DATA_DC} Qumgn [dc.m,g,n}, sum {w in 1..wc,k in PRECIOS{m,g]} L_mgn [w,m,g.n,k? >
{SNOMBRE_FICHERQ) |

#printf {g in GROUP} "delete from d._mitd.salida_alimacen_grupo_cluster where id_grupo = %s:\n",g > ($NOMBRE_FICHERO)
#printt {dc in DATADC, g in GROUP, n in CLUSTER[g]}: "insert into d.mit4.salida_almacen_grupo_cluster
{id_centro_distribucion, id.grupo, categoria, stock, envios_pais, envios_almacenes, stock_final) values (¥s, %s, %s, %s,
%s, %s, %s);\n", dc, g, n, Iagn {dc,g,ni, sum {m in PAIS} Q mgn [dc,m,g,n], sum {dc2 in DATA_DC} Q.agn [dc, dec2, g, n},
{Tagn [dc,g,n] -~ sum {m in PAIS} (Q.mgn [dc,m,g,nl) + sum{dc2 in DATA_DC} (Q.agn [dc2, dc, g, n]) - sum{dc? in DATA_OC)
{Q.agn [dc, dc2, g, n])) > (SNOMBRE_FICHERO);

#close (INOMBRE_FICHERQ);

#shel11{"mysql ~h axincloudl -u ccsa ~pdMhaPeGX < * & (SNOMBRE_FICHERC)):
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8.2.3 Model I Mod File

MIT4_PAIS.mod
D L R e e Al DLt
# MIT4 OPTIMIZACION MODELO II - COUNTRY MODEL WITH MIT2 *
# FECHAT 11/11/2009 :

# VERSION: 2
ORIETTA VERDUGO *

i e

#version changes and updates X .
#11/11/09 Included salvage value of excess inventory in warehouse
#10/11/709 took out Rmgn and updated the objection funtion with the revenues from clearance sales

#H8# OPTIONS FOR DATA MINING
#

option CENTROCOMPRA 1;

option SECCION 1;

option ANO 2009;

option CAMPANA 2;

option ANO_CAMPANA 5;

option SECCION 1;

option DCS '10001,10018,10026°; X

option where (7 id_centro_compra = " & SCENTROCOMPRA & " and id_tipo_seccion = " & SSECCION & and id.campana = " &
SANO_ CAMPANAY

£§§ DECLARATION OF SETS AND PARAMETERS MIT4

#option GRUPD WOMAN;

set GROUP; # pefinition of groups

set DATA_DC:= {10001,10018,10026}; # DC codes

set PAIS_DC {DATA_DC}; # Set of countries that each DC supports
set PAIS # set of all countries

set CLUSTER{GROUP} ordered; # Clusters in each group within a country
param CA >=0; # DC costs

param CS >=0; # Country shipment cost

param ST >=0, <=1; # salvage percentage

param SA >=0, <=1; # salvage percentage

param Qm >=0; # Min shipment

# Inventory in the beginming of the current period of the regular season
param Imgn {m in PAIS, g in GROUP, n in CLUSTER[gl}:

# Price of each cluster per group by country durin? the regular season
param Pmgn {m in PAIS, g in GROUP, n in CLUSTER[g]} »>= O;

# rorecast for end of regular season
param Fmgn {m in PAIS, g in GROUP, n in CLUSTER[g]}:

# Inventory at DC at _the beginning of the current period in the regular season
param Iagn {dc in DATA_DC, g in GROUP, n in CLUSTER[g]};

# price of cluser at DC
param Pagn {d¢ in DATA.DC, ¢ in GROUP, n in CLUSTER[gl};

# Ratio
param Bmgn {m in PAIS, g in GROUP, n in CLUSTER[g]}:
### DECLARATION OF SETS AND PARAMETERS MIT2

#

¢ pricing options )
set PRECIDS {m in PAIS, ¢ in GROUP} ordered default {};

param psalderc {g in GROUP}; # salvage Price by group
param Wc >= 1; 4 Number of periods during clearance
param D >= 0; #Number of days in each period

# Need Tiempo in by country
# param tiempo {m in PAIS} > 0, <= 1 # ractor that decreases weekly sales
param tiempo > O:

# minimum discount for first week of sale
param mindiscount >= @, <= 1 default 0]

# Discount Factor to bound weekly sales
param tighten_slack >= 0, <= 1 default 0.9999;

# forecast for clearance seasen

param £.mgn {m in PAIS, g in GROUP, n in CLUSTER[g]. K in PRECIOS [m,g)} >= 0 ;
### DECISION VARIABLES MIT4

# Inventory flow from DC to country m for cluster n of group

var Q.mgn {dc in DATA_DC, m in PAIS, ¢ in GROUP, n in CLUSTER%Q]} >=0;

# gpxpected sales for regular season
var tmgn  {m in PAIS, ¢ in GROUP, n in CLUSTER[g]} >=0;
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# Flow from DC to OC for cluster n in group 9
var Q.agn {dc in DATA_DC, dcZ in DATA_DC, g in GROUP, n in CLUSTER[g)} >=0;

# Total revenues of regular and clearance season
var REVENUES =
sum {m in PAIS, g in GROUP, n in CLUSTER{g]}
(Pmgn [m, g, n]* imgn [m,g,n]);

# Total pC transfer cosis
var DC2DC.COSTS = ‘
CA * sum {dc in DATA_DC, dc2 in DATA.DC, g in GROUP, n in CLUSTER[g]}
pagn [dc, g, n} ¥ Qagn [dc, de2, g, n] ;

# Total country shipment costs
var SHIPMENT =
¢S * sum {dc in DATA.DC, m in PAIS, g in GROUP, n in CLUSTER{gl}
pagn [dc, g, n] * Qumgn [dc, m, g, nl;

#EH DECISION VARIABLES MIT2

B e e e e 2 e i e 15

# Selects prices that are »= to the decision price . R
var X {1..Wc, m in PAIS, g in GROUP, n in CLUSTER[g], k in PRECIOS {m,g)] } binary;

# Decides the price for clearance sale
var ¥ {w in 1..Wc, m in PAIS, g in GROUP, n in CLUSTER[g], k in PRECIOS {m,gl} =
if k = first(PRECIOS [m,gl) then
(X{w,m,g,n,k})
else
(x[w,m,g,n .k} - x{w,m,g,n,prev(k)1);

# Expected sales during clearance sales in country m for cluster n of group ¢
var Lomgn {1..wc, m in PAIS, g in GROUP, n in CLUSTER[g],k in PRECIOS im,g}} >=0:

# County inventory that will be salvaged
var tsaidero {m in PAIS, g in GROUP} >= 0

# Inventory of each country at the beginning of clearance season
var I_mgn {1..(wc+1}, m in PAIS, g in GROUP, n in CLUSTER[Qg]} >=0;

# Total clearance profits

var CLEARANCE_PROFIT =
sum{w in 1..wc, m in PAIS, ¢ in GROUP, n in CLusTER[g],k in PRECIOS [m,gl}
Lmgnfw,m,g,n,k] ¥ k;

# Clearance profits for modeling purposes

var DISC_FUT_PROFIT =
sum {w in l..wc, m in PAIS, g in GROUP, n in CLUSTER(g},k in PRECIOS [m,gl}
t.mgnf{w,m,g,n,k} * k * vighten_slackA(w-1);

# Total profit from salvage inventory

var PROFIT_SALDERO = )
sum {m in PAIS, ¢ in GROUP} (Lsaldero [m,g] * psaldero [g])
+ (sum {dc in DATA_DC, in GROUP, n in CLUSTER%Q]} {1agn {[dc.g.n]
~ sum {m in PAIS} Q.mgn {dc.m,g,n])* psaldero [g]);

# ProfiTs for salvage inventory for modeling purposes

var DISC_PROFIT_SALDERD =
(sum {m in PAIS, g in GROUP} (Lsaldero [m,g] * psaldero [g])) * tighten_slackA(we)
+ (sum {d¢ in DATADC, g in GROUP, n in CLUSTER[g]} (Tagn [dc,g,n]
- sum {m in PAIS} Q.mgn [dc.m,g,n})™ psaldero {g?)‘

238 OBIECTIVE FUNCTYION

maximize PAIS_REVENUES:
REVENUES + DISC_FUT_PROFIT + DISC. PROFIT_SALDERO - DC2DC_COSTS - SHIPMENT;

258 CONSTRAINTS MIT4

#* Ensures shipments between DCs do not exceed the inventory available
subject to de_shipments {dc in DATA_DC, ¢ in GROUP, n in CLUSTER[g]}:
1agn Edc,g,n] + sum {dc2 in DATA_DC} Q.agn [dc2,dc,g,n] >=

(sum {m in PAIS} Q.mgn [dc,m,g,n]) + (sum {dc2 in DATALDC} Q.agn [dc,dc2, g, nl);
# *Inventory balance equation
subject to invf€a1ance]{m in PAIS, g in GROUP, n in CLUSTER{g]}}:

I.mgn ,m,g.,n] =

Imgn [m.g,n1 + (sum {dc in DATA_DC} Q.mgn [dc,m,g,n]) - imgn [m,g,n};
# *tnsures the expected sales for the regular season does not exceed expected demand
subject to reg_season_sales {m in PAIS, g in GROUP, n in CLUSTER[g]} :

tmgn %m.g‘nl <= Fmgn {m,g,n};
# “Imposes a maximum excess inventory guantity to salvage
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subject to excess_inv.total:
sum {m in PAIS, g in GROUP, n in CLUSTER[g]} I_mgn{wc+l,m,g,n} +
sum {dc in DATA ..0C, g in GROUP, n in CLUSTER[g]} § n [dc ,n] - sum {m in PAIS} Q.mgn [dc,m,g,n})
%(sum {dc in DATA_DC, g in GROUP, n in CLUSTER g]? 1agn ldc, g;nl) +
sum {m in PAIS, g if GROUP, n in CLUSTER[g]} Imgn [m.g,n1)) * §%;

# *Distributes inventory proportxonately to each country based on a sales ratio
subject to max.capacity {m in PAIS, g in GROUP, n in CLUSTER{g]}:
sum {d¢ in DATA.DCIQ.mgn [dc m,g,n} <= sumidc in DATA. Dc} Ilagn [dc,g,n] * Bmgnim,y,n};

# *Imposes a maximum excess inventory quantity to salvage in DC

subject to excess_inv:
sum {dc in DATA_DC, g in GROUP, n in CLUSTER{Q]{ (lagn [d¢,g,n) - sum {m in PAIS} Q.mgn [dc,m,g,.n])
<= sum {dc in DATA.DC, g in GROUP, n in CLUSTER[g]} Tagn [dc.g,n] *

# *imposes a minimum shipment quantity for each country
subject to min_shipment {m in PAIS, g in GROUP, n in CLUSTER [g]: 8mgnim.g,n] > 0}:
sum {dc in DATA_DC} q_mgn [dc, m, g, nl >= am;

s CONSTRAINTS MIT2

# *Ensures expected sales for clearance season does not exceed expected demand
subject to price_demand
{w in 1..Wwc, m in PAIS, g in GROUP, n in CLUSTER[g], k in PRECIOS {m,gl}:
L.mgniw.m,g,n,k} <= F_mgn {m,qg,n.k] *v{w,m,g.n ki*tiempor(w-1);

# *gnsures that salvage inventory is less than the excess inventory
subject to remain_inv_{m in PAIS, g in GROUP}:
Lsaldero [nm, g] <= sum{n in CLUSTER[g]} I_mgn{wc+1l,m,g,n];

#* Computes the estimated inventory for the subsequent period
subject to estimated_inventory Ew in 1..w¢, m in PAIS, ¢ in GROUP, n in CLUSTER[g]}:
I_mgniwsl.m,g,n] = Imgn{w,m,g,n} -~ (sum{k in PRECIOS im,gi} L.mgnlw,m,g,.n,ki);

# =selects prices greater or equal to the selected price
subject to price_k_ or_higher
{w in 1..wc, m in PAIS, g in GROUP, n in CLUSTER{G], k in PRECIOS [m,gl}:
X{w,m,g. n k] <=
1ast(PRECIOS [m,g]) then

else
X{w,m,q,n,next(k)};

#* Ensures price clusters are in decreasing order
subject to ordered_clusters
{w in 1..wc, m in PAIS g in GROUP, n in CLUSTER[g]), k in PRECIOS [m,gl}:
x[w m, g, n k]
1ast(CLUST£R[g]) then

else
X{w, o, g, next(n),k};

#¢ prices are equal to or less than the price of the last period
subject to decreasing.prices
{w in 1..wc,m in PAIS, g in GROUP, n in CLUSTER{g], k in PRECIOS [m,g] :@ ord(w) < wc}:
X{w,m,g.n, k] <= x{w+l,m,g,n,k3;

# Ensures there is a discount the first week of sale
subject to choose {m in PAIS, g in GROUP, n in CLUSYER[Q} card(PRECIOS[m,g]) > 0}:
sum{k in PRECIOS [m, 93? v(i,m,g,n,k] = 1;

# Ensures all clusters are discounted during the sale

subject to initial_discount {m in PAIS, in GROUP, n in CLUSTER[g] : card(PRECIOS[m,q]) > O}:
x{l.m.g.n,max {k in PRECIOS {m,g k <= pmgn{m,g,n}"(1-mindiscount) {i{ k = f1rst(PR£CIOS[m,g})} kl = 1;
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8.3 Model II AMPL Files
8.3.1Model II Data File

MIT4_TIENDA.dat
Bt b ik

gransts # waRwn # et pawn R T T TS PO R R PR es
# MIT4 CARGA DE DATOS MODELO I1II ~ DESAGREGACION A TIENDA >
# FECHA: 12/11/2009 *

# VERSION: 1 .
¢ ORIETTA VERDUGD *

B R A S R A R A R S A R AN A A D A S T R S RN S D A R AN A S AT E AR R A AR AR AT E R AT F L AT I C AL R R AD F L AL R R G B

# UPDATES
#i# DECLARATION OF TABLES
BHH = m e m s s

table Tienda IN “ODBC™ "MIT4" ("sQL=select distinct b.id_tienda from maestros.centro_distribucion_tienda_seccion a inner
goin maestros.tienda b on a.id.tienda = b,id_tienda and a.id_tipo_seccion = " & SSECCION & ™ and a.id_campana = " &
ANO_CAMPANA & ™ inner join mit4.stock.pais.cat s on b.id._pdis = s.id_pais™ & " where b.id_pais in (7 & $PAISES & ")™):
TIENDA <~ [id_tviendal;

table TiendabC {dc in DATA_DC} IN "ODBC" "MIT4" (“sqQL=select distinct b.id_tienda from

maestros.centro_distribucion_ tienda_seccion a inner join maestros.tienda b on a.id_tienda = b.id_tienda and

a.id_tvipo_seccion = " & SSECCION & " and a.id_campana = " & SANO_CAMPANA & " and a.id_centro_distribucion = " & dc &

E?ger jo;n}mitd.stock,pais_cat s on b.id_pais = s.id pais” & " where b.id_pais in (" & $PAISES & ")"): T.0C{dc] <-
.tienda]}:;

table DCTienda IN "0DBCY "MIT4" (“SQL=select distinct a.id.tienda, a.id.centro_distribucion from
maestros.centro_distribucion. tienda_seccion a inner join maestros.tienda b on a.id_tienda = b.id_tienda and . .
a.id_tipo_seccion = " & $SECCION & " and a.id_campana = " & SANO_CAMPANA & " inner join mit4.stock_pais_cat s on b.id_pais
= s.id.pais” & " where b.id_pais in (" & SPAISES & ")"): [id_tienda}, DC.T ~ id_centro_distribucion;

table Paises IN “ODBC" "MITA" ("SQLeselect distinct id.pais from mit4.stock pais_cat where id. Tipo.seccion = " & SSECCION
& " and id.campana = " & SANO_CAMPANA & “ and id_pais in (" & $PAISES & ")"): PAIS <~ [id_pais];

read table Tienda;
read table Tiendanc;
read table DCTienda;
read table Paises;

table Tiendarais {m in PAIS} IN “ODBC" "MIT4" ("sQlL=select distinct b.id_tienda from

magstros.centro_distribucion tienda_seccion a inner join maestros.tienda b on a.id.tienda = b.id_tienda and
a.id_vipo_seccion = " & SSECCION & " and a.id_campan2 = “ & SANO_CAMPANA & " jnner join mitd.stock_pais_cat s on b.id_pais
= $.1d_pais” & " where b.id_pais = " & m): T.M[m] <~ [id._vienda};

table paisTienda IN "ODBC" "MIT4" (“sQLsselect distinct b.id_tienda, b.id_pais from
maestros.centro.distribucion tienda, seccion a inner join maestros.tienda b on a.id. tienda = b.id_tienda and

a.id tipo seccion = " & $SECCION & " and a.id.campana = " & SANO_CAMPANA & " inner join mitd.stock_pais.cat s on b.id_pais
= s.id pais” & " where b.id_pais in (" & SPAISES & ")"): [id_viendal, PAIS.T ~ id_pais;

read table Tiendapais;
read table paisTienda;

table togisticPlatform IN “ODBC" "MIT4" (“SQu=select distinct pl.id_plataforma_logistica from
maestros.centro_distribucion_tienda_seccion a inner join mitd.plataforma_logistica_tienda pl on a.id_tienda = pl.id_tienda
and a.id tipo.seccion = ¥ & SSECCION & “ and a.id_campana = " & SANO_CAMPANA & ™ inner join maestros.tienda t on
t.id.tienda = pl.id_tienda and_t.id.pais in (" & SPAISES & ") inner join mitd.stock.pais_cat s on t.id_pais = s.id.pais"):
LP <~ [id_plaraforma_logistical;

-

table TiendawithiP IN "ODBC" “MIT4" (“"sQL=select distinct pl.id_tienda from maestros.centro_distribucion_tienda_seccion a
inner join mit4.plataforma_logistica_tienda pl on a.id_tienda = pl.id_tienda and a.id_tipo_seccion = * & $SECCION & “ and
a.id_campana = * & SANO_CAMPANA & “ inner join maestros.tienda t on t.id_tienda = pl.id_tienda and t.id_pais in (" &
SPAISES & ") inner join mitd.stock.pais_cal s on T.id.pais = s.id_pais™): TIENDAWITH_LP <- [id_tienda}:

table Tiendatogisticelatform {1 in LP} IN "ODBC"” "MIT4" ("SQL=select distvinct a,id.tienda from

maestros, centro distribucion_tienda_seccion a inner join mit4d.plataforma. logistica_tienda pl on a.id_vienda = pl.id_tienda
and a. id_vipo_seccion = " & $SECCION & ™ and a.id_campana = ¥ & SANO_CAMPANA & " where id_plataforma_logistica = " & 1):
T_LP[1] <~ [id_tiendal:

table togisticPiatformTienda IN “ODBC" "MIT4" ("sQlL=select distinct pl.id_tienda, pl.id_plataforma_logistica from
magstros.centro distribucion tienda.seccion a inner join mit4.plataforma_ logistica.tienda pl on a.id.tienda = pl.id. tienda
and a.id.tipo.seccion = " & SSECCION & " and a.id_campana = * & SAND_CAMPANA & " inner join maestros,tienda t on
t.id_tienda » pl.id_tienda and t.id_pais in (" & SPAISES & ") inner join mitd4.stock_pais_cat s on t.id_pais = s.id_pais"):
[id_tiendal, LP_YT ~ id_plataforma_logistica;

read table Logisticplatform;

read table Tiendawithip;

read table TiendaLogisticplatform;
read table LogisticPlatformTienda;

table References IN "ODBC™ "MIT4" ("SQL=SELECT distinct id.articulo FROM { SELECT distinct 4d_centro_compra, id_campana,
id.vipo.seccion, id._grupo, categoria, id.articulo FROM mitd.stock_almacen_articulo UNION SELECT distinct
id_centro_compra, id.campana, id_tipo_seccion, id.grupo, categoria, id_articulo FROM mitd.stock_ tienda_ articulo UNION
SELECT distinct id.centro_compra, id.campana, id.tipo.seccion, id.grupo, categoria, id_articulo FROM
mitd,stock.almacen_pais) AS A WHERE id.centro.compra = " & SCENTROCOMPRA & " and id_campana = “ & SANO_CAMPANA & * and
id_tipo_seccion = " & $SECCION & ¥ and id.grupo = ¥ & $GRUPO & “ and categoria = " & SCLUSTER): REF <~ [id_articulo};

#table ReferencesDC {dc ‘in DATA_DC} IN "ODBC" "MIT4" ("SQL=SELECT distinct id_articulo FROM mit4.stock_almacen_articulo

WHERE 1d centro_compra = ™ & SCENTROCOMPRA & " and id.centro_distribucion = " & dc & " and id.campana = " & SANO_CAMPANA &

;‘3nd i¢mt}p?msetcion = " & SSECCION & " and id.grupo = " & SGRUPO & " and categoria = ¥ & SCLUSTER): REF_ALMACEN[dC] <-
id._articulo}:
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read table References:
#read table ReferencesdC;

for {r in REF, m in PAls} {
Tet }rm[r m]

}

table InventarioPais IN “ODBC" “"MIT4" ("sQi=select id_pais, id.articulo, stock from mit4.stock.almacen_pais where
id.centro_compra = " & SCENTROCOMPRA & " and id.tipo.seccion = " & SSECCION & " and id_campana = " & SANO_CAMPANA & "
id pﬁws in (" & SPAISES & ) and id_grupo = " & SGRUPDO & " and categoria = " & SCLUSTER): [1d Larticulo, tdd.pais], Irm ~
$10C

for {r in REF, j in TIENQA} {

Tet 1rilr,i) :
3
table InventarioTienda IN “ODBC" "MIT4" ("SQi=seiect id_tienda, id_articulo, stock from mitd.stock.tienda.articulo where
d_centro_compra = " & SCENTROCOMPRA & " and id.tipo.seccion = " & SSECCION & " and id_campana = " & 3ANO_CAMPANA & " and
id_pais in (" & $PAISES & ) and id_grupo = “ & SGRUPO & " and categoria = " & SCLUSTER): [id_articulo, id_tiendal, irj ~
stock;

for{dc in DATA.DC, r in REF} {
tetr iraldc,r} := O;

}

table InventarioAlmacenes IN “ODBC" "MITA" (“sQi=select id. centro dxstribucxon, id.articulo, stock fro

mit4, stock_almacen, . a:tlcu1o where id_centro.. d1str1buc1on 1n & & ") and id_centro_compra = " & SCENTROCOMPRA &
and id_tipo_seccion = " & $SECCION & " and id_campana = " & SAND_ CAMPANa & " and id_grupo = " & SGRUPD & " and categoria =

Y & $CLUSTER): [id.centro_distribucion, id_articulo), Ira ~ stock;

read table InventarioPais;
read table InventarioTienda;
read table InventarioAlmacenes;

for{j in_TIENDA} {
let 1303]

Lj i= 0y

# tet L] m1n§)§ 1= 03
# Tet Lj_maxij} := 0;
}
table LYienda IN "ODBC" "MIT4" ("sqi=select id_tienda, L_Jj from mitd.L_j where id_centro_compra = * & SCENTROCOMPRA & "
and id_tipo_seccion = " & SSECCION & “and id_campana = © & SANO_CAMPANA & " and id_pais in (" & SPAISES & ") and id_grupo
= " & SGRUPC & “ and categor1a = " & SCLUSTER): [id_tienda}, Li ~ L_J;
#table LT1endaM1n IN "ODBCT "MIT4" ("sQL=select id.tienda, L.j from nita. LMJMmln where id_centro.compra = *
$C£NTROCOMPRA & " and id_ tipo.seccion = " & SSECCION & ” and id_campana = " & SANO_CAMPANA & " and id_pais in (" & SPAISES

& ") and id_grupo = " & SGRUPO & " and categoria = " & SCLUSTER) {id_viendal, rj_min ~ L_j;
#table LTiendamax IN "OODBC" "MIT4™ (”SQL =select id_tienda, L_j from mitd.L_j_max where id_ centro_compra = * &
SCENTROCOMPRA & " and id_tipo.seccion = " & $SECCION & " and jd_campana = " & SANO_CAMPANA &  and id_pais in (" & $PAISES
& ") and id.grupo = " & SGRUPO & ™ and categoria = " & SCLUSTER): [id_tiendal, tj_max ~ L.j;

for{r in REF, j in TIENDA} {
} let 8rij[r,.jl} := 0;

table sreferenceTienda IN "ODBCY "MIT4" {("SQi=select id_tienda, id_.articulo, B, rJ from mit4.B.rj where id_centro. (ompra =
" & SCENTROCOMPRA & ™ and id.tipo.seccion = " & $SECCION & " and id.. camgana = " & SANO_CAMPANA & " and id_pais in (" &
SPAISES & ") and id_grupo = " & 3GRUPO & " and categoria = " & $CLUSTER): [id.artviculo, id.tiendal, Brj ~ 8.rj;

read table LTienda;

#read table tTiendaMin;
#read table LTiendamax;

read table BReferenceTienda:

for{j 1n¥TI£NDA} {

bj(3} = 0;
}
table 8Tienda IN "ODBC" "MIT4" (“sQi=select id._tienda, bj from mit4. b3 where id.centro. compra = " & SCENTROCOMPRA & " and
id_tipo_seccion = " & $SECCION & ™ and id_campana = " & SANO_CAMPANA & " and id_pais in (" & SPAISES & ") and id_grupo = "

& SGRUPO & " and categoria = " & SCLUSTER): [id_vienda], bj ~ bj;

read table BTienda;

for{j in TIENDA} {
) tet vi{i} = 05

table ventas IN "ODBC” "MIT4" ("SQL=SELECT s.id_pais, id_tienda, s.id_grupo, s.Cluster, (s.ventas_Temp + s.ventas_Saldo) *
dj.d as ventas from mitd.salida_pais_grupo.. cluster mini_mit2 s inner join mits.d. 3 dj on s.id._pais = dj. 1d pais where
s.id.pais in (" & SPAISES & ") and s.id_grupo = " & $GRUPO & " and s.Cluster = " & SCLUSTER): [id_ zwenda], Vi ~ Ventas;
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MITA_ TIENDA.dat
read table ventas:

#58 TEST LEVERS
(32

#This is to assign a percentage of DC inventory to the 10 countries
Tet {dc in DATA.DC, r in REF} Iraldc,r] := Iraldc,r] /24.31:

HEK OTHER COMMANDS
£33

# 1f inventory in‘countrg is less than zero set it to zero
for {r in REF, m in PAIS} { )
) if Irm [r.m] < O then let Irm [r,m)l:= 0;

for {r in REF, j in TIENDA} {
N if 1Irj %r.j} < O then let 1rj [r,j}:= 0;

#1f inventory in DC is less than zero set it to zero
for {dc in DATA_DC, t 1in REF}
) if Iraldc,r) <0 then let Irafdc,r] := 0;

#1f DC inventory is less than or equal to zero set shipments from that DC to zero and set shipments within the same DC to
zero

for {d¢ in DATALDC, r in REF} {

# if Iraldc,r] <=0 then {

& for {3 in TIENDA} {
# ) fix Q.raj [dc,r,i] := 0;
¥
# for {dc2 in DATA_DC} {
# ) fix Q.raa [dc,dc2,r] = O;
#
# 3
for {dc2 in DATA.DC} {
if d¢ = de2 then {
) fix Q.raa [dc,dc2,r] = O3
3
3}

# Restricts DC's to only ship directly to county within its domain
for {dc¢ in DATADC, j in TIENDA} {
if j not in T_0¢[dc] then {
for {r in REF} {
3 fix Q.rajlde,r,j] = O;

}

# set negitive tj to 0

#for {j in TIENDA} {

# tet ¢33 := Li{i} / 1.05;

# if Li_max [j] <0 then let Lj_max %'
z} if Limin [§] <0 then Tet Li_min %
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8.3.2 Model II Run File

MITA_YIENDA.run

A A B A R A R R R AR S R AR AR R SR A RS R AR RS SR ARSI S AR TR S E AR RIS R FRAD LS EAARI L ORI R CoARs

# MIT4 PLANTILLA DE EJECUCION MODELO III - DESAGREGACION A TIENDA *
# FECHA: 11/11/2009 ®
# VERSION: 1 @

ORIETTA YERDUGO *

#
R e e R A A

#version changes and updates

resey;

model MIT4_TIENDA_WITH_LP.mod;
include MIT4_TIENDA.I09.dat:

#HE LEVERS

T o o o o e o 0 S e

let CA := 50; # Cost of shipments between DCs

et €S := 10; # Logistic platform to store cost

Ter €L := O3 # Logistic platform to platform cost

let CM ;= 100, # oC shipment cost to each store

Jer CmL := 75, 4 Country warehouse shipment cost to each store
Tet RS = 1, # Max shipment ratio slack

#z: AMPL SIMULATION OPTIONS

FEBIF = o e o o i o o o 2 . 0 0 . 2 . O B

option show_stats 1;
option cplex_options (“"bestnode ™);
option cplex_options ("bestnode mipgap= 0.0003 mipdisplay= 2");

solve;

printf "ampl Time: %0.2f\tSolver Time: %0.2f\n\n",_ampl_time, _solve_time;
Lt RESULTS

print;

printf “Grupo: %s \n", {3GRUPO);

prmt; “Cluster: %s \n\n\n .($CLUSYER).

print 0StSmm=s

printf "Total Costs: %.2f \n\n”,DCZDC“COSTS + STORE..LP_COSTS + LP2LP_COSTS + STORE_SHIPMENTS -+
LOTAL_WAREHOUSE_STORE_SHIPMENTS;

printf "Total Shipment Costs: %.2f \M\N", STORE_SHIPMENTS + LOCAL_WAREHOUSE_STORE_SHIPMENTS;
printf "Total DC2DC Costs: %.2f \n\n", DC2DC_COSTS;

printf “Total LP2LP Costs: %.2f \nm\n", LP2LP._COSTS:

printf "Toral Store2LP Costs: %.2f \nm\n", STORE.LP.COSTS;

#i# EXCEL REPORTS

BEH e s o s 25 2t 0 .o e e 5 2 e 0 0

# Table of shipments to and from each DC

§ab1e Env;os D%ZD% OUT "ODBC" (CCi\mit4\MITA_Excel\TIENDA Campana. ' & SCAMPANA & "' & SANO & '_.G" & SGRUPO & ' (L' &
CLUSTER foxisT):

{r in REF, d¢ in DATA_DC, dc2 in DATA_DC} -» [REF,DC_Salida, DC_gEntradal,

Q_raa [de¢, deZ, r] ~ Tot_unidades;

#Table reference inventory b
tab;e %nv _DC ouT "opel” (Tc: \mtt4\xIT4 Excel\TIENDA _Campana_’ & SCAMPANA & “_' & SANO & '_G° & SGRUPO & '_CL' & SCLUSTER &
x1s
{dc in DATADC, r in REF} -> [DC,REF],
Ira [dc, r] ~ DC.Initial_Tnv,
sum {d¢2 in DATADC} Q_raa [dc‘ dc2, r] ~ Envios_DC2DC,
?um (%dxn T§ENDA _WITH_LP } Q.raj (dc,r,i] ~ Envios_Tienda,
Ira c, r
sum {j in TIENDAWITH.LP } Q.raj fdc,r,.i]
+ sum {dc2 in DATAchi Q.raa {dcz dc, r}
-~ sum {dc2 in DATA_OC} Q.raa [dc, dc2, rl) ~ DCInv_Final;

# Table of totral units shipped to each country

table Envios Tienda OUT "0DBC" {'C:\mit4\MIT4A_ExCeI\TIENDA_ Campana.' & SCAMPANA & '_" & $ANO & ' .G’ & SGRUPD & ’_CL' &
SCLUSTER & '.xIs"):

{r in REF, j in TIENDA_WITH_tP}«> [REF,TIENDA],

irj {r W31 ~ INv_Initial,

sum {d¢ in BATAADC} eraj [dc, r, ]% ~ Envios_Almacen_Central,

Qrm) [r,PAIS.T [3],]] ~ Envios_Almacen_rais,

Q_r]g{r P T{ } j% ~ Envios_TYienda,

Q.riifr,LP.T .31 ~ salidas Twenda‘

# Table toral inventory by store

gab]etaesgme qu ;lenda QUT "ODBC™ ("C:\mitd\MIT4_gxcel\TIENDA Campana_’' & SCAMPANA & '_' & SANO & '_G' & SGRUPO & '_CL' &
CLUSTER X

{3 in TIENDA_WITH.LP} -> [Tienda],

PAIS.T [§] ~ Pais
sum {r in REF} :rg [r,ii~Inv_Koy,

vili] ~ venta Estimada,

sum {r in REF, dc in DATADCY Q.raj [dc,r,.j)] ~ Envios_Almacen_cCentral,

sum {r in REF} Q.rmj [r,PALS.T [J1,3] ~ Envios_Almacen.. Pais,
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. MITA_TIENDA.run
sum{r in REF} Qur1§Er,LP_TE },}% ~ Envios_Tienda,
sum{r in REF} Q ril{r,LP.T % .3} ~ salidas_Tienda,
~vili] + (sum {r In REF, dc in DATA.DC} Q.raj [dc,r, i1 + sum {r in REF} Q.rmji [r,PAIS.T [j%,j}
J ~

+ sum{r in REF} (Qrijlr,tP_T{31,3] -~ Qrillr ap {1, 3]) +sum {r in REF} Irj fr,iD) Position_Inv;

# Table total dnventory by country
table Resume_Inv_Pais OUT “ODBC" ('c:\mitd\MIT4_Excel\TIENDA.Campana.' & SCAMPANA & '’ & SANC & *_G' & SGRUPO & '_CL° &
SCLUSTER & “.x1s'):
{m in pAaIS} -> [Pais],
sum ir in REF,J in T M Iml} Irj [r,3] + sum {r in REF} Irm [r,m]~Inv_Hoy,
sum {3 in T.M [m}} vi{i] ~ venta_ Estimada, . .
sum {r in REF, dc in DATADC, § in T M [m]} Q.raj [de,r,i]  ~ Envios_unidades,
-sum {j in T_M [m]} vj%j] + (sum_{r in REF, dc in DATA_DC, J in T.M [m]} Q.raj [dc,r,j]
+ sum {r in REF} Irm {r.,m]
+ sum {r in REF,j in T.M [m]} Ird [r,3]) ~ position.Inv;

# Yable total inventory by OC
§ab1e Reszmeul?vugc OUT "ODBCY (CimitA\MITA_ExCceT\TIENDA Campana.’' & SCAMPANA & ' & SAND & '.G' & $GRUPO & '_CL' &
CLUSTER & ".x18"):
{dc in DATA_DC} -> [pC],
sum {r in REF} Ira [dc, r] ~ DC_Initial_lnv,
sum {r in REF, dc2 in DATALDC} Q.raa [d¢, dc2, r] ~ Envios.DC2DC,
sum {r in REF, § in TIENDAWITH.LP } Q.raj [dc,.r,i] ~ Envios_Tienda,
sum {r in REF, dcZ in DATA_DC} Q_raa [dc2, d¢, r] ~ Recibos_DC2CD,
{sum {r in REF} Ira {[dc, r]
- sum {r in REF, J in TIENDAWITH_LP } Q_raj [dc,r, il
+ sum gr in REF, dc2 in DATAch% Q.raa [dc2, dc, r% )
- sum {r in REF, dc¢2 in DATADC} Q.raa [d¢, dc2, r}) ~ DCInv_final;

# Table total inventory by Country warehouse
for {r in REF, m in PAIS} {
if Irm [r,m] < O then let Irm [r,m}:= O;

}
table Resume_Inv_Almacen_Pais OUT "ODBC" ("¢:\mitd\MIT4_excel\TIENDA Campana.' & SCAMPANA & '.° & SANO & ’'_G' & SGRUPO &
'_CL' & SCLUSTER & '.x1s'):
{m in pAIS} -> [Pais],
sum {r in REF} Irm [r, m] ~ Initial_Inv,
sum {r in REF, j in T_M{m] } Q.rmi (r, m, j] ~ Envios_Tienda,
{sum {r in REF} Irm {r, m
- sum {r in REF, j in T_M[m]} Q.rmj [r, m, j1) ~ Inv_Final;

##4 EXECUMENT OF REPORTS
#

#write table Envios.DC2DC;

#write table iInv_DC;

#write table Envios_ Tienda;

#write table Resume _Inv_Tienda;
#arite table Resume_Inv_Pais;

#write table Resume_Inv_DC;

#write table Resume_Inv _Almacen_Pais;

option NOMBRE.FICHERO {('results.tienda.campana.’ & SCAMPANA & "' & $ANO & *.G' & SGRUPD & '.C" & SCLUSTER & *.sql’);

printf “delete from d_mitd.salida_tvienda_grupo_cluster_articulo where id_grupo = %s and categoria =

%5:\n", (SGRUPO) , (SCLUSTER) > (SNOMBRE.FICHERO): X X e

printf {r in REF, j in TIENDA_WITH_LP: Irj [r,j] or sum{dc in DATA_DC} qQ_rajldc,r,.jl > 0 or Q_rmj [r,Pals_T (j}1.31 > 0 or
Qril{r P T[31,317> 0 or Qr13{r,LP_T[j],3] > 0}: “insert into d_mitd.salida_rienda_grupo_cluster_articuio
(id_centro_compra, id.campana, id_tipo_seccion, id_pais, id_grupo, cate?oria, id_tienda, id_articulo, stock,
envios_almacen, envios.almacen pais, salidas_plataforma, entradas.plataforma) values (¥s, %s, %s, %s, %s, %S, %s, ¥s, %s,
%s, s, %s, %s);\n", (SCENTROCOMPRA)}, (SANO_CAMPANA), (SSECCION), PAIS_T {j}. (SGRUPD), (SCLUSTER), §, r, Irj [r,i],
sum{dc in DATA_DC} Q.rajldc,r,j), Q.rmj [r,PAYIS_T [3].31, Qrit{r.ar_T[3),3], Qriilr,Lp_T{j],3] > (SNOMBRE_FICHERO);

?gintf "delete fgom d_mitd.salida_almacen.modelo_tiendas where id_grupo = %s and categoria = %s;\n", (SGRUPO) , (SCLUSTER) >
NOMBRE__FICHERQ) ;

printf {dc in DATADC, r in REF: Ira [dc, r] > O or sum {j in TIENDAWITH_LP } Q.raj [dc,r,.j] > O or sum {dc2 in DATA_DC}
Q.raa [dc, dc2, r] > 0 or (Ira [dc, r] - sum {i in TIENDA_WITH_LP } Q_raj {dc.r,%] + sum {dcZ in DATADC} Q.raa [dcZ, dc,
rl - sum {dc2 in DATA DC} Q.raa [dc, dc2, r]) > 0}: “insert into d.mitd.salida.aimacen_modelo_tiendas (id_centro._compra,
id_centro_distribucion, id_campana, id_tipo_seccion, id_grupo, categoria, id_articulo, stock, envios_tienda,
envios_almacenes, stock_final) values (¥s, %s, %s, %s, %s, %s, %s, %s, %s, %5, %s);\n", (SCENTROCOMPRA), dcC, .
(SANO_CAMPANA), (SSECCION), (SGRUPO), (SCLUSTER), r, Ira [dc, r], sum {j in TIENDAWITH.LP } Q.raj [dc,r,ji], sum {dc2 in
DATALDCY Q.raa [dc, de2, r), (Ira [d¢, r] - sum {§ in TIENDAWITH.LP } Q.raj [d¢,r,.3] + sum {dc2 in DATALDC} Q.raa [dc2,
do, r] - sum {dc2 in DATA_DC} Q.raa [dc, dc2, r]) > (SNOMBRE.FICHERG);

close (3NOMBRE. FICHERO);
sheti("mysql ~h axincloudl -u ccsa ~pdvhgPeGX < " & (SNOMBRE_FICHERO)Y;
shell(“del " & (SNOMBRE_FICHERO)):
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8.3.3 Model IT Mod File

MITA_TIENDA.mod
P i R E 2 L T T
& MIT4 OPTIMIZACION MODELO IXI ~ DESAGREGACION A TIENDA *®
# FECHA: 11/11/2009 :

# VERSION: 1
ORIETTA VERDUGO *

PR R R e R R

#version changes and updates

il OPTIONS FOR DATA MINING
#

option CENTROCOMPRA 1;

option SECCION 1.

optien ANO 2009;

optrion CAMPANA 2;

option ANQ - CAMPAN A S

oprien OCS 10001 10018 100267 ;
#option PAISES '2,3,7,8,18,28,30,38,39";
option GRUPO ‘19 ;

option CLUSTER 590"

option where (" id_centro_compra = " & SCENTROCOMPRA &  and id_tipo_seccion = " & $SECCION & and id.campana = " &
SANO_CAMPANA
#& * and id_pais in (" & SPAISES & ")"

#k# DECLARATION OF SETS AND PARAMETERS

- s G P VOO VSRR —-—

set DATA_DC:= {10001,10018,10026}; # DC codes

set T.DC {DATA_DCY; # set of stores that each DC supports

set PAIS; # set of all countries

set REF; # Reference in each group and cluster

set TIENDA; # set of stores

set TIENDALWITH_LP default {}; # set of stores with Togistic platform
set Lp defaulr {};

set T_M {PAIS}; # set of stores per country

set T.Lp {LP}:

param LP_T {TIENDA};
param PAIS.T {TIENDA}:
param DC.YT {TIENDA};

param CA >=0; # DC to DC costs

param (M >=0; # Country shipment €ost to each store

param €S >=0; # Logistic plarform 1o store cost

param CL >=0; # Logistic platform to platform cost

param RS >=0; # Ratio slack for maximum shipment by store or reference

# Inventory ‘in country warehouse in the beginning of the current period of the regular season
param Irm {r in REF, m in PAIS};

# Inventory in store in the beginning of the current period of the regular season
param Irj {r in REF,j in TIENDA}:

# Inventory at DC at the beginaning of the current peried in the regular season
param Ira {dc in DATA.DC, r in REE};

# ewwwxseveshipment allocation to each store

#param Lj_max §J in TIENDA}:

#param Li_min {j in TIENDA}.

param Lj {j in TIENDA};

# Maximum shipment quantity of each reference to stores
param 8rj {r in REF, j in TIENDA};

param bj {J in TIENDA}:

param vi {j in TIENDA};

#F# DECISION VARIABLES

# Inventory Tlow from DC to store

var Q.raj {dc in DATA_OC, r in REF, j in TIENDA} >=0;

# Inventory flow from local warehouse to store
var Q.rmi {r in REF, m in PAIS, § in TIENDA} >=0;

# inventory flow from logistic platform to store
var Q.rij {r in REF, 1 in LP, § in T.LP [1]} >=0;

# Inventory flow from store to logistic platform

var Q.rjt {r in REF, 1 in LP, § in TP [1]} >=0;

# Flow from DC to DC for cluster n in group g
var Q.raa { dc in DATA_DC, d¢2 in DATA_DC,r in REF} >=0;

# Flow from logistic ?1atf0rm to platform
var .ril {r in REF, | in LP, 12 in LP} >=0:
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# Total DC transfer costs
var DC2DC_COSTS =
CA * sum {dc in DATA_DC, dc2 in DATALDC, r in REF} Q_raa [dc, dc2, rl;

# Total store to logistic platform transfer costs
var STORE_LP_COSTS =
CS * sum {r in REF,J in TIENDAWITH 1P} (Q.rlj [r,tP.T [13.3] + Qrj? [r.ee.7 {31,31);

# votal LP to LP transfer costs
var LP2LP_COSTS = .
CL * sum {r in REF,1 in LP, 12 in LP} Q_r11 {r,1, 121;

# Total 0C transfer costs
var STORE_SHIPMENTS =
< * (sum {dc in DATADC, r in REF, j in TIENDA} Quraj [dc, v, 1]
+ sum {r in REF, m in PAIS, j in TIENDA} Q.rmj [r,m,i]);

#0E OBJECTIVE FUNCTION

minimize SHIPMENT_COSTS!
DC2DC_COSTS + STORE LP_ COSTS + LP2LP_COSTS + STORE_SHIPMENTS;

ELid CONSTRAINTS MIT4

# Ensures shipments between DC$ do not exceed the inventory available
subject to de_shipments {dc in DATADC, r in REF}:
Ira {dc, r] + sum {dc2 in DATA DC} Q.raa [dc2,dc,r] >=
(sum {j in TIENDA} Q.raj {dc,r,j1) + (sum {dc2 in DATA_DC} Q.raa [dc,dc2,r]);

# Inventory balance equation
subject to inv_balance {r in REF, m in PAIS}:
Irm [r.m]} >= sum {J in TIENDA} Q.rmj [r,m,j):

# Ensures that the inflow to each store is Jess than the votal shipment gquantity allocated to that store
subject to min_store_shipments {j in TIENDA}:
sum {r in REF} (Q.rmj [r,PAIS.T [§1,3] + Q.raj [DC.T {j1,r.302
>= max(Lj tj%,o);

# mhwwssavivswarehouse shipment requirement
subject 1o min_excess {dc in DATA.DC}:
sum{r in REF}(Ira [dc, r}- sum {j in TIENDA } Q.raj [dc,r,i]
+ sum {dc2 in DATADC} Q.raa [dcZ, d¢, r
~ sum {dc2 in DATA_DC} Q.raa [dc, de2, rl) <= 0.2 ¥ sum{r <in REF} Ira [dc,r];

# s¥wwesiimax ratio per store

subject to max.ratio {r in REF, J in TIENDA}:
sum{dc in DATAOC} Q.rajlde,r,j) « a.rmj {r,PAIS_T [§1.3)
<= bj{j]l * sum{dc in DATA_DC} Irafdc, rg* RS
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GLOSSARY

Article: Please see Reference.

Campaign: Design collections are separated into two campaigns, winter and summer. Campaigns
last roughly seven weeks during the regular season and are followed by the clearance season.
Clearance season sales: The number of units sold or total revenues during the clearance season.
Clearance Season: The clearance season is the time period at the end of each campaign in which
excess merchandise from the cutrent campaign is sold at a discounted price. This period can last
from a few weeks up to two months depending on the country and available merchandise.

Cluster (Pricing Cluster): Groups are segmented into pricing clusters based on the price of an
article during the regular season. A cluster therefore can be 990 Euros and will have all the garments
within a group that share this price point.

Country Warehouse: A storage facility that serves stores in the local country.

Distribution Center (DC): A storage facility that focuses on warehousing and distribution of
merchandise from vendors to stores and country warehouses.

End-of-season sales: The number of units sold or total revenues during the last few weeks of the
regular season.

End-of-Season: The last few weeks of the regular season is referred to end-of-season. Merchandise
is sold at retail price and clearance season forecasts begin.

Group: A grouping of garments with similar characteristics and within the same product line. An
example of a group is dresses.

Point of Sale: Hardware and software used at store registers that manages the selling process. Store
sales and returns are accessible at the time of the transaction.

Pricing Forecast: Forecast created by Professor Gallien and Caro for a clearance pricing project.
This forecast is used as the baseline forecast to test and improve upon.

Product Line: A set of related garments that share characteristics such as design, style, and market
segment.

Reference: Also referred to article, is a design trend that is categorized by a model and textile
quality. For example, a reference such as a denim jacket would be under the outerwear group for a

given product line.
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Regular Season: The regular season refers to the selling period in which merchandise is sold at retail
price during a campaign.

Rotation: The stock to sales ratio of a reference that represents the amount of stock that should be
on hand at each store in a given time.

Stock Keeping Unit: A unique identifier of a reference that includes size and color.

Success Ratio: The estimation of the success of sales over the life of the item. It is the ratio of

total sales of a reference divided by the total opportunity of sales for the current season.
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