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|. Executive Summary

This paper presents an optimization model designed for the EFP GmbH". It is
capable of consistently improving the customer service level (CSL) for the com-
pany’s biggest customer by ten to twenty percent, without increasing costs. The
positive impact on the total CSL is estimated to be about four percent.

The model is based on a non-linear optimization algorithm, which determines at
the beginning of the month r+1, for a defined set of critical products, the optimal
material quantities to have on stock on the beginning of the month 7+3, based
on the demand data of the past thirty six months, ending in month ¢. Thus, the
EFP GmbH disposes of sixty days to replenish its stocks accordingly, which is
an appropriate period in view of the material lead times.

The model has been implemented in a fully automated system integrated in the
company’s IT environment. This enables an easy download of input data from
the production system MFGPro into the model, as well as a quick upload of the
optimized data back into the production system. Operating and maintaining the

system takes about one hour per month by one employee.

The model specifically addresses the issue of the so far unplanned short-term
order entries, recognized as causing about half of all late deliveries. It does not
deal with other causes for back-orders, such as production bottlenecks, supplier
capacity constraints, or cross-order material cannibalization. These factors may
negatively affect the model results under changing circumstances. Thus, it is
important to take action in respect of those issues.

Based on the results of a twelve month test period, the model appears to be
valid. As changes in the environment occur, it remains important to monitor the
model validity on an annual basis. In the future, the model may also be ex-
tended to drop-in products of other customers, so as to increase the impact on

the total customer service level.

' The real name of the project client has been replaced for confidentiality.
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1. Introduction
1.1. Project Topic and Aim

The vast majority of manufacturing companies suffer from lower customer ser-
vice and higher inventory costs than are necessary. In this paper, customer ser-
vice is defined as the on-time delivery of the right quantity of products of the
right quality®>. The major causes for this are the use of poor inventory control
processes and antiquated support systems (Donovan, 2007). This fact is exacer-
bated when demand is strongly volatile and consequently difficult to predict.

The EFP GmbH derives the largest part of its sales from make-to-order hose
assemblies and pipelines for both the agricultural and construction industries. In
accordance with the high degree of customization and the small lot sizes of its
business, the firm operates in a batch production system, in which many differ-
ent jobs are performed at the same time in groups (Russell/Taylor, 2000). While
many of the company’s customers provide medium term forecasts and place
early orders, EFP’s biggest customer (henceforth LBH®) drops in about 31%" of
its orders only few days before the requested delivery date. So far, no system is
in place to analyze and forecast these short-term order entries in order to timely
order the material, hence regular inventory stock-outs and frequent back-orders.

As for many companies, the continuous improvement of customer service is a
central objective of the EFP Corporation, to which belongs the EFP GmbH. On
the other hand, the reduction of fixed and working capital in order to increase
operative margins is a major aspect of the corporate strategy.

The aim of this project is to design and implement a model that provides an ef-
fective but also efficient approach to the typical conflict of aims between inven-
tory costs and customer service (Mohr, 1993). In accordance with the company’s
strategy and needs, and taking into consideration the data availability, this pa-
per introduces a non-linear optimization model (henceforth referred to as “the
model”) that statistically assures a predefined level of customer service for drop-
in parts® ordered by LBH while keeping inventory costs down to a minimum.

% See also Definition 2.1.3 in Chapter 2.

® The real customer name has been replaced for confidentiality.

* From 01/01/05 to 31/1 2/06, 30.98% of LBH orders came in 10 days or less before due.
®i.e. short-term order entries, see also Definition 2.1.5 in Chapter 2.



1.2. Literature and Methodology

1.2.1. Preliminary Literature Research

The preliminary literature research helped to identify a set of tools that would
support the EFP Management to achieve its optimization target. To begin with,
fundamental literature about operations management, business statistics, and
business forecasting has been screened. Traditional concepts and methods,
such as statistical tests and forecasting methods that will be integrated into the
model, are described in detail in Chapter 2.

A more recent field of study, Operations Research (OR), is concerned with iden-
tifying the optimal action alternative in generally very complex (business) situa-
tions (Werners, 2006). The task being here to optimize one variable (i.e. to mini-
mize inventory costs) under the constraint of another (i.e. to guarantee a given
level of customer service), optimization algorithms were identified as promising
tools with regard to the project target (Kathofer / Miiller-Funk, 2005). Relevant OR

methods and concepts are presented in greater detail in Chapter 2.

It must be highlighted that the model presented in this study uses existing statis-
tical concepts and OR techniques, but is completely new in the way of combin-
ing them in order to achieve the EFP GmbH’s goals.

1.2.2. Practical Application of Theoretical Concepts: Methodology

1.2.2.1. Data Gathering and Model Designing

The gathering of real data within the company required a thorough analysis of
the information systems as well as interviews with system experts. EFP is work-
ing with non-integrated information systems (as briefly described in Chapter 3),
so that some data have not been recorded historically or are not available in the
form needed for the preliminary model concepit.

In agreement with Management, the initial model design was thus reviewed to
account for missing data while still satisfying the company’s needs. In particular,
the model was simplified with regard to the number of constraints. Also, deci-
sions were made about how to select the products to be included in the model,
which methods to use for the computation of the demand forecast, and how of-
ten to update the forecast data. All model parameters and the reasons for their
selection are presented and explained in detail in Chapter 4.

10



1.2.2.2. Model Implementation

After redesigning the model in accordance with the company goals but also the
system and data environment, the model was implemented with the objective to
be simple to understand and practical (easy and quick) to use on a monthly ba-
sis. This required the programming of a system integrated in the current IT envi-
ronment of the firm. In particular, the data gathering from the existing systems,
the data processing in new MS Access databases, the model solving via MS
Excel (see next section), and the output data upload back into the existing sys-
tem were automated using the VBA programming language. A more detailed

description of the model implementation is given in Chapter 5.

1.2.2.3. Optimization Algorithm for Model Solving

Unfortunately, existing optimization applications for MS Excel, such as “What’s
Best® 8.0”, which provide both linear and non-linear solver algorithms, do not
support the probability distribution (see 2.2.2) functions needed for the model.
Therefore, an optimization algorithm has first been programmed in VBA that is
suited for solving the model as previously designed. The functioning and validity
of this algorithm is mathematically demonstrated in Appendices 1 to 4.

1.2.2.4. Model Evaluation and On-Going Assessment

The last phase of the project is the model evaluation and the implementation of
a system for an on-going monitoring of the model validity. As presented in
Chapter 6, the evaluation is based primarily on a statistical hypothesis test, as-
sessing the hypothesis that the average CSL achieved using the model is equal
to the defined target CSL (sample test period is from July 1% 2006 to June 30™
2007). Additionally, a historical comparison is made over this test period be-
tween the CSL for LBH drop-in products that was effectively achieved and the
CSL that would have been achieved using the model. This comparison is com-
plemented by an estimation of the inventory costs necessary to achieve this

customer service improvement.

1.3. Expected Project Result

As defined by EFP Management, the output of this project is to be an informa-
tion system based on an optimization model integrated into the company’s ex-
isting IT environment. The system is expected to be capable of easily and timely

11



deliver information about the cost-optimal quantity of material needed on stock
on the first day of each month in order to achieve the wanted level of customer
service for LBH drop-in products.

1.4. Paper Overview

Chapter 2: Theoretical Background

This chapter defines the terms of the thesis title which are used throughout the
paper and relevant to understand the purpose of the model. It also explains the
statistical concepts later used in the model construction. Business forecasting
techniques and criteria for choosing an appropriate technique are presented,
too. Moreover, the concepts of linear and non-linear optimization on which the

model is based are explicated.

Chapter 3: EFP GmbH — Objectives, Results and Issues

This chapter provides the information about the business environment at EFP
relevant for the development of the model. First of all, Management goals with
regard to customer service and inventory costs are defined and compared to
the actual results. Then, current issues in operations and inventory manage-
ment that hinder the reaching of the objectives are pointed out and analyzed. It
is then stated which of the goals the model pursues and which issues it ad-
dresses. Also, the IT systems at EFP are described for a better understanding

of the system environment.

Chapter 4: Model Design, Parameters and Assumptions

This chapter presents the model design, from the conceptual creation down to
the dataflow analysis, always referring to the theoretical concepts exposed in
Chapter 2, and taking into account the specific management needs and data
constraints. Also, all model parameters and assumptions that were made are
explained and justified.

Chapter 5: Model Implementation

In this chapter, the implementation process of the model is described. Espe-
cially, the system structure, interfaces, functionalities, maintenance, but also
limitations are depicted.

12



Chapter 6: Model Evaluation and Validity Monitoring
In this chapter, the design and results of the statistical hypothesis test, as well
as the historical comparison and cost estimation previously mentioned in the

methodology section of this paper (see 1.2.2.4), are presented.

Chapter 7: Conclusion and Critical Outlook

This chapter concludes the report by critically evaluating the performance and
results to be expected from the designed and implemented model. It also criti-
cally considers the system limitations and their potential impact on the model’s

performance.

13



2. Theoretical Background
2.1. Important Definitions

The following are concepts used in or related to the title of this paper. Their defi-
nition shall ease the understanding of the purpose and content of this paper.

2.1.1. Model / Modeling

A model is a simplified representation of generally more complex real-world re-
lationships (Kluck, 1998) with the purpose of either explaining reality, predicting
reality, or supporting real-life decision-making (Derigs/Ems, 1999). Models can
take the shape of charts, drawings, prototypes, but also mathematical models
like regression or optimization models. In this paper, the model to be developed
is @ mathematical optimization model aiming at helping the EFP GmbH in mak-
ing decisions regarding their inventory and customer service management.

Kathéfer & Muller-Funk (2005) describe modeling as a three-stage procedure
starting with the formulation of the problem, followed by the process execution,
and ending with the validation of the results. The formulation of the problem is
generally done in words at first, then translated into a mathematical model with
variables, constraints, and relationships (Chapter 4). The process execution is
the actual computation phase, where data are entered in the model to obtain an
output (Chapter 5). Finally, it must be assessed whether the results are mean-

ingful and useful with regard to the problem at hand (Chapter 6).

2.1.2. Optimization / Optimum

Optimization is the process of identifying the feasible® action alternative(s) that
correspond(s) best to the defined goal (Werners, 2006). Whether there is one or
more such solutions depends on the model at hand. In particular, one must dis-
tinguish between global and local optima (Vrhovec, 2001). In linear optimization
models, there is only one globally optimal solution situated at the boarder of the
feasible solution area (Kathofer/Miiller-Funk, 2005). When non-linearity is pre-
sent, an algorithm may only be able to find a locally optimal solution. A local
optimum is a point from which a small change in variables in any dimension
leads to a worse result (Vrhovec, 2001). However, there may then be other local

optima within the feasible solution area. Although the present paper presents a

In mathematics, a feasible solution is one that satisfies all given constraints.

14



non-linear optimization model, it will be demonstrated that the employed algo-
rithm leads to the global optimum, with a definable level of accuracy.

2.1.3. Minimal Inventory Cost

In this paper, optimization actually means minimization of inventory costs under
given constraints. The actual cost of holding stock is composed of different
types of costs, mainly including tied-up capital costs, insurance and rent, obso-
lescence and handling/auditing costs (Barnett, 1996). As the present model is
focusing on a small share of critical products, it can be assumed that all but the

capital costs can be considered as fix and thus not relevant for the optimization.

For the products of the model, material is ordered so as to be on stock on the
first day of each month, with no more material arriving during the month. Be I,
the inventory value on the first day, I; the portion of inventory that is sold during
the month, and I, the remaining inventory value on the last day of the month
(i.,e. b = I — I,). Assuming for simplicity a constant usage of the stock, and given
a monthly capital return of r%, the monthly inventory capital costs (ICC) can be
computed as follows:

- I - -1 1
(1) ICC=r- l, 12+12 =7 | L—1 2 7 ‘Y)+11—IY =r-| [, ——=
2 2 ‘ 2

Given that the quantity of inventory that is really sold (/;) depends on demand, a
factor assumed out of EFP’s control, it appears from equation 1 that minimizing
inventory costs (ICC) is achieved by optimizing (i.e. minimizing) the cost of ma-
terials that need to be on stock on the first day of each month (1;). Under the
constraint of achieving a certain level of customer service (see next section),

this is precisely what the model has been designed to do.

2.1.4. Customer Service Level (CSL) / On-Time Delivery (OTD)

2.1.4.1. EFP Reporting Definition

Broadly speaking, customer service comprehends all services provided to cus-
tomers before, during and after a purchase (Kluck, 1998). In this paper however,
as often when speaking about customer service in the context of inventory
management (Donovan, 2007), the meaning has been narrowed down to the on-
time delivery of the products in the number and quality requested by the client.

In EFP reporting, the CSL (or OTD) is computed as follows:

15



(2)  CSL= %OBO)’ where ;g Flﬂ?rngr;?r;l]fj f)tlgli?rrci;crrss (late delivery)

An order is defined as a single position on the actual order sheet. If a customer
orders three products A, B, and C at on time (i.e. on one single order sheet with
one single order number), these are considered to be three orders as regards
the computation of the on-time delivery. This means, if e.g. A and B are deliv-
ered on time but C is not, then CSL = (3 - 1)/ 3 =66.66%. This is due to the pos-

sibility of partly delivering finished order positions to customers.

2.1.4.2. Model Adapted CSL Definition

According to the CSL reporting definition, it is not relevant how many orders for
one same product are placed in the same month (e.g. if two orders were made
for product A, both due in January, and one of them was delivered on-time, then
the CSL would be 50%). However, the model determines the optimal quantity
corresponding to the forecasted demand for a complete month, but cannot pos-
sibly foresee on how many orders this demand may be split. Thus, the CSL for
a given product is calculated by the model as if the total monthly demand was
one single order. Considering the example above, the model would thus com-
pute a CSL of 0% for product A in January, as a part of the monthly demand

was delivered late.

It will be shown in the model evaluation (see 6.1.2.1) that, over time, the differ-
ences in CSL caused by the application of the one or the other of the two defini-
tions offset each other and are thus negligible.

2.1.5. Order Time / Drop-In Orders

In this paper, the order time is defined as the duration in working days between
the order date and the due date. Inventory management becomes crucial when
the order time does not allow a company to order materials from its suppliers
upon order entry, produce the order, and ship it timely to its customer. In other
words, materials must be kept in stock as soon as:

(3.)  Order Time < Material Lead Time + Production Lead Time + Shipping Time

A drop-in order in the sense of this report is an order that satisfies equation 3. If
enough material is on stock on the day of the customer order entry, the order

will be timely delivered whenever:
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(4.)  Order Time > Production Lead Time + Shipping Time
The assumptions used for order and lead time calculations in the framework of
the model are presented in the model design (see Chapter 4).

2.2. Statistical Concepts and Tools

The following fundamental statistical tools will be used or referred to later in the

model design, implementation and evaluation.

2.2.1. Descriptive Statistics

Descriptive statistics are a few key summary values used to describe data col-
lections (Hanke / Reitsch, 1995). The basic concepts that will be used later in this

paper are defined here.

a) Population (1) and Sample (Y ) Mean
The mean is computed by adding all values of a data series and dividing the
sum by the number of values (N if the population is considered, n for a sample):

N n
(5a) u=—3y, (5b) ¥=L.3,
N n g

i=1

b) The Median (Y )
The median is the value dividing a data series so as to have an equal number of
values superior and inferior to that value. If there is an even number of values in
the series, the mean of the two central values is taken as the median. It is a
valuable measure when dealing with skewed data series, as it is not influenced
by outliers (Chart A).

Chart A: Mean vs. Median

Y 36 40 42 44 44 45 64 85

Mean: Y=036+40+42 +44 + 44 + 45 + 64 + 85) / 8 = 50
Median: Y=(44+44)/2=44

The mean is significantly higher than the median because, unlike the median, it takes
into account all data points, including the outlier 85.

c) Population (o ) and Sample (s ) Standard Deviation

The standard deviation is used to measure the extent to which the values are
dispersed around the mean (Black / Eldredge, 2001). The notation and formula
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differ depending on whether a whole population or only a sample is considered
(Hanke / Reitsch, 1995).

2.2.2. Probability Distributions

Fundamentally, one must distinguish between discrete and continuous probabil-
ity distributions, in which a random variable can respectively assume either only
certain specified values (e.g. integers between 1 and 10) or any numerical value
within some range (Anderson et al., 2004).

In this paper, both types of probability distributions are used: the Binomial distri-
bution (discrete), the Normal distribution (continuous), and Student’s t distribu-

tion (continuous).

a) Binomial Distribution

A binomial experiment can be done if and only if the three following conditions
are satisfied: 1) the experiment consists of » identical trials, each of which has
the two same possible outcomes; 2) the probability of each outcome remains fix
for each trial; and 3) the trials are independent. The aim of the experiment is to
determine the probability of having x times one of the two outcomes, called suc-
cess, when doing n trials (Hanke / Reitsch, 1995).
This probability can be computed using equation 7.
(7.) Px)=Clz*(1-m)"" forx=0,1,2, ..., n, where:

x is the number of successes

7 is the probability of success
n is the number of trials

Alternatively, a binomial table can be used where these probabilities can directly

be read given n, z, and x (see example in Appendix 5).

b) Normal Distribution
Because many populations can be approximated by it, the most used continu-
ous distribution is the normal distribution, represented by a Gauss curve (Chart
B), and characterized by a mean (u or Y ) and a standard deviation (o or s)

(Hanke / Reitsch, 1995). The calculation of probabilities of normally distributed
values Y; (i = 1, 2, ..., n) requires their prior conversion to so-called z-scores. The
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z-score of any Y; value corresponds to the number of standard deviations be-
tween the mean and that value (Black / Eldredge, 2001). It is computed as fol-

lows, for a population and a sample value respectively:

Y — Y -Y
8a) z= T“ 8b.) z=2

S

A z-table or MS Excel can then be used to compute different probabilities
around that value, depending on the question to investigate. An example is
given in Chart B.

Chart B: The Normal Distribution

u=0;0=20 What is the probability of obtaining a
value greater than 38 out of this popula-
tion of N = 1000?

38—-0
z=——=1.9 (see equation 8a
20 (see eq )
/ ' In the z-table, a z-score of 1.9 corresponds
to a probability of 2.87% of obtaining a
Y; =38 higher value (dashed area).

c) Student’s t-Distribution

However, the so-computed probabilities are only accurate for large populations
or samples. William Gosset (alias Student) demonstrated that, as N (n) be-
comes small, the distribution remains bell-shaped but becomes flatter (Dallal,
1999). This means that as N (n) decreases, the probability of obtaining a value
further away from the mean increases. Although there is only one normal distri-
bution, there are thus an infinity of so-called t-distributions, that vary in function
of the size of the population or sample at hand (Chart C). More precisely, they
depend on the degrees of freedom ( df ), defined as:

9a.) df=N-1 9b.) df=n-1

As a general rule, t-distributions can be approximated by the normal distribution
as soon as df = 120, although they remain valid even for very large population
or sample sizes. Again, the first step for computing probabilities is to convert the
Y; values into t-values as follows:

(10a) r=Yi=# o) r=Xi=¥
(o2

S
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Then, using MS Excel or a t-table, the associated probability can be computed
in function of the degrees of freedom, as the example in Chart C illustrates.
In the model presented in this paper, observed samples are always small. For

that reason, the t-distribution is applied rather than the normal distribution.

Chart C: Student’s t-Distributions (examples for df=3 and df=6)

L T )
318 196 196 318
245 i 245  Source: Stockburger

Is the probability of obtaining a value outside the range [-44 ; 44] higher or lower
than 5% for a sample of n=1000? n =67 n =3?

The t-value range is, with ¢ = % =2.2,equal to [-2.2;2.2].

The critical t-values (i.e. t-values forming a 95% confidence interval around the
mean), have been written on the graph for each curve.

Compared to te: 2.2 > 1.96 but 2.2 < 2.45 and 2.2 < 3.18.

Consequently, the probability of obtaining a value outside the given range is
lower than 5% for n=1000, but higher than 5% for n=6 and n=3.

2.2.3. Sampling Distributions

A sampling distribution is the distribution of all values of a sample statistic (e.g.
the mean) that can be obtained by taking samples of a given size from a popu-
lation (Hanke / Reitsch, 1995). According to the Central Limit Theorem, the sam-
pling distribution of sample means tends toward a normal distribution, qualified
by a mean equal to the population mean and a standard deviation called the
standard error of the sampling distribution and defined as (Anderson et al., 2004):

)

(11a.) uyz=p (11b.) o -2 (if 0 is unknown: o = il

Jn Jn
A sampling distribution is used whenever conclusions are to be drawn about a
population statistic (e.g. 1) based on a sample statistic (e.g. Y ), generally using
confidence intervals or hypothesis tests. If the population standard deviation is
not known, the sample standard deviation can be used as a point estimate. If n
< 120, the t-distribution should be used instead of the normal distribution for

approximating the sampling distribution (Dallal, 1999).
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2.2.4. Confidence Intervals

A confidence interval (Cl) is an interval of likely estimates for a population pa-
rameter. It is most often used to estimate the population mean based on a sam-
ple mean, which constitutes one point value of the normally distributed sampling
distribution of the sample means. The computation of the Cl is shown in equa-
tions 12a and 12b, the latter being used whenever the population standard de-
viation is unknown and/or n < 120 (see 2.2.2).

(12a.) Clipu 2z - o, (12b.) Cl:p £1 - 0,

Cl are also applied in other contexts. In the model presented later, a Cl is built

around the forecast (Y,) in function of the forecasting standard error (equal to

the standard deviation of the forecast errors (SE)), in order to know what needs
to be on stock for having a probability a % of stocking out. As the population

standard deviation is unknown and only twelve forecasting errors are consid-

ered (hence df = 12— 1= 11), this Cl is computed by Y + 1 =, q=11) - SE.

The difference between the upper boarder of the Cl and Y, is then nothing else

but the security stock (Vollman et al., 1997).

2.2.5. Hypothesis Testing

Hypothesis testing is used to verify some claim (for example, the mean equals
zero) about a population. The test involves five successive steps (Chart D):

Chart D: The Five Steps of Hypothesis Testing

1. Define the null hypothesis (Hy) and the alternative hypothesis (H;).

2. Define a level of significance (a) and compute the corresponding critical statistic
(e'g' tcrit)

3. Formulate a decision rule (i.e. define for what values of the test statistic Hy would
be rejected).

4. Compute the test statistic (e.g. t-value) from a random sample of the population.

5. Make the decision about Hy,. Source: Triola (2004)

The critical and the test statistics are t-values in the present paper, as the model
is dealing with small samples and population means are not known. The model
evaluation in Chapter 6 (see 6.1.1) constitutes an applied example of a hy-
pothesis test assessing whether the average CSL achieved with the model is

equal to the predefined target CSL.
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2.3. Business Forecasting

In this section, the notion of business forecasting is introduced along with the
forecasting techniques used later in the model. Also, the criteria used to assess
the adequacy and accuracy of such techniques are presented.

2.3.1. The Forecasting Process

Hanke & Reitsch (1995) describe forecasting as a four-step process: data col-
lection is followed by data reduction and condensation, then the forecasting
model is built and finally the model is extrapolated, i.e. forecasts are made. The
first two steps highlight the importance of having access to the relevant data
and to select the most meaningful data with respect to the forecasting objective
(see 2.3.2). The forecasting model building involves the testing of different fore-
casting techniques and the selection of the most appropriate one(s) based on
various factors (see 2.3.3). The last step refers to the actual using and on-going
assessment of the created model. It is worth underlining that the forecasting
model is only a sub-model of the optimization model presented in this report.

2.3.2. About Forecasting Data

For obvious reasons, the quality of a forecasting model greatly depends on the
quality of the data input. The major characteristics of useful input data are accu-
racy (the data are correct), relevance (the data are representative of the real
situation), consistence (the data are always collected from the same source and
computed in the same fashion) and timeliness (the data are available periodi-
cally when needed for forecasting purposes) (Hanke / Reitsch, 1995).

2.3.3. Forecasting Techniques

2.3.3.1. Overview of Forecasting Techniques

Fundamentally, one must distinguish between qualitative (mainly relying on hu-
man judgment) and quantitative (mainly relying on statistical tools) forecasting
techniques (Russell / Taylor, 2000). Quantitative methods require both the avail-
ability of enough historical data and the assumption that those are representa-
tive of the unknown future (Black / Eldredge, 2001). In the present model, both
conditions are satisfied, and only quantitative forecasting techniques are used in
accordance with the mathematical nature of the optimization model (see 2.1.1).

Quantitative techniques are frequently classified into statistical and deterministic

models. Whereas statistical techniques (e.g. smoothing techniques) focus on
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patterns and pattern changes caused by random influences, deterministic tech-
nigues (e.g. regression analyses) suppose relationships between the (depend-
ent) variable to be forecasted and other (independent) variables (Madura, 2002).
During preliminary research, no causal relationships could be identified between
the demand of individual products or groups of products at the EFP GmbH and
external factors. For this reason, the focus of this paper lies on statistical (also

called probabilistic) forecasting techniques.

When talking about time series forecasting, two other important criteria of differ-
entiation for forecasting techniques are to be mentioned: the forecasting period
and horizon (Vollman et al., 1997). The forecasting period is the period for which
the forecast is made (e.g. week, month, year). Indeed, whereas seasonality
may play an important role in monthly or quarterly forecasting, it is not relevant
for yearly forecasts. Conversely, cyclical and trend-patterns affect yearly fore-
casts much more than monthly or weekly forecasts (Billah et al., 2005). The fore-
casting horizon is the period over which the forecast is made in advance (e.g.
over the next four weeks, twelve months, ten years). Madridakis (1982) and
Armstrong (1984) demonstrated that simple techniques (e.g. smoothing meth-
ods) usually outperform more complex methods for short-term forecasting.

2.3.3.2. Short-Term Statistical Forecasting of Time Series

The present optimization model requires the forecasting of the monthly demand
three months’ in advance. To do so, seven common statistical forecasting tech-
niques for short-term time series forecasting have been tested: classical de-
composition for seasonality and trend, simple exponential smoothing, trend-
adjusted exponential smoothing, four-month moving average, four-month dou-
ble moving average, trend- and seasonality-adjusted naive method, and naive
method. The test design and results are presented under 4.3.

The three methods that have been retained for the model based on this as-
sessment are quickly presented here. For each of them, both the standard for-
mula (for one period in advance) and the adapted formula used in the model
(for three periods in advance) are indicated. Sample computations for all tested

methods and the test results are shown in Appendices 6 and 7, respectively.

” The reason for this forecasting horizon is explained under 4.1.3. This horizon leaves EFP sixty
days to replenish its material inventory, which is the maximal lead time for materials.
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a) Simple Exponential Smoothing (ES)
Exponential smoothing consists in continuously revising the prior forecast in the
light of more recent experience (Hanke / Reitsch, 1995). The extent to which
changes in demand pattern are taken into consideration in a new forecast is

expressed by the smoothing factor a (Kluck, 1998):

13) Y, = oY, + (- a')ﬁ [adapted in the model to: ﬁ+3 =oY +(1- a')ﬁ]

t+1

This factor can be estimated by an iterative procedure that consists of minimiz-
ing the mean absolute deviation (MAD, see 2.3.3.3) for past demand data. This

can be done using a non-linear optimization model (see Appendix 8).

b) Moving Average (MA)
The moving average method proceeds by averaging a selected number of past
periods data (Vollman et al., 1997). The more past periods are considered, the
smoother the forecast becomes, i.e. the less reactive it will be to changes in
recent demand pattern (Russell / Taylor, 2000).

The moving average forecast computed in period ¢ for the period #+1 is, i being
the number of historical periods considered (i = 4 in the model):

1
QY .
b _ i . Y +Y +Y, 47
(14) Y, :% [adapted in the model to: Y,,, = —"— J ol T2

c) Naive Method (NM) — Random Walk
Random walk is the simplest forecasting method, as it assumes that the most

recent past period is the best predicator for the period to come:

A

[adapted in the model to: Y,

t+3

=Y

t

(15.) Y

t+1

=Y]

This method is accurate when successive values (respectively values lagged
three periods as for the model adapted equation) are highly autocorrelated
(Hanke / Reitsch, 1995). The autocorrelation factor ( R;) for values lagged k peri-

ods is calculated by the following equation (see example in Appendix 9):

4 — — witht>n>k>1,and 0 <R, <1
Z(Yi -, -Y) where k is the period lag, ¢ is the last period

(16.) R, = i:(t_“mf of the observation, n the number of periods
D, -Y)? observed, and 7-n+1 the first period of the
i=-n+1 observation
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2.3.3.3. Accuracy and Honesty of a Forecasting Technique

A very common approach to selecting the technique appropriate to a particular
time series is the prediction validation on a withheld part of the data series using
criteria such as the mean absolute error (MAD) (Billah et al., 2005). The MAD is a
common measure of forecasting accuracy computed as follows:

> -7,

(17.) MAD ==  where Y, is the actual value and Y, the forecast value
n

The MAD is an absolute error measure, as it represents the average deviation
between the forecast and the actual value. There also exist percentage error
measures, such as the mean absolute percentage error (MAPE). However, per-
centage error measures can only be used under the condition of having no zero
value in the observed times series (Hanke / Reitsch, 1995). Due to frequent zero-
demand months, this condition is not satisfied for the time series to be observed

in the present study, so that accuracy is to be evaluated by absolute measures.

Accuracy is not the only important measure to evaluate a forecasting technique.
For being valid, a forecasting technique must also produce honest, i.e. unbiased
forecasts (see example in Appendix 10). This means that the forecasts should
be neither consistently high nor low, so that over-forecasts will offset under-
forecasts over time (Vollman et al., 1997). By definition, the mean forecasting
error (ME) produced by a completely unbiased forecasting technique is to be 0
over time (i.e. for the whole population of errors e;, for =1 to N, where N is very
large). Additionally, assuming the normal distribution of forecasting errors, the
expected number of overestimates is ultimately equal to the expected number

of underestimates for a large number of observations.

For assessing the honesty of forecasting techniques in the present paper, two
tests have been designed. The first is based on a confidence interval (see
2.2.4) around the mean forecasting error of the population equal to zero. The
second is a binomial test based on the computation of the likelihood of the num-
ber of positive forecasting errors over the past twelve observations. Both tests
are presented in detail in Appendix 5.

n

2.e
(18.) ME ="+
n
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Additionally, if the forecasting errors (e,) are normally distributed® around a
mean error of 0, the standard deviation of the forecasting errors (i.e. the stan-
dard error of the forecast, noted SE) is arithmetically related to the MAD by
equation 19b (Vollman et al., 1997, see Appendix 15):

(192.) e, =Y, -V (19b.) If e, ~ N and ME =0, SE =125 - MAD

2.3.3.4. Focus Forecasting

In accordance with the observation that simple models work best for short-term
forecasting (Madridakis, 1982 & Armstrong, 1984) and with the assumption that
the forecasting method that worked best last time may work best this time, the
focus forecasting technique consists of always using the one forecasting
method that would have performed best in recent periods (Vollman et al., 1997).
Practice has shown that focus forecasting is a good means for maintaining
steadily accurate forecasts over long periods of time.

2.4. Operations Research: Solving Optimization Problems

Operations Research (OR) is a relatively recent® and still very dynamic field of
research which aims at the development and practical implementation of quanti-
tative models and methods in order to support decision-making (Werners, 2006).
It has grown to be a very broad and hardly precisely definable area of study,
with new algorithms and models emerging merely every day to solve more or
less reality focused optimization problems (for more information, please consult
the OR Homepage listed in the literature review). Focusing on the needs of the
current paper, the following section deals only with those concepts relevant for
understanding the optimization model presented in the upcoming chapters.

2.4.1. Optimization Problem — Mathematical Definition

An optimization problem is mathematically defined by the following elements
(Kathofer / Miiller-Funk, 2005):
e a quantity Z of feasible solutions (i.e. action alternatives), defined by the

problem constraints; and

8 This assumption will be made in this model based on the observation of a sample of histo-
rams of the forecasting errors produced by the techniques used (Appendix 14).
The concept was first used in the middle of the 20" century, but many of the current tools and
methods were developed much later (Werners, 2006).
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e a real function f{X), called target function, with X € Z , which represents the

factor (e.g. costs, profits) to optimize.

An optimization problem can have two objectives: the maximization (e.g. of prof-
its) or the minimization (e.g. of costs) of the target function (Hiiftle, 2006). Taking
the example of the present paper, where the objective is cost minimization, the
optimization problem is formally described by (Werners, 2006):

(20.) f(X)ir)Eli? where X *e Zis optimal if: VX € Z , fiX*) < f(X)

There exist several cases in which no optimal solution can be found. Indeed, an

optimization problem cannot be solved (Kathofer / Miiller-Funk, 2005) if:

e Zis empty;

e f(X)is not limited by at least one constraint in the direction of the optimization
(i.e., VX € Z , there exists an X’ such as f{X’) < f(X)); or

e f(X) is limited by at least one constraint in the direction of the optimization,
but there does not exist any value of X satisfying this constraint.

Optimization problems can be solved by the means of algorithms, which are

introduced in the next section.

2.4.2. Optimization Algorithms

An algorithm is a processing instruction for solving a problem. Nowadays, these
instructions generally take the very detailed form of a program (Werners, 2006).
There exist three major types of optimization algorithms:

e effective algorithms, which lead to the global optimum after a finite number
of steps, but may necessitate very long computation times as the model
complexity increases;

e heuristic algorithms, which lead usually very quickly to an approximate best
solution by simplifying the model structure, but there is no guarantee for that
solution to be the global optimum;

e simulation algorithms, which are at least partly based on random search and
also lead to an approximate best solution, which practice has shown to be
often very close to the global optimum (Kathéfer / Miiller-Funk, 2005).

Which kind of algorithm is best suited for a given optimization problem depends
on both the complexity of this problem and the requirements one has regarding
the optimality of the solution. In very complex business situations, the efficiency
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of heuristic and simulation algorithms may be preferable to the accuracy of ef-
fective algorithms, as the costs of sub-optimality are offset by the time savings.
However, if an effective algorithm can be efficiently applied, it is clearly to be

favored over its less precise counterparts.

In the present study, an effective algorithm has been programmed that deter-
mines a globally optimal solution at some definable level of accuracy.

2.4.3. Different Optimization Model Types

Depending on the optimization problem at hand, on must distinguish between
different types of models. The model type has an influence on the choice of an
appropriate algorithm, and consequently also on the nature of the optimal solu-
tion (i.e. global vs. local optimum, see 2.1.2).

The most common and central model type in OR is the linear optimization. An
optimization problem is linear when both the target and the constraint functions
are linear with regard to the model variables (Werners, 2006), i.e. when each
variable X;e R*, i € [1 ; p], p € N is related to the function by f(X;) = a; - X;, a;€ R".
If the target or at least one constraint function are not linear, than the optimiza-
tion problem forms a non-linear optimization model. Examples of non-linear re-
lationships are given in Chart E. These two fundamental model types can again
be constructed in several variants. For instance, one may want to include nega-
tive value of X; into the feasible solution area, i.e. X;e R, i € [1; p], p € N; one
may want to restrict the feasible solution area to positive integers, i.e. X;e N, i €
[1; pl, p € N (integral optimization, (Hiiftle, 2006)); or one may have a problem
that does only allow a defined set of values D ={d;, d, ..., d;}, g € N, i.e. X;e D, i
€ [1; p], p € N (discrete optimization, (Kathofer / Miiller-Funk, 2005)).
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Chart E: Linear vs. Non-Linear Optimization Models
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As described in Chapter 4, this paper presents a non-linear optimization model

complemented by an integrality constraint.
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3. EFP GmbH: Objectives, Results and Issues

3.1. Company Objectives and Results

3.1.1. Three Target Measures

There exist three main target measures to evaluate customer service and inven-
tory management at the EFP GmbH. The corporate target'® as defined in the
firm’s balanced scorecard is to reach a customer service level'' of 90% (target
n°1). The backorder value should not exceed approximately 6% of sales (target
n°2). On the other hand, total inventory days should on average be about 34
days (target n°3). These key measures are calculated monthly, at month end.
While the CSL and backorder value are determined for each customer sepa-
rately, inventory days are computed on the aggregate level of the firm.

3.1.2. Results

As visualized in Chart F, sales have soared consistently over the past three
years, with some apparent seasonality shown by low peaks in August and De-
cember of each year, and higher sales in March and September. The growth of
the company is putting an increasing pressure on existing processes, which
need to be redesigned for more efficiency and thus higher productivity'2. This is

particularly important because the factory is currently working at full capacity.

Sales History EFP GmbH (2004-2007 YTD)
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5.000 € -
§4.000€—
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£ 3.000 € -
2.000 € -
1.000 € |

0€
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CE'ESQ>CE'ESQ>CE'ESQ>CE'E

§3===5328==2=>582S8S==°>8238=s =

"% The targets were defined for 2007.

"I corporate reporting, the CSL is defined as in equation 2 (see 2.1.4.1).

"2 This job is part of the ELSS (EFP Lean and Six Sigma) initiative, which is concerned with
redesigning processes and organizing employee trainings for increasing productivity.
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The growing order book has caused several organizational issues, presented in
the next section, and which produced the following results.

Chart G shows, both in aggregate form for all customers and for the major cus-
tomer LBH, the sales (value), the back orders (value), and the customer service
level over the past twelve months.

From July 2006 to June 2007, back orders represented, on average, 13% of
total sales, which is more than twice the target ratio of 6%. For LBH, they repre-
sented 10% of sales on average, varying between 6% and 22%, depending on
the order value mix (i.e. the value of the late delivered orders relatively to on-
time delivered orders).

As far as the CSL is concerned, the 90% target has only be reached twice in
twelve months, the average being 78%. Customer service for the biggest cus-
tomer LBH is consistently way lower than the total average, with an average
CSL of only 63%, and values ranging between 48% and 78%. This difference is
mainly due to the high level of LBH drop-in orders, short-term order entries be-
ing one major cause for material stock-outs, as described more in detail in the
next section. Computation showed that, over the observed twelve-month period,
each increase in the average CSL of LBH of one per cent would have resulted
in an increase of the average total CSL of more than 0.25 per cent.

Chart G: Sales, Back-Orders and Customer Service Level
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With 44 days, the average inventory days on hand (DOH) over the considered
period exceeded the target by 10 days (Chart H). The inventory level appears to
be highly correlated to sales. Yet, as the DOH target is annually adjusted to the
sales level, the difference to the target is to be seen as a “net” deviation. Work-
in-process and finished goods inventories usually represent about 20% of total
inventory, and are rather unproblematic as the EFP GmbH operates in a make-
to-order production system. Thus, to reach the target, a significant reduction of
material inventory is necessary.

Chart H: Material and Total Inventory Days on Hand (DOH)
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3.2. Current Issues in Operations and Inventory Management

Several factors have been identified that lower customer service and cause in-
ventories to rise at the same time. Although an exact analysis of each of them
would go beyond this paper’s scope, the following observations shall provide an
overview of the relevant issues at the EFP GmbH.

Some factors affecting the CSL are measurable with figures and allow a
mathematical approach. Regression analyses (see details in Appendix 11), in
which the back order value has been set as the dependent and the inventory
days and drop-in value as independent variables, showed that:
e inventory days are negatively correlated to the back-order value, and,
taken alone, explain 45% of the changes in the dependent variable.
e the drop-in value is positively correlated to the back-order value, and,
taken alone, explain 52% of the changes in the dependent variable.
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Yet, both factors taken together explain only about 65% of the variation in the
back order value. This is due to the fact that they are interrelated for a major
part, as security stocks are built to absorb potential drop-ins, i.e. the negative
effect of drop-ins is partly offset by high stocks. The remaining 35% are thus
due to other factors discussed later in this section, which are difficult to measure
and thus impossible to integrate in a multiple regression model.

The first correlation illustrates well the introductive statement of this paper (see
1.1), pointing out the trade-off between high inventory levels and customer ser-
vice. The regression line equation shows that an increase in inventory days of
one day leads to a decrease in back orders of € 61,370 (Appendix 11, Panel C).
This relationship is particularly clear under the assumption that a reduction in
inventory days is caused in major part by a reduction of security stocks.

The second correlation is also interesting as it shows that each Euro of drop-in
causes late deliveries of a value of €1.61. This can be explained by the various
negative secondary effects of unplanned orders, starting with a poorly organ-
ized production due to frequent short-term scheduling changes.

To complement the overview of causes for back orders, interviews with Man-
agement have been conducted and led to several general observations, which

are briefly presented here.

According to Management, about 90% of all back orders are either due directly
to material stock-outs or to production bottlenecks caused by stock-outs, as the
latter avoid timely and lean production planning. The major cause for material
stock-outs is poor forecasting, which results in security stocks that are inappro-
priate with regard to actual short-term order entries (i.e. drop-in). This statement
is supported by the results of the multiple regression, which clearly show that
drop-in orders turn into back orders, due to the absence of adequate security
stocks. Indeed, the current criteria for building a security stock for a component
are based on demand volume and the number of customers for which it is
needed, but they do not take into account the usual customer order time as
compared to the ordering and production lead times (see 2.1.5).

Two causes for material shortage have also been identified that are not related
to the forecasting quality. For some critical parts, bottlenecks have been identi-
fied in the suppliers’ production systems. In reaction to these bottlenecks, con-
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signation inventories are currently built for the concerned parts and alternative
suppliers are looked for. Finally, it was pointed out that inaccurate inventory
book-keeping was also responsible, even though to a minor extent, for missing
material, as components are sometimes taken from inventory without being
timely booked out of the system.

Material stock-outs have also a negative secondary effect which leads to a vi-
cious circle of more stock-outs: cross-order material cannibalization. If a hose A
requires three parts a, b, and ¢, and only ¢ is missing, then production planning
may schedule the production of hose B in advance, which requires parts « and

d, thus using the parts a, which will then miss when parts ¢ arrive.

3.3. Goals and Issues Addressed by the Model
3.3.1. Company Goals Supported by the Model

As the title of this paper already suggests, the model presented in the following
chapters is primarily concerned with improving the customer service level for
LBH. The relationship between the CSL for LBH and the total CSL, mentioned
in section 3.1.2 as 1 : 0.25, shows that reaching a certain CSL for the main cus-
tomer will have a noteworthy effect on the total CSL as well, i.e. will significantly
contribute to reaching target n°1 presented in section 3.1.1.

There is oftentimes a negative correlation between the customer service level
and the back-order value'®. This means that, for a given order value mix, and
starting from a given CSL ( CSL, ) and back-order value ( BO, ), improving the
customer service value ( CSL; > CSL, ) will result in reducing the back order
value ( BO; < BO, ), thus supporting corporate target n°2 (see 3.1). However,
the correlation is only given if the value mix of on-time and late orders is ap-
proximately steady. To illustrate this relationship, assume that every order has
the same value ( V). Then each additional per cent of CSL would reduce the
back order value by one percent of the total number of orders ( TO ), times the
value of one order (i.e. TO / 100 * V). In reality though, the value of an order var-
ies between several euros and several thousands of euros. Thus, it makes a big
differences which are the orders delivered late. Indeed, if e.g. the value mix
changes such that the late orders become those with the highest value, then an
increasing CSL may come with an increase in the back order value.

% For instance, from July 06 to June 07, a correlation factor of -0.46 has been computed be-
tween the CSL and the back-order to sales ratio for LBH.
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To conclude, on must bear in mind that improving on target n°1 does not always
imply an improvement on target n°2, and that the present model does not pre-
tend, for the reasons exposed, to consistently support target n°2.

As for target n°3, it is only addressed indirectly by the model, as the inventory
value (which is negatively correlated to the inventory days, assuming constant
or rising sales) constitutes the target function to minimize. However, to minimize
the inventory costs given a CSL constraint does not mean to try to reach target
n°3. Rather, the model is working to reach target n°1 while optimally affecting
target n°3. In other words, assuming that everything else stays the same, in-
creasing the CSL for a certain number of parts will cause higher inventories,
which goes against target n°3. Yet, it will increase inventory costs optimally, i.e.
to the minimal level required for a given CSL.

3.3.2. Issues Which the Model Helps to Solve

The model combines business forecasting with non-linear optimization based
on statistical functions. It is designed to better anticipate short-term order en-
tries, i.e. to improve forecasting and optimize security stocks for frequent drop-
in products (in this paper only for the main customer LBH). Poor forecasting
was shown to be the major cause for material stock-outs, which are responsible
for about 90% of all back-orders. Thus, the model shall significantly reduce ma-
terial stock-outs for the considered products.

Other issues leading to material stock-outs are not addressed by the model and
go beyond the topic of this study.

3.4. Information Systems at EFP

The use of a non-integrated and antiquated information system is an overriding
cause that hinders proper and accurate operations and inventory management.
The corporate wide production system is MFGPro, which is mainly used to re-
cord and store data, but is quite inflexible when it comes to analyzing. The cus-
tomization of reports requires a very good knowledge of both the system struc-
ture and the programming language. Consequently, the IT department is ulti-
mately the bottleneck when it comes to creating reports.

Whenever possible, data are thus downloaded via text files to an MS Access
database. Demand can then be analyzed using the DAS (Demand Analysis
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System), a program that uses Access to generate a set of standardized reports
on a monthly and yearly basis. More customized reports can also be made di-
rectly in MS Access. However, data are often simply not available in the form
needed for a given analysis, leaving management with estimates or approxi-
mate data. This problem has also affected the elaboration of this model, which
had to be simplified in some respects, described more in detail in Chapter 4.

The production planning is done using the DSS (Demand Scheduling System).
This program also uses the data from an Access database, which is based on a
daily updated text file from MFGPro. The finished production schedule for the
day is then uploaded again to MFGPro every morning.

Finally, there exist two specific applications for the Finance Department. The
Oracle Finance module is mainly used for book-keeping, whereby most entries
are made in MFGPro and uploaded at month-end into Oracle before closing the
books. Encore is an Excel-based tool with standardized financial analysis re-

ports that are generated on a monthly basis.

The coexistence of several applications based on different MFGPro queries
may lead to data inconsistencies. However, the reference data for reporting are
the source data from MFGPro. Thus, the input data for this model are also

taken directly from the central production system.
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4. Model Design, Parameters and Assumptions

4.1. Optimization Model Design

4.1.1. Conceptual Model Definition

Before describing the model using its formal representation (see 2.4.2), the
model can be briefly explained in words. For a given number of products (p), the
model shall define for each product (i=1 to p) the quantity to be on stock at the
beginning of each month (X;) in order to minimize inventory costs ( f{X;) ), while

maintaining a given level of customer service (CSLtarget)M.

Using the concepts introduced in the theory part of this paper, f(X;) is the target
function of the model which is to be optimized, i.e. here minimized. The target
CSL constitutes a model constraint. The values X; are the variables that can be

adjusted to reach the optimization target under given constraints.

Be ¢; the material unit cost of the product i. The inventory cost function f(X;) is
then defined as follows, in accordance with the target function definition of a

linear optimization model (see 2.4.2):

p !
QL) f(X;nX,) =X+, X, +.4+c, X, =) ¢,X,=min
i=1

Be Y. the forecasted demand for product i for the observed time period and SE;

the standard error of the forecast of product i. The relationship between the
quantity to be on stock at the beginning of a month and the forecasted demand
for that month is then (see confidence intervals under 2.2.4):

A

~ X. 4
(22.) X,=Y +t,-SE, or t, :? (see equation 10b)

Be a; the probability of obtaining a t-value greater than ¢ in a t-distribution with
df degrees of freedom. This probability a; can be computed using the function
g(t;, df), integrating the probability density function of ¢ from 7, to +oo (for more

information, see Weisser, 2007):

F(dfﬂj L
2

W.F@E )

(23.) a, =P, <t<oo)=g(t,df)=

“In the optimization model, the CSL is defined and computed as described under 2.1.4.2,
which slightly differs from the CSL as computed for reporting purposes at EFP (see 6.1.2.1).
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Relating a; to the present optimization problem, g(z;, df) computes the probability
of demand exceeding X; (i.e. what should be on stock at the beginning of a
given month). Thus, a; is the statistical stock-out probability. In the theory chap-
ter, it was already mentioned that, in practice, either t-tables or MS Excel can be
used for this computation. Taking the example of a product i=1, for which
t;=0.8755 and df=11, the stock-out probability for this product over the observed

period is ;= g(0.8755, 11)=20% °.

Be p; the probability of not stocking-out of material for product i during the ob-

served month. Then:
(24.) ﬁi =1-0;

As only drop-in orders are being considered in this model, it is fair to assume
that any stock-out will inevitably lead to a late delivery, as a timely material re-
order would be impossible (see assumption 4.4.3). Consequently, the expected
customer service level (CSL.,), as defined in the model (see 2.1.4.2), can be
computed by averaging the probability ; of not stocking out, for i =1 to p:

p
(25.) CSL,, :l.z B,

i=1
The target customer service level CSL iS t0 be defined by Management be-
fore running the model. Using equation 25, the constraint can then be defined

as follows:

(26.) CSLexp 2 CSLigget & Y B, >CsL,,,,

1
=
As negative inventories are no valid model results, the variables X; need to be
positive for all products (i.e. for i=1 to p). Also, only entire product units can be
stored, requiring the quantities to be integers. Thus, only natural integers are
possible model solutions:

(27.) X;e N fori=1top
More constraints may be added to the model. For instance, one will agree that

inventory space is not unlimited. Consequently, one may define the available
storage volume (SVmax, €.9. in cubic meters) as a constraint to the quantities that

1 Computed with MS Excel using Function TDIST(0.8755;11;1) (in German, use TVERT)
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can be placed on stock. Be v; the volume in cubic meters of the product i. The
storage volume function A(X;) is then expressed by:

(28a.) W(X,,...X,)=vX +v, X, +..+v X = Zp:viXi
i=1
From there, the subsequent constraint can be derived:
(28b.) zp“vixi <8V
i=1
However, in the present model, the storage volume constraint has, for now, not
been implemented, as the EFP GmbH does not possess any record about the

volume v of the parts constituting its products. Yet, this constraint may be added

at any time if the necessary data are collected.

The model concept as it was implemented at the EFP GmbH can be described
in its canonical form as presented in Chart I.

Chart I: Non-Linear Optimization Model — Canonical Definition

Zp: cX. ;min —> Linear target function
i=1
s.d.
1 & . .
—. 2 B, = CSL, arger —> Non-Linear constraint
i=1
X, e N,Vie[1;p] - Integrality constraint

4 1.2. Model Dataflow

The availability of valid data (see 2.3.2) is a crucial precondition for the model to
be applicable. The absence of data about the product parts’ volume has for in-
stance caused a model simplification by withdrawing one constraint.

As described in Chart |, the model variables to be optimized are the quantities
of each product to be on stock on the first day of the observed month (X;). They
constitute the model output, in accordance with the expected project result (see
1.3). The computation of this output requires a number of inputs.

First, parameters have to be defined for the product selection, which are de-
scribed in detail in the coming sections. For the selected products (see 4.2), a
certain number of values (which constitute the constants of the optimization
model) need to be computed: the material unit costs (c;), the demand forecasts

(Y see 4.3), and the standard errors of the forecasts (SE;, see 4.4.1).
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Additionally, the user must define three model parameters: the degrees of free-
dom (df), the target customer service level (CSLure), and the model accuracy
(A(p))- These are not attributable to a single product (i), but define the model as
a whole. The parameter df depends on the number of data points used to com-
puted the standard errors of the forecasts (see equation 9b), CSLie is the key
value to be defined by Management according to corporate objectives, and the
model accuracy defines the desired exactness of the optimization and thus the
computation time (see 5.3.2).

4 1.3. Model Timing / Data Update Frequency

In order to leave the EFP GmbH enough time to replenish their inventories with
the optimal quantities of material, the optimization model must be run in ad-
vance. Although most of the materials with long lead times (i.e. over 30 days)
are kept on a consignation inventory, it may occur that these stocks are inade-
quately low, thus causing stock-outs. To allow a timely material planning, it was
thus decided with Management to run the model so as to leave 60 days for or-
dering materials. For example, the inventory optimization for July is done in
early May, based on past demand until April.

Demand forecasts are thus updated every month for three months ahead: if Y, is

the actual demand for period t, the forecast Y, for #+3 will be made at the be-

+3
ginning of period #+1. At the EFP GmbH, material unit costs are constant during
one financial year, thus only requiring a yearly update. Finally, the standard er-
rors of the forecasts are updated whenever the forecast method is changed
(e.g. because of bias) or when it is periodically reviewed (see 4.3.4).

4.2. Model Product Scope Definition

First of all, it is important to remind that the goal of this model is to improve the
customer service level for drop-in products of LBH (see 1.1). Referring to equa-
tion 3, drop-in products are those products for which the order time (see defini-
tion 2.1.5) is shorter than the time required for ordering materials from suppliers,
producing the product and shipping it to the customer. Further analyses con-
firmed that the low CSL for such products is indeed due to material stock-outs
(Chapter 3), i.e. on-time delivery could occur if and only if all necessary material
for a product were on stock on the day the customer order comes in.

40



Which products to include in the optimization model thus depends primarily on
the products’ order time (OT), material lead time (MLT), production lead time
(PLT), and shipping time (ST). It is realistic to consider the MLT, PLT, and ST to
be fix over a longer period, as they might only change occasionally e.g. when a
new supplier is used (affects MLT), when productivity is increased (PLT), or
when incoterms or supplier/customer locations change (MLT/ST). However, the
OT can change at each new customer order. Additionally, there is no way to

know which will be the OT for a given product at the next order.

Still, the model must focus on the products that are most likely to be ordered
with a short OT. Assuming that historical OT are representative of future OT,
the median OT was identified as the best indicator of a product’s most likely OT.
As explained in 2.2.1, the median is less sensitive to outliers than the mean,
which might distort one’s judgment greatly. Take the example of product A, or-
dered in the past in advance of 2, 4, 5, 5, 7, 9, and 45 days. The mean OT is
eleven days, while the median OT is only five days. Assuming that the sum of
MLT, PLT and ST is ten days, product A would have been a drop-in product six
times out of seven, and should be included in the model. This decision, how-
ever, would not have been taken based on the mean, only because the product

was once ordered two months (in working days equivalent) in advance.

The relevant MLT for a given product is the MLT of the component with the
longest lead time. Materials with long lead times are generally kept on consign-
ation to avoid stock-outs. Provided there is enough material on the consignation
stock'®, the MTL of any component used in LBH products varies, with few ex-
ceptions, between one and five working days. The PLT and ST are merely the
same for all hoses delivered to LBH, i.e. respectively four days and one day. As
it would be both very complicated and highly time-consuming to load updated
lead times from MFGPro into MS Access on a monthly basis, it was decided in
agreement with Management to assume, for every LBH product, a total lead
time of ten days (MTL=5, PLT=4, ST=1).

Under this assumption, an LBH drop-in product is thus defined as a product with

a median historical order time of ten or less days. Other filtering criteria may be

'® This assumption is made for the selection of relevant products, but is no prerequisite for the
model validity. Indeed, the forecast being made three months ahead, the EFP has enough time
to reorder even products with lead times up to 60 days.
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added in order to appropriately determine which products to select for the
model. First, one might want to focus on products that have been ordered at
least a certain number of times during the past six/twelve months. Indeed, it is
against the optimization objective to build up inventories for products one is not
sure to sell anymore. Second, one might want to exclude products from the op-
timization for which, for some reason, the on-time delivery rate already exceeds
a certain level, e.g. 80%. This may be the case of products that have a lead

time much shorter than the assumed average of ten days.

The choice of additional filtering criteria is left open to the user, as described in
the implementation chapter of this paper (Chapter 5). Chart J summarizes the
product criteria that were defined for the model evaluation presented in Chapter
6. The product lists resulting from this process are shown in Appendix 12.

Chart J: Model Product Filtering Criteria

Customer: LBH
Over the past 12 months: Threshold:
Maximal Median Order Time: 10 days
Minimal Number of Months Ordered: | 8 months
Maximal On-Time Delivery Rate: 80%

4.3. Demand Forecast Methods
4 .3.1. Assessing Different Methods: Test Design

Even without referring to statistical concepts, one will intuitively agree with the
statement that the more precise a forecast is, the less security stock is needed,
and thus the lower the inventory costs will be. As discussed earlier (see
2.3.3.3), a common measure of forecasting accuracy is the mean absolute de-
viation (MAD) of the forecast (see equation 17). The lower the MAD, the more
precise the forecast, i.e. the lower its standard error (SE). The number of SE
one needs to put on stock depends on the defined target CSL, and directly de-
termines the inventory costs (see Chart K). Independently of their accuracy, the
selected forecasting methods should not produce biased forecasts for the rea-

sons stated under 2.3.3.3 and illustrated in Appendix 10.

The MAD of seven common forecasting techniques'’ have been computed over

a one year test period, from July 2006 to June 2007, for 98 products selected

' The seven methods are listed under 2.3.3.2. As determined under 4.1 .3, the methods have
been assessed as to their accuracy and bias in delivering forecasts for three periods in advance
(see equations 13, 14, and 15, as adapted to the model).
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for the historical model simulation (Appendix 12). All methods have also been
assessed for bias over the same period, using the two bias tests described in
section 2.3.3.3 and Appendix 5. The parameters necessary for the use of cer-
tain of these methods (i.e. seasonal, trend and smoothing factors) have been
previously optimized using the demand data from July 2004 to June 2006.

Chart K: Influence of Forecasting Accuracy on Inventory Costs

Assumptions:
- two SE are necessary to obtain an expected CSL equal to the target CSL
- the material unit costs of the considered product are € 2

Forecast Method A Forecast Method B

-MAD =20 -MAD =16
-SE=1.25*%20=25 -SE=1.25*%16=20

- Security Cost =25 *2 = €50 - Security Cost =20 * 2 = €40
Conclusion:

The smaller the MAD of a forecasting method, the lower are the inventory costs for a
given level of customer service (more precisely: a d% lower MAD results in d%
lower costs for a given CSL).

For a given product, the best forecasting technique is the unbiased method with
the smallest MAD. Before running the simulation, it was expected that different
products would have different best methods. However, it was also expected that
one or several methods would perform better than the rest for a significant
number of products. For simplicity, this (these) method(s) would then be chosen

for implementation in the monthly forecast computation model.

4.3.2. Test Results and Interpretation

As shown in Appendix 7, three methods are consistently outperforming the oth-
ers as far as accuracy and bias are concerned: simple exponential smoothing,
four-month moving averaging, and random walk. For each of the 98 products,
one of these methods falls under the two best-performing. Also, there is always
at least one of these methods delivering unbiased forecasts.

In accordance with existing literature (Makridakis, 1982 & Armstrong, 1984), the
most simple methods have been found to perform best (see 2.3.3.1). All trend-
adjusted techniques were on average performing less well than their unadjusted
counterparts, which is not surprising when dealing with sub-annual time series
(Billah et al., 2005). The autocorrelation analysis (see Appendix 9) shows that, in

spite of seasonality of total sales shown earlier in Charts F and G, very few sin-
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gle products are underlying a strong seasonal pattern, justifying the relatively
poor performance of the seasonal decomposition technique.

4.3.3. Forecasting Methods Retained for the Model

In view of the results, 1) simple exponential smoothing, 2) four-month moving
average, and 3) random walk are the methods retained for computing the fore-
casts later used in the optimization. The computation is based on the adapted
form of equations 13, 14, and 15 (see 2.3.3.2). Though other methods may be

more accurate for some products, they are not used for the sake of simplicity.

4.3.4. Periodical Best-Method Allocation

Periodically, at least every six months, the best method out of those three will
be determined for each product selected in the model scope. The method allo-
cation is fully automated and follows the principle of focus forecasting (see
2.3.3.4), picking for each product the unbiased forecasting technique achieving
the lowest MAD over the last 12 months. It also allows for manual review and

allocation if necessary and appropriate (for more details, see Appendix 13).

4.3.5. On-Going Bias Monitoring

A biased forecast can lead to either constant excess inventory or increase the
stock-out probability (see Appendix 10), thus strongly altering the quality and
even validity of the optimization model. Additionally to the periodical best
method allocation, the forecast techniques will consequently be monitored for
bias on a monthly basis using a tracking signal (Hanke / Reitsch, 1995) and a bi-
nomial test as described in Appendix 5. If bias is discovered based on those
tests, it will be left to the user’s judgment whether the assignment of another

forecast method to the product in question may be appropriate.

4.4. Model Assumptions
4.4.1. Relevance of Past Demand Data

As mentioned earlier, the assumption that past demand pattern are relevant for
predicting future demand is the fundamental postulation made when using
quantitative forecasting techniques (see 2.3.3.1).

4.4.2. Normal Distribution of Forecasting Errors Around Zero

As explained earlier in section 2.3.3.3, the fundamental characteristic of an un-
biased forecasting technique is that the mean of all forecasting errors is equal to
zero over time. This hypothesis is tested by comparing the forecasting error to a
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tracking signal after each new forecast (see 4.3.5 and Appendix 5). The obser-
vation of the histograms of forecasting errors for some sample products (Ap-
pendix 14) allows to assume additionally a normal distribution around that
mean. One characteristic of that distribution is an equal number of positive and
negative errors, which is also tested monthly (see 4.3.5 and Appendix 5). The
assumption of a normal distribution around zero enables the approximation of

the standard error of the forecasting by equation 19b.

4.4.3. Minimum Order Time

In practice, customer pressure may in some instances lead to the acceptance of
orders with order times that are shorter than the sum of production lead time
and shipping time, i.e. that do not satisfy equation 4. However, the number of
such emergencies is kept down to a minimum, and should, according to EFP
Management, be completely avoided. For the CSL calculation, it is thus sup-
posed that no orders are accepted less than five days before due, correspond-
ing to the sum of the production lead time and shipping time (see 4.2).

4.4.4. Production Lead Time / Shipping Time

Under 4.2, the simplification was made that, for all LBH products, the PLT is
equal to four days and the ST equal to one day. From Chapter 3, it appears that
there would be merely no production bottlenecks provided there are no material
stock-outs. Thus, it is fair to suppose that, if, and only if, all necessary materials
are on stock on the day of the customer order entry, the EFP GmbH will be able
to deliver the order on time. This implies the reciprocal assumption that, when-
ever material is missing for an order, this order cannot be delivered on time.
This is a restrictive assumption, in that an order time may be such that there is
enough time for ordering the material, producing and shipping. However, re-
membering that material stock-outs cause other inefficiencies (see Chapter 3),
this simplification stays close to reality.

4.4.5. Month Beginning Dues

The model was designed to determine the optimal quantity of material to have
on stock on the first day of a given month for achieving the target CSL. This im-
plies that short-term order entries with due dates within the first four days'® of
that month could not be delivered on time, even if enough material is on stock

on the first day. To avoid this, one could decide to put the material on stock five

" PLT + ST = 5 days, see 4.2
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days earlier. However, this decision would significantly raise the inventory days
on hand which are computed at month end. This negative impact on corporate
target n°3 (see Chapter 3) is not justified, as only a small part of the orders is
concerned. In addition, a part of those orders is expected to be delivered on
time thanks to security stocks and a shorter PLT for certain products. Thus, for
the CSL computation, it is assumed that a due date within the four first days of a
month has no effect on the capacity of delivering on-time.
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5. Model Implementation

5.1. Structure of the Integrated System

5.1.1. System Requirements

It was established earlier that the model must be run at the beginning of each
month (see 4.1.3). In order to be of practical use on a monthly basis, the system
needs to be simple to utilize and to maintain, and the results must be quick to
obtain and to exploit within the existing IT environment. To satisfy these re-
quirements, an integrated and fully automated optimization system was pro-
grammed and implemented. The system structure is described next.

5.1.2. System Structure

A detailed overview of the system structure, visualizing the different system
components and the data flows between them, is provided in Appendix 16. This
section presents the aggregate system modules and briefly describes how they
are interrelated with each other.

On an aggregated level, one could decompose the integrated optimization sys-
tem in three major components: the Data Module (DM), the Forecasting Module
(FM), and the Optimization Module (OM). The system is integrated in the exist-
ing IT environment via two interfaces with the MFGPro production system, an

input interface and an output interface (Chart L).

Chart L: Simplified Representation of the Integrated Optimization System

Existing IT System : Integrated Optimization System
i
Optimal Material i Demand Forecasts
Inventory ; Optimization |
1 N
v - Module
P ®
é ; Cost Data Forecasting
Y : Module
=]
E
Sales & e, Data
Cost Data i Module Demand Data

The Data Module is, for the major part, composed of MS Access Databases that
receive sales and cost data for all LBH products in text file format from MFGPro.
The product filtering process is then done directly in an MS Access form, where
the thresholds on different selection criteria discussed in the previous chapter
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(see 4.2) can be customized. Demand data are computed and then stored at
least for the last 36 months, which is the amount of data required for the fore-
casting method allocation process (see 5.2.1). Both demand and cost data for
the selected products are monthly downloaded to MS Excel files (respectively
‘DemandData’ and ‘CostData’) directly from an MS Access form.

The ‘ForecastData’ Excel file contained in the Forecasting Module loads the
demand data from the ‘DemandData’ file of the DM. These data are used both
for the allocation of the best forecasting technique to each product and for the

actual forecast computation, as described more precisely under 5.2.

The forecasts produced in the ‘ForecastData’ file of the FM, as well as the cost
data contained in the ‘CostData’ file of the DM, are loaded into the ‘Optimiza-
tionModel’ Excel file of the Optimization Module, which contains the non-linear
optimization algorithm programmed on VBA. The functioning and maintenance
of this model is presented in detail under 5.3. The model output, i.e. the quanti-
ties of material for each product that are needed on stock on the beginning of
the coming month for achieving the desired CSL over that month, can finally be
uploaded back into the MFGPro production system. Material orders will then

automatically be scheduled according to those quantities.

After this brief overview of the system structure, the two key components of the
system, namely the Forecasting Module and the Optimization Module, are pre-

sented in greater detail in the following sections.

5.2. The Forecasting Module

5.2.1. Data Flow and Computation

As can be seen from Chart L, the FM transforms the raw demand data input into
demand forecasts for three periods ahead of the last known demand (see
4.1.3). Each time that a new product is added to the model or that bias is identi-
fied for a forecasting technique concerning a given product, and at least every
six months, the best forecasting technique out of the three retained for the
model (namely exponential smoothing, four-month moving average or naive

method, see 4.3.2) needs to be allocated to each product (see 4.3.4).

The best method is determined according to the decision rule defined under
4.3.1, i.e. it is the unbiased method with the lowest MAD. The MAD and bias

(see 2.3.3.3) are evaluated based on how each forecasting method would have
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performed over the past twelve months for each product. In order to carry out
this test, the FM uses the demand data of the past:

e 36 months for exponential smoothing,

e 17 months for the four-month moving average, and

e 14 months for the naive method.

The method allocation also works for products that are more recent and thus do
not have that many data points. Yet, the best method may then change often
from one period to the next as long as no apparent demand pattern can be

identified that can be better predicted by the one or the other method.

5.2.2. Module Structure

The structure of the FM module is visualized in Chart M. The central component
of the module is the ‘ForecastData’ Excel file which computes, at the beginning
of each month r+1, the forecasts for the period 7+3 (see 4.1.3), using the allo-
cated best method for each product (see 4.3.2). It also evaluates the bias of the
currently allocated forecasting technique based on the two tests mentioned in
section 4.3.5 and presented in Appendix 5 on a range from 0 to 3, where 0
means no evidence of bias and 3 strong evidence of bias. If there is strong evi-
dence of bias, it is recommended to reallocate forecasting techniques anew.

Chart M: Forecasting Module Structure
e s T — v Historical S [——— !

Parameters I

ForecastData.xls EScoef_test.xls > EStest.xls
A 7 :
T Best 1

Method MAtest.xls

MAD )
‘ \ + hias :
1
1
EScoef_fc.xls DJ I 1 Rollin gFCEvaluation.xi’sp NMtest.xls ﬁ
! 1
1
A ! :

A Demand Data Input from Data Module, File DemandData.xls

Current ES Parameters

A\ Forecast Data Output to Optimization Module, File OptimizationModel.xls

i1 Method Allocation Files (only used if methods are re-allocated)

In order to compute the forecasts for the products that were allocated the ES-
method, the smoothing factor a is optimized using the demand data of the past
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24 months in the file ‘EScoef fc'. This factor stays constant until the forecast
methods are being reallocated.

The periodical allocation of the best forecasting technique (see 4.3.4 and 5.2.1)
requires five additional files. Three test-files are historically simulating forecasts
for each product and computing the MAD and bias (0 to 3) over the past twelve
months (i.e. from month M{-12} to month M{-1}). The ES test-file requires the
additional input of the smoothing factor a, optimized over the 24 month period
preceding the simulation period (i.e. from month M{-36} to month M{-13}). The
results of each method are compiled in the evaluation file ‘RollingFCEvaluation’,
where they are compared to each other, and where the unbiased method (i.e.
bias index between 0 and 2) with the lowest MAD is allocated to each product.

Once the methods are allocated, the forecast computation takes place in the file
‘ForecastData’, as described above. Ultimately, the forecasts are transferred to
the file ‘OptimizationModel’ in the OM.

5.3. The Optimization Module
5.3.1. Data Flow

The OM is mainly composed of the Excel file ‘OptimizationModel’, which con-
tains the non-linear optimization algorithm described in the next section. The
second file in the OM (‘ModelEvaluation’) serves to assess the model validity,
as discussed in Chapter 6, but is no active part of the optimization process.

The necessary inputs for the optimization model were already enumerated in
section 4.1.2 when defining the model design. From a practical point of view, it
has already been established that the product selection is made in the Access
Database in the DM, that the cost data were stored in the Excel file ‘CostData’
within the DM, and that the forecasts and standard errors were computed in the
Excel file ‘ForecastData’ within the FM. All these data are loaded in the file ‘Op-
timizationModel’, where the three model parameters (namely df, CSLue, and

A(p)) are then defined by the user before running the algorithm (see 4.1.2).

The following section describes how these input data are used to generate the
model output, i.e. the optimal quantity of materials to be on stock at the begin-
ning of the month #+3 in order to statistically satisfy the target CSL. This output
is ultimately uploaded to EFP’s production system (MFGPro), so that material
orders can be planned accordingly.
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5.3.2. Non-Linear Optimization Algorithm

In this section, the operating rationale of the optimization algorithm is explained.
When appropriate, references are made to the mathematical demonstrations of
the equations on which the algorithm is based, presented as Appendices.

To begin with, it can be mathematically demonstrated that, although the model
constraint requires an expected CSL higher or equal to the target CSL (see
equation 26), the optimal solution must actually satisfy CSL,., = CSL:ue: (Appen-
dix 1). Reducing the feasible area using this reformulated constraint, the sim-
plest feasible solution, which the algorithm uses as starting point for optimiza-

tion, is to set, for each product, the initial probability of not stocking out (6; = 1 —

0,;) such that:
(29.) Initialize: Vie [1; p], set f; = CSLiarget

Be Bipy the optimal probability of not stocking out of product i, and Ai(f) € 10 ; 1
— CSLyureef @ small change in ;. Then it can be demonstrated that, if Ai(8) tends

to zero, there exists an integer 4; € Z such that (Appendix 2):

(30.) ﬁi(opt) = CSLtarget + /Ii : Al(ﬁ)

target[

-y
with Vie [1; pl. 4, - A,(B) e]g(S—E’,df] —CSL, g1~ CSL

The small change Ai(f) is set constant for the each product of the model, and
represents the optimization accuracy, noted A(fS). The smaller A(f), the more
accurate the computation becomes. Indeed, it is shown that as A(f) increases,

the model solution departs from the optimum (Appendix 3).

When the algorithm is initialized (equation 29), each 4., is equal to zero. In
order to satisfy the condition CSL.,, = CSLu,e, it can be shown that the sum of
all Ziw=y) for i = 1 to p must be equal to 0 after the optimization process (Appen-
dix 2), where x is the total number of operations in the process. In accordance
with the zero-sum property, the algorithm is optimizing the integers 4; by “ex-
changing” small changes A(f) among products. All exchanges are done follow-
ing the financial principle “Buy low, Sell high”. One exchange is characterized
by two operations: 1) adding (“buying’) a small change to the product i € [1;p]
with the lowest cost for an additional A(f), and 2) removing (“selling”) a small
change from the product j € [1;p] - { i } with the highest saving for one A(p) less.
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Thus, the optimum is found when the lowest cost for an additional A(f) is higher
than the highest saving for removing one A(f). In other words, the algorithm

stops when no more economically sensible exchange is possible.

To do so, the algorithm computes the cost of adding a small change and the
saving from removing a small change after each exchange anew. If r(a;, dp) " is
the function returning the t-value ¢; corresponding to a stocking-out probability o;
for df degrees of freedom, then the costs C; (A(f)) and savings S;(A(p)) for each

product are computed as follows (demonstration in Appendix 3):

(31a.) C.(A(B))=SE, -c,-[r(1—(B. +A(B))).df ) —1,]
(31b.) S,(A(B)) =-SE, ¢, -[r(1- (B, + A(B)).df ) - t,]

The total number of operations x can be calculated as follows:
)4

(32) x=) |4
i=1

From equation 30, one can see that given Bicpy and CSLue, 4 increases as
A(p) becomes smaller. Hence, with equation 32, the number of operations x and

thus the computation time increase as the model accuracy increases.

Once the globally optimal solution X is computed such that for i=1 to p, Xicopy
e R*, the decimal quantities are optimally converted into integers to satisfy the
integrality constraint (equation 27). More details are provided in Appendix 4. A
screenshot of the optimization model user interface is provided in Appendix 19.

5.4. User Interface and Maintenance

5.4.1. Working with the System

As defined in the system requirements (see 5.1.1), a fully automated system
has been programmed to enable an easy utilization, achieve quick results and
avoid errors. The system is composed of a series of sequentially interrelated
MS Access Databases and MS Excel Files. The data transfer from one file to
the next is automated and is launched via a user form popping up when open-
ing a file (see examples in Appendix 17). All operations to be done within a file
are also controlled via user forms. Additionally, each file contains a detailed
help form were each step is explained in detail and where the user can learn

"9 This function corresponds to the TINV function of MS Excel.
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more about the statistical concepts and forecasting techniques (see 2.2 and
2.3) he or she is using. A user's handbook® has been written for the EFP
GmbH, which provides detailed guidance about the procedure that needs to be

done monthly, or, for certain activities (e.g. method allocation), periodically.

The optimization process time from the downloading of the raw data out of
MFGPro to the uploading of optimized material inventory quantities back to the

production system has been measured as presented in Chart N.

Chart N: Optimization Process Time |

The process only requires one employee. The times are indicated as follows:
> min (10) Forecasting and Optimization

Effective User Operating time time for 100 products

The effective user operating time is the time the user is actively executing the process. The
forecasting and optimization time is the time required for the computation of the forecasts
and then the optimization (in the example, 10 min per 100 products). During this time, which
is indicated to the user in a status bar, the user may complete other tasks in parallel.

Simple Procedure Extended Procedure
Familiar 5 min (10) 20 min (15)
Not Familiar 20 min (10) 40 min (15)

Note:
An employee is said to be familiar with the process when he does not need to consult the
handbook or help forms anymore.

The simple procedure to be done monthly consists of updating demand data, computing fore-
casts, and optimizing inventories for the products currently selected in the model, using cur-
rent cost data and forecasting methods. The extended procedure additionally comprehends a
new product selection, a cost update, and a new forecasting method allocation. Although the
extended procedure may also be done monthly, the user may choose to do it quarterly or
every half-year, depending on the degree of reactivity he desires with regard to changes in
product characteristics and bias.

5.4.2. Maintaining the System

The monthly and periodical update of data (i.e. demand, forecast, cost) is part
of the optimization process itself. Maintenance as such is reduced to the occa-
sional deleting of old data from the MS Access Database (as recommended:
older than 40 months) in order to limit the database size and thus reduce the
operating time. Also, the validity of the model itself should be monitored annu-

ally, using the method described in Chapter 6.

2 An extract of the User’s Handbook is attached in Appendix 18.
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5.5. System Limitations — Areas for Improvement

5.5.1. Constraints Limitation

The optimization algorithm has been programmed based on the non-linear op-
timization model as defined in Chapter 4 (see Chart |). Any additional con-
straints to be added (such as the storage volume constraint, see equation 28b)

would require a prior upgrade of the algorithm.

5.5.2. Variables Limitation

To avoid excessive computation times, the algorithm has been limited to 2000
variables, i.e. 2000 different products can be selected for the optimization. In
total, about 3500 different products have been sold to LBH in the past two
years. The model is, by design, only sensible for drop-in products (with a me-
dian order time of maximum ten days) which are ordered several times a year
(see 4.2.). This is the case of about 10% of those items. Thus, this limitation has

actually no practical consequences if limiting the model to LBH products.

5.5.3. Customer Limitation

For now, the model was designed and implemented for LBH products exclu-
sively, as initially defined by Management in the project requirements. This
makes sense in that LBH is the biggest customer on the one hand, and the cus-
tomer with the highest proportion of drop-in products on the other hand. Yet, the
effect on the total CSL (which is already significant, see 3.1.2) could be further
increased by extending the model scope to all drop-in products. Both the fore-
casting and optimization modules would not require any changes for this exten-
sion. However, the raw data would need to be filtered directly in MFGPro, as the
currently downloaded text file does not contain all necessary information about
all customers. Also, one must bear in mind the potential constraint of the limita-

tion of the number of variables to 2000 (see 5.5.2).
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6. Model Evaluation and Validity Monitoring

6.1. Model Evaluation
The model evaluation is based on the same assumptions than the model itself
(see 4.4). The model validity is assessed with a statistical hypothesis test (see
next section) run over the test period from July 2006 to June 2007. Then, the
real CSL is compared with the historically simulated CSL that would have been
achieved using the model over the same period. Unfortunately, the real inven-
tory costs corresponding to the materials for the products of the model cannot
be determined historically from the EFP’s information systems. Instead, a simu-
lation made with the optimization model was used to determine the average
cost/service function. From this function, an estimate of the inventory costs of

capital (see equation 1) with and without using the model.

6.1.1. Statistical Hypothesis Test

The five steps of a hypothesis test are described in Chart D, section 2.2.5. This
same structure is followed here.

The hypothesis that needs to be tested here is whether the average customer
service level achieved over time using the model is equal to the target customer
service level that the user has defined (here CSLiuee = 80%). Thus:

(33.) H,:ptoy =CSL,.. ,and H,: t., #CSL

target target

where ., 1s the mean customer service level of the population (i.e. the mean CSL
over an unlimited period of time in the future)

The model validity shall be tested at a confidence level of 90%, i.e. a 10% al-
pha-error of rejecting the null hypothesis ( Hy) although it is true is accepted. As
the hypothesis is assessed using a small sample of twelve data points and the
population standard deviation is unknown, a t-distribution with eleven degrees
of freedom is used rather than a normal distribution (see 2.2.2). Thus:

(34) @=0.10,and 1., =1 g yo = 1.8

Consequently, the null hypothesis will be rejected if the sample statistic (i.e. the
average customer service level obtained with the model over the twelve-months

period from July 2006 to June 2007) is smaller then —1.8 or greater than 1.8.
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Be t..mpie this sample statistic. Then the decision rule can be written:
(35.) Reject Hyif t ¢ [-1.8;1.8]

sample

The period July 2006 to June 2007 is the only time frame available for perform-
ing the hypothesis test at this point in time, for historical demand data neces-
sary for the forecast computations are not available for prior periods. Also, this
is a first time assessment of a hypothesis about the mean CSL of an infinitely
growing population (one data point is added each month). Thus, the “sample”
period actually corresponds to the whole population at this point in time, but in-
ferences about the model validity shall be made for the future (i.e. for a larger
population). Though this sample is not clearly random, there is no sampling er-
ror either: it is simply the first sample of twelve data points that can be made out
of the population to be observed. It is however important to monitor the model
validity regularly (e.g. annually) by then picking randomly for instance twelve

months among all past months (more about this procedure under 6.2).

Chart O summarizes the results of the historical simulation (more information
about this simulation is provided in Appendix 20), i.e. it lists the CSL that would
have been obtained in each month from July 2006 to June 2007 if the model
had been used. Using equation 5b, we compute the mean CSL of the sample:

(36.) CSL=--3CSL, ,here: CSL=0.8141 (see Chart O)
n iz

Using equation 6b, we also calculate the standard deviation of the sample:

n

> (CSL, - CSL)?

37) s=1*= " , here: s =0.0861 (see Chart O)
n —

Chart O: Simulated CSL from July 2006 to June 2007 \

06-07 0.8571 07-01 0.8113
06-08 0.9388 07-02 0.8679
06-09 0.8265 07-03 0.8396
06-10 0.7245 07-04 0.8774
06-11 0.6122 07-05 0.8396
06-12 0.7347 07-06 0.8396
Mean 0.8141

Std Dev 0.0861




The sample statistic ... IS then simply computed by applying equation 11b to
equation 10b (the standard deviation of the sample is used to approximate the

unknown standard deviation of the population):

(38)  tompie = % , here: ¢, = % =0.5673 (see equations 36/37)
n V12

Assessing the sample statistic with regard to the decision rule (i.e. 0.5673 € [-
1.8; 1.8], see equation 35), the null hypothesis cannot be rejected based on this
sample evidence. In other words, the validity of the model is not called into
question based on the first twelve months data.

A hypothesis test does not allow to draw the conclusion that the null hypothesis
is true (Hanke / Reitsch, 1995) when it cannot be rejected. The model appears to

be valid, but a regular assessment of its validity is recommended (see 6.2).

6.1.2. Historical Comparison of Real and Simulated Data

6.1.2.1. Reported CSL vs. Model Adapted CSL

As discussed in section 2.1.4, the CSL computation for corporate reporting dif-
fers from the CSL computation done by the model. In the model, for each prod-
uct, the total monthly demand is considered as one single order (see 2.1.4.2).
This assumption is necessary for the optimization process, given that it cannot
be foreseen on how many orders the demand is split in a given month. How-
ever, as was defined early on, the CSL as reported on EFP’s balanced score-
card is computed on order basis, i.e. it represents the percentage of orders
timely delivered (see 2.1.4.1).

The simulated CSL values of Chart O were computed according to the model
adapted definition (see 2.1.4.2), as the validity of the model must be assessed
using values computed in the same fashion than the model does for optimizing
(see blue line in Chart P). However, it is of interest to verify, beyond the model
validity, if the so obtained CSL values are approximately close to the values that
will ultimately be reported. Indeed, when Management indicate the customer
service level target as a model parameter, they have in mind the reporting defi-
nition and not the adapted model definition.
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The results of the historical simulation (plotting comparatively the customer ser-
vice levels that would have been obtained according to each of the two defini-
tions) show that the differences that may arise between both approaches in sin-
gle periods offset each other over time (see Chart P). The reported CSL is even
less subject to variation around the target CSL here defined as 80%. Thus, the
difference of definition between reporting and model is irrelevant in practice.

Chart P: Difference Between Reported and Adapted Model CSL

Comparison of the Simulated CSL as Reported and as

Computed by the Model (July 2006 to June 2007)
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6.1.2.2. Real CSL vs. Simulated CSL

For comparing the real CSL (i.e. the CSL that has been obtained in reality for
the observed products over a given period) with the simulated CSL (i.e. the CSL
that would have been obtained for the observed products over a given period), it
is important to use the same definition for each value. To do so, both the real
and the simulated CSL have been computed according to both CSL definitions

discussed in the prior section, and plotted on two graphs (see Chart Q).

In both cases, the model would have helped the EFP GmbH to achieve a sig-
nificantly higher CSL than the one actually obtained. The difference is the
greatest when assuming that the total monthly demand for one product corre-
sponds to a single order (then the model outperforms current results by 41% on
average). Indeed, while this total-demand-approach is the focus of the model,
EFP concentrates on its own definition, i.e. on delivering orders on-time. Yet,
even then, the model maintains a healthy advance of 19% on average, with
much steadier results on top. This analysis also shows that, whereas the focus

on the on-time delivery of total demand triggers similar levels of customer ser-
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vice in the order approach (see 6.1.2.1 and Chart P), the focus on the on-time
delivery of single orders does not at all imply similar levels of customer service
when considering the total monthly demand (red lines in Chart Q).

Chart Q: Historical CSL. Comparison
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6.1.2.3. A higher CSL: at what cost?

It has been established that the model appears valid in that its output quantities
produce, on average, the defined target CSL (see 6.1.1), be this target measure
defined by reporting standards or in the model focus (see 6.1.2.1). The prior
section has shown that, using the model, a significantly higher level of customer
service could have been achieved over the past year. However, it is well known
from the early stated dilemma (see 1.1) that a higher CSL generally comes at a
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cost. The purpose of this section is to estimate, if any, the additional ICC in-
curred, corresponding to the increase in CSL that could have been achieved.

The information systems at EFP do unfortunately not allow to retrieve the mate-
rial inventory value at the beginning and at the end of each period for the LBH
products selected for the model. As these data would be necessary to compute
the real ICC (see equation 1), real ICC data are not available.

However, an estimation can be made by extrapolating the cost/service curve
obtained from a simulation in which the optimization was run for different target
CSL, between 60 and 96% (see Chart R), for each month of the test period.

Chart R: Average Monthly Material Investment / Service Curve (June 06 - July 07)
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Inventory Euros

This graph visualizes the necessary average material investment (i.e. inventory
at the beginning of a month) for assuring a given level of CS. The curve is ex-
ponential and can be approximated by the equation displayed above. Its shape
can vary monthly according to the number of products considered in the model
and their material costs, the demand forecasts, and the respective standard
errors. Here presented is the curve of average costs over the considered test

period.

The simulation results presented in detail in Appendix 21 show that the average
percentage (in value) of the initial material that would be sold over the month is
42%. Assuming a yearly capital return rate of R=20%, the annual ICC that
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would have been incurred using the model with a target CSL of 80% is, applying
equation 1:

(39.)  ICCyg g0 =20%- (78,080 - = €12,338

42%-78,080)
It was established above that, when using the model, the achieved average
customer service levels computed using the reporting and the model adapted
definition are fairly equal over time (see 6.1.6.2). Assume Management had de-
fined a target CSL of 60% as the optimization constraint. The model being valid
(see 6.1.1), a CSL of about 60% would then have been achieved over the test
period (i.e. a value that is close to the real reported CSL of 63.83%, see Appen-
dix 20), independently on the CSL definition.

Assuming that the average portion of the initial material stock sold over the
month stays constant at 42% independently of the target CSL, the annual ICC
corresponding to a target CSL of 60% can be computed using the correspond-
ing material investment from the cost/service (i.e. € 31,278) curve in equation 1:

= €4,942

(40.)  ICCrg_qoq =20%- (3 1,278 —- 42%—51’278j

However, this value corresponds to the minimal ICC under optimized conditions
(i.e. ordering the optimal quantities defined by the model). For producing a real-
istic estimate of the real average monthly ICC over the period, additional costs
need to be added. These comprehend first of all the costs caused by the ran-
dom (i.e. not dependant on standard errors and material costs) determination of
(security) stocks, leading to a sub-optimal allocation of resources in comparison
to the model optimum. A Monte-Carlo simulation with 50 iterations, in which ma-
terial quantities were randomly defined such that the expected CSL is equal to
60%, produced an average monthly initial material investment of € 124,298 '
(Appendix 22), i.e. way more than the optimized cost for a target CSL of 80%.

Additionally, one must bear in mind all the side effect costs of material stock-
outs, such as costs from production inefficiencies, express shipping costs, etc.
(see Chapter 3). Although part of these costs would subsist even when using
the model (as for a target CSL of 80%, still 20% of stock-outs are accepted),

they would be much reduced.

#' The simulation was made for the month July 2006.
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To sum up, the real level of customer service obtained so far (i.e. 63.83%) could
have been achieved for almost € 7400 less in ICC (see equations 40 and 39).
Put differently, it is a founded guess to assume that, for approximately the same
or even less than the current real costs, a CSL of 80% can be achieved thanks
to the model.

6.2. Model Validity Monitoring
6.2.1. Annual Validity Hypothesis Test

The hypothesis test (see 6.1.1) demonstrated that the validity of the model is
not called into question. Yet, this is not enough to assure the model will be valid
indefinitely. A regular (at least annually) monitoring is thus required. To do so, a
hypothesis test similar to the one described above can be conducted using the
‘ModelEvaluation’ Excel File. This file automatically performs the test when
given the following input:

e the null hypothesis (i.e. here the target CSL)

e the level of significance (allowed alpha-error) , and

e the simulated CSL obtained in twelve randomly selected months

The selection is to be made among all the months between July 2006 and the
last month for which the model has been used when the validity hypothesis test
is to be conducted. The ‘ModelEvaluation’ file contains a randomizing function
that can do a random selection of months for the user.

Each month, when uploading the optimized material quantities from the ‘Optimi-
zationModel’ file to MFGPro, these data are also transferred to a storage sheet
in the ‘ModelEvaluation’ file. For the twelve months randomly selected, the user
will have to load the real demand for the products then in the model scope ei-
ther from the MS Access Database or directly from MFGPro. Optimized quanti-
ties and real demand are then compared to compute the simulated CSL for
each month. The twelve data points so obtained constitute the random sample
used to perform the hypothesis test. If, based on the test, the model validity is
called into question (which is not expected though), the model design would
have to be reviewed.

6.2.2. Practical Validity / Applicability Test

Besides the fundamental validity of the model as designed, the practical validity

(i.e. relevance) is also important. Indeed, as in every model, simplifying as-
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sumptions had to be made that can have significant effects on the real impact
the model may have on the CSL. For example, a central assumption of the
model is that, if and only if the material is on hand on the day of an order entry,
this order will be delivered on time. However, in reality, there might be other
factors that impede on-time delivery (e.g. a production bottleneck), or that en-
able on-time delivery even if the material was not there (e.g. shorter material
lead times). Also, cross-product material cannibalization (see 3.2) may remain a
problem. Indeed, the model is concerned with an isolated number of products.
However, the materials used for these products are also used for other products
not being considered. Thus, if part of the material planned for products within
the model scope is used for products out of the scope, then the CSL achieved
for the products of the model will dump. To prevent this, the “reservation” of ma-
terial could be a solution. However, the negative effect of reservations for orders
not yet entered is that, if demand is ultimately under forecast, the material stays
unused on stock while other products are delivered late. Which way to go is, in
any case, still a Management decision, the present model only constituting a
tool to support it.
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7. Conclusion and Critical Outlook

The model presented in this study has been designed to the particular needs
and data constraints of the EFP GmbH. It determines, for a definable set of
critical LBH products, the optimal quantities of material to have on stock of the
first day of the month #+3 (¢ being the month of last known demand), thus leav-
ing 60 days for replenishing the stock accordingly (Chapter 4).

As demanded, the model has been implemented in a totally automated informa-
tion system integrated in the current IT environment of the company. This sys-
tem is easy to use and produces results relatively quickly, requiring five to forty
minutes a month of active handling and no more than fifteen minutes of compu-

tation time per one hundred products to be considered (Chapter 5).

If applied consistently, the model is expected to help the EFP GmbH to increase
its customer service level for critical (drop-in) products ordered by its biggest
customer LBH by 20% to 30% on average, without increasing total costs. The
CSL for LBH may consequently, depending on how many products are consid-
ered in the model, increase by 10 to 20% (Chapter 6). Knowing the 1 : 0.25 re-
lationship between the total CSL and the LBH CSL, the global impact of the
model the EFP’s CSL is expected to be an average increase of up to 4%. Be-
sides, the model scope may be extended from LBH drop-in products to all drop-
in products, in order to increases the global impact on the CSL (Chapter 3).

However, it must be highlighted that the model is based on several simplifying
assumptions that might, to varying extents, differ from real conditions. While the
model is focusing on the issue of unplanned drop-in orders as a major cause of
material stock-outs, it is not concerned with adjacent problems that were identi-
fied as factors for late delivery. In particular, it will be important for the EFP
GmbH to look for new suppliers in instances where the existing ones have
reached their capacity limit, and to extend the range and quantity of products
kept on consignation to enable a higher flexibility in managing operations.

Also, it must be kept in mind that the goal of the present paper is to improve the
CSL as defined by the EFP GmbH. Related goals such as reducing the back
order value and reducing inventory days did not lie in the project focus.
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Appendix 1: The Optimal Solution satisfies CSL.x, = CSLarget

Demonstration:

Demonstrate that, for any expected customer service level superior to the target
customer service level, the inventory costs are higher than then when the expected
customer service level equals the target customer service level.

Note:

df degrees of freedom

Xi quantity of product i to be on stock on the beginning of the observed month
Y; demand forecast for product i

SE;  standard error of the forecast for product i

Ci material unit costs of product i

Be «; the probability of stocking out of material for product i in the observed period.
Then, by definition, we have (see 4.1.1)%:
p(dfﬂj L

2 P T (1+ij ’ t
af 'x-F[gj h a9

1@ o, =P, <t<oo)=g(t,,df )=

Be £, the probability of having enough material on stock for covering the demand for
product i over the observed month. Then we have:

(2) ,Bi =1— a;

From equations (1) and (2), we deduce that f; is positively related to #;, i.e. that f; in-
creases if t; increases.

We already know that (see 2.2.2):

X -7
3 t = i i
@ =g

From equation (3), we see that ; is positively related to X;, i.e. that ¢; increases if X;
increases. Be CSL,,, the expected customer service level for the observed month:

@ CSL,, =

W

1

1.
Y
Thus, if we define Ai(f) as a small change in f;, and A(CSL.,) as the corresponding
change in the expected level of customer service, we obtain:

5)  ACSL,) =%Ai<ﬁ>

% This function corresponds to the TDIST function of MS Excel (TVERT in German).
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Equation (5) implies:

6 [ACSL,,)>0= iAl_(,B) >0

i=1

P
A(CSL,,)<0= > A (B <0

i=1

The material unit costs of product i are always strictly positive, i.e. ¢; > 0. Be Ay(X) a
small change in X;, and C(Ai(X)) the material cost of the change. Then, we have:

(7)  Givenc;>0, [A(X)>0= C(A,(X))>0
{A[(X) <0=C(A,(X))<0

P
Be A(ZciX[)the change in total inventory costs corresponding to the change
i=1

A(CSL, )in the expected customer service level.

‘eXp

From the above, we conclude that:

(8a)
A(CSL,))>0= iAl_(,B) >0= iAi(X) >0= iC(Ai(X)) >0= A(icl_Xi) >0

(8b)
A(CSL,,)<0= iAl_(,B) <0= iAi(X) <0= iC(Ai(X)) <0= A(icl_Xi) <0

i=1 i=1 i=1 i=1

Assume CSL,,, is such that 1 > CSL,,, > CSLiurger

Be A(CSL,,,)the change in the expected customer service level such that CSL.y, =
CSLmrget-

Then this change is negative, as we need to reduce CSL.,,:

A(CSL, ) = CSL

exp target

)<O:>A(Zp:ciX[) <0

i=1

~CSL,,, = A(CSL

exp

Conclusion: from (8b) we see that any possible reduction in CSL,,, leads to cost
savings. Thus, any CSL.,, > CSL. is not cost-optimal, QED.
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Appendix 2: The optimal probability of not stocking out Bip is
an integral number of small changes away from CSL,ge:

Demonstration:

a) Show that if, for each product i € [1;p], the probability g; of not stocking out is set
equal to the target customer service level CSL,.., the solution belongs to the feasi-
ble area.

b) Be Ay(f) a small change in the probability g; of not stocking out of product i in the
observed month. Demonstrate that, for each product i, the optimal probability S, Of
not stocking out is an integral number 4; of small changes Ay() away from the target
customer service level CSLiyg:.

c¢) Show that, when the optimal solution is obtained, the sum of the integers /; for i=1
to p is equal to zero.

Note:
df degrees of freedom
p number of products in the model
Xi quantity of product i to be on stock on the beginning of the observed month
Y; demand forecast for product i
SE;  standard error of the forecast for product i
Ci material unit costs of product /
Part a)

It was shown in Appendix 1 that the optimal solution must satisfy CSL.., = CSLurger-
Let’s set the probability of not stocking out ; of each product equal to CSL;4ge-

1) Viell;pl, B =CSL

target

We know that:

1 )4

2 CSL,,=— ) B
P =

Thus, with (1) in (2):

3) CSL,, = L CSLy s = CSLy g (QED)
p

Conclusion: Setting all #; equal to CSLy.,.: is a feasible solution with regard to
the optimality constraint demonstrated in Appendix 1.

Part b)

If Biopr) is the optimal probability of not stocking out of material for product 7, then there
exists a residual real number ¥, € R such that:

o 7
() ,Bl.(opr) =CSL, .. + 7, With Vie [I; pl. 7, E]g[ﬁ,df] —CSL, g 31 = CSL,
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A

—Y
where g(S—E’ df J is the probability of stocking out when X; = O (minimum probability).

i

Be A, € Zan integer and be A,(f)<]0;1 - CSL,

rager | @ SMall change in Bi. Then ¥, can
be approximated by:

5) v, =A A (B)+¢€;, with € € Rrepresenting the approximation error

Be 6 the residual (decimal part) of the division of ¥, by A,. Then & =6, - Ai(f).

Ai(f) determines the level of accuracy of the approximation, as the approximation error
tends toward zero when A;(f) tends towards 0.

(6) lim 6, -A(8)=0 = lim & =0

1

A (B)—0 A (B)—0

Be Ai(f) = Ax(f) = ... = Ay(B) = A(P). Then A(B) determines the level of accuracy of
the model, as the smaller A(f), the smaller the approximation errors &; will be, and the
closer the solution will be to the optimum.

Assuming an infinitely high level of accuracy (A(f#) — 0), we can approximate the op-
timal probability ;.. by applying (5) and (6) in (4):

(7) ﬁi(opt) = CSLtarget + ﬂ’i : A(ﬁ) s

_y
with Vie [1; p], A - A(B) €] g[s—i,df] ~CSL,,0s1 = CSL, [ (QED)

Conclusion: In other words, we know that the optimal probability f;,,, of each
product is an integral number of small changes A(B) (= 0) away from the target
customer service level CSL g

Part c)

Because fiop), i € [1;p] represent the optimal probabilities for each product i, and at the
optimum CSL, , = CSL,, we have, using equation (2):

target

1 P
(8) E z 1(0p1‘) targ et
P =

With (7) in (8), we obtain:

P P P
9) D ACSL, g + A - AB) =CSL, oy, = AB)- D A, =0=D 4, =0
i=1

i=1 i=1

= | =

with Vi€ [I; pl, 4, - A(B) €1~ CSL, ;1 — CSL, .| (QED)

target

Simply said, equation (9) means that for each small positive (A, =1) change +A(f)
made for a product i € [1;p], a small negative (/1]. =—1) change —A(f) must be made
for a product j € [1;p] — { i}, thus verifying 4, + 1, =0.
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Conclusion: When a solution is optimal, then the sum of the number 4;, i € [1;p],
of small changes A(pB) for all products is equal to 0.

skokeskokosk

Note:

P P
a)If Y 4 >0, then% N (CSLyyy + 4 - A(B) > CSL, 1, » €. CSLey > CSLiarger
i=1

i=1

target

p p
b)If D" 4, <0, thenl-Z(CSL

i=1 P =

+ A, -A(B)) < CSL 1.e. CSLeyy < CSLigrger

rarg et target

p

Thus, if z A, # 0, the resulting solution is either sub-optimal (a) or infeasible (b).
i=1

kskeskeskesk
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Appendix 3: Computation of the Costs/ Savings of Adding/ Re-
moving one small change A(B) and Global Optimality Definition

Demonstration:

a) Derive the formulas for computing the costs and savings of adding and removing
one small change A(p) for a given product i.

b) Demonstrate that global optimality is reached whenever the minimal cost of add-
ing a small change to one product exceeds the maximal saving from removing a
small change from another product.

Note:

df degrees of freedom

p number of products in the model

Xi quantity of product i to be on stock on the beginning of the observed month
Y; demand forecast for product i

SE;  standard error of the forecast for product i

Ci material unit costs of product /

bi probability of not stocking out of material for product i

A(B) small change in f;

A integral number of small changes added or removed from CSL;,.; for product i
Part a)

We defined the function g(#;, df)* which returns the probability of stocking out «; for a
given value of . Be r(a;, df) the function® returning the t-value #; corresponding to a
stocking-out probability a; for df degrees of freedom, such that:

3) gor=g(r(a,.df).df)=¢,
And:
4 reg=r(g(,.df).df)=t,

If p; is the probability of not stocking out of material for product i before an operation
(i.e. addition or removal of a small change A(f) from product i), then be f’; the probabil-
ity of not stocking out of material for i after this operation.

If the operation consists of adding a small change A(f) to product i, then:

(5a)  Bi=pi+APp)

If the operation consists of removing a small change A(f) from product i, then:
(Sb)  Bi=pi-Ap)

Also, be t’; the t-value after the operation. Then we have, using function r(a;, df):

6 ri=r(1-p54d

% This function corresponds to the TDIST function of MS Excel (TVERT in German).
2 This function corresponds to the TINV function of MS Excel.

74



Be Ai(¢) the difference between ¢’; and 7; , i.e. the small change in the t-value ¢; corre-
sponding to the small change A(f) in probability .. Then:

M A@=r-,

Using (6) in (7), we obtain:
6] Ai(t):r((l_ﬁ'i )’df)_ti

Be Ci(A(p)) the cost of adding a small change A(f) in S, to a product i, and S(A(f)) the
saving from removing a small change A(p) in £, from product ..

Be Ci(A(?)) the cost of adding the corresponding small change A(?) in 1; to a product i,
and S,(A(¢)) the saving from removing the corresponding small change A(t) in 7 from
product i.

Then:
9a) C,(A(P)=C,(A®))

9b) S, (A(B) =S (A®D)

We know that:

aoy 1 ="1""
" SE,

l

t; is the t-value corresponding to the quantity X; before an operation, and ¢’; the t-value
corresponding to the quantity X’; after the operation.
Be Ai(X) the difference between X’; and X; , i.e. the small change in the quantity X; cor-
responding to the small change A;(¢) in the t-value t,.

an Ai(X):X'i_Xi

Using (10) and (11) in (7), we obtain:

X'-¥Y X.-Y X.-X, AX
(12) Al(t): U r_ L [ i i l( )
SE, SE, SE. SE,

1 1 1 1

Be Ci(A(X)) the cost of adding Ai(X) units to a product i, and S(A(X)) the saving from
removing Ai(X) units of a product i. Then, ¢; being the material unit costs of product i,
we have:

(13a) C,(A(X))=c,-A,(X)

(A3b) S, (A(X))=—c,-A,(X)

Thus, using (12), (13a) and (13b), we have:
(14a) C,(A(t))=SE, -c, - A (1)

(14b) S,(A(#)) ==SE, -c, - A, (1)
Conclusion:

With (9a) and (14a) (resp. (9b) and (14b)), and introducing (5a), (5b) and (8), we con-
clude:
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(15a) C,(A(B)) = SE, -, -[r(1— (B, + A(B)),df ) —1,]
(5b) S,(A(B))=-SE, ¢, -[r(1- (B, + A(B)).df ) - t,]

These are the formulas used by the algorithm to determine the costs of an additional
small change and the savings from removing a small change after each operation.

Part b)

Definitions:

C(A(p)) is the cost of adding one small change to a product i (i [I [1;p]). The minimal
cost of adding a small change to any product is then:

min[C(A(5))]= min{C, (A(8));C, (A(B));...;C,, (A(B))} = min{C, (A(B)),i € [1; p]}

S(A(pP)) is the saving of removing one small change from product i (i [ [1;p]). The
maximal saving of removing a small change to any product is then:

max[S(A(B)] = max{S,(A(B)); S, (A(B));...; S, (A(B))} = max{S,(A(B)).i € [1; pl}

Assumption (A):

Assume that min[C(A(S))]> max[S(A(SB))], with the two following constraints satis-
fied:

targ et[

» =7
M\ Y 2, =0 and /2\ Vie [1; pl, 4, - A(B) e]g[s—é,df] ~CSL, g1~ CSL

i=1
Decision Rule:

Be TC the total inventory cost when assumption (A) is satisfied. If there do not exist any
integers 4" , i [J [1;p] such that the corresponding cost TC* be smaller than 7C and the
two model constraints be satisfied, then assumption (A) is the optimality condition.

Demonstration:

Be i a product of the model (i [1 [1;p]), then S(A(p)) is the saving obtained by removing
one small change A(f) from the current probability of not stocking out, known as ;.

In Appendix 1, it has already been demonstrated that the only way to reduce costs is to
remove a small change. If we remove one small change from product i, such that

—Y
Ay - A(B) > g (S_é’df J —CSL, yu (see constraint /2\)

then the total inventory cost TC* would indeed be lower than the cost corresponding to
the initial assumption:

TC*=TC-S;(A(p) =TC*<TC,

but the new state is not a feasible model solution, as constraint /1\ is not satisfied:

P )4
Aiwry =i —1 = 2/1;(;+1) = Z’iim -1
i=1 i=1
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)4
with assumption (A): = 2/1

i(1)
i=1

<0=CSL,,, <CSL

target

(t 1 Z being the operation®

index)
Thus, we would have to add one small change to another product j (indeed, adding a
small change back to i would make us return to the initial situation) such that

Ay - A(B) <1-CSL, (see constraint /2\)

target

in order to satisfy all constraints again:

target

P P )4
ii(t+2) = ii(t+l) +1= Zﬂ/i(,+2) = Zﬂ’i(H—l) +1= le(’) =0 CSLexp =CSL
i=1

i=1 i=1

However, with assumption (A), for any product j (j [ [1;p]), the cost for one more small
change noted Ci(A(p) is higher than the saving we just made on product i, noted
S(A(p), as:

min[C(A(B)]> max[S(A(B)]

Thus: CAAB) > S(AB) = C(AB) — S(AB) >0

From that, we deduce: TC* = TC - S; (A(f)) + C(A(B) = TC* >TC (QED)

It is consequently impossible to reduce inventory costs further if (A) is satisfied.

Conclusion:

Global optimality is reached when the minimal cost of adding a small change A(p) for a
product i € [1;p] is higher than the maximal saving of removing a small change A(p) for
a productje [1;p] —{ i}, provided both model constraints are satisfied:

P
e > 4=0=CSL,, =CSL

targ et
i=1

= CSL,,, > CSL

target

1

_y
. vz‘e[1;p],/1i-A(ﬁ)e]g(s—é,df}CSL,MgE,n—CSL,W[ =X, >0

% An operation is the addition or removal of one small change A(g) from a product.
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Appendix 4: Integrality Optimization

Demonstration:

a) Explain the two possibilities for converting decimal quantities to integers and de-
rive the constraint on the expected CSL after the integrality optimization as com-
pared to the expected CSL before the integrality optimization.

b) Derive the canonical integrality optimization model definition that the algorithm
must solve after having determined the optimal decimal quantities.

Part a)

In Appendix 1 we demonstrated that the global optimum allowing decimal quantities
satisfies the constraint CSLex, = CSLiureer The integrality optimization starts from that
point and either truncates or rounds the optimal decimal quantities X, i € [1;p], Xiopy €
R, thus affecting CSLexp.

Be X*), 1 € [1;p], X*0p) € N, the optimal quantity after the integrality optimization, and
be o; the decimal part of X;,,, such that:

1.) 0i= Xi(opr)_ Trunc (Xi(opr) ,0),

where Trunc is the function that truncates Xy, to its integral part, and J; € [0;1]

Then, to convert X;,,, into an integer, one can either remove ¢, from X, (i.e. truncate),
or add 1 — ¢, to Xj, (i-e. round up to the higher integer).

Thus, the optimal integral quantity for a product i is either one of the following:
(23.) X*i(opt) = Xi(opt) — 5[ (Truncating)
(Zb.) X*i(opt) = Xi(opt) +1- 5,‘ (Rounding)

Be t*, the optimal t-value after the integrality optimization.
Then, using the known t-value formula, we derive from (2a) and (2b):

” X itopt) 6, -7, .
(3a) 1%, = SE (Truncating)

* Xi(opt)+1_5i_ .
3b.) ¥, = SE (Rounding)

Be %, the optimal probability of delivering the demand for product i on time after the
integrality optimization.

S

X, =Y
Recalling that 7, =—%> " and 3, = 8ty df ), We see that:

ilopt) — i(opt)
SE,
o * *
(4a.) When truncating: ¥ op < tiopy = B Fiiopry < ﬂ;mm
o * *
(4b.)  When rounding: t*opty 2 Litopy = Jii iopt) > IBi(opt)

Be ¢, the gain/loss in probability from rounding/truncating the optimal decimal quantity.
(5 ® = ﬁ*i(opt) _:Bi(opr)
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We know that:
B

1

1 P
(6.) CSL,,, =—-

P =
Be CSL*.,, the expected level of CS after the integrality optimization.
Although it might not be possible to respect the global optimality condition CSLex, =
CSL..ree: fully when converting decimal quantities into integers, the deviation must re-
main such that:

(7)  CSL*,, >CSL,, = CSL*, > CSL

target

This is important for respecting the model constraint.

Part b)

We know that reducing the quantity on stock reduces the costs and vice versa.

Thus, each product i has a potential cost Ci(¢;) of rounding its optimal quantity up to the
next integer and a potential saving S(1 — ¢;) of truncating its optimal quantity down to its
integral part. At the same time, each product may cause a gain in CSLcy, of ¢; / p for
rounding or a loss in CSLey, of - ¢,/ p for truncating.

Equation (7) implies, using (6):

@8)

1 & 1 & 1 & 1 &

- ﬂ*i(opt) 2 _'Zﬂi(opz) = _'Zg(t *i(opt)’df) 2 _'Zg(ti(opr)’df)

P =l P =l P =l P =l

Be p, the number of products to be truncated and p, the number of products to be
rounded, such that p, + p, = p.

Be i, € [1; p] the products to be truncated and i, € [1; p,] the products to be rounded.

Using (3a) and (3b), the CSL*., equals:
9.)

1 & 1 & X +1—5ir—YA<

1 2 Xio _5iz_YAiz i, (o ir
2 i df) = D R A e Y s df)
i=1 =l i

it rodl ir

From equations (14a) and (14b) of Appendix 3, we derive:
9a.) C,(0,)=SE, -c, -0,
9b.) S,1-06,)=-SE,-c,-(1-5,)

Then integrality optimization model is thus defined by:

Pr Dy !
10) > S, (1-6,)+>.C, (6, )=min
i,=1

i=1

1 & Xi(oz)_5i _?i 1 & +1-
sd. —. Lo L df )+ —
D8 o If) D8l <

t d=1 it rood=l ir

X 5ir_Y\ir
,df)20

i, (opt)

This model is solved by the algorithm after the decimal global optimum has been com-
puted as described in Appendices 1 to 3.
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Appendix 5: Forecasting Bias Tests

Panel A: Tracking Signal (Confidence Interval)

Example of the hose SN647UC3PB

The demand forecasting errors e; over the period April 2006 to March 2007 using the
four-month moving average methods were the following:

Forecasting Errors Hose SN647UC3PB

2 0 /\ A

c o

o ] \ / \_/
-20 4

06- | 06- | 06- | 06- | 06- | 06- | O6- | 06- | 06- | O7- | O7- | O7-
04 05|06 | 07|08 09|10 11 |12 | 01 | 02 | 03
—o—ci 15 | 17 5 -2 | -23| -8 5 -2 3 -8 -8 -3

—|B |-23,9/-23,9|-23,9|-23,9|-23,9|-23,9|-23,9|-23,9|-23,9|-23,9|-23,9|-23,9
—UB |23,9|23,9|23,9|23,9/23,923,9|23,923,9|23,9|23,9|23,9|23,9

Fr