ABSTRACT
GOKCE, MAHMUT ALI. Optimization of Sourcing Decisions in Supply Chains. (Under

the direction of Dr. Russell E. King, Dr. Jeffery A. Joines, and Dr. Michael G. Kay.)

Sourcing decisions in supply chains traditionally are made solely based on cost
considerations. Typically sourcing models or decision-making procedures are either ad
hoc or proprietary. In this dissertation a meta-heuristic-based optimization approach is

developed and applied to sourcing decisions in several different apparel supply chains.

To solve this kind of a large combinatorial problem, two issues need to be addressed: the
solution methodology and the performance measure to be used. We develop a
simulation-optimization methodology based on genetic algorithms (GA). Deficiencies of
some of the current supply chain performance measures are addressed and a new
performance measure, GMROILS, is developed. The GA with complex evaluations is
used to determine optimal sourcing decisions for a seasonal item in an apparel supply
chain with GMROILS as the performance measure. The Sourcing Simulator® is used for

the simulation. Results show that the proposed methodology produces very good results.

Based on the success of the proposed method, a large experimental design is carried out.
Parameters in the experimental design include number of SKUs, SKU mix error, lead-
time, seasonality pattern, min. order quantity per SKU, demand volume error.

Multivariate regression, ANOVA and neural network analysis are performed on the



results and we determine that best GMROILS is achieved generally when number of

reorders is maximized.

Next, we develop a constrained GA with complex evaluations. First, the constrained GA
is used with the same experimental design using GMROI as the main performance
measure with a 95% service level constraint. Results from the experimentation are in
agreement with the previous results, i.e. the leanest and most flexible and responsive
supply chain yields the best performance. We also conclude that GMROILS is an

appropriate performance measure to be used in these cases.

The constrained GA with complex evaluations was applied to a industry-supplied case
study. We look at the sourcing of workpants to large, discount retail chain. The problem
is to find the best inventory policy for the supplier of the workpants in order to provide a
95% service level to the retailer while maximizing GMROI (the objective defined by the
supplier). We use the constrained GA with complex evaluations to find the best
combination of presentation stock levels and target week of supply for the 420 SKUs so
as to maximize GMROI while keeping 95% service level. We compare results from the

optimizer to some classical alternatives including the existing policy.

In the last part of the dissertation, a multiobjective GA with complex evaluations is
developed. Multiobjective GA is used to maximize GMROI and SL at the same time for
the seasonal item scenario. A pareto-optimal frontier is generated, which can be used by

the decision-maker to make better and more robust decisions.



In conclusion, the GA approach with complex evaluations performed successfully, as
well as the new performance measure, GMROILS. Insights into optimal sourcing
strategies are obtained. The optimization methodology is believed to have great potential

for providing good solutions to a larger class of supply chain and logistics problems.
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CHAPTER 1

INTRODUCTION

Nowadays, almost all companies try to concentrate their business on the activities that
they know best. These activities are referred to as the core competencies of a company.
However by concentrating efforts on core competencies, all other activities had to be
outsourced. Therefore quality of products and services, and customer satisfaction are
functions of performances of the firms involved in the process. The greatest challenge for
a successful business is then the integration of the separate business units and the

coordination of materials and information among these companies.

Supply Chain Managament (SCM), is best defined as “the task of integrating
organizational units along a supply chain and coordinating materials, information and
financial flows in order to fulfill (ultimate) customer demands with the aim of improving
competitiveness of the supply chain as a whole.” (Stadler and Kilger, 2000). In a broader
sense, a supply chain consists of two or more legally separated organizations, linked by
materials, information and financial flows. These organizational units might be firms

producing parts, end products, service providers or end customers.

The potential for impressive gain from coordinating organizational units and integrating
information flows and planning efforts along a supply chain has been realized in the

recent decade:

e Campbell Soup reduced inventory levels at the retailer by 66% while maintaining or
improving average fill rates by introducing simple inventory management rules and

improving forecasts (Cachon and Fisher, 1998).



e [BM applied its Asset Management Tool, which consists of analytical performance
optimization and simulation, to its personal systems divisions. The application
resulted savings in material costs and price-protection expenses that added up to $750

million in 1998 (Lin et al., 2000).

e BASF introduced vendor managed inventory with 5 key customers in its textile colors
division. The advanced planning system used enabled ASF to raise the fill rate of the
customer’s inventory to almost 100%. BASF was able to generate less costly
production and transportation schedules while the customers eliminated safety stocks

completely (Grupp, 1998).

e Hewlett-Packard (HP) used different inventory models to analyze the effect of
different locations and inventories within its supply chains. The analysis convinced
HP to adopt a modular design and postpone its deskjet printers. As a result, they were
able to reach a reduction of 25% in the supply costs of deskjet printers. (Lee &
Billington, 1995).

The main objective of SCM is to increase competitiveness. But no single unit can be held
responsible for competitiveness of a product or service. The supply chain as a whole is
responsible. For this reason, the competition in the marketplace has inevitably shifted
from being between single companies to being between supply chains. A company and

its success is now defined by its supply chains.

One can approach SCM problems from one of the many facets that it has. In this
research, we concentrate our efforts on the effective operation of supply chains. From an
operational point of view, a supply chain can be thought of as made up by three major
components: sourcing and procurement, manufacturing and distribution, and inventory

disposal. This dissertation is focused on sourcing component of a supply chain.

Purchased goods and services represent 50% - 70% of a manufacturing company’s value

potential (Tyndall et al., 1998). The majority of a company is defined by the components,



materials and services acquired from outside companies. Sourcing is an area where there
is vast potential for adding value. This is the reason why more and more companies

include strategic sourcing as a core competency (Tyndall et al, 1998).

Increasing pressure and requirements for responding to customer demand in a timely
basis have been dealt by choosing the lowest cost alternative and trying to offset for the
long lead-time by forecast based methods. Recent decades have opened the gates for
sourcing products and materials off-shore, encouraged by substantial cost savings. Rarely
have the consequences of significantly longer lead-times on total chain performance been
considered even though the effects might be severe. Usually, the time it takes to convert
material to products and moving them to marketplace is invariably longer than the time
customers are prepared to wait. This so called “lead-time gap” (Fernie and Sparks, 1999,
pp.94) was filled with forecast-based inventory. However, with sourcing off-shore with
long lead-times and almost no flexibility, the company cannot ensure that the product will
be available when the customer wants it. The problem with keeping this kind of inventory
is that the inventory is usually wrong in the sense that sizes, styles, and colors are not

those actually demanded.

There is a need and great value for formal sourcing models, quantitative analysis on the
effects of current sourcing practices and ways of improving them. This dissertation aims
to partly fill this gap. A new genetic algorithm (GA) based simulation optimization
methodology is developed and proposed to be used for finding optimal sourcing
strategies in supply chains. The proposed GA uses simulation as an evaluation tool. A
previously developed simulation tool, the Sourcing Simulator (King et al., 1991), is used
for simulation of alternative solutions. There is usually more than one objective to be
optimized to make good sourcing decisions. In this study, this situation is dealt in three
different manners. The proposed optimization method is tailored to work first with a
single performance measure, which combines all objectives. Then, one of the objectives
is used as the main objective and others are constrained to be within a threshold. Lastly,
all objectives are optimized at the same time using a multi-objective optimization

method.



The remainder of this dissertation is organized as follows: Chapter 2 mentions the
deficiencies in some of the traditional supply chain performance measures, and also talks
in detail about a new performance measure, GMROILS. A GA based simulation-
optimization methodology to solve sourcing decisions in supply chains is also introduced.
The proposed methodology is tested on a scenario dealing with replenishment of a

seasonal item to a single retailer.

Chapter 3 consists of experimentation to test the effectiveness of the proposed
methodology. The experimental designs aim to find effects of some factors of interest on
the optimal performance as well as ways to determine levels of decision variables to set
that will achieve the best performance under a wide range of scenarios. ANOVA,
multivariate regression and neural networks are used for determining the factors
important in determining optimal solution as well as for determining levels of the

decision variables to obtain optimal performance for any given parameter setting.

Chapter 4 introduces the constrained GA optimizer. We first run the same experimental
design in chapter 3 to test the new performance measure GMROILS and the findings
about the optimal settings for decision variables while the second part of chapter 4 is a
case study. The constrained GA is used to find optimal sourcing settings for a basic
product with 420 SKUSs. The constrained GA performs successfully and the results from
the experiments shed light on some insights into the characteristics of the best sourcing

practices.

A multi-objective GA with complex evaluations is developed in chapter 5. The new
multi-objective GA is used to optimize sourcing decisions while trying to satisfy multiple
objectives. Experimentation results help us come up with decision frontier, which can be
used by management based on preferences. The pareto optimal frontiers also allow the

decision-maker see the trade-offs between different objectives.



Chapter 6 summarizes the research and reiterates the results of this dissertation. Some of

the lessons learned are stated and directions for future research are pointed out.



CHAPTER 2

OPTIMIZATION OF SOURCING
DECISIONS FOR A SEASONAL
ITEM

This chapter describes the proposed genetic algorithm based simulation optimization
methodology. First the problem is defined. Available literature on related topics is
reviewed in 2.2. The details of the proposed methodology along with the definition and
justification of a new performance measure, GMROILS, are given in section 2.3. Results
from the experimentation with the proposed methodology and the new performance
measure are presented in section 2.4. The chapter ends with some concluding remarks in

2.5.

2.1 INTRODUCTION

Competitiveness in today’s marketplace depends heavily on the ability of a company to
handle the challenges of reducing lead-times and costs, increasing customer service
levels, and improving product quality. Traditionally, sourcing (procurement), production,
distribution and marketing have worked independently. Unfortunately, although they
seem to be working towards a common goal, these organizational units have different
objectives. Marketing wants to have a high customer service level as well as high sales

volume, but this conflicts with the objective of production and distribution. Sourcing



decisions normally depend solely on minimizing the cost of goods, and production and
distribution decisions often consider only maximizing throughput while minimizing
production (unit) costs without any consideration for high inventory levels or long lead-
times. This situation does not only create as many different business plans as the number
of organizational units but it also decreases the overall gain of the players in the supply
chain significantly. A company’s success or survival against these challenges does not
come from isolated efforts in different companies and/or departments within the same
organization, but through coordinated efforts between different organizational units as
well as separate organizations. Supply chain management is the effective coordination
and integration of different organizations with different objectives towards a common
goal. The great potential for improvement in these objectives through effective supply
chain management mechanisms has recently been realized (Karabakal et al., 2000; Lyon

et al., 2001; Hahn et al., 2000).

A supply chain, from an operations perspective, has three components: sourcing or
procurement, manufacturing and distribution, and inventory disposal. The focus of this
chapter is on decision making in the sourcing component of a supply chain. In particular,
we develop a simulation-based, genetic procedure for determining optimal settings for

controllable inputs.

Sourcing decisions have a large impact on manufacturing and distribution and
inventory disposal in a supply chain as well. Therefore, sourcing and procurement
decisions directly affect the efficiency of the entire supply chain. Because sourcing
decisions include the supplier, which is usually a separate company, these decisions are
much more rigid than manufacturing, distribution, and inventory disposal decisions.
Whereas manufacturing and inventory disposal decisions might be internal to a company
most of the time and therefore easier to change or modify, sourcing decisions that include

outside companies will be hard to change due to contracts and agreements.

Known as the “Bullwhip Effect” (Lee et al., 1997), distorted information from one

end of a supply chain to the other can lead to tremendous inefficiencies, including



excessive inventory, poor customer service, lost revenues, and missed production
schedules. In a typical supply chain for a consumer product, even when consumer
demand does not seem to vary much over time, there is a significant variance in the
retailer’s orders to the manufacturer. The variability increases as we move up to the
supply chain. Procter & Gamble (P&G) noticed this effect when the logistic executives
examined the order patterns for their popular diaper brand, Pampers. Although sales
were fluctuating, the variability in retail stores was certainly not excessive. However, the
variability in the orders from the distributors was considerably higher. When the orders
of materials to their suppliers, such as 3M, were analyzed, the variability was even
greater. Sourcing decisions play an important role in limiting or contributing to the
bullwhip effect. Figure 2.1, modified from Lee et al. (1997), shows the bullwhip effect in
a serial supply chain with four members (Retailer, Wholesaler, Manufacturer, and

Supplier).
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Figure 2.1 Increasing Variability of Orders up to the Supply Chain

Supply chain problems are often very large and complex owing to the interactions

between the entities, the length of the supply chain, the lead times of manufacturing and




shipping, the complexities of modeling the individual entities, the stochastic nature of the
demands, etc. Because of these complexities, very few analytical models exist except for
simplified versions of the problem, which often are based on limiting assumptions. Even
if the analytical forms do exist, it is very difficult to solve these models using traditional
search methods like linear programming, differentiation, or even local gradient-based
methods owing to the fact that most of the models are discrete, non-linear and/or multi-
modal. Therefore, heuristic or computational methods are required to even determine

good solutions.

Computer simulation is a methodology that can be used to directly model the
complexities of the entire supply chain without as many limiting assumptions. Computer
simulation can be used to describe and analyze the behavior of a supply chain and can aid
in the design/control of the supply chain through evaluation of “what if” questions (i.e.,
What if we source our product from these two suppliers? or What if we drop ship 20% of
the estimated demand from one supplier and quick replenish every four weeks from this
supplier?). However, other practical questions (such as Which combination of suppliers
is best? and What is the best sourcing strategy under these conditions?) seek optimum
values for the decisions variables of the system for the one or more performance
measures. In this case, the simulation model can be thought of as the objective function

and/or constraint functions in optimizing these complex stochastic systems.

Using simulation in the optimization process presents several challenges. First, there
is no analytical expression of the objective function, which eliminates differentiation, or
exact calculation of local gradients. Further, the stochastic nature of the simulation
causes problems because given a set of deterministic decision variables, the performance
measure is not crisp but rather is described by a probability distribution. Simulation
programs are typically computationally more expensive to evaluate than analytical

functions. Therefore, the efficiency of the optimization algorithms is more crucial.

This chapter presents a supply chain simulation-optimization methodology employing

genetic algorithms. In general, this chapter considers the sourcing of general



merchandise from a supplier for a retailer. To test the technique, the Sourcing
Simulator® (Hunter, King and Lowson, 2002; Hunter, King, and Nuttle, 1992, 1996;
King, and Nuttle, 1999; Lowson, King and Hunter, 1999; Nuttle, King, and Hunter, 1991)
is used as the simulation tool/evaluation function. The Sourcing Simulator can evaluate a
sourcing strategy for a retailer for a given set of inputs. The tool is expanded using the
optimization methodology to find the best scenario for a given performance

measure/measures.

2.2 RELATED LITERATURE

The literature review in this section is divided into four sub-sections. First, a review of
performance measures for sourcing problems is presented. Section 2.2.2 gives detailed
information and review of literature on the sourcing simulator. In Section 2.2.3, a general
overview of simulation-optimization techniques is presented. Lastly, section 2.2.4
introduces genetic algorithms and provides the motivations behind using genetic

algorithms in this research.

2.2.1 Performance Measures for Supply Chains

An important issue in supply chain management is how to measure the performance of a
supply chain for a given set of decision variables. No matter how appropriate the
methodology, if the performance measure is poor, the results could be misleading or
false. A key issue is that multiple objective problems are faced frequently in supply chain
management (i.e., companies want to optimize multiple criteria that are often
conflicting). Typically, the objectives are to maximize revenue with minimal inventory
while maximizing customer service. Multi-objective optimization problems are a major
challenge in developing solution methodologies. Ideally, one would like to have a single
performance measure that addresses all three of these issues. Unfortunately, traditionally

used performance measures do not take into account all three.
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Gross Margin (GM) is a widely-used supply chain performance measure. It is
calculated using the following formula and takes into account the profitability of the
supply chain.

Gross Margin = Total Revenue — Cost of Goods
= Total Revenue — Number of units purchased x Wholesale cost/unit

GM is a measure of revenue only. It neither takes into effect the cost of carrying
inventory nor relates to the chain’s customer service level. In an effort to improve GM,
Gross Margin Return on Investment (GMROI) adjusts GM for the average inventory held
over the period and is an effective measure that takes into account the money earned and

inventory held. It is calculated using the following formula:

GM
Avg. Invx (Wholesale cost/unit)

GMROI =

It can be interpreted as the margin earned per dollar invested in inventory. However,
it does not consider the customer service level and is a poor objective function when used
directly in an optimization algorithm. GMROI is misleading in that it can be maximized
by buying just a very few items, in which case GM will be very low but the average
inventory will be even lower. Therefore, GMROI is high but the customer service level
is very low since little of the consumer demand is met while the revenue is also poor. A
new measure, GMROISL (King and Nuttle, 1999), was proposed that incorporates
customer service by multiplying GMROI by the in-stock percentage. However, this
presumes a weighting between in-stock percentage and GMROI. Also notice that, in
measuring customer service, lost sales are more important than the in-stock percentages.
Minimizing the lost sales directly relates to maximizing customer service, while being
out of stock for a SKU (Stock Keeping Unit) does not necessarily decrease customer
service level in a particular period if there was no demand for that SKU during that
period. A new performance measure called Gross Margin return on investment with lost

sales (GMROILS) is developed in section 2.3.2 as an alternative performance measure.
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2.2.2 The Sourcing Simulator

The Sourcing Simulator is a stochastic simulation model for the consumer product
retailing process developed by Nuttle, King and Hunter (1991). The model allows
investigation of the effects of alternative retailing procedures on financial and other
performance measures for a retail store. The value of the model lies in the fact that it
captures the random nature of consumer behavior at the retail store within a robust
framework that allows investigation of buyer strategies. Consumer arrivals at the retail
store are modeled as a time-dependent Poisson process. The rate each week is based on a
specified seasonal arrival pattern. The model tracks the inventory by stock keeping unit
(SKU). A forecast of consumer demand is expressed in terms of customer volume, SKU
mix and presumed seasonality. The model assumes that this forecast is in error. This error

is specified as a volume error, SKU mix error, and actual seasonality.

It models alternative mechanisms for supplying product to a retail store. The model
tracks the inventory of a line of product offered in a range of SKUs. The store sets up an
initial inventory to start the selling season according to the store buyer’s plan. Customers
arrive at the store and attempt to purchase garments. For a particular customer, if the
desired SKU is in stock, a sale is recorded and inventory decremented. If the SKU is out
of stock, a stockout is recorded. In either case the customer may look for another item
with certain probabilities. Periodically the store may issue replenishment orders on the
vendor. Replenishment may be based upon the original buyer’s plan or may reflect the
use of actual Point-of-Sale (POS) data. In this way the selling season is played out and

performance statistics are computed.

Within the season, the buyer may employ one of two alternative techniques for re-
estimating season’s demand and incorporating the re-estimate in a scheme for issuing
reorders to the manufacturer. As for the reorders, the number and timing of reorders are
specified prior to the beginning of the season. The model allows for planned price
reductions (promotions and markdowns) in order to stimulate the sales for a specific

period or at the end of the season. Consumer behavior is effected in two ways by a price
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reduction. First, customer arrivals to the store increase proportional to the reduction in
price based on price elasticity. Second, the probability that a customer selects an

alternate SKU after encountering a stockout increases.

Nuttle, King and Hunter (1991) present several case studies for illustration of re-
estimation of demand and quick response (QR) versus traditional retail practice. The
case studies showed clearly that useful information can be made available very early in
the season both to the buyer and, if shared, to the apparel manufacturer and textile
producer, to whom lead-time is critical by use of demand re-estimation. Comparisons of
performance parameters for both traditional and QR procedures show clearly the

superiority of the QR methods.

Hunter, King, and Nuttle (1992) expanded the capability of the Sourcing Simulator to
include a responsive fabric-supply component by modeling the manufacturer portion to
form an apparel-supply chain system for QR retailing. In-season apparel shop order
releases are calculated weekly depending on retail orders received but not yet shipped,
backorders, work-in-process, finished inventory, availability of fabric and constrained on
minimum release batch for individual SKUs, maximum number of SKUSs in a shop order
and shop capacity. Weekly, in-season fabric reorders are calculated based on net fabric
requirements from apparel shop orders. The order size is limited by the allocated weekly
apparel shop capacity, as there is no need to carry fabric that cannot be used. Results
obtained using the simulation model are also presented in the paper. They conclude that
apparel-manufacturing systems exist that allow retailer performance to come very close

to the case with a perfect supply by the vendor.

King and Hunter (1996) use the Sourcing Simulator model for demand re-estimation
and inventory replenishment of basic apparel in a specialty retail chain. Their results
show the sponsor retail chain achieved substantial reductions in inventories while

improving customer service levels by adopting the reorder procedures outlined in their

paper.
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Hunter, King and Nuttle (1996) explore the applicability and benefits of QR
compared to traditional retailing procedures. They extend their previous work and
present results on the impact of assortment error, volume error, price markdowns, reorder

lead-time, bi-weekly reorders, season length, number of SKUSs on performance.

2.2.3 Simulation Optimization

Law and McComas (2000) define simulation optimization as the “orchestration of the
simulation of a sequence of system configurations (each configuration corresponds to
particular settings of the decision variables (factors)) so that a system configuration is
eventually obtained that provides an optimal or near optimal solution.” Several excellent
survey papers have been written on simulation optimization techniques and procedures.
Swisher et al. (2000) Androdottir (1998°, 1998"), Carson and Maria (1997) and Fu
(1994, 1994 present reviews of simulation optimization techniques both for continuous
and discrete decision variables. This section is intended to give a brief overview of
simulation-optimization techniques. The reader is encouraged to refer to the survey
articles mentioned above or to the articles specified in the corresponding sections below
for detailed information on a specific technique. A detailed description of available
simulation based optimization packages, their vendors and the heuristic search

procedures that they use may be found in Law and Kelton (2000), section 12.6.

Simulation optimization techniques and procedures can be summarized in two main
categories based on the characteristics of the decision space: Continuous versus discrete

input spaces.
2.2.3.1 Continuous Input Parameter Methods

The feasible region is uncountable and infinite. General methods in this category might
be classified as gradient-based or direct (i.e., nongradient-based). Gradient-based
methods: Methods in this category mostly use stochastic approximation (Robbins and
Monro (1951), Kiefer and Wolfowitz (1952)) for determining the step size in

combination with a gradient estimation method. Popular gradient estimation techniques

14



found in the literature include perturbation analysis, harmonic analysis, likelihood ratios
and score functions. Response surface methodology and stochastic counterpart are some
of the other gradient-based simulation optimization techniques besides stochastic
approximation. The reader is referred to Swisher et al. (2000) for a detailed discussion

on the literature on gradient-based simulation optimization techniques.

Direct methods: Methods in this category include Nelder-Mead simplex method,
Hooke and Jeeves method, and sample path method. For a detailed review of direct
simulation optimization techniques, the reader is referred to Swisher et al. (2000) and

Andradottir (1998%).
2.2.3.2 Discrete Input Parameter Methods

The feasible region is discrete. When the size of the feasible region is relatively small,
ranking and selection, multiple comparison procedures are used in literature (Goldsman
and Nelson, 1994, 1998; Bechhofer et al., 1995; Hsu, 1996). When the size of the
feasible region is infinite or very large, ordinal optimization (Ho et al., 1992), and
metaheuristics such as simulated annealing (Fleischer, 1995), tabu search (Glover and
Laguna, 1997) and genetic algorithms (Tompkins and Azadivar, 1995; Liepens and
Hilliard, 1989) are among the methods found in the literature.

The most important issue in simulation optimization has been the limitation that
arises out of inability to be able to simulate more than a fraction of the usually very large
number of solutions. An effective search mechanism to guide a series of simulations to
produce optimal or near-optimal solutions is needed. Genetic algorithms offer an

efficient approach for these problems.

In the next section, genetic algorithms are introduced in general and differences
between genetic algorithms and traditional optimization methods are discussed with focus
on the advantages that provided the motivation of use of genetic algorithms for this

research.
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2.2.4 Genetic Algorithms

Genetic algorithms (GAs) are a powerful set of stochastic global search techniques that
have been shown to produce very good results for a wide class of problems. GAs can find
good solutions to linear and nonlinear problems by simultaneously exploring multiple
regions of the solution space and exponentially exploiting promising areas through
mutation, crossover and selection operations (Michalewicz, 1994). In general, the fittest
individuals of any population are more likely to reproduce and survive to the next
generation, therefore improving successive generations. However, some of the inferior
individuals can, by chance, survive and also reproduce. Unlike many other optimization
techniques, GAs do not make strong assumptions about the form of the objective function
(Michalewicz, 1994). Traditional search techniques use characteristics of the problem
(objective function) to determine the next sampling point (e.g., gradients, Hessians,
linearity, and continuity), however, the next sampled points in genetic algorithms are
determined based on stochastic sampling/decision rules, rather than a set of deterministic
decision rules. Therefore, evaluation functions of many forms can be used, subject to the
minimal requirement that the function can map the population into a totally ordered set.
A more complete discussion of GAs, including extensions to the general algorithm and
related topics, can be found in books by Davis (1991), Goldberg (1989), Holland (1975),
and Michalewicz (1994).

Each solution (individual) in the population of a genetic algorithm is described by its
chromosome representation, which is a vector of variables. The first step in a GA (as
seen in Figure 2.2) is to initialize the population. This can be done either randomly or by
seeding. Once the initial population is generated, each individual, i, is evaluated using
the objective function to determine its fitness or value, F;. To generate the next
generation, a subset of the population is selected as parents. It is possible for an
individual in the population to be selected more than once to be a parent. A probabilistic
selection is performed such that the fittest individuals have an increased chance of being
selected. These parents then undergo reproduction using genetic operators to produce a

new population. The two basic types of genetic operators are crossover and mutation. In
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crossover, two new individuals are reproduced from two parents by combining the parent
chromosomes. In mutation, randomly selected individuals from the population undergo
changes in chromosomes randomly. To complete the new population, a subset (arbitrary
or otherwise) of the old population is added to the new population. The general genetic

algorithm is summarized in Figure 2.2.

1. Supply a population P, of N individuals and respective function values.
2. i€l

3. P; < selection_function(P;)
4. P; < reproduction_function(P;)

5. Evaluate(P))

6. i€ i+l

7. Repeat steps 3-6 until some termination is reached
8

Report best solution found

Figure 2.2 Generic Genetic Algorithm Procedure

2.2.4.1 Differences Between Genetic Algorithms and Traditional Methods

The main differences between genetic algorithms and traditional methods are
summarized by Goldberg (1989). First, genetic algorithms work on a population of
solutions. Traditional methods usually start on a single solution, and keep iterating
sequentially to other solutions. Working on a population of solutions provide genetic
algorithms an advantage for optimizing multi-modal search spaces. GAs can climb many
peaks in parallel in the search space, therefore reducing the risk of being trapped at a
local optimum. GAs also do not require any auxiliary information like derivatives etc. to
drive the search. Genetic algorithms only need the fitness (or evaluation function) of each
solution because GAs use probabilistic transition rules to guide the search. The
probabilistic transition rules are carried out by the genetic operators and used to guide the

search through any part of the search space.
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In complex problems such as sourcing in supply chains, it is usually impossible to
define one functional form that will, upon evaluation, give a measure of goodness for the
solution. Simulation, in these cases, is often the only way to evaluate a solution.
Therefore, a proposed solution methodology must be a simulation optimization
technique. Although genetic algorithms usually rely on some sort of functional form to
evaluate each individual (solution), there have been a limited number of successful
studies in recent years on manufacturing systems using GAs in simulation optimization
(Bowden and Neppalli, 1995; Tompkins and Azadivar, 1995). Since genetic algorithms
rely on the premise of selection and survival of the fittest, it actually makes sense to
simulate the solution each individual corresponds to. Also, GAs are able to operate
relatively unaffected by the noise from observations from a simulation. Since stochastic
simulation generates noisy responses, GAs are a good solution method candidate for

simulation-optimization (Goldberg, 1989; Tompkins and Azadivar, 1995).

In general, simulation-optimization techniques require the decision variables to be
quantitative, i.e., the values of the decision variables must be ordered. But in a wide
variety of production systems problems, such as scheduling, planning, supply chain
management etc., qualitative variables do exist and have to be decided upon. A decision
variable such as queuing discipline might take values such as FIFO, LIFO, etc. that have
no order and therefore quantitative search methods are not suitable for optimization of
such variables. Other possible variables in sourcing models may include the decision to
have markdowns or not or an information sharing policy between the supplier and the
retailer, etc. Also, changes in quantitative variables generally do not cause any change to
the framework of the system, whereas changes in qualitative variables allow for changes
in the physical and logical structure of the system. GAs have the advantage of being able
to handle not only quantitative but also qualitative variables (Tompkins and Azadivar,

1995, 1999).

Frequently, optimization problems in production systems have more than one
objective. There are many methods developed to handle multi-objective or multi-criteria

optimization problems, however, these methods usually are very cumbersome. Genetic
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algorithms have shown to be a very good alternative for handling multi-objective
problems in many studies including Bussaca et al. (2001) and Li ef al. (2000). Genetic
algorithms also have the advantage of being able to work efficiently both with continuous
and integer variables.

Considered altogether, genetic algorithms offer a more robust, efficient search
technique suitable for large combinatorial problems. These differences are the main

motivations behind the use of genetic algorithms in this research.

2.3 APPROACH AND METHODOLOGY

The supply chain optimization problem considered in this chapter is very complex, and
the solution space is not easy to search because of the landscape and the size of the space.
For the instance of the problem defined in section 2.4, which has only 5 decision
variables, the size of the solution space can be calculated to be 18,998,100. Even when
the solution space size is not a large number, each one of these solution vectors has to be
evaluated using the simulator, which is time consuming. Therefore, the large solution
space needs to be explored efficiently. The solution space is also likely to have many
local optima, which limits the effectiveness of local or neighborhood searches. The
characteristics of the solution space can change very easily with different instances of the
same type of problem. Therefore, the proposed solution technique must be relatively

robust as well.

The Sourcing Simulator can simulate sourcing scenarios that contain a large number
of SKUs. The number of decisions that can be made by the analyst is large and therefore
finding good decisions can be difficult. Owing to the stochastic nature and non-linearity
of the problem as well as the fact that some of the variables are discrete, a solution

methodology using genetic algorithms is chosen.
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2.3.1 Solution Technique

In building a genetic algorithm methodology to solve the supply chain sourcing problem,

six fundamental issues that affect the performance of the GA must be addressed:

chromosome representation, initialization of the population, selection strategy, genetic

operators, termination criteria, and evaluation measures. In the following subsections,

these issues are introduced and described specifically for the proposed genetic algorithm.

23.1.1

Chromosome Representation

For any GA, a chromosome representation is needed to describe each individual in the

population. Chromosome representation determines how the problem is structured in the

GA, as well as the genetic operators that can be used. For the sourcing decision, the

chromosome representation in this case is fairly straightforward. An individual is kept as

an array of size 5, where each cell corresponds to a decision variable (as seen in figure

2.3). The five decision variables are:

1.

Initial Drop: The percentage of total order for season that is purchased pre-season.
For traditional sourcing, this variable will be 100% and can range from 0 to 100%
in the GA.

Number of Reorders: The number of in-season reorders during the season. The
maximum number of reorders is limited by the fact that no delivery is allowed
during the last 2 weeks of the season.

Reorder Start: Week in the season at which reorders start.

Lead Time: In season reorder lead-time in weeks. Range of lead-times can be any
integer from O up to the half of the season length.

Minimum Order/SKU: Minimum order quantity per SKU. This variable is
especially meaningful when quantity discounts are introduced and can range from

one to 60.

Figure 2.3 represents the vector representation of the chromosome of the genetic

algorithm.
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Initial Number of Reorder Start Lead-time Minimum.

drop Reorders Week Order/SKU

Figure 2.3 Sample Chromosome

Notice that not all combinations of the decision variables constitute a feasible
solution. For this reason, infeasible solutions are repaired using a repair function before
they are evaluated by the Sourcing Simulator. This repair procedure is presented in

appendix 1 in detail.

2.3.1.2 Initialization of the Population

The initial population is formed randomly based on the upper and lower bound for each

of the decision variables in a chromosome using a uniform distribution.

2.3.1.3 Selection Strategy

Selection of parents to produce successive generations is very important in driving the
search. The goal is to give more chance to the “fittest” individuals to be selected. For
each selection scheme, probabilities are assigned to the individuals. The better
individuals have higher probabilities. A normalized geometric ranking scheme is used
for the proposed genetic algorithm in this chapter. Individuals are first ranked from best
to worst according to their fitness values. Then each individual is assigned a probability

based on a normalized or truncated geometric distribution (Joines and Houck, 1994).

2.3.1.4  Genetic Operators

Reproduction is carried out by application of genetic operators on selected parents from
the population. Four mutation and three crossover operators are used. The boundary
mutation operator randomly selects a variable, v, from a parent chromosome and sets it
either to its lower or upper bound. The uniform mutation operator randomly selects a
variable from a parent and changes its value in its range based on a uniform probability

distribution

vV, =4, +(ai _bi)rl
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where

a; = lower bound of variablei
b. = upper bound of variablei

r; = uniform random number between (0,1).

The non-uniform mutation operator randomly selects a random variable in a parent,
v;, to a random displacement from the distribution described below. This operator needs
two uniform (0,1) random variables, r; and r,. The first random number, r, is used to
determine the direction of the displacement and the second random number, 7, is used to
generate the magnitude of the displacement

v+ (b, —v) f(G) ifr <05,
- v, —(v,—a,)f(G) otherwise,

i

where

G

[(G)=n1-——)

max

r, =uniform random number between (0, 1)
G = current generation number

Gmax = maximum number of generations.

In early generations, this operator is similar to uniform mutation operator. But as the
generation number, G, increases, the distribution gets narrower, increasing exploitation of

the local solution.

The multi non-uniform mutation operator applies the non-uniform mutation operator
to all variables in a parent. The simple crossover operator takes two parents, P1 and P2,
and performs a simple single point crossover by generating a random cut point between
one of the variables and the children each inherit a portion from each parent. The
arithmetic crossover operator produces a linear combination of the parents. The heuristic
crossover (affine combination) operator takes two parents P1 and P2, and performs an
extrapolation along the line formed by the two parents outward in the direction of the

better parent.
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2.3.1.5 Termination Criteria

The GA is terminated after a specified number of generations. This number is set as one

hundred for all of the runs in this study.

2.3.1.6 Evaluation Measure

Genetic algorithms rely on the simple premise of using natural selection as a means of
solution elimination. The objective function is the driving force of the GA search. In this
research, instead of performing an analytical function evaluation, each solution is
simulated to determine its performance. Each solution is evaluated via the Sourcing

Simulator. The performance measure in the next section is used to evaluate the solution.

2.3.2 GMROILS : A New Performance Measure

It was mentioned in section 2.2 the limitations of the typically-used performance
measures. In this section, a new performance measure, Gross Margin Return on
Investment-Lost Sales (GMROILS) is developed. GMROI incorporates a tradeoff
between reducing inventory and making more money. However, it does not take into
account the customer service level. Clearly, minimizing the number of lost sales will
lead to increased customer service. Since lost sales are not typically observed and
measured, an estimation of lost sales is used. Lost sales in any week can be estimated
using the following rules. In any week, if inventory of a SKU runs out, it is assumed that
it happened in the middle of the week and therefore half of the estimated demand in that
week for that item is lost. If there was no inventory for a SKU during the entire week,

then all of the estimated demand for that SKU in that week is lost.

GMROILS is developed in an effort to incorporate customer service into GMROI
through the use of a measure of lost sales. This is done by computing the cost the retailer

would have incurred had they purchased goods equivalent to the number of estimated lost
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sales. Also, the lost sale estimates are added to calculation of average inventory
assuming that they would be purchased at the latest week possible to be ready in the week

in which they occurred. Based on this, GMROILS is calculated as follows:

w
S*r+(N=S)—c(N+)_L)
GMROILS = =

W -
A=
i=1 2
— X

w

c

where

N = total number of units purchased throughout the season
W = Season length
S

= total number of units sold through the season

L. = estimated lost sales in week i

r = retail price/unit

¢ = wholesale cost/unit

/= liquidation price/unit

I, = Average inventory in period i in §

2.4 EXPERIMENTATION

In order to test this methodology the Sourcing Simulator source code was linked with a
GA solution technique. The implementation of the genetic algorithm was done in Matlab

using GAOT (Genetic Algorithm Optimization Toolbox) developed by Houck et al.
(1995).

The GA approach to optimize sourcing decisions in supply chains was applied to a
specific scenario from the Sourcing Simulator based upon an actual product of a retail
partner. The specifics of the scenario are given in the Appendix 2. The range for the
decision variables used in the experimentation are given in Table 2.1, and the values for

the GA parameters are given in Table 2.2.
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Table 2.1 Range for the decision variables used in experimentation

Decision Variable Lower Bound Upper Bound
Initial Drop Percentage(%) 0 100
Number of Reorders 0 18
Reorder Start Week 1 18
Lead-Time 0 10
Min. Ord. Quan./SKU 1 60

Table 2.2 Parameters used in the GA experiments

Parameter

Value

No. of boundary mutation operators

No. of uniform mutation operator

No. of non-uniform mutation operator

No. of multi-non-uniform operator

No. of arithmetical crossover operators

No. of simple crossover operators

No. of heuristic crossover operators

g-probability of selecting best individual

=]

b-parameter used in multi-non-uniform and non-uniform mutation

i-parameter used in the heuristic crossover (number of retries)

W W o N N N A B o

G ax- the maximum number of generations

100

Population size

100

Each solution was evaluated over each of five different levels of demand error (-30%,
—15%, 0%, 15%, 30%, representative of the levels of demand forecast error experienced
by the retailer), and results are averaged to find a robust set of decision variables.
Because the GA is a stochastic algorithm, to determine a robust design, 10 replications
are made for each run. For comparison purposes, random evaluation was also run. Ten
replications of 5,000 random evaluations were conducted on a 750 MHz computer using

Matlab 5.3 and Fortran F90. Each replication started with the same random seed as the
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corresponding GA replication. On the average, the GA performs approximately only
1,850 evaluations. Since the GA only performs significantly fewer evaluations, we feel

this is more than fair to random evaluation procedure.

To test the performance of the proposed solution technique, three parameters were

varied for three levels, forming the experimental design in Table 2.3.

Table 2.3 Experimental Design

SKU Mix Error |[Number of SKUs | Season Length
Level 1 Low=20/20/10 Low=18 10 Periods
Level 2 Medium=40/40/20] Medium=48 15 Periods
Level 3 High=60/60/40 High=80 20 Periods

The assortment error triplet (A/B/C) is a measure of the difference between the
forecast and actual assortment preferences for style, color, and size (Nuttle ez al., 1991).

See Appendix 3 for the description of this measure.

To fully explore the effects of the parameters chosen and test the performance of the
Each experiment corresponds to a

Table 2.4

GA technique, 27 experiments were carried out.
combination of levels of the three parameters of the experimental design.
presents the results of optimization for each of the 27 experiments and comparisons with
the results of the random-start procedure. Each row of table is the average over the 10

replications made.

Clearly, GA outperforms random-start procedure in all of the 27 experiments. The
proposed optimization method provides an average improvement of 1.01 in GMROILS
over the random-start procedure. This corresponds to an average improvement of ~29%
over all 27 experiments. Remember that although GA performs about 1,850 evaluations,

random-start procedure is allowed to perform 5,000 evaluations.

26



To see if the differences between the results of the GA optimization and random-start
procedure are statistically significant, a t-test is performed. The last column in table 2.4
gives the t values for each row for the differences between the results of GA method and
the random-start procedure. #.iicqs 15 1.734 at oo = 0.05 and 3.922 at o = 0.0005. The
differences between the results from GA method and from random-start method are

statistically significant for all experiments at both levels.

GA method provides substantially better results than random-start procedure for all of

the 27 experiments showing that it will be useful over a wide range of scenarios.

2.5 DISCUSSION

In this chapter, we consider the problem of optimizing sourcing decisions in a supply
chain. A genetic algorithm-based procedure with complex evaluations is proposed for
this purpose. A new performance measure is developed that combines measures of
revenue, inventory and customer service. The proposed methodology is tested on a
single supplier-single retailer 2-stage supply chain with multiple items (SKUs) with
stochastic demand and substitutability. Experimentation shows that genetic algorithms
with complex evaluations using the new performance measure provide superior solutions
over a random-start heuristic over a wide range of scenarios. The GA method performs
significantly better under all levels of number of SKUs and SKU mix errors and season

length.

Finally, we list some observations made on the optimal solutions from the
experimentation along with suggestions for future work:

o  For all of the experiments, the ranking of best GMROILS achieved by the GA for
different season lengths is as follows: GMROILSy periogs > GMROILS;5 periogs >
GMROILS ¢ periogs: GMROILS tries to minimize average inventory and lost sales and
tries to maximize gross margin. This is best achieved by utilizing POS data and

reordering according to the re-estimated demand. In the scenarios with 10 or 15
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periods, there is just not as much time to use POS data as effectively to estimate real
demand good enough and reorder accordingly. Since the performance of the
optimization technique improves with longer season length, it might be worthwhile to
look at basic items as well.

« Looking at the results, one can also see that performance is better in general with low
number of SKUs compared to higher number of SKUs. This is probably due to the
fact that when the number of SKUs increase, the demand per SKU decrease as the
total volume is fixed no matter what the number of SKUs is. When the demand per
SKU decrease, the probability of having lost sales increases, which in turn
deteriorates performance.

o The initial drop percentage for the optimal solutions usually range from 10% to 20%.
The optimal values of the lead-time are usually chosen to be the minimum value
possible. Optimally, reordering starts either in the first week or second week. The
combination of the lead-time and reorder start week seems to be arranged so as to
maximize the number of the reorders. Remember that no reorder is allowed to arrive
last 2 weeks of the season. Therefore, the strategy is set to choose the low lead time,
early start and as many reorders as possible. The advantage gained from additional
reorders outweighs reordering cost.

o The experimentation in this chapter is assumes a mid-peak seasonality pattern.
Although quite common, mid-peak is not the only seasonality pattern for seasonal
products. Additional experimentation must be done to evaluate the performance of the

optimization technique with other seasonality patterns.

Although each solution in this experimentation is evaluated 5 times with different
levels of demand volume error (namely -30%, -15%, 0%, 15%, 30%), we have no
information on the effect of the demand volume error on the performance of the
optimization technique. It might be of interest to see if and how the performance of the

optimization technique will be effected by demand volume error.
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Table 2.4 Results of GA optimization and random-start procedure

Experiment| SKU Mix | Number of [Season Length| GA Best | Std.Dev. | Best Random | Std. Dev. Of Best |GA Best- Random| GA's %

No Error SKUs (Periods) GMROILS |Of GA best|Start GMROILS| Random Start start best improvement| t value
1 Low Low 10 5.36 0.4105 4.26 0.5610 1.10 25.86% 8.08
2 Low Low 15 6.45 0.3337 5.21 0.5478 1.23 23.67% 9.81
3 Low Low 20 6.77 0.0169 5.94 0.3263 0.83 14.00% 12.98
4 Medium Low 10 4.09 0.2760 3.62 0.3161 0.47 13.05% 5.74
5 Medium Low 15 5.26 0.6720 4.62 0.4778 0.64 13.75% 3.93
6 Medium Low 20 6.25 0.1050 5.29 0.2959 0.96 18.07% 15.53
7 High Low 10 4.55 0.0263 341 0.5320 1.14 33.51% 10.94
8 High Low 15 5.77 0.2868 4.29 0.3850 1.48 34.63% 15.77
9 High Low 20 5.81 0.0377 4.67 0.2992 1.14 24.45% 19.29
10 Low Medium 10 4.69 0.0325 3.72 0.4629 0.96 25.91% 10.60
11 Low Medium 15 5.92 0.0166 4.36 0.4729 1.56 35.77% 16.79
12 Low Medium 20 5.84 0.0381 5.24 0.1985 0.60 11.35% 15.02
13 Medium | Medium 10 4.34 0.0000 3.27 0.5882 1.07 32.87% 9.31
14 Medium | Medium 15 5.35 0.0595 3.83 0.4646 1.52 39.58% 16.52
15 Medium | Medium 20 5.36 0.1322 4.50 0.2261 0.85 18.94% 16.61
16 High Medium 10 3.42 0.0085 2.55 0.5433 0.87 34.30% 8.20
17 High Medium 15 4.98 0.0195 3.35 0.3998 1.64 49.01% 20.89
18 High Medium 20 5.47 0.0000 4.13 0.3510 1.34 32.51% 19.50
19 Low High 10 291 0.0630 2.38 0.2406 0.53 22.25% 10.87
20 Low High 15 3.57 0.0822 2.76 0.3254 0.81 29.47% 12.36
21 Low High 20 3.61 0.0453 3.26 0.2001 0.35 10.69% 8.65
22 Medium High 10 2.87 0.1228 2.19 0.3600 0.69 31.44% 9.21
23 Medium High 15 3.99 0.0903 2.64 0.3446 1.35 51.07% 19.32
24 Medium High 20 4.34 0.0000 3.19 0.2418 1.16 36.33% 24.42
25 High High 10 2.72 0.0041 2.07 0.3723 0.65 31.64% 8.96
26 High High 15 3.68 0.0000 2.51 0.2698 1.17 46.50% 22.07
27 High High 20 4.21 0.0000 2.99 0.2100 1.22 40.63% 29.53
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CHAPTER 3

ANALYSIS OF OPTIMAL
SOURCING DECISIONS FOR
SEASONAL ITEMS

This chapter builds on the proposed optimization method in chapter 2. The genetic
algorithm (GA) based simulation-optimization methodology is applied to two separate
experimental designs with the hope of providing insight into effects of some factors on

optimal performance and optimal sourcing strategies.
3.1 INTRODUCTION

Today, companies no longer can focus only on themselves. The road to success for
companies goes through the success of their entire supply chain. Survival in today’s
marketplace depends heavily on the coordinated efforts among different organizational
units as well as outside organizations. Supply chain management is the effective
coordination and integration of different organizations with different objectives toward a
common goal. Karabakal et al. (2000), Lyon et al. (2001), Hahn et al. (2000) are just a
few of the many publications that drew attention to the potential for improvement

through effective supply chain management mechanisms.

In this chapter, two sets of experimentation is carried out with the proposed GA based
simulation-optimization methodology to find out the potential improvements achievable

through good decision-making for sourcing in supply chains.

Usually, sourcing decisions in a supply chain are made based on only minimizing cost.

Rarely, consequences of sourcing decisions in inventory levels, lead-times, and customer
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service levels are considered. Sourcing decisions have a large impact on manufacturing,
inventory disposal, and distribution in a supply chain. Therefore, sourcing decisions
directly affect the efficiency of the whole supply chain. For this reason, sound decision
making procedures and strategies for sourcing can be the key to the survival and success

in marketplace.

Lee, Padmanabhan and Whang (1997) first drew attention to the concept of “bullwhip
effect.” Distorted information from one end of the supply chain to the other can cause
inefficiencies like inventory pile-ups, low service levels, and missed production
schedules. The bullwhip effect is depicted in figure 3.1. Even though the variability in the
consumer demand is not very high, there is an increasing variability in the retailer’s order
to the manufacturer and further up the supply chain. Sourcing decisions are at the

beginning of a chain and therefore have the greatest potential adverse end effects if not

properly made.
Bullwhip Effect
45
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Figure 3.1 Increasing Variability of Orders up the Supply Chain

Chapter 2 presented a supply chain simulation-optimization methodology based on
genetic algorithms (GA). In general, their paper considered the sourcing of general

merchandise to a retailer, from a supplier. To test the technique, the Sourcing
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Simulator® (Hunter, King, and Nuttle, 1992, 1996; Nuttle, King, and Hunter, 1991) is
used as the simulation tool/evaluation function. They also pointed to the weaknesses of
some of the currently used supply chain measures and developed a new performance
measure. The experimentation results show that their proposed optimization methodology

performs successfully.

In this chapter, we do further experimentation on the proposed GA based optimization
methodology. The Sourcing Simulator is again used as the evaluation function along with
the performance measure from chapter 2. Results from two different sets of experiments
are analyzed to determine important factors in good supply chain performance and ways

of obtaining better performances by making good decisions.

The remainder of this chapter is organized as follows: Section 3.2 summarizes the
literature on the performance measures for supply chains, the Sourcing Simulator, and
simulation optimization technique. Section 3.3 describes the genetic algorithm used in
detail. Section 3.4 presents two experimental designs, and analysis of results of these two
experiment sets. Section 3.5 concludes the chapter by reiterating the findings from the

analysis along with some recommendations for future work.

3.2 RELATED LITERATURE

Section 2.2.1 pointed out the deficiencies related to some of the commonly used supply
chain performance measures. Experimentation in chapter 2 used a new performance
measure, GMROILS, which is developed to overcome the deficiencies mentioned
(Section 2.3.2). In this chapter, GMROILS is used as the single performance measure for

both experiment sets.
The Sourcing Simulator is used as the simulation tool also in this chapter. The Sourcing

Simulator is a stochastic simulation model for the consumer product retailing process

developed by Nuttle, King, and Hunter (1991). The effects of alternative retailing
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procedures on financial and other performance measures for a retail store can be
investigated using the model. The Sourcing Simulator model provides a robust
framework that captures the random nature of consumer behavior at the retail store. This
framework can be used to investigate different buying strategies. For more information

on the Sourcing Simulator, the interested reader is referred to section 2.2.2.

The genetic algorithm (GA) based simulation-optimization methodology introduced in
chapter 2 is used throughout this chapter, too. Section 2.2.3 provides a review of
simulation-optimization literature and 2.2.4 provides information on the basics of genetic

algorithms as well as reasons for selecting GA for this research.

3.3 APPROACH AND METHODOLOGY

In this section details of the GA based simulation-optimization method used in this
chapter will be presented. Again, six issues need to be addressed in building a genetic
algorithm methodology in solving any problem: Chromosome representation,
initialization of the population, selection strategy, genetic operators, termination criteria,
and evaluation measures. In the following sub-sections, these issues are introduced and

described in detail for the proposed genetic algorithm.

3.3.1 Chromosome Representation

Chromosome representation describes each individual in the population of a GA.
Chromosome representation determines how the problem is structured in the GA, as well
as the genetic operators that can be used. For the sourcing problem on hand, an
individual is kept as an array. A chromosome in experimentation in 3.4.1 is an array of
size five, and in the experimentation in 3.4.2 a chromosome is represented as an array of
size three. In both cases, each cell corresponds to a decision variable (figures 3.2a and

3.2b).
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Out of the five decision variables listed below, all five of them are in the chromosome
representation for the experimentation in section 3.4.1 while the first three are in the
chromosome representation in the experimentation in section 3.4.2. The five decision
variables are:

1. Initial Drop Percentage (Init_drop %): The percentage of total order for season
that is purchased pre-season. For traditional sourcing, this variable will be 100% and can
range from 0 to 100% in the GA.

2. Number of Reorders (NumReor): The number of in-season reorders during the
season. The maximum number of reorders is limited by the fact that no delivery is
allowed during the last 2 weeks of the season.

3. Reorder Start (ReorStart): Week in the season at which reorders start.

4. Lead Time (LT): In season reorder lead-time in weeks. Range of lead-times can
be any integer from 0 up to season length-leadtime.

5. Minimum Order SKU (MinOrdSKU): Minimum order quantity per SKU. This
variable is especially meaningful when quantity discounts are introduced and can range

from one to 60.

Initial | Number of | Reorder Start | Lead-time | Min. Ord. Quant/SKU
drop Reorders Week
Figure 3.2a Sample Chromosome for experimentation in 3.4.1.

Initial drop | Number of Reorders | Reorder Start Week

Figure 3.2b Sample Chromosome for experimentation in 3.4.2.

Notice that not all combinations of the decision variables constitute a feasible solution.
For this reason, infeasible solutions are repaired using a repair function before they are

evaluated by the Sourcing Simulator. The repair function is presented in Appendix 1.

3.3.2 Initialization of the Population

The initial population is formed randomly based on the upper and lower bound for each

of the decision variables in a chromosome using a uniform distribution.

34



3.3.3 Selection Strategy

A normalized geometric ranking scheme (Joines and Houck, 1994) is used in this chapter.
Individuals are first ranked from best to worst according to their fitness values. Then
each individual is assigned a probability based on a normalized or truncated geometric

distribution.

3.3.4 Genetic Operators

Four mutation and three crossover operators are used: Boundary mutation, uniform
mutation, non-uniform mutation and multi non-uniform mutation, simple crossover,
arithmetic crossover and heuristic crossover. For detailed information on these operators,

the reader 1s referred to section 2.3.1.4.

3.3.5 Termination Criteria

The termination criterion for the proposed GA is the maximum number of generations.
For the initial study in chapter 2, the maximum number of generations was set to be 100.
The maximum number of generations was set to be 100 again for the experimentation in
section 3.4.1. However, further experimentation revealed that convergence of the GA in

this study occurs at 75 generations for the experimentation in section 3.4.2.

3.3.6 Evaluation Measures

The objective function is a very important part of a GA search. In this part of the
research, fitness of the solutions are determined by simulation. Each solution is
evaluated via the Sourcing Simulator. The performance measure in the next section is
used to evaluate the solution. Outputs from the simulation are used to calculate the

performance measure GMROILS.
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3.4 EXPERIMENTATION

A specific scenario was picked to experiment on. The chosen scenario is a seasonal item
with the detailed specifics of this scenario given in Appendix 2. The values for genetic

algorithm parameters are given in table 3.1, and the range for the decision variables are

given in table 3.2.

Table 3.1 Parameters used in the GA experiments

Parameter

Value

No. of boundary mutation operators

No. of uniform mutation operator

No. of non-uniform mutation operator

No. of multi-non-uniform operator

No. of arithmetical crossover operators

No. of simple crossover operators

No. of heuristic crossover operators

g-probability of selecting best individual

(=)

b-parameter used in multi-non-uniform and non-uniform mutation

i-parameter used in the heuristic crossover (number of retries)

wlwls s no|s

G ax- the maximum number of generations

100

Population size

100

Table 3.2 Ran

e for the decision variables

Decision Variable

Lower Bound

Upper Bound

Initial Drop Percentage(%)
Number of Reorders
Reorder Start Week

Lead time
Min. Ord. Qty./SKU

_—o = O O

100
Season length—2

Season length—1
10
60

This section will be about the additional experimentation. All of the experimentation was

done on an AMD Athlon 750 MHz computer.

3.4.1 Effect of Demand Volume Error

In section 2.4, a full grid experimentation was done. The experimental design included 3

levels of number of SKUs, SKU mix error, and season length, totaling 27 experiments.

The optimization method based on genetic algorithms (GA) proved to be successful.
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Of additional interest are the effects of some factors on the optimal sourcing decisions
and characterization of the optimal sourcing decisions. In the experimentation done in
section 2.4, all solutions’ fitnesses were determined as an average of their evaluations
over a range of different demand volume errors. (-30%, -15%, 0%, 15%, 30%). Although
this approach ensured that the results were robust and that the optimization method
worked well overall, it did not give any idea on the effect of demand volume error on the
optimal levels of the decision variables. Also, in the original experimentation, a mid-peak
seasonality pattern was assumed. A mid-peak seasonality pattern, although common, is

by no means the only seasonality pattern.

A new experimentation was designed to see the effect of total demand volume error and
the seasonality patterns on the optimal sourcing decisions. Table 3.3 shows the design of

experiments for these purposes.

Table 3.3 Experimental design for experiment set 1
No. of | SKU Mix | Seasonality Season Demand Volume
SKUs Error Length Error
Level 1| 18 20/20/10 Mid-peak 10 0%
Level 2| 48 40/40/20 Early Peak 15 20%
Level 3] 80 60/60/40 | High Mid Peak 20 40%
Level 4 Late Peak 60%
Level 5 Flat

The assortment error triplet (A/B/C) is a measure of the difference between the forecast
and actual assortment preferences for style, color, and size (Nuttle et al., 1991). See

Appendix 3 for the description of this measure.

This design constitutes a total of 540 experiments (3x3x5x3x4). At each combination of
the levels, we still average the results over different demand volume error levels. At 20%,
each solution’s fitness is an average over evaluations at —20%, -10%, 0%, 10%, 20%

demand volume errors. At 40% level, each solution’s fitness is averaged over evaluations

at -40%, -20%, 0%, 20% and 40% demand volume errors. At 60% demand volume error
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level, each solution’s fitness is an average over evaluations at -60%, -30%, 0%, 30% and

60% demand volume errors.

From the results of this experiment set, a five-way ANOVA was first performed on the
performance measure GMROILS. In an ANOVA table, to decide which factors are
statistically significant and which are not, one should look at either the F values or the p
values associated with each factor. F' values are calculated as the ratio of mean square for
the factor divided by the mean square error and are compared to the Firitical. Feritical 1S the
tabulized F' value for the same number of degrees of freedom at the chosen significance
level a.. For all the tests in this study, a is set at 0.05. If the calculated F value is greater
than the Flical, the factor is statistically significant at o level. One can also look at p
values for deciding on the significance of any factor. P values show the probability that
the F values attained are by pure chance. It is usually a common practice to compare p
values to 0.05. If a p value is higher than 0.05, we rule that the associated factor is not

statistically significant.

The ANOVA table presented in table 3.4 includes statistically significant factors up to
two-way interactions. Table 3.4 shows that all of the main interactions and seven of the
ten total two-way interactions are statistically significant in determining the optimal
GMROILS. An ANOVA table, which included factors up to three-way interactions, was
also constructed, but since only two of the ten three way interactions were statistically
significant, the table with up to two-way interactions is presented here. Constrained, i.e.

type III, sum of squares was used in calculating of the ANOVA table.

Looking at F' values, we also find out that the number of SKUs and season length are the
most important two factors in determining the optimal GMROILS in that order. The
remaining three main factors and the two-way interaction of number of SKUs and season

length have about the same amount of effect on determining the optimal GMROILS.
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Table 3.4 ANOVA table for GMROILS for experiment set 1

Source Sum Sq. | d.f. Mean F Prob>F
Sq.
SKU Mix Error 9.96 2 4.98 106.91 | 0.0000
# of SKUs 442.49 2 221.24 | 4751.19 | 0.0000
Season Length 165.72 2 82.86 | 1779.38 | 0.0000
Seasonality 23.40 4 5.85 125.63 | 0.0000
Demand Error 14.62 3 4.87 104.64 | 0.0000
SKU Mix Error*# of SKUs 28.47 4 7.12 152.83 | 0.0000
SKU Mix Error*Season Length 6.97 4 1.74 37.41 0.0000
SKU Mix Error*Seasonality 3.72 8 0.46 9.99 0.0000
# of SKUs*Season Length 19.40 4 4.85 104.17 | 0.0000
# of SKUs*Seasonality 1.01 8 0.13 2.72 0.0062
# of SKUs*Demand Error 0.77 6 0.13 2.74 0.0125
Season Length*Seasonality 2.48 8 0.31 6.65 0.0000
Error 21.42 460 0.05
Total 741.02 539

The ANOVA analysis showed that all of the main effects and some of the two-way
interactions were important in determining the optimal GMROILS. From a control point
of view though, one would not be interested in determining or estimating the best
achievable level of GMROILS (or any other performance measure for that matter) given
any scenario, but rather in knowing what levels to set the controllable parameters in order
to achieve the best GMROILS. For this purpose, a multivariate regression analysis is first
performed based on the optimal outputs from the experiments. A multivariate regression
is very much the same as a multiple regression with the difference that there are more
than one (p of them) dependent and correlated variables. In a standard multivariate
regression model, N observations are made on the dependent and independent variables
jointly, and there is a separate univariate regression equation corresponding to each of the

p-dependent variables.

Let y;,...,y, be N x 1 vectors representing N independent observations on each of p

correlated dependent random variables. Then:

yj =X '/Bj+ I/lj ) j=1,--'apa

vty VO vy

39



X is usually referred as to the regressor matrix, f3j is the unknown parameter vector and u;

is the error vector. The model can also be represented in matrix form as follows:

Y =X-B+ U

(Nxp)  (Nxq) (gxp) (Nxp)

where,
Y=0,.y,), U=@,...,u,), B=(B,...5,)

Two unknown parameters that have to be estimated are B and 2. X is the covariance
matrix for the rows of U. These parameters can most commonly be estimated by either
the method of least squares or the method of maximum likelihood. For more information
on the multivariate regression and estimation methods in multivariate regression, the

reader is referred to Press (1982), Muirhead (1982) and Anderson (1984).

On this data set, two multivariate regression analysis are performed. First, regressions
are fit to the data to include only the main effects for all three control variables. For both
models, F value and Pr > F columns in the ANOVA tables tells us if the model was
adequate in determining the control parameter. For all three regressions for the three

control variables, the models are statistically adequate.

Table 3.5 is a summary of the multiple regression performed so as to include only the
main effects for all three control variables. The first two rows show the R’ and the
adjusted R’ values for the separate univariate regression equation for each control
variable. The remaining rows give the statistically significant main factors for each
control variable in order of importance. For the full ANOVA and parameter estimate

tables of this multivariate regression, the interested reader is referred to Appendix 4.
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Table 3.5 Summary of Multiple Regression with only main effects

Initial Drop % |[No. of Reorders [Reorder Start Week
R 0.3938 0.8146 0.1870
Adjusted- R’ 0.3911 0.8129 0.1794
SeasonLength [ SeasonLength SeasonLength
SKUmixErr Seasonality SKUmixErr
Statistically NoofSKUs Seasonality
Significant Factors| Demanderror Demanderror
Seasonality

The R’ values suggest that the fit of this first multiple regression model is not very good.
To check if the fit of the regression models can be improved, a second model for
multivariate regression was performed. In this model, all main effects and two-way
combinations of the 5 input decision variables were included. Tables 3.6 through 3.11
show the results of this model (ANOVA tables and parameter estimates) for init_drop %,
no of reor and start wk. Each table presents only the factors that are statistically

significant. The complete tables can be found in Appendix 4.

Table 3.6 ANOVA table for multivariate regression on init drop% model 2 in setl

Source DOF [Sum of Squares [Mean Square |F Value [Pr>F
Model 15 7564.166 504.2777 27.04 |<.0001
Error 524 9770.832 18.64663
Corrected Total 539 17335

R-Square 0.4364

AdjR-Sq  0.4202

Table 3.7 Parameter Estimates for multivariate regression on init_drop% model 2

set 1
Variable Name DOF | Estimate | Std Err | tvalue | Pr> ]
Intercept 1 |31.39256] 3.41529 | 9.19 <.0001
NoofSKUs 1 10.17615| 0.038 4.64 <.0001
NoofSKUs SKUmixErr 1 | -0.0233 | 0.00899 | -2.59 | 0.0098
NoofSKUs Seasonlength 1 |-0.00652| 0.0018 -3.63 0.0003
SKUmixErr 1 [-3.97352| 1.1264 | -3.53 | 0.0005
SKUmixErr Seasonlength 1 0.165 | 0.05575 | 2.96 0.0032
SKUmixErr demanderror 1 ]0.02706 |1 0.01018 | 2.66 0.0081
Seasonlength 1 ]-0.82384] 0.18765 | -4.39 | <.0001
Demanderror 1 -0.0883 ] 0.04452 ] -1.98 0.0478

41



Table 3.9 Parameter Estimates for multivariate regression on no_of reor model 2

AdjR-Sq 0.8120

Table 3.8 ANOVA table for multivariate regression on no of reor model 2 set 1
Source DOF |Sum of Squares [Mean Square |F Value [Pr>F
Model 15 4384.581 292.3054 156.16 | <.0001
Error 524 980.8194 1.87179
Corrected Total 539 5365.4
R-Square 0.8172

set 1
Variable Name DOF |Estimate |Std Err |t value [Pr>|t|
Seasonlength 1 0.61518 10.05945 [10.35 <.0001

Table 3.10 ANOVA table for multivariate regression on start wk model 2 set 1

Table 3.11 Parameter Estimates for multivariate regression on start_wk model 2

AdjR-Sq  0.1885

Source DOF | Sum of Squares | Mean Square | F Value | Pr>F
Model 15 63.24824 4.21655 9.35 <.0001
Error 524 236.3518 0.45105
Corrected Total | 539 299.6
R-Square 0.2111

set 1
Variable Name DOF |Estimate |Std Err |t value |Pr>|t|
Intercept 1 1.99212 10.53118 |3.75 0.0002
SKUmixErr 1 -0.37404 10.17519 [-2.14 0.0332
Seasonlength seasonality |1 0.01333 ]0.00501 |2.66 0.008

In this second model, the R* and adjusted R’ values for init_drop % and start wk are still
very low. The reason for poor R’ values can be seen by carefully exploring the optimal
results from the experiments. When looked through the optimal results, we see that
almost without exception the optimal values for lead-time and min. order quantity per
SKU is set at the lowest possible value. Since there is no cost associated with higher lead-
times or min. order quantity per SKU levels, the lower values, which provide greater
flexibility, are preferred by the optimizer. And with lead-time and minimum order

quantity set at those levels, the init drop % is chosen accordingly. The optimal values
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that start wk takes vary between 1, 2 and 3 for all of the experiments. It is clear that the
more reorders, the higher GMROILS is. For these reasons, the R’ values are not very
high. With changing input parameters, there is not much change in especially optimal

levels of init_drop % and start wk.

A third model, which included all of the three-level combinations of the five decision
variables, was constructed. But the model did not provide any significant improvement in

the fit and 1s therefore omitted here.

3.4.2 Expanded Experimental Design

The experimental design in section 3.4.1 had lead-time and minimum order quantity per
SKU as decision variables. In reality, one would rarely have control over the lead-time
and the minimum order quantity per SKU. These two factors are usually pre-determined
by the supplier and are not part of the decision. Also, since lowest lead-time and
minimum order quantity per SKU are selected as the optimal levels most of the time,
init_drop % 1s decided by these factors. For these reasons, lead-time and the minimum
order quantity per SKU were shifted to be input parameters for the next experimental

design. This new experimental design is given in table 3.12.

Table 3.12 Experimental design for set 2

No. of[SKU Mix| Seasonality |[Season| Lead | Min. Ord. |Demand Volume
SKUs| Error Length| time |Quan/SKU Error
Level 1| 18 |[20/20/10] Mid-peak 10 Low 1 0%
Level 2| 48 |40/40/20| Early Peak 15 |Medium 6 20%
Level 3| 80 |60/60/40 |High Mid Peak| 20 High 12 40%
Level 4 Late Peak 60%
Level 5 Flat

The levels of lead-times for each season length are different. For a 10 period season,
lead-time levels are 1,3 and 5 periods. For a 15 period season, lead times arel, 5 and 7

periods, and for a 20 period season, they are 1, 9 and 13 periods. With the shift of these
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two parameters to inputs, each at 3 levels, the total number of experiments increase nine

fold, to 4860 experiments.

Since there are only 3 decision variables now to optimize, the number of generations to
run the Genetic optimizer is decreased from 100 to 75. Careful observation of the initial
runs revealed that 75 generations were enough for GA to converge. On average, each
experiment took about 6.5 minutes of CPU time on a 750 MHz Athlon PC. Therefore, the

total experimentation required about 24 days of CPU time.

The same N-way ANOVA and multivariate regression studies were performed on the
results of this experiment set. The 7-way ANOVA table on the optimal GMROILS is
presented in table 3.13. Table 3.13, again, shows only the statistically significant
variables. The full table can be found in Appendix 5.

This ANOVA table is interpreted in the same way as the ANOVA table presented in

section 3.4.1. Looking at F values in the ANOVA table, we see that lead-time is the most

important factor in determining the optimal GMROILS.
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Table 3.13 ANOVA table for GMROILS for experiment set 2

Source Sum Sq. d.f. Mean sq. F value Prob>F
# of SKUs 192.08 2.00 96.04 10305.43 | 0.000
SKU Mix Error 1742.68 2.00 871.34 93499.48 | 0.000
Season Length 771.30 2.00 385.65 41382.45 | 0.000
Seasonality 130.04 4.00 32.51 3488.44 | 0.000
Lead-time 9221.59 5.00 1844.32 197905.3 | 0.000
MinordQ 54.27 2.00 27.14 2911.84 | 0.000
Demand Error 88.04 3.00 29.35 3149.06 | 0.000
# of SKUs*SKU Mix Error 36.70 4.00 9.18 984.64 0.000
# of SKUs*Season Length 11.92 4.00 2.98 319.81 0.000
# of SKUs*Seasonality 6.57 8.00 0.82 88.09 0.000
# of SKUs*Lead-time 44.64 10.00 4.46 479.06 0.000
# of SKUs*MinordQ 1.28 4.00 0.32 34.31 0.000
# of SKUs*Demand Error 1.58 6.00 0.26 28.25 0.000
SKU Mix Error*Season Length 131.70 4.00 32.93 3533.09 | 0.000
SKU Mix Error*Seasonality 11.26 8.00 1.41 150.99 0.000
SKU Mix Error*Lead-time 612.32 10.00 61.23 6570.58 | 0.000
SKU Mix Error*MinordQ 13.68 4.00 3.42 366.94 0.000
SKU Mix Error*Demand Error 9.91 6.00 1.65 177.24 0.000
Season Length*Seasonality 16.64 8.00 2.08 223.23 0.000
Season Length*MinordQ 18.72 4.00 4.68 502.23 0.000
Season Length*Demand Error 2.09 6.00 0.35 37.33 0.000
Seasonality*Lead-time 52.39 20.00 2.62 281.10 0.000
Seasonality*MinordQ 1.24 8.00 0.16 16.64 0.000
Seasonality*Demand Error 0.38 12.00 0.03 3.40 0.000
Lead-time*MinordQ 95.49 10.00 9.55 1024.61 | 0.000
Lead-time*Demand Error 10.92 15.00 0.73 78.12 0.000
MinordQ*Demand Error 0.25 6.00 0.04 4.41 0.000
# of SKUs*SKU Mix Error*Season Length 40.57 8.00 5.07 544.23 0.000
# of SKUs*SKU Mix Error*Seasonality 10.11 16.00 0.63 67.80 0.000
# of SKUs*SKU Mix Error*Lead-time 17.91 20.00 0.90 96.09 0.000
# of SKUs*SKU Mix Error*MinordQ 0.50 8.00 0.06 6.64 0.000
# of SKUs*SKU Mix Error*Demand Error 0.67 12.00 0.06 5.98 0.000
# of SKUs*Season Length*Seasonality 5.30 16.00 0.33 35.52 0.000
# of SKUs*Season Length*Lead-time 4.17 2.00 2.09 223.98 0.000
# of SKUs*Season Length*MinordQ 1.41 8.00 0.18 18.90 0.000
# of SKUs*Season Length*Demand Error 0.25 12.00 0.02 2.24 0.008
# of SKUs*Seasonality*Lead-time 3.04 40.00 0.08 8.16 0.000
# of SKUs*Seasonality*MinordQ 0.35 16.00 0.02 2.33 0.002
# of SKUs*Lead-time*MinordQ 2.06 20.00 0.10 11.05 0.000
# of SKUs*Lead-time*Demand Error 0.94 30.00 0.03 3.35 0.000
SKU Mix Error*Season Length*Seasonality 5.87 16.00 0.37 39.34 0.000
SKU Mix Error*Season Length*Lead-time 6.14 2.00 3.07 329.62 0.000
SKU Mix Error*Season Length*MinordQ 1.82 8.00 0.23 2437 0.000
SKU Mix Error*Season Length*Demand Error | 1.01 12.00 0.08 9.03 0.000
SKU Mix Error*Seasonality*Lead-time 6.42 40.00 0.16 17.22 0.000
SKU Mix Error*Seasonality*MinordQ 0.55 16.00 0.03 3.70 0.000
SKU Mix Error*Lead-time*MinordQ 20.48 20.00 1.02 109.85 0.000
SKU Mix Error*Lead-time*Demand Error 2.89 30.00 0.10 10.34 0.000
Season Length*Seasonality*Lead-time 3.73 4.00 0.93 100.03 0.000
Season Length*Seasonality*MinordQ 0.55 16.00 0.03 3.68 0.000
Season Length*Seasonality*Demand Error 0.51 24.00 0.02 2.29 0.000
Season Length*Lead-time*MinordQ 6.54 2.00 3.27 350.68 0.000
Season Length*MinordQ*Demand Error 0.30 12.00 0.02 2.66 0.001
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Table 3.13 (Continued)

Source Sum Sq. d.f. Mean sq. F value Prob>F
Seasonality*Lead-time*MinordQ 2.35 40.00 | 0.06 6.29 0.000
Lead-time*MinordQ*Demand Error 0.47 30.00 | 0.02 1.67 0.012
Error 37.67 4042 | 0.01
Total 12756.35 4859

Number of SKUs, SKU mix error, and season length also have substantial effect in
determining the optimal GMROILS, in that order. Minimum order quantity per SKU is
the main effect that has the least effect in determining the optimal GMROILS. Among
the possible 63 factors only 8 were not statistically significant in determining the optimal

GMROILS (6 three-way factors and 1 two-way factor).

As in section 3.4.1, in an effort to find a way to estimate the levels of the decision
variables so as to obtain the optimal GMROILS given any scenario, multivariate
regression is also performed for the results of this experimentation. Again 3 models, one
with only main effects, one with main effects plus two-way interactions, and another with
main effects plus all two and three-way interactions were constructed. Results from the
model with all effects up to three way interactions are presented in tables 3.14 through
3.19. These tables, as for the previous multiple regression tables, show only the

statistically significant factors. The full tables are given in in Appendix 5.

Table 3.14 ANOVA table for multivariate regression model 3 on init drop % set 2

Source DF Mean Sum of | F Value | Pr>F
Squares Square
Model 63 3503651 55614 | 596.36 | <.0001
Error 4796 447251 |93.25501
Corrected Total 4859 3950902
R-Square 0.8868
Adj R-Sq 0.8853
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Table 3.15 Parameter estimates for multivariate regression model 3 on init_drop %

Adj R-Sq 0.9456
Table 3.17 Parameter estimates for multivariate regression on no_of reorder model

set 2

Variable DF Parameter |Standard| t Value | Pr> [t|
Estimate Error
NoofSKUs SKUmixErr leadtime 1 -0.00405 | 0.0019 -2.13 0.0329
NoofSKUs_length leadtime 1 -0.00211 ]0.000458] -4.6 <.0001
NoofSKUs_seasonality leadtime 1 0.00266 0.0011 2.42 0.0155
NoofSKUs_leadtime 1 0.06811 |]0.01018 | 6.69 <.0001
NoofSKUs demanderr 1 0.00316 | 0.00127 | 2.48 0.0132
Length seasonality leadtime 1 0.0458 0.0082 5.59 <.0001
length leadtime 1 -0.44805 | 0.05049 | -8.87 | <.0001
seasonality leadtime 1 -1.24395 | 0.18049 | -6.89 | <.0001
leadtime 1 13.03392 | 1.01584 | 12.83 | <.0001
Table 3.16 ANOVA table for multivariate regression on no of reor model 3 set 2
Source DF Mean Squares | Sum of Square | F Value | Pr>F
Model 63 65303 1036.54858 | 1342.29 | <.0001
Error 4796 3703.59965 0.77223
Corrected Total 4859 69006
R-Square 0.9463

3 set2
Variable DF| Parameter Standard t Value | Pr>|t|
Estimate Error
NoofSKUs SKUmixErr 1 -0.00932 0.00292 -3.2 0.0014
NoofSKUs SKUmixErr seasonality| 1 | -0.00094358 | 0.00043121 -2.19 | 0.0287
NoofSKUs SKUmixErr leadtime 1 0.00252 0.00017287 | 14.56 | <.0001
NoofSKUs SKUmixErr minordq 1 0.00028351 | 0.00013561 2.09 0.0366
NoofSKUs_length seasonality 1 0.00032144 | 0.00009504 3.38 0.0007
NoofSKUs length leadtime 1 -0.00087624 | 0.00004166 | -21.03 | <.0001
NoofSKUs_seasonality 1 -0.00427 0.00174 -2.46 0.0141
NoofSKUs_seasonality leadtime 1 0.00045792 | 0.00009981 4.59 <.0001
NoofSKUs_leadtime 1 0.0058 0.00092623 6.27 <.0001
NoofSKUs leadtime demanderr 1 0.00001383 0.00000631 2.19 0.0285
SKUmixErr length seasonality 1 0.0121 0.00295 4.11 <.0001
SKUmixErr length leadtime 1 -0.0181 0.00129 -14.01 | <.0001
SKUmixErr seasonality 1 -0.11675 0.05127 -2.28 0.0228
SKUmixErr_leadtime 1 0.14105 0.02794 5.05 <.0001
Length 1 0.68093 0.04426 15.39 | <.0001
Length seasonality 1 -0.02283 0.0096 -2.38 0.0174
Length leadtime 1 0.09233 0.00459 20.1 <.0001
Seasonality 1 0.54803 0.15529 3.53 0.0004
Seasonality leadtime 1 -0.05853 0.01642 -3.56 0.0004
Leadtime 1 -1.70623 0.09244 -18.46 | <.0001
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Table 3.18 ANOVA table for multivariate regression on start wk model 3 set 2

Source DF | Mean Squares Sum of F Value | Pr>F
Square
Model 63 266.70357 4.23339 42.75 | <.0001
Error 4796 474.88573 0.09902
Corrected Total 4859 741.5893
R-Square 0.3596
Adj R-Sq 0.3512
Table 3.19 Parameter estimates for multivariate regression model 3 on start wk
Variable DF Parameter Standard t Value | Pr> [t
Estimate Error
Intercept 1 0.54214 0.24888 2.18 0.0294
NoofSKUs SKUmixErr 1 0.00352 0.00104 3.37 0.0008
NoofSKUs SKUmixErr length 1 -0.00032727 | 0.00005894 | -5.55 | <.0001
NoofSKUs SKUmixErr leadtime | 1 0.00042858 0.0000619 6.92 <.0001
NoofSKUs SKUmixErr minordq | 1 -0.00020794 | 0.00004856 | -4.28 | <.0001
NoofSKUs_length minordq 1 0.00007763 0.0000107 7.25 <.0001
NoofSKUs_leadtime 1 -0.00083504 | 0.00033167 | -2.52 | 0.0118
NoofSKUs leadtime minordq 1 -0.00010309 | 0.00001124 -9.17 <.0001
SKUmixErr length seasonality 1 -0.00223 0.00106 -2.12 0.0344
SKUmixErr length leadtime 1 0.00197 0.00046252 4.25 <.0001
SKUmixErr length minordq 1 -0.00138 0.00033182 | -4.16 | <.0001
SKUmixErr length demanderr 1 0.00014378 | 0.00006673 2.15 0.0312
SKUmixErr seasonality leadtime | 1 0.00315 0.00111 2.84 0.0045
SKUmixErr leadtime 1 -0.04726 0.01 -4.72 | <.0001
SKUmixErr leadtime minordq 1 0.00193 0.00034848 5.54 <.0001
SKUmixErr leadtime demanderr 1 -0.00019742 | 0.00007008 | -2.82 | 0.0049
SKUmixErr minordq 1 0.01668 0.00609 2.74 0.0062
Length 1 0.0322 0.01585 2.03 0.0422
Length seasonality 1 0.01601 0.00344 4.66 <.0001
Length seasonality leadtime 1 -0.0005487 0.00026704 -2.05 0.04
Length leadtime 1 -0.00612 0.00165 -3.72 | 0.0002
Length leadtime minordq 1 -0.00020836 | 0.00008398 -2.48 0.0131
Length minordq 1 0.00242 0.00116 2.08 0.0377
Seasonality 1 -0.11087 0.05561 -1.99 | 0.0462
Leadtime 1 0.11272 0.0331 3.41 0.0007
Minordq 1 -0.04702 0.01929 -2.44 | 0.0148

Results from this set of experiments show some resemblances to the results from the

previous set of experiments. The R’ and adjusted R” values for start_wk are still very low.

But for init drop % and no_of reor, the values are quite high. Figure 3.3 presents the
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relative frequency of optimal start wk values. As seen from figure 3.3, it is almost
always preferable to start reordering as soon as possible. This is the reason for the poor
R’ values for start wk. Looking at the optimal results, one can also see that the number of
reorders is almost always set as high as possible. This means in most cases, it is a good
rule of thumb to try to give as many reorders as you can, starting as soon as possible. This
will enable greater flexibility and with the help of POS data, a better estimate of the
actual demand for the season. A certain amount of initial drop is required to cover the

demand during the initial weeks of the season.

Frequency of start_wk values

100
90 1
80 1
70 7
60 7
50 7
40 T
30 7
20 1

10
0 —1 —
2

Relative frequency

3 4 5
Start_wk

Figure 3.3 Histogram of optimal start wk values

In the experiment set in section 3.4.1, the R’ values were also very low for init_drop %
and no_of reor. The reason to that becomes clearer after the experimentation here. In
section 3.4.1, lead-time and minimum order quantity per SKU were decision variables.
But since the costs associated with choosing lower lead-time and minimum order quantity
per SKU are outweighed by the gains, the solutions with lower values for these two
decision variables are preferred and almost in all scenarios these two decision variables
took lower values. The histogram of init_drop % from the results of the experiments in

sections 3.4.1. and 3.4.2 are given in figure 3.4.
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Histogram of initial drop with LT=1 with experiment histogram of init drop % with LT=1 from
set 1 experiment set 2
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Figure 3.4 Histograms of optimal init_drop % values for experiment set 1 and 2

The histograms are almost identical. The reason for this is, because the lead-time and
minimum order quantity were chosen to be their lowest possible values for most of the
time, this dictated a certain range for init_drop %, which resulted in poor R’ values for
init_drop_%. (The reason to this is the fact that because in set 1, when lower lead-time is
selected the optimal levels of init_drop % are set accordingly, which is a narrower range,

and causes lower R’ values in the multivariate regression.)

Other than multivariate regression, neural networks can be used in estimating the optimal
levels of controllable parameters given any scenario. Neural networks have been
successfully used in estimating different functions after proper training. Wu et al. (1995)
have applied a neural network successfully for estimating the outputs of sourcing
simulator for a variety of scenarios. Since the neural network has been successful
estimating outputs for any scenario, it is expected that it will be successful in estimating
the optimal control variables. The results from the optimization for this experimental
design were used to construct and train a neural network. Neural networks can also be
used to create decision surface graphs, which are useful in understanding the behavior of
optimal solutions. The surfaces created by the neural network model are in agreement
with the results from multivariate regression analysis. Some examples of these surfaces

are presented in Appendix 6.
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3.5 DISCUSSION

In this chapter, we present further analysis on optimal sourcing decisions using the
Sourcing Simulator and the GA based optimization technique developed by Gokce et al.
(2002). The GA based optimization technique was used to perform experimentation with
two different sets. Analysis on results of two these experiment sets as well as some

insights on optimal solutions are presented.

Finally, we reiterate some results from the experimentation and present some suggestions

for future study:

e In the first set of experiments, most of the main effects and the two-way
interactions of the main effects are statistically significant in determining the
optimal GMROILS. But multivariate regression analysis performed for finding a
way to determine optimal levels of the decision variables resulted in poor R’
values. The reason for the poor R? values is that start wk, lead-time, and
minimum order quantity per SKU almost always takes on smallest possible
values. When the lead-time is set at the lowest possible value, it also dictated the
range that init_drop % can be also decreases substantially.

e In the second set of experiments, when lead-time and minimum order quantity per
SKU were shifted to be input parameters, the R* value for init drop % and
number of reorders increased. The R’ value for start wk was still very low.

e From these two sets of experiments, it is understood that a good rule of thumb is
to give as many reorders as possible, starting as early as possible. A certain
amount of initial inventory is required to cover the demand of initial weeks. This
way, the inventory level is minimized as well as matching the inventory to the
actual demand as good as possible by frequent reorders, deliveries and point of
sales data.

e Previously neural networks were used with the Sourcing Simulator to estimate

successfully the response from the Sourcing Simulator. Now that there is an
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effective optimization technique, neural networks can be constructed to predict
the optimal response for different scenarios.

One other possible explanation for the behavior of the optimal results for the
experiments is the possibility of GMROILS, the newly developed performance
measure, punishing too much for estimated lost sales and therefore pushing the
optimal solutions to have as many reorders as possible, starting reordering as
early as possible. A way of checking this might be to construct a constrained
optimizer for the sourcing problem in supply chains. Results from studying the
behavior of optimal solutions from a constrained optimization experiment can

shed light on this discussion.
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CHAPTER 4

CONSTRAINED GENETIC
ALGORITHM WITH COMPLEX
EVALUATIONS

In this chapter, a constrained genetic algorithm (GA) with complex evaluations is developed.
The constrained GA uses simulation as means of evaluating solutions as in chapters 2 and
3. The constrained GA with complex evaluations is first tested using for the experimental
design of section 3.4.2. The constraint GA is then used to find optimal safety stock levels
and target weeks of supply for a case study. For each of the two experiment sets in this
chapter, GMROI is used as the main objective to be maximized with a 95% service level

(SL) constraint. Findings from each section are also presented.

4.1. INTRODUCTION

A new simulation-optimization methodology based on GAs was introduced in chapter 2.
Deficiencies of some popular supply chain performance measures are pointed out and a new
performance measure, GMROILS, was developed. Initial experimentation with GMROILS
in chapter 2 showed the proposed methodology to be successful in determining optimal

sourcing decisions in a supply chain for a seasonal item.

In chapter 3, two separate experiment sets were carried out with the new proposed
optimization method and the performance measure. An ANOVA, multivariate regression,
and neural networks were used to determine the important factors in optimal performance

and characterization of optimal sourcing decisions.
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GMROILS was developed as a single performance measure combining three main objectives
that are stated in section 2.1. Experimentation with this performance measure showed that,
when the items are seasonal, to reach maximum achievable GMROILS, almost invariably,
controllable parameters must be set so as to maximize the number of reorders. An alternative
way of approaching this problem is to use a constrained optimization method with GMROI
as the main objective while constraining the service level. As noted earlier in section 2.2.1,
GMROI is a good performance measure that takes into account two of three main objectives
but fails to keep an acceptable service level when used as a single objective in an
optimization method. Experimentation with the constrained GA is used to test the validity

of GMROILS as well as the findings of optimal sourcing decisions from chapters 2 and 3.

The experimental design used in chapter 3 was based on a seasonal item. Section 4.4 is a
case study in which the constrained GA is used for optimization of sourcing decisions for
a basic item. The problem from the case study has also significantly more decision variables,
(421 to be exact), as compared to the previous scenarios. This makes the new problem in

section 4.4 a good candidate for testing the limits of the proposed optimization methodology.

The remainder of this chapter is organized as follows. Section 4.2 reviews the literature on
constrained genetic algorithms and gives the details of the constrained GA. Section 4.3
presents the results of the comparison study of the experimental design of 3.4.2. Section 4.4

introduces the case study scenario in detail and presents the results from the experimentation.

4.2 HANDLING CONSTRAINTS IN GENETIC ALGORITHMS

Genetic Algorithms are adaptive search mechanisms based on the principles of evolutionary
computation. They have been successfully applied to many large optimization problems
including combinatorial optimization problems. Generally, every real world problem poses
constraints. Recently a new focus of study in GA has been constraint handling. Constraints
decrease the feasible space and in turn may make the problem more complex. Therefore

increasing the difficulty of reaching “good” feasible solutions. The main issue in handling
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constraints in a GA is how to treat an infeasible solution which are produced by the genetic

operators. The introduction of constraints brings infeasible solutions into the picture. Some

of the questions that need to be answered are:

« How do we evaluate an infeasible solution?

« How do we compare two infeasible solutions?
o Do we eliminate infeasible solutions?

o Do we repair infeasible solutions? How?

« How do we compare an infeasible solution to a feasible solution?

In this section, we briefly talk about some of the techniques that are used in handling

constraints.

Constraint-handling techniques in genetic algorithms can be grouped into five basic

categories (Sarker et al., 2002):

1.

Methods based on preserving feasibility: The first method in this category is to use
specialized operators. In the case of linear constraints, the specialized operators are used
to transform the feasible solutions to other feasible solutions. A good example of this

kind of methodology is GENECOP system developed by Michalewicz (1996).

The second method is based on preserving the feasibility is searching the boundary of
the feasible region. Searching along the boundary of the feasible region becomes
especially important when the problem has nonlinear constraints. Special operators are
incorporated to genetic algorithms to search the boundary. For more information on this
kind of approach, the interested reader is referred to Schoenauer and Michalewicz

(1996).

Methods based on penalizing infeasible solutions: Another possibility of dealing with
infeasible solutions is to penalize them to degrade their fitness. This way, the constrained
problem is turned into an unconstrained problem by the use of following evaluation
function:
x), ifxefF,
fitness(x) = {;Ex; + penalty(x), otherwise.

where F is the set of feasible solutions.
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The penalty functions are usually based on some form of measure that determines how

distant the infeasible solution is from the feasible space. The penalty function is chosen

such that there is zero penalty when no violation of constraints occur. The penalty

methods differ greatly based on how the penalty function works. Some of the common

penalty functions are described below:

Death Penalty Method: This method rejects any infeasible solution completely.
Although simple, this method may spend a lot of time evaluating and rejecting
infeasible solutions, especially in a highly constrained problems. It also may limit
the search capabilities of GA since it does not use any of the information from
infeasible solutions.

Static Penalty Method: Proposed initially by Homaifar et al. (1994), the static
penalty method states that a family of violation levels should be constructed for
each constraints. Each violation level for each constraint dictates a different level
of penalty. The disadvantage of this method is the number of parameters to be
selected. The number of parameters increases rapidly with the number of
constraints and violation levels.

Dynamic Penalty Method: Joines and Houck (1994) applied a dynamic penalty

scheme. At each generation, the individuals are evaluated by the formula:
fitness(x) = f(x)+(Cxt)* ZL 17 (),
where C, a, and B are constants, and f_/ﬁ (x) 1s function of the amount of

violation of the /™ constraint with solution x. This method does not require as
many parameters as the static penalty method and the penalty is increased as the
generations go by, increasing the importance of finding a feasible solution
towards the end.

Annealing Penalties Method: Michalewicz and Attia (1994) incorporated the idea
of simulated annealing into the second version of GENOCOP. They proposed the
use of a parameter that is analogous to temperature to adjust the penalty factors

for the nonlinear constraints. The method is similar to calculus-based approaches
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of solving the problem for optimal, increasing the penalty and resolving until no
changes occur.
o Adaptive Penalty Method: In the adaptive penalty method used in this study, each

individual is evaluated according to the formula (Bean and Hadj-Alouane, 1992):

fitness(x) = £ (x) =AD" /7,

where f; violation on the /™ constraint and A(z) is updated every generation ¢

as:

(1/B)-A(®), ifb' e F forallt—k+1<i<t¢
At+1) =3B, -A(t), ifb'eS—F foralli—k+1<i<t¢
A1), otherwise,

where b' is the best individual in terms of the fitness at generation i. By, B2 >1, 2> B, and

B1 #P, to avoid cycling.

The adaptive penalty method looks to the best solution of last £ generations. If all the best
solutions in the last k generations are feasible, it is concluded that penalty factor is too low,
and is increased by the factor B,. If all the best solutions of the last k generations are
infeasible, it is concluded that the penalty factor is too high and is decreased by the factor
B1. Lastly, if some of the best solutions from the last & generations are feasible and some of

them are not, the penalty factor is left unchanged.

3. Methods that make a distinction between feasible and infeasible solutions: Schoenauer
and Xanthakis (1993) consider the constraints in a problem one by one in their
“behavioral memory” approach. They evolve the population until a pre-specified
percentage of the population satisfies the constraints.

Powell and Skolnick (1993) uses an adaptation of the classic penalty approach with the
addition of an iteration dependent heuristic that ensures that any feasible solution is
better than any infeasible solution. This method does not require any penalty coefficients

because feasible solutions are always evaluated to be better than infeasible solutions.
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4. Methods based on decoding solutions: These methods rely on forming a one-to-one
mapping the search space and some other domain. Koziel and Michalewicz (1998)
developed methods based on decoders for continuous domains.

5. Hybrid methods: Methods in this category combine evolutionary algorithms with
deterministic procedures for numerical optimization. Waagen et al. (1992), Myung et al.

(1995), and Reynolds (1994) provide such methods.

4.3 SEASONAL PRODUCT SCENARIO

In this section, the seasonal scenario used in experimentation in 3.4.2 is used as the base
scenario with the same experimental design. To define the constrained GA used for this part
of the study completely, the following issues have to be addressed: Chromosome
representation, initialization of the population, selection strategy, genetic operators,
termination criteria, and evaluation measures. In the following sub-sections, these issues are

introduced and described in detail for the proposed constrained genetic algorithm.

4.3.1. Chromosome Representation

For the comparison study of the seasonal scenario from 3.4.2, the same chromosome
representation is used. Each individual will be kept as an array of size three, where the cells
one through three corresponds to initial drop %, number of reorders during the season, and

the week number to start reordering. Figure 4.1 depicts a sample chromosome.

Initial drop | Number of Reorders | Reorder Start Week

Figure 4.1 Sample Chromosome for experimentation in 4.3.

Notice that not all combinations of the decision variables constitute a feasible solution. For
this reason, infeasible solutions are repaired using a repair function before they are evaluated

by the Sourcing Simulator.

Table 4.1. shows the range of the decision variables:
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Table 4.1 Range for the decision variables

Decision Variable Lower Bound Upper Bound
Initial Drop Percentage(%) 0 100

Number of Reorders 0 Season length-2

Reorder Start Week 1 Season length-1

4.3.2. Initialization of the Population

The initial population is formed randomly based on the upper and lower bound for each of

the decision variables in a chromosome using a uniform distribution.

4.3.3. Selection Strategy

A normalized geometric ranking scheme from Joines and Houck (1994) is used for the
constrained genetic algorithm in this section. Individuals are first ranked from best to worst
according to their fitness values. Then each individual is assigned a probability based on a
normalized or truncated geometric distribution. The selection scheme is modified so that
with each passing generation, the individuals’ fitnesses are updated. The penalty factor A
changes during the course of the optimization. The fitnesses of the individuals with positive
penalties therefore change and must be updated. An additional matrix with the fitnesses,
GMROI and service levels of all individuals in the current population are stored. Using this
penalty matrix, updating of the population fitness values are done without the need of re-

evaluating (i.e running the simulation).

4.3.4. Genetic Operators

Four mutation and three crossover operators are used: Boundary mutation, uniform mutation,
non-uniform mutation and multi non-uniform mutation, simple crossover, arithmetic
crossover and heuristic crossover. For detailed information on these operators, the reader is

referred to section 2.3.1.4.
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The individuals that result from mutation and crossover operators are evaluated only if they

are distinct from their parents. In such a case, the penalty matrix is also updated accordingly.

4.3.5. Termination Criteria

A maximum number of generations is used as the termination criteria for the constrained
GA. The constrained GA quits after a given number of scenarios. Because the number of
decision variables is three, it was determined that 70 generations was enough for the

constrained GA to converge.

4.3.6. Evaluation Measures

As in section 3.4.2, each individual is evaluated by simulating the corresponding scenario
via the Sourcing Simulator. Upon evaluation, each individual returns a GMROI level and an
associated service level (SL). As mentioned before, adaptive penalty method defined in 4.2

is chosen as the way to deal with infeasible solutions.

The main advantage of the adaptive penalty method is the fact that, unlike other dynamic
penalty methods that are based on a fixed schedule of change of the penalty factor, it
incorporates feedback from the search into the mechanism for adjusting the penalty factor.
The main performance measure to be maximized is GMROI. There is only constraint, which

is on service level (SL). Therefore, the problem becomes:

Max GMROI
S.t.

Service Level > Target Service Level.

Table 4.2 shows the parameter values used with the adaptive penalty method in this chapter.
Table 4.3 is the list of parameters used for the constrained GA with complex evaluations.

Table 4.2 Parameter values for the adaptive penalty method
Parameter A By B> K Target Service Level

Value 2 | (1/0.95) 2 5 95%

60



Table 4.3 Parameters used in the GA experiments

Parameter Value

No. of boundary mutation operators 4
No. of uniform mutation operator 6
No. of non-uniform mutation operator 4
No. of multi-non-uniform operator 4
No. of arithmetical crossover operators 2
No. of simple crossover operators 2
No. of heuristic crossover operators 2
g-probability of selecting best individual 0.08
b-parameter used in multi-non-uniform and non-uniform mutation 3
i-parameter used in the heuristic crossover (number of retries) 3
G ax- the maximum number of generations 70
Population size 100

To compare the results from this constrained GA to the results in section 3.4.2, 4,860
experiments were generated from the same experimental design shown in table 4.4.

Table 4.4 Experimental design for set 2

No. of| SKU Seasonality | Season| Lead | Min. Ord. |Demand
SKUs| Mix Length| time |Quan/SKU| Volume
Error Error

Level 1| 18 |[20/20/10] Mid-peak 10 Low 1 0%
Level 2| 48 |40/40/20]| Early Peak 15 |Medium 6 20%
Level 3| 80 [60/60/40|High Mid Peak| 20 High 12 40%
Level 4 Late Peak 60%
Level 5 Flat

The results using GMROILS as the single performance measure in chapter 3 had suggested
that to achieve the best GMROILS, one should give as many reorders as possible, starting

to reorder as early as possible.
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As in section 3.4.2, a multivariate regression analysis is performed with the results from the

constrained GA. The fit values for the multivariate regression are low even when all three-

way interactions are included. (ANOVA and parameter estimates tables from the

multivariate regression analysis are given in appendix 7). But looking at optimal values of

the decision variables reveal the same pattern as in section 3.4.2. The regression fits are poor

because the optimal values of the decision variables are not effected much with changing

parameters. The following is quick summary of the results:

Of the 4,860 experiments, in 3,502 (72.1%) of them, optimal solutions had number of
reorders to be given as the maximum number of reorders possible with the particular
setting.

In 4,387 of the 4,860 experiments (90.3%) the reorder start week was found to be the
first week.

Compared to results from section 3.4.2, the optimal initial drop percentages are higher,
especially with longer lead-times and minimum order quantity/SKU, and shorter season
lengths. Higher initial drop percentages are selected in these settings to satisfy the 95%
SL constraint.

The constrained optimizer was able to reach the 95% target service level in 3491 of the
4860 experiments' (71.8%). It is plausible that 95% target service level is not achievable
for all experiments. Still for those experiments, the constrained GA finds the best level

achievable.

In general, results from this experiment set support the conclusions from section 3.4.2.

GMROILS is a consistent performance measure that can be used for this kind of problem.

' they were very close, i.e. difference was less than 2%.
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4.4 CASE STUDY: SOURCING OF WORKPANTS

In this part of the study, the constrained GA is applied to solve a case study. This section will
first gives information about the case study and then results of the experimentation are

presented.

The case study is the sourcing of workpants. The workpants are manufactured and kept in
inventory at a distribution center (DC) by the manufacturer. The customer is a large national
retail chain store. Individual stores of the retail chain give orders for the workpants to the
manufacturer’s DC. The orders have to be filled from the inventory with no backorders.
There is only one style, 15 colors and 28 different sizes of workpants, totaling 420 SKUs.
Workpants are basic items, which means that the product is sold throughout the year.
Detailed information about the case scenario, including the SKU mix, pricing information

etc. is given in appendix 8.

The retailer imposes a service level constraint on the manufacturer. The manufacturer is
required to maintain a minimum of 95% service level. The manufacturer uses a target weeks
of supply for its inventory system. Even though they increased the target weeks of supply
to 20 weeks, they still could not reach the 95% service level. Keeping 20 weeks of inventory

is almost half a year worth of inventory.

The key to the problem lies in the expected demand levels. For some of the low volume color
and size combinations, the expected weekly demand is very low. For those SKUs, carrying
a 20 weeks of supply may only correspond to carrying one or two items. The problem is
when orders arrive for these items, they might very well be for more than one item which
results in unfulfilled orders and decreases the service level. As a solution, it might be
considered to have a safety stock for each SKU. Combined with target weeks of supply, a
safety stock might be the solution. Safety stock is the amount that has to be present of a
certain SKU at all times. For any SKU, the inventory level is determined as the greater of
the target weeks of supply and the safety stock. The problem is then to find the best
combination of target weeks of supply and the safety stock levels for 420 SKUs.
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GMROLI is used as the main performance measure for the problem with the retailer imposed
95% service level constraint. The problem is formulated and simulated using the Sourcing
Simulator (Hunter, King, and Nuttle (1992, 1996), Nuttle, King, and Hunter (1991)). The
problem is modeled such that the orders come from the individual retail stores. Since every
order has to be fulfilled in the same week, the lead-time is set to be 1 week. The
manufacturer’s lead-time is three weeks.

In the next subsections, the specifications of the constrained GA for this case study is

presented.

4.4.1.Constrained GA for workpants Scenario

Chromosome Representation: Each chromosomes is represented as a vector of size 421,
where each of the first 420 cells correspond to the safety stock level and the last cells holds
the target weeks of supply. The range for the target weeks of supply is set as[1,20], and the
range for the safety stock levels is [0, 100].

Initialization of the Population
The initial population is formed randomly based on the upper and lower bound for each of

the decision variables in a chromosome using a uniform distribution.

Selection Strategy

Same normalized geometric selection strategy is used as in section 4.3.3.
Genetic Operators

The four mutation and the three crossover operators used are the same as in section 4.3.4.

Termination Criteria
A maximum number of generations is again used as the termination criteria for the

constrained GA. Due to the large number of decision variables, the maximum number of
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generations is set to 700. The constrained GA, however, will also stop before the maximum
number of generations is reached if there are no improvements in the best solution of the

population during the last ten generations.

Evaluation Measures

Each individual is evaluated by simulating a three-year period of the process. The main
performance measure is GMROI and there is a service level constraint of 95%. The adaptive
penalty method mentioned in section 4.3.6 is used with the parameters in table 4.2. Each

evaluation returns a GMROI, SL and an average inventory amount in dollars.

4.4.2 Experimentation

If the constrained GA is run with 421 decision variables, a great deal of computation is spent
on finding the right amounts of the safety stocks. It is clear that depending on the expected
volume, the amount determined from target weeks of supply will dominate and there is no

need to try to determine a target weeks of supply for those SKUs.

In effort to decrease the number of decision variables, the following procedure is used to
determine for a SKU if target weeks of supply or service level constraint will be dominant.
The SKUs for which the target weeks of supply is dominant need not be included in the
optimization. The safety stock levels for those SKUs can be set to 0. This procedure is given

in figure 4.2.

For i=1 to 420
e Determine the 95 percentile for SKU 1.
e Compute critical demand level for SKU i1 as TWS*Mean Demand
for SKU 1.
e If Critical demand > 95™ percentile, include SKU 1 in the list for which the
safety stock is set to 0.

End

Figure 4.2 Procedure for determining SKUs with no safety stock
The number of SKUs eliminated by the procedure in figure 4.2 changes from 0, when TWS

is 0, to 364, when TWS is 20. As target weeks of supply increase, the number of SKUs
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eliminated increases as well. The experimental design is set such that a separate run is made

with each level of target weeks of supply for 700 generations.

Optimal GMROI by Target Weeks of Supply

3 ~ GMROI=2.4933,
_ 25| SL=95.00%
91.5*
£ ikl
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Target Weeks of Supply

Figure 4.3 Optimal GMROI levels by TWS from results of constrained GA with
reduced space.
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Figure 4.4 Average inventory levels from results of Constrained GA with reduced
space.
Figures 4.3 and 4.4 summarize the results from the experimentation. Figure 4.3 presents the
optimal GMROI levels achieved by the constrained optimizer at each level of TWS. Figure
4.4 presents the average weekly inventory levels from the same results. The 95% SL

constraint is satisfied for all TWS levels. The best GMROI levels decreases as target weeks
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of supply increase. The highest GMROI is achieved with TWS set to 2. The average
inventory levels also generally increase as TWS increases with the exception of when TWS
is two. The lowest average inventory levels also achieved when TWS is two. Thus TWS is

set to 2 along with the safety levels found for the 340 SKUs.

For comparison of these results to the current practice (TWS, no safety stock), the case study
scenario is simulated with different target weeks of supply levels with no safety stock.
Figures 4.5 through 4.7 presents the GMROI levels, average inventory in $ and service level
with different target weeks of supply, in that order.

Target Weeks of Supply with no presentation stock Avg. Inv.($) with target weeks of supply, no
presentation stock
4
35 GMROI=1.28 | = & 960000 Avg. Inv=$39,199
3 TWS=15 > $50,000 TWS=15 =
5 25 3 840,000 | -
= 12 3 930000 |
: Ssderl *
> s
123 456 7 8 91011121314 1516 17 18 1920 - T - SR TN T N
TWS TWS

Figure 4.5 GMROI with TWS, no pres. stock Figure 4.6 Avg. Inv. with TWS, no pres. Stock

SL (%) with target weeks of supply, no presentation
stock — | SL=0.9515
TWS=15

100.00%
80.00%
60.00%
40.00% -
20.00%

0.00%

Service Level

Figure 4.7 SL with TWS, no safety stock

With the current scenario, one must go up to at least 15 target weeks of supply to satisfy 95%
service level constraint. But GMROI is then 1.2822 only and the average weekly inventory
is $39,199. The constrained GA with complex evaluations yields GMROI value of 2.4933
and the average weekly inventory is $20,169 when TWS is set to 2. The proposed
methodology is able to double GMROI by decreasing the average weekly inventory by 50%.
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With the elimination procedure, we essentially divide SKUs into two categories: SKUSs for
which target weeks of supply is dominant and SKUs for which service level constraint is
dominant. Even after elimination of the SKUs for which the target weeks of supply is
dominant, the number of decision variables is still very large. One could argue that instead
of trying to find optimal levels for each of these SKUs, SKUs could further be categorized
and a safety level for each category and a target weeks of supply can be sought. This would

make the inventory keeping process easier.

At the simplest, this kind of study is called ABC (or pareto) analysis. It is hard to devote
a great deal attention to determining optimal inventory policies for each item when a
company carries many in stock. The ABC inventory classification system devised at the
General Electric during the 1950s helps identify a small percentage of items that account for
a large percentage of annual sales (Winston, 1987 pp. 877). These items are referred to as
type A items. The idea is by concentrating effort on developing effective inventory control
policies for these items, one should get substantial savings. Generally speaking, 5%-20% of
all items stocked account for 55%-65% of the sales. These are referred to as type A items.
The next 20%-30% of items account for 205-40% of sales. This group of items are called
type B items. And the last 50%-75% of items account for the remaining 5%-25% of sales.
This last group is called type C items. Because of the volume of type A items, high service

level requirements might result in large safety stock requirements.

The next experimental design divides the SKUs into categories based on their expected
demand levels that allows safety stock levels to be determined for each category separately
with a chosen level for TWS. The safety stock level for the group of SKUs with the highest
expected demand is always set to 0 because the target weeks of supply amount will be
dominant for this group of SKUs. When the number of categories is three, this corresponds
to finding parameters for an optimal ABC analysis. Separate experiments are run for each
number of categories from 3 to 20 with the constrained GA. The decision variables that go
into the constrained GA are the cutoff points for the categories, the safety stock levels for
each category, and the TWS for the system. The cutoff points are determined randomly from

the 420 expected demand levels. For each number of category level, number of categories-1
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random numbers are generated. The random numbers are normalized to integers between 1
and 420. The SKUs are ranked in order of increasing demand volume. The demand volumes
from SKUs corresponding to the randomly generated cutoff points are used for classification
of SKUs. This constrained GA is run for 700 generations. The constrained GA stops before
700 generations if population convergence occurs. The population was observed to converge

by 700 generations.

Table 4.5 summarizes the results from this experiment set. Each row in the table presents the
optimal GMROI, SL, average weekly inventory amount in dollars, and the number of
categories in the optimal solution for each level of number of categories from 3 to 20. The
95% SL constrained is satisfied for each number of category. The optimal GMROI attained
is 2.83. In 14 of the 18 experiments, the optimal TWS is found as either 2 or 3 weeks.
Compared to the results of the previous experimentation (see figures 4.3 and 4.4), GMROI
is improved about 0.3 units and average weekly inventory is decreased even more. The last
column in table 4.5 gives the real number of categories to which the optimal solution from
constrained GA corresponds. Even though the number of categories increases, the optimal
solutions are found to be with either 3 or 4 categories for number of categories of 3 through
16. When the number of categories is further increased above 16, the optimal solutions found
to be with 6 or 8§ categories. The GMROILS and average inventory levels obtained by 6 or
8 categories are comparable to the ones obtained with 3 or 4 categories. The real number of
categories is decreased by setting the some of the cutoff points same so that no SKU falls

into the category.
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Table 4.5 Optimal Solutions by no. of category with discrete cutoff points
No. of Optimal Service Level | Avg. Inv. | TWS | Real No. of
Categories GMROI (%) (%) Categories
3 2.83 95.01% $17,856 2 3
4 2.83 95.00% $17,839 3 3
5 2.77 95.02% $19,128 4 3
6 2.65 95.01% $20,055 5 3
7 2.82 95.00% $18,506 3 3
8 2.83 95.02% $19,049 3 4
9 2.81 95.00% $18,819 3 4
10 2.8 95.01% $18,398 3 4
11 2.67 95.00% $19,171 5 3
12 2.83 95.00% $17,715 2 3
13 2.8 95.01% $18,417 2 4
14 2.81 95.01% $18,604 3 4
15 2.82 95.00% $18,777 2 4
16 2.81 95.01% $18,548 3 4
17 2.81 95.01% $18,757 3 6
18 2.8 95.00% $18,283 2 6
19 2.75 95.01% $18,434 2 8
20 2.83 95.00% $18,498 3 6

Based on the results from table 4.5, an ABC type of analysis might be very appropriate in
this case. In 9 of the total 18 experiments in table 4.5, the optimal solution found has 3
categories. With only three categories and 2 or 3 target weeks of supply, it is possible to have
0.33 improvement in GMROI and about $2,000 improvement in average weekly inventory
levels compared to the optimal solution in figure 4.3. The cutoff points and the safety stocks
for the categories can be found by running the constrained GA. For the case study on hand,

the constrained GA found that there are more than one combination of cutoff points.

The fact that there are more than one set of cutoff points and safety stock levels form the
basis of the next stage in analysis of this case study. The constrained GA spends a lot of time
trying to find optimal levels of cutoff points and safety stocks. It is apparent from the
numbers in table 4.5 that the categorization of SKUs has value and results in improvement
in GMROI and average weekly inventory. If only one could determine either the cutoff
points or the safety stock levels, the constrained GA can spend more time for finding the
optimal levels for a fewer number of variables. In this next experiment set, we pre-determine

the safety stock levels for each category and leave finding of optimal cutoff points to the
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constrained GA in hopes of achieving better results. The cutoff points for the SKUs are
randomly determined from the interval [1,420]. Then the safety stock level for all the SKUs
in a category is set to the estimate of the 95™ percentile of the expected weekly demand for
the SKU with highest expected demand in that category. The 95t percentile of the SKU with
the highest expected demand should provide at least 95% fill rate for other SKUs in that
category. The constrained GA is run again, with the only change being the way that safety
stocks determined for each level of number of categories. Table 4.6 presents the results from
this experimentation. The table presents optimal GMROI, SL obtained, average inventory

level obtained, and the optimal TWS for each level of number of categories.

The 95% SL is constrained satisfied for each level of number of categories. The optimal
GMROI and average weekly inventory found are for 4 and 6 number of categories. By pre-
determining safety stock levels as mentioned above and setting TWS to 3, the constrained
GA was able to find cutoff points for 4 categories that produces a GMROI of 2.87, and
average weekly inventory of $16,618. This solution represents a 0.38 improvement in
GMROI and about $5,000 improvement in average weekly inventory levels compared to the
optimal solution in figure 4.3. The results obtained for 3 through 7 categories are comparable
to the results in table 4.5. But as number of categories is further increased, the optimal

GMROI that can be obtained decreases and average inventory level increases.
In conclusion, use of constrained GA with complex evaluations produced very good results.

Using the optimization package it is easily possible to more than double GMROI and cut the

average inventory costs by more than half.
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Table 4.6 Optimal solutions obtained by constrained GA with pre-determined
safety stock levels

No. of Optimal Service Level |Avg. Inv.| TWS
Categories GMROI (%) (%)
3 2.81 95.08% $19,290 3
4 2.87 95.11% $16,618 3
5 2.77 95.01% $19,452 4
6 2.88 95.04% $20,890 3
7 2.81 95.01% $18,882 3
8 2.68 95.00% $19,966 5
9 2.68 95.00% $20,283 5
10 2.49 95.05% $21,431 6
11 2.49 95.00% $21,363 5
12 2.50 95.02% $30,395 5
13 2.15 95.07% $24,601 8
14 2.15 95.03% $24,638 8
15 2.00 95.02% $26,359 8
16 2.00 95.00% $26,313 9
17 2.00 95.01% $26,325 8
18 2.00 95.02% $26,341 9
19 2.00 95.02% $26,557 8
20 2.15 95.00% $24,599 8

4.5 DISCUSSION

In this chapter, a constrained GA with complex evaluations is developed. The constrained
GA tries to optimize GMROI constrained on service level (SL). GMROI is a measure that
takes into consideration maximization of gross margin (GM) and minimization of inventory
at the same time. By putting a constraint on SL, all three major objectives of a company

mentioned in section 2.2.1 are assured to be optimized.

The penalty method is chosen as the method of dealing with infeasible solutions in
constrained GA. Specifically, the adaptive penalty method of Bean and Hadj-Alouane (1992)
is used in the constrained GA. Their method has the advantage of making use of the
information from the search as feedback to adjust the penalty factor during the course of the

GA.
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The constrained GA is first used to find optimal sourcing decisions for the experimental
design of chapter 3. In chapter, the newly developed performance measure, GMROILS, was
used as the objective function. The constrained GA is used to solve the same experimental
design by maximizing GMROI and having a 95% SL constraint. The experimentation aimed
to verify the results obtained and test GMROILS. The results from the experimentation with
the constrained GA verifies the results drawn in chapter 3 as well as validating GMROILS

as a reasonable performance measure.

In the second part of the chapter, the constrained GA is used in a case study. The case study
considered is sourcing of workpants for a large national discount retail chain. The
manufacturer supplies orders from individual retail stores from a distribution center. The
supplier cannot achieve the retailer specified 95% SL. The simulation model is constructed
using the Sourcing Simulator. The constrained GA is used to find combination of safety
stock levels and TWS to maximize GMROI for the manufacturer while satisfying the SL
constraint. The constrained GA successfully finds solutions that satisfies the SL constraint
with more than double the highest GMROI, and less than the half of lowest inventory levels
that can be achieved by TWS only.
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CHAPTER 5
MULTI-OBJECTIVE GENETIC
ALGORITHM WITH COMPLEX
EVALUATIONS

A multi-objective GA with complex evaluations is developed in this chapter'. Multi-
objective GA with complex evaluations is used to construct a pareto optimal frontier,
which can be used by the decision-maker to make more robust decisions since the

decision-maker can now see all the possibilities.

5.1. INTRODUCTION

As mentioned in chapter 2, companies usually do have multiple objectives that they want
to achieve. Unfortunately, most of the time, these objectives are conflicting. For a supply
chain, these objectives are maximizing gross margin (GM), minimizing inventory levels

and maximizing customer service level, all at the same time.

In chapters 2 and 3, these objectives are aggregated into a single scalar function and a
new performance measure, GMROILS, is developed. Although experimentation proved
GMROILS to be consistent, there is always doubt on how much or how fairly each

objective is represented in the single measure.

As an alternative approach, a constrained optimization method is developed in chapter 4.

One of the objectives is optimized and other objectives are constrained to be within a

' 1°d like to thank Deepak Gupta for his help for the material in this chapter. For more information on this
chapter, the interested reader is referred to Joines et al, 2002.
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threshold. A constrained GA with complex evaluations is used win two different
experiment sets. The constrained GA still produces a single solution as an end result.
Multi-objective optimization techniques can deliver a pareto optimal frontier, which can

be used by the decision-maker, based on his/her preferences.

The rest of this chapter is organized as follows: Section 5.2 will give information on
multi-objective optimization and multi-objective genetic algorithms. Section 5.3 explains
the multi-objective GA with complex evaluations in detail. Section 5.4 concludes the

chapter by presenting results from experimentation.

5.2. MULTI-OBJECTIVE OPTIMIZATION and GENETIC
ALGORITHMS

Often optimization problems often have multiple objectives. Most of the time these
objectives are conflicting (i.e., optimizing one objective causes the other objectives to be
poor). For example, consider a grocery store simulation where one is trying to determine
the optimal number of baggers and check out clerks needed during each time period the
grocery store is open. Minimizing the overall cost will ultimately lead to only one bagger
and clerk for each period while optimizing for the minima customer wait time would lead
to n baggers and clerks where n is the number of checkout lines. When only looking at
one objective, the other objective suffers. However, in this case both objectives are quite
important and they need to be optimized together. Then using the utility of the decision-
maker, a point that best meets both objectives can be found. In this chapter, the objectives
(1, f2,--..fx ) are output performances generated from a stochastic simulation making the
search even more difficult. It is very rare that a single optimal point will optimize all of
the objectives at once. Therefore the notion of optimal is different than when considering
a single objective, the term Pareto optimal will be used. A solution (X;) is Pareto optimal

if there does not exist another point X, € F such that f(x;) < fi(x,) foralli =1, ..., k
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except i =7 and fi(x;) < fi(x,) for at least one j. A set of nondominated solutions is now

obtained to generate a Pareto optimal frontier. All points along the frontier are Pareto

optimal (As seen in Figure 5.1).
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Figure 5.1 Pareto Frontier for Two Objectives

Over the past 20 years, many traditional methods have been developed for this problem.
Most of these methods are quite limiting in their abilities to solve only linear objectives
and constraints. Since the objectives are being generated from a stochastic simulation, the
methods appropriate for simulation optimization will have to be used. See Coello Coelllo
(2002) for a critical review of all evolutionary multi-objective techniques. There are three

approaches that one could use to solve the objective value.

5.2.1 Decision before Search

Probably the simplest and easiest method is to aggregate the objectives into a singular

scalar function:
k
g(x) =2 wfi(x)
i=1
where w; are the weighting functions which can determine the relative importance of each
k
of the objectives and generally Zwi =1. The relative importance is determined by the

i=1

utility of the decision maker. Now any of the standard scalar optimization techniques can
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be employed to solve it (e.g., Stochastic Approximation, OptQuest, etc.).The solution
determined represents only one point on the Pareto frontier. Multiple set of weight values
can be tried but there is no guarantee the frontier can be generated. Also, determining the
relative weights can be quite difficult since the scale of the individual objectives plays a
dramatic role. For example for the case of trying to maximize GMROI (a cost metric) and
service level percentage, GMROI dominates the objective, and the problem will
effectively be reduced to only optimizing GMROI. Other approaches include goal
programming where the decision-maker provides targets or goals that they wish to

achieve for each objective. The purpose is to try to minimize the absolute deviations
among the objective and the targets. (Z’_‘_J f,(x)-T ). Again, single objective

techniques can be used. However, the decision-maker has to know about the individual
objective ranges and the solution generated will lie in the dominated region if the targets
do. Another more effective method of using thresholds, is to optimize over one objective
(f7) and constrain the other objectives to be within some threshold. For example, one
could maximize GMROI while constraining the service level percentage to be at least
95%. There are two criticisms of this approach for decision making. One, under certain
conditions (variable ranges, data) 95%may not be obtainable. Second, this will be a

binding constraint and will produce only one point on the frontier.

5.2.2 Search before Decision

When producing only one point, the decision portion has been done before the search
process has been performed. In the previous example, the possibility that GMROI could
be doubled if the company were willing to accept a 92% service level would be lost in the
analysis. Having the frontier, allows for a more robust decision to be made since the
frontier gives the analyst the ability to see all possibilities. Pareto based GA methods try
to generate the entire Pareto frontier which will allow the decision-maker to make a
decision based on the frontier. Most of the GA Pareto methods modify the selection
process in determining which points survive as well as undergo reproduction to generate
new sampled points (Coello Coello, 2002). The modifications take into account that there

is more than one objective.
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Vector Evaluated GA (VEGA) by Schaffer (1985) was the first multiobjective GA
method. It modifies the selection operator by performing proportional (roulette) wheel
selection using each objective to select a number of sub-populations. For example, if they
are two objectives, half the population will be selected using (f;) and the other half using
(f2). Then the sub-populations are shuffled together to form a new population This is very
simple and efficient but solutions generated are what are called locally nondominated but
not necessarily globally nondominated. Individuals excel only along one objective. The
frontier created will be mainly cluster near the ends of the frontier (as if we only
optimized one objective) More efficient methods like the Niched Pareto GA (Horn et
al.1994) more effectively generate a full Pareto frontier. Nondominating Sorting GA
(NSGA-II) by Deb et al. (2002) is one of the best methods for generating the Pareto
frontier and is used in this study. The NSGAII algorithm ranks the individuals based on
dominance. The fast nondominated sorting procedure (Figure 5.2) allows us to find the
nondomination frontiers in Step 4 of the main algorithm where individuals in the frontier
set F'; are not be dominated by any solution and those in F, are dominated by only those
individuals in F;. Also, it determines a new fitness value (i,4.x) that represents the frontier

number (i.e., all individuals in F; are given a fitness of one, F, two, etc.).

1. For each peP
(a) For each geP
o If p dominates g then S,=S,U{q} which includes ¢ into the set of
solutions dominated by p
Else IF g dominates p then
n,=n, +1
o Ifn,=0then F =FU{p}

2.i=1
3. While F; = {}
. H= {}
For each peF;
(a)For each geS,
1. ng=ny-1
ii. ifn, =0 then H=HU{q}
. i=i+1

o« F;= H next frontier has now been formed
4 Return the set of frontiers F;

Figure 5.2 Fast Nondominating Sorting
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In Step 6a of the main algorithm, the crowding distance is calculated (seen in Figure 5.3)
for each individual of the new population. Crowding factor gives the GA the ability to
distinguish individuals that have the same rank (i.e., those that reside in the same frontier
set F;).This forces the GA to uniformly cover the frontier rather than bunching up at

several good points by trying to keep the diversity in the population.

L. ldistance(j ) =0V =1, ..., p
2.For each objective £,
o Sort P based on k
o dgistance(1) = lgisance(p ) = . Boundaries are always selected
e Forj=2top-1
Ldistance () = Ldistance (0 ) F(fu(iF+1) - fru(i=1))

Figure 5.3 Crowding Distance Function

The comparison operator ( >, ) is used by the GA to sort the population for selection
purposes. Individuals that are in a lower domination frontier set are considered better than
those in higher sets (i.e., F; individuals are relatively better than individuals in F, ).If
they are in the same frontier, then the individuals which is the farthest from other

individuals is considered better (i.e., this individual fills a gap on this frontier set)

e Given the non-domination rank (i, ) and local crowding distance (igisiance )
o i2,jif

( irank <jrank or ((irank :jrank) and (idistance >jdistance ))

Figure 5.4 Comparison Operator ( >, )

The NSGA-II main loop can be seen in Figure 5.5. The first step is the same as Steps 2
and 3 of the general GA. In Step 3, we add the newly generated children (Q;) to the
parent population. Next, the domination frontiers are determined as well as the new
fitness value (i,4,x) for each individual. In Step 6, the next population is selected from the
top nondominated frontier sets (£;) and the crowding distance is determined for P;;.

Next, the population is sorted using the >, operator based on the 1,4, and igisnce -In Step
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9, the traditional GA procedures are performed with selection being the only

modification.

—

. Randomly initialize Py and set Qp < {}

»

t<t+1

3. R <« PUQ, combine parent and children population.

4. [F, iyank] < fast nondominated sort(R,) where F equals all non-dominated fronts of R,.
5. PH—] <« {}
6. While [P | <N

(@) igistance <— crowding distance assignment (F7)

(b) P, =P, UF, include the i dominated set in next population
7. Sort ( Pﬁ—l Zn, irank: idistance )
8. Selectthetop N, Ps1 =Py [1:N]
9. Ou1 < make new pop(P,1) via selection, crossover, and mutation

10. If stopping criteria met then stop otherwise go to 3.

Figure 5.5 NSGA-II Main Algorithm

5.3 MULTI-OBJECTIVE GENETIC ALGORITHM with COMPLEX
EVALUATIONS

The effectiveness of the multi-objective simulation optimization technique is tested on a
real data set that is currently being analyzed for a company. As stated earlier, they want
to determine the parameter settings that will give them the best GMROI while
maintaining a high service level (e.g., 95%). Initially, Gokce (2002) maximized GMROI
while constraining the service level to 95%. They then wanted to know the average
GMROI if the service level was 94% or 93%. However, they would be willing to live
with a lower service level if the GMROI could be greatly improved. Therefore, we
decided to modify NSGA-II algorithm to work in this environment to allow them to see
the frontier so they could make their own decisions. The scenario specifics are given in

appendix 2. As you can see they are 48 different SKUSs in this data set.
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5.3.1 Modified GA

In building a GA methodology to solve the supply chain sourcing problem, six
fundamental issues that affect the performance of the GA must be addressed:
chromosome representation, initialization of the population, selection strategy, genetic
operators, termination criteria, and evaluation measures. In the following subsections,
these issues are introduced and described specifically for the proposed multi-objective
GA.

Chromosome Representation For any GA, a chromosome representation is needed to
describe each individual in the population. Chromosome representation determines how
the problem is structured in the GA, as well as the genetic operators that can be used. For
the sourcing decision, the chromosome representation in this case is fairly
straightforward. An individual is kept as a vector of size 51, where each cell corresponds

to a decision variable. The decision variables and their ranges are given in table 5.2.

Table 5.1 Range for the decision variables used in experimentation

Decision Variable Lower Bound Upper Bound
Initial Drop Percentage(%) 0 100
Number of Reorders 0 18
Reorder Start Week 1 18
Lead-Time 0 10
Min. Ord. Quan./SKU 1 60

Notice that not all combinations of the decision variables constitute a feasible solution.
For this reason, infeasible solutions are repaired using a repair function

before they are evaluated by the Sourcing Simulator. The repair procedure is the same as
the one in section 2.3.1.

Initialization of the Population The initial population is formed randomly based on the
upper and lower bound for each of the decision variables in a chromosome using a

uniform distribution.
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Selection Strategy Selection of parents to produce successive generations is very
important in driving the search. The goal is to give more chance to the “fittest ”

individuals to be selected. For each selection scheme, probabilities are assigned to the
individuals. The better individuals have higher probabilities .A normalized geometric
ranking scheme is used for the proposed genetic algorithm in this chapter. Individuals are
first ranked from best to worst according to their fitness values. Then each individual is
assigned a probability based on the rank from a truncated geometric distribution (Joines
et al.1996). In the original NSGA-II method, Deb et al. use a tournament selection where
the tournament is based on the >, operator. Since the population is sorted from best to
worst in Step 7, the normalized geometric ranking scheme does not require any more

sampling or sorting as does the tournament selection.

Genetic Operators Reproduction is carried out by application of genetic operators on
selected parents. Four mutation (Boundary, Uniform, Nonuniform, and Multi-
NonUniform) and three crossover operators (Simple, Arithmetic, and Heuristic) are used
based on the representation. Continuous variables use the version by Michalewicz (1996)

while the discrete variables use the modifications by Joines et al. (1996).

Termination Criteria Number of generations is used as the termination criteria for the

GA. The GA is terminated after a specified number of generations.

Evaluation Measure Genetic algorithms rely on the simple premise of using natural
selection as a means of solution elimination. The objective function is the driving the
force of the GA search. In this research, instead of performing an analytical function

evaluation, each solution is simulated to determine its performance.

Because the simulation is based on a particular forecasted demand level and seasonality
(i.e., nonhomogenous Poisson process of customers arriving to the store), the answers
generated need to be as robust as possible. Therefore, we perform 25 replications at each
of the following volume errors (i.e.,—20,—15,-10,-5,0,10, 15,and 20%) where —20% error

means that the true demand will be 20% under what was planned. An overall average and
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standard deviation across all error levels and replications for GMROI and service level
percentage is used as the objective value for those input parameters. Each of the

replications uses common random numbers.

5.4 RESULTS and CONCLUSION

To test ability, the Sourcing Simulator code was linked with the GA Optimization
Toolbox (GAOT) in MATLAB developed by Joines et al. (1996). This allows the
methodology to be tested quickly before embedding it into the decision support system
and Fortran simulation code. The algorithm was run for 300,500,700 generations and the
Pareto Frontiers generated can be seen in Figures 5.6, 5.7, and 5.8. As can seen the GA
does a nice job of generating the frontiers. If you were to lay each of the graphs on top
one another, you can see that the longer the GA is run, the more evenly the frontier is

covered. Using a 700 MhZ laptop, 300 generations took approximately 20 minutes while

700 generations took 48 minutes.
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Figure 5.6 Pareto optimal frontier with 300 generations
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For this data, the service level of 95%produced a GMROI of 1.5 while 92% service level
produced a GMROI of 2.75. From the frontiers, it can be seen that the GMROI can be
doubled with a reduction to a 90% service level agreement. The frontier allows the
analyst to make the best decision. In some cases, we have seen where the GMROI has not
changed much based on decrease in service level. The scenario specific results

constrained at 95% service level might not be the best option for the retailer.

For a fast moving garment one might wish to maintain a 99% service level. For slower
moving items, one might be willing to run out of stock, lowering the service level and
spending less on inventory. Because we have an optimization routine now that works
well, we are expanding the simulation code to allow for different service levels based on
volume demand. In the current scenario, the number of weeks of supply stored in
inventory was constant across SKUs. We are now investigating in optimizing what the
weeks of supply should be for each SKU. Also, the robustness of the algorithm needs to

be verified (i.e., the number of replications, etc.).
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CHAPTER 6

CONCLUSION AND FUTURE
RESEARCH

This chapter is divided into two sections. Section 6.1 summarizes the research and the
findings in this dissertation. Section 6.2 is a collection of lessons learnt from this

dissertation. Lastly, section 6.3 points out some directions for future research.

6.1. SUMMARY and CONCLUSION

This dissertation looked at the sourcing decisions in supply chains. Sourcing decisions in
supply chains are traditionally based on only cost. Although the potential for
improvement from good decision-making in supply chains has been realized, there is a
limited number of quantitative models that can capture the processes and help in the

decision-making.

The challenges faced with decision-making process for sourcing are the following:

e No formal formulation: It is almost impossible to come up with any kind of
mathematical model, that will, upon evaluation, help assess the value of a solution.
Usually, the only plausible way of assessing the value of any solution is through
simulation.

o Using simulation results for evaluation of a solution not only brings stochasticity to
be dealt with but also makes it very important to design an efficient solution

procedure due to the high computational requirements by simulation.
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e Measuring the performance of any solution is not obvious. Deficiencies of some of
the traditionally used performance measures are mentioned in chapter 2. There are
also usually more than one objectives to be satisfied. There are three alternative ways
of approaching the problem. Easiest way is to come up with a single performance
measure, which in essence incorporates different objectives. The second way is to
optimize one of the objectives and forcing the others to be within a certain threshold.
Lastly, a multi-objective optimization method can be developed which aims to

optimize all objectives at the same time.

In this dissertation, a simulation-optimization methodology is developed based on
Genetic Algorithms (GA). The proposed optimization method uses simulation to
determine the fitness of the solution. We first apply the proposed optimization
methodology to optimize sourcing decisions in a seasonal apparel supply chains.
(seasonal). In chapter 2, we considered the replenishment of a single seasonal item to a
retailer. First we mention the deficiencies of some of the popular supply chain
performance measures. A new performance measure, GMROILS, is developed to be used
in optimizing sourcing decisions. The GA with complex evaluations was used to find
optimal levels initial drop %, number of reorders, reorder start week, lead-time and min.
order quantity/SKU within this scenario using GMROILS as the performance measure.
Each solution is evaluated over a range of demand volume errors. Performance of the
proposed methodology was measured by comparison of the results to the results of a
random start procedure that used almost three times as many function evaluations
(simulations) as GA. The new GA based simulation-optimization method performed
satisfactory with great improvement in GMROILS compared to best solutions of the

random start procedure.

Based on the success of the proposed optimization method, two large experimental
designs are constructed and carried out. The first experimental design consisted of a total
540 experiments. Results from the experimentation are analyzed with ANOVA and
multivariate regression. Regression analysis reports poor fits. The reason is that with

changing parameters, at least two of the decision variables (lead-time and min. order
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quantity/SKU) are always set a certain level. Since there is no associated cost with
decreased lead-times or min. order quantity/SKU, the optimization routine sets these
variables to the lowest possible values in return for greater flexibility. But lead-time and
min. order quantity/SKU are not really controllable parameters. To remedy the situation a
new experimental design is constructed for which lead-time and min. order quantity/SKU
are shifted to be input parameters. The second experimental design in chapter 3 consists
of 4860 experiments and aims to analyze the effects of some factors (like demand volume
error, lead-time etc.) on the optimal performance and control variables. ANOVA
analysis is used to determine the effects of the factors on optimal performance. More
importantly, multivariate regression analysis and neural networks are used to determine
the levels of the decision variables so as to maximize the performance measure. Because
most of the time, it is at least as important to know what levels to set the controllable
variables to achieve best possible performance as it is to know the level of best
achievable GMROILS. The results showed that number of SKUs, SKU mix error and
season length are the most important factors in determining the optimal GMROILS, in
that order. Multivariate regression and neural network analysis show that lead-time and
season length are the most important factor in determining the optimal level of initial
drop % as well as for number of reorders. There are no dominant factors for reorder start
week because almost always optimal reorder start week is set to 1. Still the fitness values
from the multivariate regression are low. We conclude the reason to poor R* values from
the multivariate regression and the way to achieve the best performance under any

condition is to give as many reorders as possible.

In chapter 4, a constrained GA with complex evaluations is introduced. An alternative to
developing a single performance measure that takes multiple objectives into account, and
using it for optimization is a constrained optimization technique for which one of the
objectives is used as the main objective and other objectives are incorporated in
constraint form. Constrained GA, as in chapter two and three, uses simulation to evaluate
solutions. In the first section of this study, same experimental design from section 3.4.2 is
used. GMROI is used as the main objective to be maximized and a 95% constraint is put

on service level. This experimentation is necessary both to test the findings about
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sourcing strategies for seasonal items and to test the bias of the new performance
measure, GMROILS. Results from the experimentation are in agreement with the
findings from chapter 3. We also conclude that GMROILS is a good performance

measure to be used in this kind of scenarios.

The second part of chapter 4 is a case study. We look at the replenishment problem of a
basic item from manufacturer’s distribution center (DC) to a large national discount
retailer. The manufacturer uses a target weeks of supply (TWS) inventory system and
cannot achieve the customer enforced 95% service level even with huge amount of
inventory. We use constrained GA to find best combination of target weeks of supply and
presentation stock levels for each of the 420 SKUs. Due to the very large number of
decision variables, we use a procedure to eliminate SKUs for which the target weeks of
supply amount will be dominant over service level imposed amount. These SKUs are
automatically assigned a presentation stock level of zero. Constrained GA is run for each
level of TWS from zero to twenty. The constrained GA achieves solutions that satisfy the
95% SL constraint at all levels of TWS. The constrained GA’s best solution doubles
GMROI and cuts the average weekly inventory by half. To further decrease the number
of decision variables, the constrained GA is set so as to partition 420 SKUs into a pre-
specified number of categories based on volume and try to find a best presentation stock
level for each category. If the number of categories is three, this analysis is called ABC
(pareto) analysis. Given a number of categories, the genetic algorithm determines the
cutoff points, and presentation stock levels for each category and a target week of supply.
Results from this set of experiments shows further improvement in GMROI and average
inventory levels while still satisfying 95% SL constraint for all experiments. The results
show that although the imposed number of categories increases, the optimal solutions do
have either 3 or 4 categories for number of categories 3 through 16. When number of
categories is further increased, optimal solutions are found with 6 and 8 categories. We
deduce from these results that an ABC type inventory system can actually be successfully
used when the constrained GA finds the cutoff points and the corresponding presentation
stock levels. We also observe from the results that there are more than one set of optimal

cutoff points and corresponding presentation stock levels to reach the best possible
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GMROI while satistfying the SL constraint. The results from this kind of categorization
provide an additional 0.3 improvement in GMROI and $500 to $3000 decrease in average
inventory levels. The constrained GA in this experimentation searches for both the cutoff
points and the corresponding presentation stock levels. Based on the fact that there is
more than one such set of combinations, for the next experiment set, we pre-determine
the presentation stock levels for each category and let constrained GA concentrate on
finding optimal cutoff points to see if any further improvement can be achieved.
Presentation stock level for each SKU in a category is set to the estimate for the 95
percentile of the SKU with the highest expected demand. This amount is expected to
satisfy the service level constraint also for all other SKUs in that category. The
constrained GA then only searches for best cutoff points for the categories. Results show
that this kind of simplistic approach produces solutions that are of comparable value to

the previous results as well as reducing the computation time substantially.

A multi-objective GA with complex evaluations is developed in chapter 5. The main
advantage of the multi-objective optimization is the ability to produce a pareto optimal
frontier. The frontier shows a line of points, all of which are optimal. The decision-maker
can use the frontier to see all possible solutions and pick one. Multi-objective GA with
complex evaluations is used to optimize sourcing decisions for the seasonal item scenario
used in chapters two and three. Results from 300, 500 and 700 generation runs produced
nice pareto optimal frontiers. The frontier showed that by accepting a 90% SL instead of

a 95%, the company can more than double their GMROL

6.2 LESSONS LEARNED

This section will list some important lessons learnt from this dissertation.
« GMROILS, the newly developed performance measure, tested successfully and is

believed to be a good consistent performance measure that can be used for measuring

supply chain performance.

90



In scenarios for seasonal items like in chapters 2, 3, and 5, best performance can
almost always be achieved by maximizing the number of reorders. The gain from the
ability to adapt to the “real” demand as well as possible offsets the cost savings from
sourcing offshore with longer lead-times for seasonal items.

The constrained GA with complex evaluations succeeded in finding good solutions
and at the same time tightly satisfying the constraint on SL. For some scenarios, 95%
SL was not attainable. Higher lead-times, shorter seasons or combinations of the two
make satisfying a 95% SL constraint very difficult.

Categorizing SKUs for the case study in chapter 4 based on their volume and using a
combination of presentation stock and target weeks of supply resulted in great
improvements in GMROI and average inventory levels. With a combination of 2
target weeks of supply and carefully selected presentation stock levels, GMROI can
be more than doubled and average inventory levels can be cut by half. The results
suggest that an ABC kind of inventory system might work very well for the given
case study. Comparable quality solutions are achieved by setting the presentation
stock for each category to the estimate for the 95t percentile of the expected demand
of the SKU with highest expected demand. Pre-determining the presentation stock
levels this way leaves only the cutoff points to be set by the constrained GA, and
reduces the necessary computation time.

The multi-objective GA with complex evaluations successfully produced a nice
pareto optimal frontier for the seasonal scenario. Although commonly used, 95% SL
requirement is observed to be a high requirement. It is possible to more than double
GMROI by moving from 95% SL to 90%.

Lastly but most importantly, the GA with complex evaluations shows great success in
solving the problems and promises great potential for providing good quality
solutions to complex problems (like large supply chain planning problems) that need

to be simulated for evaluation.
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6.3 FUTURE RESEARCH

Directions for future research is organized under four categories:

1.

Sourcing Simulator Related: The proposed optimization method is proven to work
effectively and efficiently. If it can be incorporated into the tool, many users will
greatly benefit from determining the “best” thing to do. The tool will transform into a
decision-making tool from an evaluation tool. The user can set performance measures
to be used, and/or objectives to be maximized. The optimization methodology can
also be used to generate training data for neural networks for estimating optimal
performance or decision variables given any scenario. The decision surface modeling
was used with great success in estimating outputs from the Sourcing Simulator. It is

highly likely that it will be that successful in estimating optimal outputs.

New Sourcing Model: The Sourcing Simulator was modified and expanded for
simulation purposes in this dissertation. The Sourcing Simulator is very well
developed tool but it is not very flexible and easy to modify. A more general flexible
model will be useful and will enable easy application of the proposed methodology to

a wider range of problems.

Global Logistics: GA with complex evaluations proved to be very successful with
sourcing problems. The impact of the method increases as the size of the problem
increases. Considering the elevated interest in global sourcing and logistics, it is
believed that application of GA with complex evaluation to these problems has great

potential.

Improvement of optimization technique: The methodology might produce even better
results if fine-tuned. It is believe to be worthwhile to investigate different constraint
handling techniques or specialized operators to enhance the performance of Gas with

complex evaluations.
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APPENDIX 1: Repair procedure

If init_drop=100 & number of reorders>0
number of reorders=0.
Else if delivery during the last 2 weeks of the season
Generate a random number rand € (0,1).
If rand>0.5
Change the lead-time so that no delivery occurs during the last two weeks.
If still not feasible

If rand>0.25, change number of reorders.

Else change reorder start week.

Else modify reorder start week so that no delivery during the last two weeks.
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APPENDIX 2: Simulation Scenario Specifics

Buyer’s Plan:
Planned number of units to sell: 4800

Number of Styles/Colors/Sizes: 2/4/6
Season length: 20 weeks.
Seasonality: Mid-Peak.

Week % of Sales
1 412
2 4.01
3 4.41
4 4.75
5 5.05
6 5.29
7 5.49
8 5.64
9 5.74
10 5.79
11 5.79
12 5.74
13 5.64
14 5.49
15 5.29
16 5.05
17 475
18 4.40
19 4.01
20 3.57

Style Planned Percent

1 60
2 40
Color Planned Percent
1 10
2 20
3 30
4 40
Size | Planned Percent
1 5
2 15
3 25
4 30
5 15
6 10
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Cost Data:

Initial Wholesale cost Replenishment Retail Price Liquidation Price

wholesale cost

$12.50 $12.50 $25.50 $8.00

Ordering Cost = $25.00

Initial Fixed Shipping Cost = $100.00

Initial Shipping Cost/Unit = $1.00
Replenishment Fixed Shipping Cost = $100.00
Replenishment Shipping Cost/Unit = $1.00
Program Overhead = $0.00

Consumer Demand:

Percentage of customers who look for alternative after stockout: 24%
SKU mix errors are as percentage from plan
Style Error:  40%
Color Error:  40%
Size Error:  20%
Actual sales are mid-peak. Weekly sales as percent of total are same as presumed
seasonality.

Markdowns:

There is only one markdown.

Markdown 1 start week: 18

Markdown duration: 3 weeks

Markdown Percentage: 25%

Percentage of customers who look for alternative after stockout: 50%
Price Elasticity: 0.7
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APPENDIX 3: Assortment Error Calculation

In order to measure assortment error Nuttle, et al. 1991 used the following procedure. A
triple (style/color/size) defines the amount of error between the forecast and actual
demand by each attribute (style, color and size). The measure of size error is explained

below. Style and color error are defined in the same way.

Suppose there are four sizes, Small, Medium, Large and Extra-Large. The expected or
forecast percentage distribution of sizes is 10%, 35%, 40%, and 15%, respectively.
Suppose the actual demand percentages, however, turns out to be 10%, 30%, 30%, and
30%, respectively. The measure of size error is defined as the sum across all sizes of the
absolute differences between the expected and actual demand percentages. Thus, the
difference for the Small size is [10-10| = 0%, for Medium is [35-30| = 5%, for Large is
|40-30| = 10%, and for Extra-Large is [15-30|=15%. Summing these values gives a total
of 0+5+10+15=30%, the total size error. It has been shown that the individual errors that
comprise the total figure of 30% have little or no effect on retail performance - it is the

total that matters (Nuttle et al .[36]).
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APPENDIX 4: Multivariate Regression Results for Section 3.4.1

Table A4.1 ANOVA table for GMROILS for experiment set 1

Source Sum Sq. d.f. Mean F Prob>F
Sq.
SKU Mix Error 9.96 2 4.98 106.91 0.0000
# of SKUs 442.49 2 221.24 | 4751.19 | 0.0000
Season Length 165.72 2 82.86 1779.38 | 0.0000
Seasonality 23.40 4 5.85 125.63 | 0.0000
Demand Error 14.62 3 4.87 104.64 | 0.0000
SKU Mix Error*# of SKUs 28.47 4 712 152.83 | 0.0000
SKU Mix Error*Season Length 6.97 4 1.74 37.41 0.0000
SKU Mix Error*Seasonality 3.72 8 0.46 9.99 0.0000
SKU Mix Error*Demand Error 0.06 6 0.01 0.22 0.9718
# of SKUs*Season Length 19.40 4 4.85 104.17 | 0.0000
# of SKUs*Seasonality 1.01 8 0.13 2.72 0.0062
# of SKUs*Demand Error 0.77 6 0.13 2.74 0.0125
Season Length*Seasonality 2.48 8 0.31 6.65 0.0000
Season Length*Demand Error 0.39 6 0.07 1.40 0.2138
Seasonality*"Demand Error 0.15 12 0.01 0.28 0.9927
Error 21.42 460 0.05
Total 741.02 539

Table A4.2 ANOVA table for multivariate regression on init_drop % model 1 in

set 1
Source DOF  [Sum of Squares |Mean Square|F Value (Pr>F
Model 5 6877.916 1375.583 70.25 | <.0001
Error 534 10457 19.58255
Corrected Total | 539 17335
R-Square  0.3968
AdjR-Sq 0.3911

Table A4.3 Parameter estimates for multivariate regression model 1 init_drop in

set 1

Variable Name |[DOF Estimate |Std Err |t value |Pr>|t|

Intercept 1 30.58749] 1.05161 | 29.09 | <.0001
NoofSKUs 1 0.03845 1 0.00752 1 5.11 <.0001
SKUmixErr 1 -1.791671 0.23323 | -7.68 | <.0001
Seasonlength 1 -0.73611] 0.04665 | -15.78 | <.0001
Seasonality 1 -0.327781 0.13466 | -2.43 0.0153
Demanderror 1 -0.02841] 0.00852 | -3.34 0.0009
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Table A4.4 ANOVA table for multivariate re

ression on no of reor model 1 in set 1

Source DOF |Sum of Squares |Mean Square |F Value |Pr>F
Model 5 4370.692 874.1384 | 469.27 | <.0001
Error 534 994.7082 1.86275
Corrected Total 539 5365.4

R-Square  0.8146

AdiR-Sq 0.8129

Table A.4.5 Parameter Estimates for multivariate regression on no_of reor model 1

in set 1

Variable Name [DOF Estimate |Std Err |t value |Pr>|t|

Intercept 1 0.41594 | 0.32434 1.28 0.2002
NoofSKUs 1 0.000277] 0.00232 | 0.12 0.9049
SKUmixErr 1 -0.03611)] 0.07193 -0.5 0.6159
Seasonlength 1 0.69444 1 0.01439 | 48.27 | <.0001
Seasonality 1 0.16574 1 0.04153 | 3.99 <.0001
Demanderror 1 0.000963| 0.00263 | 0.37 0.714

Table A.4.6 ANOVA table for multivariate regression on start wk model 1 in set 1

AdjR-Sq  0.1794

Source DOF  [Sum of Squares |Mean Square [F Value |Pr>F
Model 5 56.02499 11.205 24.57 | <.0001
Error 534 243.575 0.45613
Corrected Total | 539 299.6

R-Square 0.1870

Table A.4.7 Parameter Estimates for multivariate regression on start_ wk model 1

in set 1
Variable Name| DOF | Estimate| Std Err | tvalue | Pr>|t|
Intercept 1 1.5331 | 0.1605 9.55 <.0001
NoofSKUs 1 -0.001 | 0.00115| -0.87 0.3842
SKUmixErr 1 -0.24167| 0.0356 | -6.79 | <.0001
Seasonlength 1 0.05389 1 0.00712 | 7.57 <.0001
Seasonality 1 0.073151 0.02055 | 3.56 0.0004
Demanderror 1 -0.00319] 0.0013 -2.45 0.0146

Table A4.8 ANOVA table for multivariate regression on init_drop% model 2 in

set 1
Source DOF |Sum of Squares [Mean Square |F Value |Pr>F
Model 15 7564.166 504.2777 27.04 |<.0001
Error 524 9770.832 18.64663
Corrected Total 539 17335
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Table A.4.9 Parameter Estimates for multivariate regression on init_drop% model

R-Square

0.4364

AdjR-Sq  0.4202

2setl
Variable Name DOF | Estimate| Std Err | tvalue | Pr>|t|
Intercept 1 |31.39256] 3.41529 | 9.19 <.0001
NoofSKUs 1 10.17615| 0.038 4.64 <.0001
NoofSKUs SKUmixErr 1 ]-0.0233 | 0.00899 | -2.59 0.0098
NoofSKUs_Seasonlength 1 [-0.00652] 0.0018 -3.63 0.0003
NoofSKUs_seasonality 1 ]10.000185] 0.00519 | 0.04 0.9716
NoofSKUs demanderror 1 ]0.00020410.000328] 0.62 0.5337
SKUmixErr 1 |-3.97352| 1.1264 -3.53 0.0005
SKUmixErr Seasonlength 1 0.165 10.05575| 2.96 0.0032
SKUmixErr seasonality 1 10.00972]0.16093 | 0.06 0.9518
SKUmixErr demanderror 1 ]0.02706 |1 0.01018 | 2.66 0.0081
Seasonlength 1 ]-0.82384] 0.18765 | -4.39 | <.0001
Seasonlength seasonality 1 ]0.0222210.03219 | 0.69 0.4902
Seasonlength demanderror 1 10.000278] 0.00204 | 0.14 0.8915
Seasonality 1 ]-0.60622| 0.66994 -0.9 0.3659
Seasonality demanderror 1 1-0.00278] 0.00588 | -0.47 0.6366
Demanderror 1 -0.0883 | 0.04452 | -1.98 0.0478

Table A4.10 ANOVA table for multivariate regression on no of reor model 2 set 1

AdiR-Sq  0.8120
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Source DOF  |Sum of Squares [Mean Square |F Value Pr>F
Model 15 4384.581 292.3054 156.16 | <.0001
Error 524 980.8194 1.87179
Corrected Total | 539 5365.4

R-Square 0.8172




Table A4.11 Parameter Estimates for multivariate regression on no_of reor model

2setl
Variable Name DOF |Estimate |Std Err |t value  |Pr>|t|
Intercept 1 1.67198 |1.08207 |1.55 0.1229
NoofSKUs 1 0.00128 10.01204 ]0.11 0.9151
NoofSKUs SKUmixErr |1 -0.00377 10.00285 |-1.32 0.1865
NoofSKUs_Seasonlength |1 0.00054 10.00057 ]0.95 0.3438
NoofSKUs_seasonality 1 0.000301 [0.00164 |0.18 0.8546
NoofSKUs demanderror |1 -8.2E-05 |0.000104 |-0.79 0.4287
SKUmixErr 1 -0.18024 10.35688 [-0.51 0.6137
SKUmixErr Seasonlength |1 0.00667 |0.01766 ]0.38 0.706
SKUmixErr_seasonality |1 0.08194 10.05099 |1.61 0.1086
SKUmixErr _demanderror |1 -0.00061 ]0.00322 |-0.19 0.8498
Seasonlength 1 0.61518 10.05945 [10.35 <.0001
Seasonlength seasonality |1 0.00833 10.0102 ]0.82 0.4142
Seasonlength demanderror |1 0.000489 [0.000645 10.76 0.4488
Seasonality 1 -0.15615 |0.21226 |-0.74 0.4623
Seasonality demanderror |1 0.000611 |0.00186 10.33 0.7429
Demanderror 1 -0.00297 10.0141 |-0.21 0.8331

Table A4.12 ANOVA table for multivariate regression on start wk model 2 set 1

Source DOF | Sum of Squares | Mean Square | F Value | Pr>F
Model 15 63.24824 4.21655 9.35 <.0001
Error 524 236.3518 0.45105
Corrected Total | 539 299.6
R-Square 0.2111

AdjR-Sq  0.1885
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Table A4.13 Parameter Estimates for multivariate regression on start_wk model 2

set 1
Variable Name DOF |Estimate |Std Err |t value  |Pr>|t|
Intercept 1 199212 ]0.53118 |3.75 0.0002
NoofSKUs 1 [-0.00149 |0.00591 |-0.25 0.8006
NoofSKUs SKUmixErr 1 ]0.00257 ]0.0014 |1.84 0.0671
NoofSKUs Seasonlength 1 [-0.00044 10.00028 [-1.56 0.1183
NoofSKUs_seasonality 1 ]0.000161 (0.000807 0.2 0.8421
NoofSKUs demanderror 1 [4.8E-05 |5.11E-05]0.94 0.3471
SKUmixErr 1 [-0.37404 10.17519 [-2.14 0.0332
SKUmixErr Seasonlength 1 ]-0.00167 10.00867 |-0.19 0.8476
SKUmixErr_seasonality 1 [-0.00417 ]0.02503 [-0.17 0.8678
SKUmixErr demanderror 1 10.0015 ]0.00158 ]0.95 0.3438
Seasonlength 1 10.04818 ]0.02919 |1.65 0.0994
Seasonlength seasonality 1 10.01333 ]0.00501 |2.66 0.008
Seasonlength demanderror 1 ]-0.00032 10.000317 |-1.02 0.3093
Seasonality 1 ]-0.11468 |0.1042 |-1.1 0.2716
Seasonality demanderror 1 ]-0.00039 10.000914 |-0.43 0.6706
Demanderror 1 ]-0.00252 10.00692 ]-0.36 0.7157
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APPENDIX 5: ANOVA and Multivariate Regression Analysis for

Section 3.4.2

Table AS5.1 ANOVA table for GMROILS for experiment set 2

Source Sum Sq. d.f. Mean Sq. F value Prob>F
# of SKUs 192.08 2.00 96.04 10305.43 0.00000
SKU Mix Error 1742.68 2.00 871.34 93499.48 0.00000
Season Length 771.30 2.00 385.65 41382.45 0.00000
Seasonality 130.04 4.00 32.51 3488.44 0.00000
Lead-time 9221.59 5.00 1844.32 197905.37 0.00000
MinordQ 54.27 2.00 27.14 2911.84 0.00000
Demand Error 88.04 3.00 29.35 3149.06 0.00000
# of SKUs*SKU Mix Error 36.70 4.00 9.18 984.64 0.00000
# of SKUs*Season Length 11.92 4.00 2.98 319.81 0.00000
# of SKUs*Seasonality 6.57 8.00 0.82 88.09 0.00000
# of SKUs*Lead-time 44.64 10.00 4.46 479.06 0.00000
# of SKUs*MinordQ 1.28 4.00 0.32 34.31 0.00000
# of SKUs*Demand Error 1.58 6.00 0.26 28.25 0.00000
SKU Mix Error*Season Length 131.70 4.00 32.93 3533.09 0.00000
SKU Mix Error*Seasonality 11.26 8.00 1.41 150.99 0.00000
SKU Mix Error*Lead-time 612.32 10.00 61.23 6570.58 0.00000
SKU Mix Error*MinordQ 13.68 4.00 3.42 366.94 0.00000
SKU Mix Error*Demand Error 991 6.00 1.65 177.24 0.00000
Season Length*Seasonality 16.64 8.00 2.08 223.23 0.00000
# Season Length*Lead-time 0.03 1.00 0.03 3.39 0.06574
Season Length*MinordQ 18.72 4.00 4.68 502.23 0.00000
Season Length*Demand Error 2.09 6.00 0.35 37.33 0.00000
Seasonality*Lead-time 52.39 20.00 2.62 281.10 0.00000
Seasonality*MinordQ 1.24 8.00 0.16 16.64 0.00000
Seasonality*Demand Error 0.38 12.00 0.03 3.40 0.00006
Lead-time*MinordQ 95.49 10.00 9.55 1024.61 0.00000
Lead-time*Demand Error 10.92 15.00 0.73 78.12 0.00000
MinordQ*Demand Error 0.25 6.00 0.04 441 0.00019
# of SKUs*SKU Mix Error*Season Length 40.57 8.00 5.07 544.23 0.00000
# of SKUs*SKU Mix Error*Seasonality 10.11 16.00 0.63 67.80 0.00000
# of SKUs*SKU Mix Error*Lead-time 17.91 20.00 0.90 96.09 0.00000
# of SKUs*SKU Mix Error*MinordQ 0.50 8.00 0.06 6.64 0.00000
# of SKUs*SKU Mix Error*Demand Error 0.67 12.00 0.06 5.98 0.00000
# of SKUs*Season Length*Seasonality 5.30 16.00 0.33 35.52 0.00000
# # of SKUs*Season Length*Lead-time 4.17 2.00 2.09 223.98 0.00000
# of SKUs*Season Length*MinordQ 1.41 8.00 0.18 18.90 0.00000
# of SKUs*Season Length*Demand Error 0.25 12.00 0.02 2.24 0.00806
# of SKUs*Seasonality*Lead-time 3.04 40.00 0.08 8.16 0.00000
# of SKUs*Seasonality*MinordQ 0.35 16.00 0.02 2.33 0.00196
# of SKUs*Seasonality*Demand Error 0.07 24.00 0.00 0.31 0.99948
# of SKUs*Lead-time*MinordQ 2.06 20.00 0.10 11.05 0.00000
# of SKUs*Lead-time*Demand Error 0.94 30.00 0.03 3.35 0.00000
# of SKUs*MinordQ*Demand Error 0.05 12.00 0.00 0.42 0.95828
SKU Mix Error*Season Length*Seasonality 5.87 16.00 0.37 39.34 0.00000
# SKU Mix Error*Season Length*Lead-time 6.14 2.00 3.07 329.62 0.00000
SKU Mix Error*Season Length*MinordQ 1.82 8.00 0.23 24.37 0.00000
SKU Mix Error*Season Length*Demand Error 1.01 12.00 0.08 9.03 0.00000
SKU Mix Error*Seasonality*Lead-time 6.42 40.00 0.16 17.22 0.00000
SKU Mix Error*Seasonality*MinordQ 0.55 16.00 0.03 3.70 0.00000
SKU Mix Error*Seasonality*Demand Error 0.30 24.00 0.01 1.32 0.13422
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Table AS.1 (continued)

Source Sum Sq. d.f. Mean Sq. F value Prob>F
# of SKUs 192.08 2.00 96.04 10305.43 0.00000
SKU Mix Error*Lead-time*MinordQ 20.48 20.00 1.02 109.85 0.00000
SKU Mix Error*Lead-time*Demand Error 2.89 30.00 0.10 10.34 0.00000
SKU Mix Error¥*MinordQ*Demand Error 0.12 12.00 0.01 1.08 0.36945
# Season Length*Seasonality*Lead-time 3.73 4.00 0.93 100.03 0.00000
Season Length*Seasonality*MinordQ 0.55 16.00 0.03 3.68 0.00000
Season Length*Seasonality*Demand Error 0.51 24.00 0.02 2.29 0.00033
# Season Length*Lead-time*MinordQ 6.54 2.00 3.27 350.68 0.00000
# Season Length*Lead-time*Demand Error 0.04 3.00 0.01 1.61 0.18565
Season Length*MinordQ*Demand Error 0.30 12.00 0.02 2.66 0.00144
Seasonality*Lead-time*MinordQ 235 40.00 0.06 6.29 0.00000
Seasonality*Lead-time*Demand Error 0.63 60.00 0.01 1.13 0.22405
Seasonality*MinordQ*Demand Error 0.04 24.00 0.00 0.17 1.00000
Lead-time*MinordQ*Demand Error 0.47 30.00 0.02 1.67 0.01236
Error 37.67 4042.00 0.01
Total 12756.35 4859.00
Table AS.2 ANOVA table for multivariate regression model 3 on init drop % set 2
Source DF Mean Squares | Sum of F Value Pr>F
Square
Model 63 3503651 55614 596.36 <.0001
Error 4796 447251 93.25501
Corrected Total 4859 3950902
R-Square  0.8868
AdjR-Sq  0.8853
Table AS5.3 Parameter estimates for multivariate regression model 3 on init_drop %
set 2
Variable DF Parameter Standard t Value Pr>|t|
Estimate Error
Intercept 1 12.52056 7.63795 1.64 0.1012
NoofSKUs 1 -0.01263 0.09836 -0.13 0.8979
NoofSKUs SKUmixErr 1 -0.03372 0.03204 -1.05 0.2927
NoofSKUs SKUmixErr length 1 0.00070035 0.00181 0.39 0.6986
NoofSKUs SKUmixErr_seasonality 1 0.00622 0.00474 1.31 0.1894
NoofSKUs SKUmixErr leadtime 1 -0.00405 0.0019 -2.13 0.0329
NoofSKUs SKUmixErr_minordq 1 -0.00041228 0.00149 -0.28 0.7821
NoofSKUs SKUmixErr demanderr 1 -0.00035987 0.0003 -1.2 0.2299
NoofSKUs_length 1 0.00386 0.00604 0.64 0.5223
NoofSKUs_length seasonality 1 -0.00142 0.00104 -1.36 0.1743
NoofSKUs_length leadtime 1 -0.00211 0.000458 -4.6 <.0001
NoofSKUs_length minordq 1 0.00052058 0.000328 1.59 0.113
NoofSKUs_length demanderr 1 -0.00009968 6.61E-05 -1.51 0.1313
NoofSKUs_seasonality 1 0.00303 0.0191 0.16 0.8738
NoofSKUs_seasonality leadtime 1 0.00266 0.0011 2.42 0.0155
NoofSKUs_seasonality minordq 1 0.00003817 0.00086 0.04 0.9646
NoofSKUs_leadtime 1 0.06811 0.01018 6.69 <.0001
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Table A5.3 (Continued)

Variable DF Parameter Est. | Std Error | t Value Pr>|t|
NoofSKUs_leadtime minordq 1 -0.00046135 0.000345 -1.34 0.1811
NoofSKUs_leadtime demanderr 1 -0.00009904 6.94E-05 -1.43 0.1534
NoofSKUs_minordq 1 -0.00189 0.00631 -0.3 0.7641
NoofSKUs_minordq demanderr 1 -0.00000587 5.44E-05 -0.11 0.914
NoofSKUs_demanderr 1 0.00316 0.00127 2.48 0.0132
SKUmixErr 1 2.39317 2.79006 0.86 0.3911
SKUmixErr length 1 -0.21077 0.17382 -1.21 0.2254
SKUmixErr length seasonality 1 -0.00572 0.03238 -0.18 0.8597
SKUmixErr length leadtime 1 0.01971 0.01419 1.39 0.165

SKUmixErr length minordq 1 -0.009 0.01018 -0.88 0.3767
SKUmixErr length demanderr 1 0.00024934 0.00205 0.12 0.9031
SKUmixErr seasonality 1 -0.36289 0.56344 -0.64 0.5196
SKUmixErr seasonality leadtime 1 0.04625 0.03401 1.36 0.1738
SKUmixErr seasonality minordq 1 0.00163 0.02668 0.06 0.9512
SKUmixErr seasonality demanderr 1 -0.00402 0.00536 -0.75 0.4539
SKUmixErr leadtime 1 0.38911 0.30703 1.27 0.2051
SKUmixErr leadtime minordq 1 0.01093 0.01069 1.02 0.307
SKUmixErr leadtime demanderr 1 -0.00316 0.00215 -1.47 0.1424
SKUmixErr _minordq 1 0.08614 0.18703 0.46 0.6451
SKUmixErr minordq demanderr 1 0.00051506 0.00169 0.31 0.7602
SKUmixErr demanderr 1 0.04095 0.03775 1.08 0.2781
length 1 -0.49652 0.48634 -1.02 0.3073
length_seasonality 1 0.01392 0.10545 0.13 0.895

length seasonality leadtime 1 0.0458 0.0082 5.59 <.0001
length_seasonality minordq 1 0.00138 0.00588 0.23 0.8145
length_seasonality demanderr 1 0.0000183 0.00118 0.02 0.9877
length leadtime 1 -0.44805 0.05049 -8.87 <.0001
length _leadtime minordq 1 -0.00249 0.00258 -0.97 0.3343
length leadtime demanderr 1 0.00012653 0.000518 0.24 0.8071
length _minordq 1 0.01266 0.03569 0.35 0.7229
length minordq demanderr 1 -0.00003212 0.000372 -0.09 0.9312
length demanderr 1 0.00398 0.00721 0.55 0.5813
seasonality 1 1.09003 1.70654 0.64 0.523

seasonality leadtime 1 -1.24395 0.18049 -6.89 <.0001
seasonality leadtime minordq 1 -0.00252 0.00617 -0.41 0.6836
seasonality leadtime demanderr 1 0.0011 0.00124 0.89 0.3754
seasonality _minordq 1 -0.0266 0.11123 -0.24 0.811

seasonality minordq demanderr 1 0.00036325 0.000974 0.37 0.7092
seasonality demanderr 1 0.00793 0.02245 0.35 0.7238
leadtime 1 13.03392 1.01584 12.83 <.0001
leadtime minordq 1 0.04249 0.05843 0.73 0.4671
leadtime minordq demanderr 1 -0.00015362 0.000391 -0.39 0.6941
leadtime_demanderr 1 0.01775 0.01177 1.51 0.1317
minordq 1 -0.24107 0.59185 -0.41 0.6838
minordq_demanderr 1 -0.0002763 0.00739 -0.04 0.9702
demanderr 1 -0.21954 0.11987 -1.83 0.0671
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Table AS.4 ANOVA table for multivariate regression on no_of reor model 3

set 2

Source Mean Squares Sum of Square | F Value Pr>F

Model 65303 1036.54858 1342.29 <.0001

Error 4796 3703.59965 0.77223

Corrected Total 4859 69006
R-Square  0.9463
AdjR-Sq  0.9456
Table AS.5 Parameter estimates for multivariate regression on no_of reorders
model 3 set 2

Variable DF |Parameter Estimate| Standard Error | t Value Pr>|t|
Intercept 1 -0.37295 0.69505 -0.54 0.5916
NoofSKUs 1 0.00509 0.00895 0.57 0.5697
NoofSKUs SKUmixErr 1 -0.00932 0.00292 -3.2 0.0014
NoofSKUs SKUmixErr length 1 0.00028949 0.00016461 1.76 0.0787
NoofSKUs SKUmixErr seasonality 1 -0.00094358 0.00043121 -2.19 0.0287
NoofSKUs SKUmixErr leadtime 1 0.00252 0.00017287 14.56 <.0001
NoofSKUs SKUmixErr minordq 1 0.00028351 0.00013561 2.09 0.0366
NoofSKUs SKUmixErr demanderr 1 -0.0000165 0.00002727 -0.61 0.5451
NoofSKUs_length 1 0.00085732 0.00054945 1.56 0.1187
NoofSKUs_length seasonality 1 0.00032144 0.00009504 3.38 0.0007
NoofSKUs length leadtime 1 -0.00087624 0.00004166 -21.03 <.0001
NoofSKUs_length minordq 1 -0.00004627 0.00002989 -1.55 0.1216
NoofSKUs length demanderr 1 0.00000142 0.00000601 0.24 0.813
NoofSKUs_seasonality 1 -0.00427 0.00174 -2.46 0.0141
NoofSKUs_seasonality leadtime 1 0.00045792 0.00009981 4.59 <.0001
NoofSKUs_seasonality minordq 1 -0.00001349 0.00007829 -0.17 0.8632
NoofSKUs_seasonality demanderr 1 -0.0000044 0.00001575 -0.28 0.7799
NoofSKUs_leadtime 1 0.0058 0.00092623 6.27 <.0001
NoofSKUs_leadtime minordq 1 0.00003582 0.00003139 1.14 0.2539
NoofSKUs leadtime demanderr 1 0.00001383 0.00000631 2.19 0.0285
NoofSKUs minordq 1 -0.00018615 0.00057407 -0.32 0.7457
NoofSKUs_minordq demanderr 1 0.00000142 0.00000495 0.29 0.7746
NoofSKUs_demanderr 1 -0.00004298 0.00011584 -0.37 0.7106
SKUmixErr 1 0.15114 0.25389 0.6 0.5517
SKUmixErr length 1 0.0117 0.01582 0.74 0.4597
SKUmixErr length seasonality 1 0.0121 0.00295 4.11 <.0001
SKUmixErr length leadtime 1 -0.0181 0.00129 -14.01 <.0001
SKUmixErr length minordq 1 -0.00044174 0.00092666 -0.48 0.6336
SKUmixErr length demanderr 1 0.00001574 0.00018636 0.08 0.9327
SKUmixErr seasonality 1 -0.11675 0.05127 -2.28 0.0228
SKUmixErr seasonality leadtime 1 -0.00305 0.00309 -0.99 0.3243
SKUmixErr seasonality minordq 1 0.00044007 0.00243 0.18 0.8562
SKUmixErr seasonality demanderr 1 0.00007099 0.0004882 0.15 0.8844
SKUmixErr leadtime 1 0.14105 0.02794 5.05 <.0001
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Table AS.5 (continued)

Variable DF | Parameter Estimate | Standard Error | t Value Pr>[t]
SKUmixErr leadtime minordq 1 -0.00168 0.00097319 -1.73 0.0842
SKUmixErr leadtime demanderr 1 0.00036806 0.00019572 1.88 0.0601
SKUmixErr _minordq 1 -0.00086368 0.01702 -0.05 0.9595
SKUmixErr minordq demanderr 1 0.00004558 0.00015353 0.3 0.7666
SKUmixErr demanderr 1 -0.00189 0.00344 -0.55 0.5818
Length 1 0.68093 0.04426 15.39 <.0001
Length_seasonality 1 -0.02283 0.0096 -2.38 0.0174
Length seasonality leadtime 1 -0.00004767 0.00074574 -0.06 0.949
Length_seasonality minordq 1 -0.00008634 0.00053501 -0.16 0.8718
Length seasonality demanderr 1 0.00002288 0.00010759 0.21 0.8316
Length leadtime 1 0.09233 0.00459 20.1 <.0001
Length leadtime minordq 1 0.00021026 0.00023452 0.9 0.37

Length leadtime demanderr 1 -0.00003531 0.00004716 -0.75 0.4541
Length minordq 1 0.00217 0.00325 0.67 0.5047
Length minordq_demanderr 1 -9.01E-08 0.00003384 0 0.9979
Length demanderr 1 0.00018136 0.00065639 0.28 0.7823
Seasonality 1 0.54803 0.15529 3.53 0.0004
Seasonality leadtime 1 -0.05853 0.01642 -3.56 0.0004
Seasonality leadtime minordq 1 0.00037993 0.00056187 0.68 0.499
Seasonality leadtime demanderr 1 -0.00003869 0.000113 -0.34 0.7321
Seasonality minordq 1 -0.00294 0.01012 -0.29 0.7718
Seasonality minordq demanderr 1 0.00002113 0.00008864 0.24 0.8116
Seasonality demanderr 1 0.0000684 0.00204 0.03 0.9733
Leadtime 1 -1.70623 0.09244 -18.46 <.0001
Leadtime minordq 1 -0.00137 0.00532 -0.26 0.7968
Leadtime minordq demanderr 1 0.00001345 0.00003554 0.38 0.705
Leadtime demanderr 1 -0.00099235 0.00107 -0.93 0.3544
Minordq 1 0.00038111 0.05386 0.01 0.9944
Minordq_demanderr 1 -0.00023657 0.00067246 -0.35 0.725
Demanderr 1 0.00383 0.01091 0.35 0.7252

Table AS5.6 ANOVA table for multivariate regression on start wk model 3 set 2

Source DF Mean Squares Sum of Square | F Value Pr>F
Model 63 266.70357 4.23339 42.75 <.0001
Error 4796 474.88573 0.09902

Corrected Total 4859 741.5893

R-Square  0.3596
AdjR-Sq 0.3512
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Table A5.7 Parameter estimates for multivariate regression model 3 on start wk

Variable DF |Parameter Estimate| Standard Error | t Value Pr>|t|
Intercept 1 0.54214 0.24888 2.18 0.0294
NoofSKUs 1 -0.00226 0.00321 -0.7 0.4811
NoofSKUs SKUmixErr 1 0.00352 0.00104 3.37 0.0008
NoofSKUs SKUmixErr length 1 -0.00032727 0.00005894 -5.55 <.0001
NoofSKUs SKUmixErr seasonality 1 -0.00018364 0.00015441 -1.19 0.2344
NoofSKUs SKUmixErr leadtime 1 0.00042858 0.0000619 6.92 <.0001
NoofSKUs SKUmixErr minordq 1 -0.00020794 0.00004856 -4.28 <.0001
NoofSKUs SKUmixErr demanderr 1 0.00000144 0.00000977 0.15 0.8829
NoofSKUs_length 1 0.00013276 0.00019675 0.67 0.4999
NoofSKUs_length seasonality 1 -0.00004872 0.00003403 -1.43 0.1523
NoofSKUs length leadtime 1 0.00002638 0.00001492 1.77 0.077
NoofSKUs_length minordq 1 0.00007763 0.0000107 7.25 <.0001
NoofSKUs length demanderr 1 -3.52E-07 0.00000215 -0.16 0.87

NoofSKUs_seasonality 1 0.00046009 0.00062231 0.74 0.4597
NoofSKUs_seasonality leadtime 1 0.00005342 0.00003574 1.49 0.135
NoofSKUs_seasonality minordq 1 0.00001699 0.00002804 0.61 0.5446
NoofSKUs_seasonality demanderr 1 0.00000476 0.00000564 0.84 0.3988
NoofSKUs_leadtime 1 -0.00083504 0.00033167 -2.52 0.0118
NoofSKUs_leadtime minordq 1 -0.00010309 0.00001124 -9.17 <.0001
NoofSKUs leadtime demanderr 1 8.42E-07 0.00000226 0.37 0.7095
NoofSKUs minordq 1 0.00003484 0.00020556 0.17 0.8654
NoofSKUs_minordq demanderr 1 -0.00000196 0.00000177 -1.11 0.2685
NoofSKUs_demanderr 1 -0.00000624 0.00004148 -0.15 0.8804
SKUmixErr 1 0.0732 0.09091 0.81 0.4208
SKUmixErr length 1 -0.00189 0.00566 -0.33 0.7382
SKUmixErr length seasonality 1 -0.00223 0.00106 -2.12 0.0344
SKUmixErr length leadtime 1 0.00197 0.00046252 4.25 <.0001
SKUmixErr length minordq 1 -0.00138 0.00033182 -4.16 <.0001
SKUmixErr length demanderr 1 0.00014378 0.00006673 2.15 0.0312
SKUmixErr seasonality 1 0.01293 0.01836 0.7 0.4815
SKUmixErr seasonality leadtime 1 0.00315 0.00111 2.84 0.0045
SKUmixErr seasonality minordq 1 -0.00042226 0.00086927 -0.49 0.6272
SKUmixErr seasonality demanderr 1 0.00027469 0.00017482 1.57 0.1162
SKUmixErr leadtime 1 -0.04726 0.01 -4.72 <.0001
SKUmixErr leadtime minordq 1 0.00193 0.00034848 5.54 <.0001
SKUmixErr leadtime demanderr 1 -0.00019742 0.00007008 -2.82 0.0049
SKUmixErr minordq 1 0.01668 0.00609 2.74 0.0062
SKUmixErr minordq demanderr 1 0.00002432 0.00005498 0.44 0.6583
SKUmixErr demanderr 1 -0.00171 0.00123 -1.39 0.1642
Length 1 0.0322 0.01585 2.03 0.0422
Length_seasonality 1 0.01601 0.00344 4.66 <.0001
Length seasonality leadtime 1 -0.0005487 0.00026704 -2.05 0.04

Length_seasonality minordq 1 0.00016015 0.00019158 0.84 0.4032
Length seasonality demanderr 1 -0.00003104 0.00003853 -0.81 0.4205
Length_leadtime 1 -0.00612 0.00165 -3.72 0.0002
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Table AS.7 (continued)

Variable DF |Parameter Estimate| Standard Error | t Value Pr>|t|
Length leadtime minordq 1 -0.00020836 0.00008398 -2.48 0.0131
Length leadtime demanderr 1 4.12E-07 0.00001689 0.02 0.9806
Length minordq 1 0.00242 0.00116 2.08 0.0377
Length minordq_demanderr 1 -1.24E-05 0.00001212 -1.02 0.3083
Length demanderr 1 -0.00020097 0.00023504 -0.86 0.3926
Seasonality 1 -0.11087 0.05561 -1.99 0.0462
Seasonality leadtime 1 -0.0074 0.00588 -1.26 0.2082
Seasonality leadtime minordq 1 -0.00029735 0.0002012 -1.48 0.1395
Seasonality leadtime demanderr 1 0.00005291 0.00004046 1.31 0.1911
Seasonality minordq 1 -0.00007478 0.00362 -0.02 0.9835
Seasonality minordq demanderr 1 0.00000112 0.00003174 0.04 0.9719
Seasonality demanderr 1 -0.00073512 0.00073144 -1.01 0.3149
Leadtime 1 0.11272 0.0331 3.41 0.0007
Leadtime minordq 1 0.002 0.0019 1.05 0.2941
Leadtime minordq demanderr 1 0.00001514 0.00001272 1.19 0.2341
Leadtime demanderr 1 0.00024069 0.00038367 0.63 0.5305
Minordq 1 -0.04702 0.01929 -2.44 0.0148
Minordq_demanderr 1 0.00011634 0.0002408 0.48 0.629
Demanderr 1 0.00338 0.00391 0.87 0.3869
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APPENDIX 6: NEURAL NETWORK DECISION SURFACE MODEL

GRAPHICS

Reorder
Start Wk

Number of SKUs [ 18 to 80 ]

and SKU Mix Error[ 1 to 3]

Reorder
Start Wk

20 13

Season Length[ 10 to 20]

and lead time[ 1 to 13]

117



Reorder
Start Wk

12 60

minordqSKU[ 1 to 12]
and Demand Volume Error[ 0 to 60 ]

initial drop

80 20

Number of SKUs [ 18 to 80 ]

and Season Length[ 10 to 20 ]

118



initial drop

SKU Mix Error[ 1 to 3]
and Season Length[ 10 to 20]

o

o

[
©
o
=
<

Season Length[ 10 to 20]

and lead time[ 1 to 13]

119



initial drop

20 60

Season Length[ 10 to 20]
and Demand Volume Error[ 0 to 60 ]

No. of
Reorders

20 13

Season Length[ 10 to 20]

and lead time [ 1 to 13]

120



No. of
Reorders

SKU Mix Error[ 1 to 3]
and Demand Volume Error[ 0 to 60 ]

No. of
Reorders

80 12

Number of SKUs [ 18 to 80 ]

and minordq SKU[ 1 to 12]

121



APPENDIX 7: Multivariate Regression Results for Constrained GA

Table A7.1 ANOVA table for regression on init drop %
Sum of Mean

Source DF Squares Square F Value Pr>F

Model 63 3293994 52286 127.18 <.0001

Error 4796 1971753 | 411.1245

Corrected Total 4859 5265747

R-Square  0.6256
AdjR-Sq 0.6206
Table A7.2 Parameter Estimates for regression on init _drop%
Parameter | Standard

Variable DF Estimate Error t Value | Pr>|t|
Intercept 1 81.60034 | 16.03715 5.09 <.0001
NoofSKUs 1 0.28163 0.20653 1.36 0.1727
NoofSKUs_SKUmixErr 1 -0.08485 0.06728 -1.26 0.2073
NoofSKUs_SKUmixErr length 1 -0.00025 0.0038 -0.07 0.9476
NoofSKUs SKUmixErr seasonality 1 -0.0055 0.00995 -0.55 0.5804
NoofSKUs SKUmixErr leadtime 1 0.00491 0.00399 1.23 0.2188
NoofSKUs SKUmixErr_minordq 1 0.00731 0.00313 2.34 0.0195
NoofSKUs SKUmixErr demanderr 1 0.000398 | 0.000629 0.63 0.5269
NoofSKUs_length 1 -0.00019 0.01268 -0.01 0.9883
NoofSKUs_length seasonality 1 0.000519 0.00219 0.24 0.813
NoofSKUs_length leadtime 1 -0.00263 0.000961 -2.74 0.0062
NoofSKUs_length minordq 1 0.000168 0.00069 0.24 0.8072
NoofSKUs_length demanderr 1 -4.6E-05 0.000139 -0.33 0.74
NoofSKUs_seasonality 1 -0.01869 0.0401 -0.47 0.6411
NoofSKUs_seasonality leadtime 1 0.00117 0.0023 0.51 0.6113
NoofSKUs_seasonality minordq 1 0.000328 0.00181 0.18 0.8561
NoofSKUs_seasonality demanderr 1 -6.4E-05 | 0.000363 -0.18 0.8596
NoofSKUs_leadtime 1 0.02846 0.02137 1.33 0.183
NoofSKUs_leadtime minordq 1 0.00295 0.000724 4.07 <.0001
NoofSKUs_leadtime demanderr 1 9.9E-05 0.000146 0.68 0.4967
NoofSKUs_minordq 1 -0.0418 0.01325 -3.16 0.0016
NoofSKUs_minordq demanderr 1 -1.3E-05 | 0.000114 -0.11 0.9087
NoofSKUs_demanderr 1 -0.00029 0.00267 -0.11 0.915
SKUmixErr 1 -7.15896 5.8582 -1.22 0.2218
SKUmixErr length 1 0.47699 0.36497 1.31 0.1913
SKUmixErr length seasonality 1 -0.12804 0.06799 -1.88 0.0597
SKUmixErr length leadtime 1 -0.11234 0.0298 -3.77 0.0002
SKUmixErr length minordq 1 0.00516 0.02138 0.24 0.8094
SKUmixErr length demanderr 1 -0.00091 0.0043 -0.21 0.8332
SKUmixErr seasonality 1 1.79804 1.18303 1.52 0.1286
SKUmixErr seasonality leadtime 1 0.19452 0.0714 2.72 0.0065
SKUmixErr seasonality minordq 1 -0.05793 0.05601 -1.03 0.3011
SKUmixErr seasonality demanderr 1 0.00746 0.01126 0.66 0.508
SKUmixErr leadtime 1 1.91025 0.64465 2.96 0.0031
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Table A7.2 (continued)

Parameter | Standard
Variable DF Estimate Error tValue | Pr> |t
SKUmixErr leadtime minordq 1 -0.0298 0.02245 -1.33 0.1845
SKUmixErr leadtime demanderr 1 0.000477 0.00452 0.11 0.9159
SKUmixErr minordq 1 0.11263 0.39269 0.29 0.7743
SKUmixErr minordq demanderr 1 0.00398 0.00354 1.12 0.2614
SKUmixErr demanderr 1 -0.06065 0.07927 -0.77 0.4443
length 1 -2.79266 1.02116 -2.73 0.0063
length_seasonality 1 0.47011 0.22141 2.12 0.0338
length _seasonality leadtime 1 -0.03234 0.01721 -1.88 0.0603
length_seasonality minordq 1 0.0101 0.01234 0.82 0.4135
length _seasonality demanderr 1 -0.0034 0.00248 -1.37 0.1703
length leadtime 1 0.11212 0.10601 1.06 0.2903
length leadtime minordq 1 -0.01273 0.00541 -2.35 0.0187
length leadtime demanderr 1 -0.00017 0.00109 -0.16 0.8728
length _minordq 1 -0.05618 0.07494 -0.75 0.4535
length minordq demanderr 1 -0.00054 | 0.000781 -0.7 0.4857
length demanderr 1 0.01815 0.01515 1.2 0.2309
seasonality 1 -7.27485 3.58316 -2.03 0.0424
seasonality leadtime 1 0.26361 0.37898 0.7 0.4867
seasonality leadtime minordq 1 -0.00866 0.01296 -0.67 0.5044
seasonality leadtime demanderr 1 0.00117 0.00261 0.45 0.6525
seasonality minordq 1 -0.1028 0.23354 -0.44 0.6598
seasonality minordq demanderr 1 0.00148 0.00205 0.73 0.4684
seasonality demanderr 1 0.03153 0.04713 0.67 0.5036
leadtime 1 4.3095 2.13294 2.02 0.0434
leadtime minordq 1 0.30842 0.12268 2.51 0.012
leadtime minordq demanderr 1 0.000331 0.00082 0.4 0.6864
leadtime demanderr 1 -0.00709 0.02472 -0.29 0.7743
minordq 1 0.04405 1.2427 0.04 0.9717
minordq_demanderr 1 -0.0031 0.01552 -0.2 0.8419
demanderr 1 -0.09377 0.2517 -0.37 0.7095
Table A7.3 ANOVA table for regression on no of reor
Sum of Mean

Source DF Squares Square F Value Pr>F

Model 63 64226 1019.466 | 323.75 <.0001

Error 4796 15102 3.14895

Corrected Total 4859 79329

R-Square  0.8096
AdjR-Sq 0.8071
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Table A7.3 Parameter Estimates for regression on no of reor

Parameter | Standard

Variable DF Estimate Error t Value Pr>|t|
Intercept 1 -2.4539 1.40354 -1.75 0.0805
NoofSKUs 1 0.00683 | 0.01807 0.38 0.7056
NoofSKUs_SKUmixErr 1 -0.00727 | 0.00589 -1.24 0.2168
NoofSKUs SKUmixErr length 1 0.000951 | 0.000332 2.86 0.0043
NoofSKUs SKUmixErr_seasonality 1 -0.00042 | 0.000871 -0.48 0.6308
NoofSKUs SKUmixErr leadtime 1 -0.00031 | 0.000349 -0.89 0.3737
NoofSKUs SKUmixErr minordq 1 -9.5E-05 | 0.000274 -0.35 0.7289
NoofSKUs SKUmixErr demanderr 1 -6.6E-05 | 5.51E-05 -1.19 0.2326
NoofSKUs_length 1 0.000868 | 0.00111 0.78 0.4342
NoofSKUs_length seasonality 1 -0.00049 | 0.000192 -2.58 0.01
NoofSKUs_length leadtime 1 0.000142 | 8.41E-05 1.68 0.0923
NoofSKUs_length minordq 1 -0.00023 | 6.04E-05 -3.86 0.0001
NoofSKUs_length demanderr 1 -2.1E-06 | 1.21E-05 -0.17 0.8658
NoofSKUs_seasonality 1 0.00275 0.00351 0.78 0.4334
NoofSKUs_seasonality leadtime 1 0.000554 | 0.000202 2.75 0.006
NoofSKUs_seasonality minordq 1 -8.6E-05 | 0.000158 -0.54 0.587
NoofSKUs_seasonality demanderr 1 8.3E-06 | 3.18E-05 0.26 0.7941
NoofSKUs_leadtime 1 -0.00558 | 0.00187 -2.98 0.0029
NoofSKUs_leadtime minordq 1 0.000388 | 6.34E-05 6.12 <.0001
NoofSKUs_leadtime demanderr 1 1.56E-05 | 1.28E-05 1.23 0.2204
NoofSKUs_minordq 1 0.00209 | 0.00116 1.81 0.0708
NoofSKUs_minordq demanderr 1 -2E-05 0.00001 -2.02 0.043
NoofSKUs_demanderr 1 0.000177 | 0.000234 0.76 0.4498
SKUmixErr 1 1.28479 0.5127 2.51 0.0122
SKUmixErr length 1 -0.12636 | 0.03194 -3.96 <.0001
SKUmixErr length seasonality 1 0.02643 0.00595 4.44 <.0001
SKUmixErr length leadtime 1 0.00528 | 0.00261 2.03 0.0428
SKUmixErr length minordq 1 -0.00255 | 0.00187 -1.36 0.1738
SKUmixErr length demanderr 1 9.13E-06 | 0.000376 0.02 0.9807
SKUmixErr seasonality 1 -0.19059 | 0.10354 -1.84 0.0657
SKUmixErr seasonality leadtime 1 -0.01989 | 0.00625 -3.18 0.0015
SKUmixErr seasonality minordq 1 -0.00712 0.0049 -1.45 0.1464
SKUmixErr seasonality demanderr 1 0.000318 | 0.000986 0.32 0.7471
SKUmixErr leadtime 1 -0.07964 | 0.05642 -1.41 0.1581
SKUmixErr leadtime minordq 1 -0.00036 | 0.00197 -0.19 0.8531
SKUmixErr leadtime demanderr 1 0.000533 | 0.000395 1.35 0.1777
SKUmixErr minordq 1 0.06292 | 0.03437 1.83 0.0672
SKUmixErr minordq demanderr 1 0.000302 | 0.00031 0.97 0.3307
SKUmixErr demanderr 1 -0.00113 | 0.00694 -0.16 0.8705
length 1 0.83729 | 0.08937 9.37 <.0001
length seasonality 1 0.00287 0.01938 0.15 0.8823
length _seasonality leadtime 1 -0.0005 0.00151 -0.33 0.7394
length seasonality minordq 1 5.81E-06 | 0.00108 0.01 0.9957
length _seasonality demanderr 1 2.56E-05 | 0.000217 0.12 0.9063
length leadtime 1 -0.0211 0.00928 -2.27 0.023
length leadtime minordq 1 0.000559 | 0.000474 1.18 0.2375
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Table A7.4 (continued)

Parameter | Standard
Variable DF Estimate Error t Value Pr>|t|
length leadtime demanderr 1 -2.5E-05 | 9.52E-05 -0.27 0.7909
length _minordq 1 0.01852 | 0.00656 2.82 0.0048
length minordq demanderr 1 -9.1E-05 | 6.83E-05 -1.34 0.1814
length demanderr 1 0.000556 | 0.00133 0.42 0.6749
seasonality 1 0.12498 0.31359 0.4 0.6902
seasonality leadtime 1 -0.00107 | 0.03317 -0.03 0.9743
seasonality leadtime minordq 1 -0.00045 | 0.00113 -0.39 0.6936
seasonality leadtime demanderr 1 -0.00011 | 0.000228 -0.49 0.6243
seasonality minordq 1 0.01476 0.02044 0.72 0.4703
seasonality minordq demanderr 1 0.000102 | 0.000179 0.57 0.5691
seasonality demanderr 1 -0.00107 | 0.00412 -0.26 0.7954
leadtime 1 -0.28637 | 0.18667 -1.53 0.1251
leadtime minordq 1 -0.02568 | 0.01074 -2.39 0.0168
leadtime minordq demanderr 1 0.000142 | 7.18E-05 1.98 0.048
leadtime demanderr 1 -0.00149 | 0.00216 -0.69 0.49
minordq 1 -0.22413 | 0.10876 -2.06 0.0394
minordq_demanderr 1 0.00054 0.00136 0.4 0.6907
demanderr 1 -0.00335 | 0.02203 -0.15 0.8791
Table A7.5 ANOVA table for regression on start wk
Sum of Mean

Source DF Squares Square F Value Pr>F

Model 63 576.5825 9.1521 32.32 <.0001

Error 4796 1358.232 | 0.2832

Corrected Total 4859 1934.815

R-Square  0.2980
AdjR-Sq 0.2888
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Table A7.4 Parameter Estimates for regression on start wk

Parameter | Standard

Variable DF Estimate Error t Value Pr>|t|
Intercept 1 1.51732 0.42091 3.6 0.0003
NoofSKUs 1 -0.02298 | 0.00542 -4.24 <.0001
NoofSKUs_SKUmixErr 1 0.00537 | 0.00177 3.04 0.0024
NoofSKUs SKUmixErr length 1 -0.00055 | 9.97E-05 -5.56 <.0001
NoofSKUs SKUmixErr_seasonality 1 -0.00025 | 0.000261 -0.97 0.3342
NoofSKUs SKUmixErr leadtime 1 0.000647 | 0.000105 6.18 <.0001
NoofSKUs SKUmixErr minordq 1 -0.00013 | 8.21E-05 -1.61 0.1066
NoofSKUs SKUmixErr demanderr 1 4.75E-07 | 1.65E-05 0.03 0.977

NoofSKUs_length 1 0.00143 | 0.000333 4.28 <.0001
NoofSKUs_length seasonality 1 -2.7E-05 | 5.76E-05 -0.46 0.6443
NoofSKUs_length leadtime 1 -0.0001 | 2.52E-05 -4.11 <.0001
NoofSKUs_length minordq 1 0.000186 | 1.81E-05 10.27 <.0001
NoofSKUs_length demanderr 1 0.000003 | 3.64E-06 0.82 0.4105
NoofSKUs_seasonality 1 0.00172 0.00105 1.63 0.1022
NoofSKUs_seasonality leadtime 1 -0.0001 | 6.04E-05 -1.68 0.0935
NoofSKUs_seasonality minordq 1 5.82E-05 | 4.74E-05 1.23 0.2195
NoofSKUs_seasonality demanderr 1 0.000001 | 9.54E-06 0.11 0.9163
NoofSKUs_leadtime 1 0.00135 | 0.000561 2.41 0.016

NoofSKUs_leadtime minordq 1 -0.00029 | 1.9E-05 -15.52 <.0001
NoofSKUs_leadtime demanderr 1 3.8E-07 | 3.82E-06 0.1 0.9209
NoofSKUs_minordq 1 -0.00057 | 0.000348 -1.63 0.1022
NoofSKUs_minordq demanderr 1 -2.9E-06 | 0.000003 -0.95 0.3404
NoofSKUs_demanderr 1 -4.8E-05 | 7.02E-05 -0.68 0.4935
SKUmixErr 1 0.05857 | 0.15375 0.38 0.7033
SKUmixErr length 1 -0.0028 0.00958 -0.29 0.7703
SKUmixErr length seasonality 1 -0.00202 | 0.00178 -1.13 0.2576
SKUmixErr length leadtime 1 0.00212 | 0.000782 2.71 0.0067
SKUmixErr length minordq 1 0.000361 | 0.000561 0.64 0.5199
SKUmixErr length demanderr 1 0.00011 [ 0.000113 0.97 0.3307
SKUmixErr seasonality 1 0.0156 0.03105 0.5 0.6154
SKUmixErr seasonality leadtime 1 0.0025 0.00187 1.34 0.1814
SKUmixErr seasonality minordq 1 0.00148 0.00147 1.01 0.3131
SKUmixErr seasonality demanderr 1 -6.8E-05 | 0.000296 -0.23 0.8184
SKUmixErr leadtime 1 -0.04688 | 0.01692 -2.77 0.0056
SKUmixErr leadtime minordq 1 7.77E-05 | 0.000589 0.13 0.8951
SKUmixErr leadtime demanderr 1 -0.00019 | 0.000119 -1.57 0.1156
SKUmixErr minordq 1 -0.00443 | 0.01031 -0.43 0.6671
SKUmixErr minordq demanderr 1 -9.6E-06 | 9.3E-05 -0.1 0.9181
SKUmixErr demanderr 1 5.16E-05 | 0.00208 0.02 0.9802
length 1 -0.0002 0.0268 -0.01 0.994

length_seasonality 1 0.01427 0.00581 2.45 0.0141
length _seasonality leadtime 1 -0.00056 | 0.000452 -1.23 0.219

length seasonality minordq 1 0.000197 | 0.000324 0.61 0.5425
length seasonality demanderr 1 -2.1E-05 | 6.52E-05 -0.32 0.7489
length leadtime 1 -0.00198 | 0.00278 -0.71 0.4766
length leadtime minordq 1 -0.00016 | 0.000142 -1.11 0.2662
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Table A7.6 (continued)

Parameter | Standard

Variable DF Estimate Error t Value Pr>|t|
length leadtime demanderr 1 1.57E-05 | 2.86E-05 0.55 0.5831
length _minordq 1 -0.00539 | 0.00197 -2.74 0.0062
length minordq demanderr 1 1.16E-06 | 2.05E-05 0.06 0.955

length demanderr 1 -0.00042 | 0.000398 -1.04 0.2962
seasonality 1 -0.22217 | 0.09404 -2.36 0.0182
seasonality leadtime 1 0.00626 0.00995 0.63 0.529

seasonality leadtime minordq 1 -0.00056 | 0.00034 -1.65 0.0987
seasonality leadtime demanderr 1 3.67E-05 | 6.84E-05 0.54 0.5917
seasonality minordq 1 -0.00247 | 0.00613 -0.4 0.6865
seasonality minordq demanderr 1 -4.2E-05 | 5.37E-05 -0.78 0.4327
seasonality demanderr 1 0.000279 | 0.00124 0.23 0.8213
leadtime 1 -0.00259 | 0.05598 -0.05 0.9631
leadtime minordq 1 0.0142 0.00322 4.41 <.0001
leadtime minordq demanderr 1 9.78E-06 | 2.15E-05 0.45 0.6496
leadtime demanderr 1 -4.3E-06 | 0.000649 -0.01 0.9948
minordq 1 0.00151 0.03262 0.05 0.963

minordq_demanderr 1 0.000181 | 0.000407 0.44 0.6571
demanderr 1 0.00323 0.00661 0.49 0.625
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APPENDIX 8: Simulation Scenario Specifics for Case Study in Section 4.4

Buyer’s Plan:
Planned number of units to sell: 321900

Number of Styles/Colors/Sizes: 1/15/28
Season length: 52 weeks.
Seasonality: Flat.

% of % of % of % of % of % of
Week | Sales ||[Week| Sales ||Week| Sales [Week| Sales ||[Week| Sales |Week| Sales
0.64 27 0.64 0.64 27 0.64 0.64 27 0.64
0.64 28 0.64 0.64 28 0.64 0.64 28 0.64
0.64 29 0.64 0.64 29 0.64 0.64 29 0.64
0.64 30 0.64 0.64 30 0.64 0.64 30 0.64
0.64 31 0.64 0.64 31 0.64 0.64 31 0.64
0.64 32 0.64 0.64 32 0.64 0.64 32 0.64
0.64 33 0.64 0.64 33 0.64 0.64 33 0.64
0.64 34 0.64 0.64 34 0.64 0.64 34 0.64
0.64 35 0.64 0.64 35 0.64 0.64 35 0.64
0.64 36 0.64 0.64 36 0.64 0.64 36 0.64
0.64 37 0.64 0.64 37 0.64 0.64 37 0.64
0.64 38 0.64 0.64 38 0.64 0.64 38 0.64
0.64 39 0.64 0.64 39 0.64 0.64 39 0.64
0.64 40 0.64 0.64 40 0.64 0.64 40 0.64
0.64 41 0.64 0.64 41 0.64 0.64 41 0.64
0.64 42 0.64 0.64 42 0.64 0.64 42 0.64
0.64 43 0.64 0.64 43 0.64 0.64 43 0.64
0.64 44 0.64 0.64 44 0.64 0.64 44 0.64
0.64 45 0.64 0.64 45 0.64 0.64 45 0.64
0.64 46 0.64 0.64 46 0.64 0.64 46 0.64
0.64 47 0.64 0.64 47 0.64 0.64 47 0.64
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22 0.64 48 0.64 22 0.64 48 0.64 22 0.64 48 0.64
23 0.64 49 0.64 23 0.64 49 0.64 23 0.64 49 0.64
24 0.64 50 0.64 24 0.64 50 0.64 24 0.64 50 0.64
25 0.64 51 0.64 25 0.64 51 0.64 25 0.64 51 0.64
26 0.64 52 0.64 26 0.64 52 0.64 26 0.64 52 0.64

Style |Planned Percent (%)
1 100
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Color Planned
Percent (%)
1 1.4
2 18.6
3 1.1
4 0.5
5 2.6
6 0.9
7 1.1
8 18.5
9 5.6
10 1.1
11 3.8
12 1.1
13 3.1
14 38.3
15 2.3
Size Planned Size | Planned
Percent Percent

(%) (%)
1 0.14 15 9.13
2 0.15 16 8.66
3 0.27 17 7.76
4 0.49 18 6.65
5 0.84 19 5.38
6 1.35 20 412
7 2.06 21 3
8 3 22 2.06
9 412 23 1.35
10 5.38 24 0.84
11 6.65 25 0.49
12 7.76 26 0.27
13 8.66 27 0.15
14 9.13 28 0.14
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Cost Data:

Initial Wholesale Replenishment Retail Price Liquidation Price
cost wholesale cost
$9.21 $9.21 $10.84 $5.42

Ordering Cost = $0.00

Initial Fixed Shipping Cost = $0.00

Initial Shipping Cost/Unit = $.00
Replenishment Fixed Shipping Cost = $0.00
Replenishment Shipping Cost/Unit = $.00
Program Overhead = $0.00

Consumer Demand:

Percentage of customers who look for alternative after stockout: 0%
SKU mix errors are as percentage from plan
Style Error: 0%
Color Error:  40%
Size Error:  20%
Actual sales has flat seasonality. Weekly sales as percent of total are same as presumed
seasonality.

Markdowns:

There is no markdown.
Price Elasticity: 0.7
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