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Abstract

In this paper we test several forecast combination methadsdustrial demand and forecast data from a
semiconductor company. The tested combination methodisd@dour popular methods existing in the literature,
and new methods proposed in a companion paper. There areotemabts to be combined: a time series forecast
and a marketing forecast. According to the experiments baoimg different demand forecasts does help to improve
accuracy. The new combination methods proposed by auttawes Ibetter and more stable performance than the
others. The application of appropriate non-linear trameédions to the original demand and forecast data before
feeding it into the combination models is strongly recomdezh

Index Terms

Demand Forecast, Forecast Combination, Semiconductor

I. INTRODUCTION

EMAND forecasting plays an important role in manufacturimglustries and drives many core

business processes. In the semiconductor industry fdnegais even more critical than in other
manufacturing industries. Business cycles are volatileggeppressure is immense, and competition is
unrelenting. Again and again the top management is sugpbhbgeunexpected rapid market growth and
downturns. Some of the most important and difficult decisiomde by semiconductor companies are
based on demand forecasts. Examples include productianip tactical marketing, manpower planning
and capacity expansion. An effective forecasting systeaniti€al to the improvement of a manufacturer’s
competitiveness, revenue and profit.

However, the high volatility of demand in the semicondudtatustry makes forecasting challenging.
Moreover, it is believed in the industry that forecast aaecyris actually getting worse. According to the
survey conducted by Roundy [16], semiconductor manufatgucompanies express a fairly low degree
of satisfaction with current forecast errors, and an evevetodegree of satisfaction with the statistical
forecasting methods they are using. The most importanbnsafor this may be an increasingly complex
business environment, increased market fragmentationtested product life cycles, and rapidly-changing
technology.

This paper addresses an important opportunity to improwecést accuracy - to statistically combine
multiple demand forecasts. In practice, numerous forecaslis expert opinion, are available to decision
makers. In such a situation, it is difficult to decide whiclieftasting model or expert will provide the
best forecasts. One motivation for combining forecastshess to avoid the priori choice of a single
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forecasting method. Different forecasting methods oftexdeh different aspects of the business and make
use of different types of information, and are based on mhffeassumptions. Thus, it would be naturally
desirable to combine forecasts from time-series, judgésmheand econometric methods and to use data
from independent sources such as consumers, producetitengtand experts. Also, a combined forecast
can function as a risk pooling device, just as investorsterd@ersified portfolios to reduce risk. Combined
forecasts are believed to have a smaller risk of an extretagle error than individual forecasts. In both
academics and industry, combining forecasts is considespdcially useful if the individual forecasting
methods are different, and if they draw upon different sesirof information.

In general, following forecasts are available to managersemiconductor companies.

. Time series forecasts, based on statistical models.

. Judgemental forecasts from different sources, such asddlags Sales or third party experts.
« Forecasts provided by customers.

« Firm orders placed well in advance of delivery dates.

« Econometric forecasts, normally at the product family leve

Although the methods described here clearly have appdieatin other domains, we currently focus on
short-term demand forecasts which are used to drive prmofueind to support other tactical decisions.
These forecasts are typically made at the part level, andllysiave planning horizons of 1-6 months
into future.

The paper is organized as follows. In Section Il we brieflycdss the forecast combination methods
tested in the experiments. A summary of the characterisfitise industrial data set, and the results of our
computational experiments, are given in Section Ill. Thenpatational results are done in three phases,
and they are followed by our recommendations. In Section B summarize and point out potential
future research directions .

[I. COMBINATION METHODS

In [17] we propose a forecast combination framework andveeiour different combinational methods
by using different weight estimation and forecast selectechniques. Only a brief description is provided
here. Interested readers are referred to [17] for more Idetai

We assume that
y=X3+e¢

wherey is ann x 1 vector of historical demand in periods..n, X is ann x k historical forecast matrix,

[ is ak x 1 vector of unknown weights andis ann x 1 vector of errors with distributioniV (0, o).

A set of linear constraints is applied when we estimatemamely0 < f <eandl —§ <e&'f <1+,
whereJ is set to bel/4 ande is a vector of ones. The use 6f> 0 accommodates a limited amount of
bias in the individual forecasts. An indicator functigf(3) is used to represent these constraints. It takes
value of 1 when all constraints are satisfied, ahdtherwise.

The combining weight$} are estimated in a Bayesian approach. The priors are

p(Blo) o< N(p, a*V)q(B)

and
p(o) oo,



where N (u,0%V) is a multi-variate normal density with megn = [ ... 7]’ and covariance matrix
oV = o2k*(X’X) L. Applying Bayes theorem and integrating overthe posterior distribution foB

is p(Bly), a multi-variatet distribution truncated td5 : ¢(3) = 1} (see [17] for a derivation). Two
estimation techniques are proposed. One is to take therfwsteean of3, which requires Monte Carlo
integration because of the impact of ¢f3) on p(5|y). The other one is to get a Generalized Maximum
Likelihood Estimate ofs based onp(/3|y), which is essentially a constrained quadratic minimizatio

problem. We refer to these two techniques as Epost and GMtdpectively.

In addition to the estimation of, we also propose two approaches to model selection, whithisn
context means deciding which individual forecasts to usenfla set of available forecasts. This is not
considered by most combination methods in the literatuhe Basic idea of the first selection approach
is to find a best from a set of sub-models whose performandedeikriorate more than a threshold
when any forecast in that sub-model is dropped. We call itEhenomic Significance test. The second
one is Bayesian Model Averaging (BMA), which takes an averagellosub-models, weighted by the
corresponding posterior sub-model probabilities.

Besides the above methods proposed by the authors, four ettsting combination methods are also
considered in the experiments. There exist many methodweititerature, ranging from the robust simple
average to approaches that are far more theoretically @nplich as state-space methods that attempt
to model non-stationarity in the combining weights. Acdogdto an extensive survey by Clement [9],
simple combination methods often work reasonably welltretato more complex combination. The four
methods we choose are simple to understand and implemdnadépt the linear formulation where a
vector, f, of k individual forecasts are combined via a linear weightingteew to obtain a combined
forecast, ad. = w'f.

. Simple Average: Assign equal weight to each individual éast. This approach has the virtues of
simplicity and robustness. It has consistently been thacehof many researchers. Many studies
provide strong support for this method (see Clement [9]). t&ufl2] identified analytically the
conditions under which the Simple Average outperforms Mumin Variance and OLS, which will be
discussed later. A possible answer to the success of Sim@eage may rely on the instability of
the combining weights, which results from unsystemationges over time in the covariance matrix
of individual forecast errors.

« Outperformance Probabilities: This method is initiallyoposed by Bunn [7]. By this method, each
individual weight is an estimate of the probability that rsspective individual forecast performs
best on the next occasion. Each probability is estimatedhedraction of occurrences in which the
respective individual forecast has been the best in the pas is a robust, nonparametric method,
which performs well when there is relatively little histoai data.

« Minimum Variance: The combining weights are calculated idep to minimize the variance of the
error of the combined forecast, assuming that each inditlrecast is unbiased. Specifically, the
weight vectorw is determined by

S—le

e'S-le
wheree is a vector of ones anf8 is the covariance matrix of individual forecast errors. &\ss
generally unknown in practice, this method requigeto be properly estimated. Bates and Granger
[4] suggested five procedures to estim8teln a finite sample of typical size, sampling error and
collinearity among individual forecasts contaminate tegneate of combining weights. Thus, while
one hopes to reduce out-of-sample forecast mean squad(BIEE) by combination, there is no
guarantee that this will happen in practice.

o Ordinary Least Squares (OLS): In this method the individieaecasts are used as regressors in
an ordinary least squares (OLS) regression with a cons&nt. tGranger and Ramanathan [11]



TABLE |
DESCRIPTIVESTATISTICS FORDEMAND AND FORECASTS OF3 PRODUCT FAMILIES

Description Statistics Range across parts
Family 1 Family 2 Family 3

Volatility of demand std(Dem)/mean(Dem) [0.57 5.39] [0.61 4] [0.88 4.96]
Ability to forecast well correlation(Dem,TS) | [-0.79 0.73] [-0.48 0.83] | [-0.52 0.56]

correlation(Dem,Mkt) [-0.75 1] [-0.28 1] [-0.37 0.98]
Multicollinearity among forecasts correlation(TS,Mkt) [-0.56 0.98] [-0.82 0.86] | [-0.59 0.70]
Forecast variance diversity std(TS)/std(Mkt) [0.0016 7.74] | [0.008 12.84]| [0.004 1.86]
Forecast error correlation correlationérs,enrkt) [-0.43 0.94] [-0.69 0.91] | [-0.18 0.77]
Error variance diversity stders)/stdenrx:) [0.0019 27.98]| [0.037 10.45]| [0.009 5.06]

showed that if the individual forecasts are biased, thishogtis better than the Minimum Variance
method. Granger and Ramanathan’s suggestion has beensdidcasd contested theoretically (see
Clement [8], Bordley [5]) and empirically (see Holden and H&8], Aksu and Gunter [1]). Recently,
MacDonald and Marsh [14] reported that the presence of anhiat biases in individual forecasts
led them to use OLS regression to combine exchange rateafigec

I1l. EXPERIMENTS ONINDUSTRIAL DATA
A. Summary of the Industrial Data

The industrial data was obtained from a large semiconduntmufacturing company with confidential
information disguised. The time span is from Jan. 2000 to R@802. There are 3 different product families.
Hereafter they are referred as Product Family 1, 2 and 3. Rytigére are 230 different parts in Product
Family 1, 80 in Product Family 2 and 45 in Product Family 3. &ttat not every part exists throughout
the 3 year time span. Some entered the market after Jan. 2@08oane were discontinued before Dec.
2002. For each part, historical monthly demand and two hcstbforecasts were made available to us.
One forecast, called TS, is generated by a statistical tienes model, and is consequently a function
of historical demands. The other one is a marketing fore@adled Marketing). It is based on customer
and sales representative forecasts, with adjustments madearketing executives. Both forecasts were
provided with forecast lags df, 2, 3,4, 5 and6 months into the future. Unless otherwise noted, data given
in this paper refers to an average over all forecast lagsirfaihe case of Table I, the union over all
forecast lags).

Table | provides some descriptive statistics on the dityersi the demand and forecast data. These
statistics include the volatility of the demand, the prédecability of the TS and Marketing forecasts, the
multicollinearity of the TS and Marketing forecasts, andesal other interesting diversity measures. Table
| indicates that for the industrial data in the study, thesasures span wide ranges. As expected, demand
volatility is high. Neither forecast is able to predict derdaas well as one would like. The relationship
between the TS and Marketing forecasts is complicated.

Some combination methods, such as OLS, require a minimunuainod historical data to generate a
forecast. In order to make them start to generate combineddsts from the first time period, we assume
that these methods use equal combining weights whenever thenot sufficient historical to make an
estimate. This is reasonable because equal weights areitnebplief abouts. Once there is sufficient
historical data, these methods start to create their owmatss.



B. Accuracy Measurement and Transformation

In our experiments, two forecast accuracy measurementacimgted. The first one is Mean Absolute
Error (MAE), defined as

I is the total number of partd; is the total number of time periods for partA;; and F;; are actual
demand and forecasted demand in time petiddr part i, respectively. Because MAE sums forecast
errors directly, it is dominated by the forecast accuraayddew parts with high demand volume. To
enhance intuition and protect confidentiality, the ratioMAE and the average demand per period is
actually reported. The average demand per period is compugmg the same formula used for MAE,
with all forecasts equal to zero.

The second forecast accuracy measurement is Geometric MdRelative Absolute Error (GMRAE),
suggested by Armstrong and Collopy [2]. They evaluate faEgecuracy measures on reliability, construct
validity, sensitivity to small changes, protection agaiostliers and relationship to decision making, and
recommend GMRAE. GMRAE is calculated as

~i=

(f[ RAE;)

=1
where .
_ XL A — Fyl
oy [Aiy — Gl
G, is another forecast for the demand of parh periodt, to which F}; is compared. In the following
experiments, the Time Series (TS) forecast plays the rol@;,0f GMRAE is a unitless measure which,
in contrast with MAE, assigns equal weight to all parts.

RAE;

The industrial data in this study has a high degree of skesyreesot of demands and forecasts that
are equal to zero, and other anomalies. Statistical rdseardinear regression indicates that a non-linear
transformation of the data may eliminate lack of fit problerBex and Cox [6] propose a systematic
method for selecting transformations. They suggestedyusia family of transformations

\ A_1)/N NAD
y<>:{l(gg(y))/ N

and choosing\ by maximum likelihood.

However, the maximum likelihood method proposed by Box and Gorot suitable in the current
experiment because they apply transformation only to theewnl@ent variable. In this experiment, the
independent variables (forecasts) are forecasts of thendiemt variable (demand). They are directly
comparable numbers. Transformation of the dependentblaradone would destroy this relationship and
make the constraints on the combining weights inappragariat

Since there are many zero demands and forecasts, the traasfn we adopt in this work is
y® = y” or y® =log(y + 9),

which is applied to both dependent and independent vasalls is pointed out by relevant statistical
research, picking a transformation is often a matter of &rad error. Different transformations are tried
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Fig. 1. MAE and GMRAE For Different Power Transformations

until one is found for which "optimal” performance is obtath!. In the current experiments, is set to
bel, 4/5,2/3,1/2,1/3,1/4,1/5,1/10, 1/15 and1/20, and/ takes value ofl, 25, 50 and100. For this
data, the power transformation consistently works bettan tthe log transformation.

Figure 1 illustrates how MAE and GMRAE change with respecthte powerp in product family
1. The other two families are similar. Both MAE and GMRAE are sjt@onvex inp. However, MAE
and GMRAE are minimized at different values pf Which transformation should be applied? As we
mentioned before, MAE is essentially dominated by a fewspaith high demand volume, while GMRAE
is determined by a large number of parts with low demand velu@onsequently each family is divided
into two sub-families, by the demand volume. All power tfansations are re-tested on the 6 sub-
families. MAE and GMRAE retain their quasi-convexity jn In every case there is a single valuepof
that approximately minimizes both error measures simattasly. Figure 2 shows MAE and GMRAE for
the 2 sub-families of family 1. The "optimal” power trangfaation for each sub-family is summarized
in Table 1l

C. Results using the Standard Approach

In this section the standard approach is tested on the inalugata. According to the standard approach,
for a given category of parts, we apply a single nonlineangf@rmation to the historical forecast and
demand data for each part in the category (sub-famly). Ttegjoaes are defined so that a single parameter

The transformation process works as follows. First historical desiand historical forecasts are transformed. The combination methods
estimate combining weights using transformed data. Then, the curmedakis are transformed and combined using these weights. The
inverse transformation is applied to this number, to generate the comhinezhsét in the original context.
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TABLE Il
OPTIMAL POWER TRANSFORMATION FOR EACH SUB-FAMILY

Family 1 Family 2 Family 3
High | Low | High | Low | High | Low

Approx. # of parts| 10 220 10 70 10 35
Optimal p 2/3 1/5 1/2 1/5 1/4 | 1/5

approximately optimizes both the MAE and GMRAE of the combif@recast, as we discussed in section
[1I-B. To be compatible with corporate business processesghwose to define categories using traditional
part families and demand volume. After the data has beemsfoaned, for each part and each forecast
lag, we estimate combining weights based on historical dein@nd forecast data. (Later on the pooling
approach will be discussed, in which a group of parts is pbatgether to generate a single set of
combining weights, which applied to each of the parts in tpaup.) Tables Ill, IV and V summarize
the results of applying the standard approach to each prddmtly. See the footnote on Table Il for
the notation used.

All four of the different combination methods proposed bg #uthors exhibit similar performance. We
only report results for Epost(BMA), which seems to be the besthod overall, albeit by an insignificant
margin. Simple Average (SA) is included too. Outperformeanorks about as well as SA, and is omitted
from the tables. OLS and Minimum Variance are omitted toe thutheir unsatisfactory performance. A
few observations are worth mentioning.

1) Combination of forecasts does improve accuracy. For GMRAbined forecasts dominate indi-
vidual ones in all sub-families. The improvement is sigmifit; ranging from 13% to 20%. In terms
of MAE, combined forecasts beat individual ones in 4 out ofud-gamilies, by 13%-20%. For
high-demand parts in families 1 and 2 (approximately 20 du825 parts), the marketing forecast



TABLE 1l
RESULTS USING THESTANDARD APPROACH FORPRODUCT FAMILY 1

MAE GMRAE
EBF SA T MK® EB) SA TS MK
LT9=1 048 048 0.58 0.3 0.84 0.81 1.00 0.95
LT =2 0.54 052 0.63 053 0.79 0.76 1.00 0.79
High LT =3 056 058 0.68 0.57 0.80 0.79 1.00 0.80
Demand| LT =4 0.55 057 0.78 0.7 0.79 0.79 1.00 0.90
LT =5 0.64 064 080 0.64 0.86 086 1.00 1.02
LT =6 0.70 069 0.82 0.68 093 091 1.00 1.09
Avg.® 0.58 058 0.72 0.59 0.84 0.82 1.00 0.93
LT =1 083 084 104 129 0.82 087 100 0.97
LT =2 0.81 080 105 1.04 0.83 0.83 1.00 0.98
Low LT =3 085 085 1.08 1.21 0.86 0.88 1.00 1.15
Demand| LT =4 0.90 092 113 1.85 0.88 094 1.00 1.35
LT =5 0.98 1.02 115 245 093 100 100 151
LT =6 1.04 110 116 3.16 093 104 100 1.66
Avg. 090 092 110 184 0.88 0.93 1.00 1.27
#The Epost(BMA) combined forecast
Time Series forecasts
“Marketing forecasts
9Forecast lag in months
®Average over 6 different forecast lags
TABLE IV

RESULTS USING THESTANDARD APPROACH FORPRODUCT FAMILY 2

MAE GMRAE
EB) SA TS MK EB) SA TS MK
T=1 032 032 048 032 0.78 0.78 1.00 0.77
LT=2 036 0.37 055 0.0 0.81 0.83 1.00 0.89
High LT=3 046 047 057 0.43 0.84 0.88 1.00 0.92
Demand| LT =4 0.42 0.48 0.64 0.42 0.84 0.88 1.00 0.92
LT=5 045 053 0.70 0.44 0.80 0.85 1.00 0.94
LT=6 049 056 0.73 0.47 0.79 0.83 1.00 0.89
Avg. 042 046 061 041 081 084 1.00 0.0
LT=1 077 075 092 0.89 0.80 0.85 1.00 0.99
LT=2 082 084 100 110 0.87 094 100 1.31
Low LT=3 097 096 1.13 139 0.89 0.96 1.00 1.40
Demand| LT=4 093 100 1.15 1.43 0.86 0.98 1.00 1.45
LT=5 095 1.03 1.19 151 0.85 0.97 100 1.46
LT=6 098 1.06 1.23 1.69 0.86 0.99 100 1.56
Avg. 090 094 110 134 086 0095 1.00 1.36

is much better than the time series foreéashe combined forecast relies heavily of the marketing
forecast. It's MAE as very close to that of the marketing éast, and its GMRAE is much better.
2) Epost(BMA) is the winner. In one sub-family, high demandtpaf family 1, SA is slightly better
than Epost(BMA). In the other 5 sub-families, Epost(BMA) issstently better.
3) The difficulty of forecasting in this domain is illustrat®y the MAE. Because of the normalization
that we used, the MAE indicates that the average forecast mrusually between 35% and 150%
of the average demand.

2The Marketing forecast is generated by a marketing organizationalktipe one would expect them to devote more time to high demand
parts.



TABLE V
RESULTS USING THESTANDARD APPROACH FORPRODUCT FAMILY 3

MAE GMRAE
EB) SA TS MK EB) SA TS MK
T=1 082 090 1.10 1.08 0.70 0.73 1.00 0.78
LT=2 090 092 1.06 0.97 0.81 082 100 0.86
High LT=3 092 095 1.04 0.98 0.87 0.90 1.00 0.97
Demand| LT=4 095 099 112 1.13 0.82 0.85 1.00 0.94
LT=5 093 1.00 1.13 126 0.79 0.85 1.00 0.98
LT=6 098 1.03 1.12 145 0.84 0.88 1.00 1.07
Avg. 092 097 1.09 1.05 080 084 1.00 003
[T=1 098 1.01 124 278 0.86 097 1.00 1.42
LT=2 087 090 111 1.06 0.74 0.78 1.00 0.84
Low LT=3 093 099 1.14 1.09 0.78 0.84 1.00 0.93
Demand| LT=4 099 1.06 116 1.23 0.80 0.87 1.00 1.03
LT=5 097 1.06 1.14 131 0.82 0.90 1.00 1.08
LT=6 098 1.06 1.14 136 0.83 0.89 1.00 1.14
Avg. 095 1.01 1.16 1.47 081 088 1.00 1.07

D. The Pooling Approach

As we mentioned before, we also test a pooling approach ondustrial data set. The pooling approach
works as follows. A group of parts is pooled together. Foihdacecast lag and each time period, a single
set of combining weights is estimated based on all availaidtorical demand and forecast data from
items in that group. Subsequently, for each forecast lagntidal weights will be used to generate a
combined forecast for each of the parts in the group. Onefibasfepooling is the ability to generate
combined forecasts for "young” parts, which have very ledihistorical data. Other potential advantages
include improved statistical power and a reduction in comaponal time. This is traded off against a
potential loss of information, because different partshie group might be inherently different.

Ideally one wants to pool parts with similar characterstim terms of demand and forecasts. Parts
in each sub-family are typically similar in technology andhétion. Therefore, pooling by sub-family
seems to be a good starting point. The parts in each prodoutyfdnave already been grouped into
two sub-families by demand volume. We use the resulting Giggaf parts as a basis for data pooling,
and refer to this approach as pooling by demand. Table VI sanaes performance of combination
methods and individual forecasts, with and without poolbygdemand. To simplify the table, only the
average performance across six different forecast lagedoh method is reported. Again, only one of
our combination methods, Epost(BMA), is included (E(B) in taele). Pooling has no impact on the
performance of Simple Average (SA) and individual foresaQutperformance is not reported because
it is dominated by SA. The performance of OLS and Minimum &ade without pooling are both much
worse than they are with pooling by demand, and are therefimiged.

According to Table VI, pooling by demand is unable to subisig improve the accuracy of our
combination methods. More precisely, MAE does not improvih wooling, and sometimes it gets
significantly worse. In terms of GMRAE, pooling seems to betfalifor high volume parts and helpful
for low volume ones. Another observation is that the perfomoe of OLS is dramatically improved by
the pooling approach. It becomes comparable with that ofsEBMA), but only in terms of GMRAE
and only for low volume parts. This is consistent with theeafation in experiments on simulated data,
OLS requires a lot of data to calibrate (see [17]).

In summary, two simple rules can be abstracted from Table VI.

1) For all high volume sub-families, use Epost(BMA) withoutofing.
2) For all low volume sub-families:
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TABLE VI
COMPARISON OFSTANDARD AND POOLING BY DEMAND APPROACHESFOR ALL FAMILIES

Family 1 Family 2 Family 3
High Low | High Low | High Low

E(B)? 0.58 0.90| 0.42 0.90| 092 0.95
E(B),PD 0.60 094| 053 0.90| 091 0.97
SA 0.58 0.92| 046 0.94| 097 1.01

MAE OLS,P»y 062 097 055 0.96| 0.96 1.00
Minvar,PDf | 0.60 0.92| 0.46 0.95| 1.02 1.02

TS 0.72 1.10| 0.61 1.10| 1.09 1.16
MK 0.59 1.84| 041 1.34| 115 147
E(B) 0.84 0.88| 0.81 0.86| 0.80 0.81
E(B),PD 084 0.86| 0.84 0.82| 0.81 0.78
SA 0.82 0.93| 0.84 0.95| 0.84 0.88

GMRAE | OLS,PD 086 0.86| 0.84 0.82| 0.87 0.77
MinvVar,PD | 0.85 0.91| 0.85 0.91| 091 0.88
TS 1.00 100 1.00 1.00| 1.00 1.00
MK 093 1.27| 090 1.36| 0.93 1.07

2Epost(BMA) without pooling

PEpost(BMA) with pooling by demand

°Ordinary Least Squares regression, with pooling by demand
dMinimum Variance, with pooling by demand

a) Use Epost(BMA) without pooling, if MAE is the more appragig accuracy measurement.
b) Use either Epost(BMA) or OLS, with pooling by demand, if GMRAs the more appropriate
accuracy measurement.
In most cases we believe that EPost(BMA) without pooling #hdae used. The added complexity of
using different methods for different part types will domia the 2%-4% gain in GMRAE for low-volume
parts obtained by using the methods of this section, edpeaiaen one takes into account that for these
parts MAE will suffer by 0%-4%.

E. Product Life Cycle Phases

Another dimension to be explored in the industrial data @rpents is product life cycle. The idea is to
pool parts by demand and product life cycle phase. The sewiiczior manufacturing industry is one of
the most dynamic sectors of the world economy. Semicondpectmucts often have a significantly shorter
life span than products in other industries. Increases@edpreduction in feature size and supply voltage,
and changes in packaging technologies occurring with asing frequency. Based on the 3 years of data
that we have, the typical life span of a product ranges from 8 months and on average is less than 24
months. Most parts go through several life cycle phasesspanding to changes in sales volume. There
are five common life cycle phases: introduction, growth,urigt (saturation), declining, and phase-out.
Demand and price are typically different for different Idgcle phases. For example, the price is high and
demand is low but increasing in the introduction phase.ePisdow and demand is relatively stable and
high in the maturity phase. According to a survey conductgdRbundy [16], semiconductor companies
tend to use different forecasting methods in different ¢ijele phases.

It is quite natural to use life cycle phase in developing amauating the performance of forecasting
methods. In order to accomplish that, we need the dates wiricisl life cycle phase transition points for
each part. We have inferred these dates from the historezabdd data. The methodology adopted is the
best known diffusion model in the marketing literature, gesfed by Bass [3]. For the industrial data in
hand, the Bass model is a helpful but imperfect tool for maykife cycle transition points using historical
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TABLE VII
LIFE CYCLE PHASE DEFINITION

Phase Time Interval Duration
Ramp-up Up to T) Gt ml(2+v3)Z]
Maturity T, to Ts

2
. . (P-‘iq) In(2 —'1' \/qg
Declining T to 2T oo s A1
Obsolescence Beyond2T™ -

demand data. Consequently the work described in this seistitiostrative, designed to shed light on the
magnitude and nature of the benefits that might be attaineasing life cycle phase transitions to guide
forecast combination techniques, rather than a methodghatdy for adoption. Methods to identify and
to forecast life cycle transition points, and historicatadan the accuracy of those forecasts, are needed
before firm recommendations on the use of life cycle phaseiecist combination can be developed.
That data is currently not available to us.

The Bass model describes the diffusion process of a new prbgube following differential equation:

P _ o+ L (t)im — N(0)
or dF(t
% = (p+qF @)1 - F(t)] @

whereN (t) is the cumulative demand at timem is the ceiling of cumulative demangis the coefficient
of innovation,q is the coefficient of imitation, an@'(t) = N(¢)/m is the fraction of adopters who adopt
the product by time. AssumingF’(0) = 0, simple integration of (1) gives

1 — e~ (pta)t
L+ (q/p)e-rror
Let f(¢) be the rate of diffusion at timeé Therefore
fit) = E0 _po+ q)’e” ot
dt (p+ qe*(erq)t)?
The peak time off (¢) is given by (withg > p > 0):

1
s In(p/q)

Note from (2) that the diffusion ratg¢(¢) satisfiesf(0) = f(27*) = p.

F(t)

(2)

T =—

Given a Bass diffusion model, another important questionaresn How can one identify life cycle
phases from this diffusion model? To answer this questianfollow [15] and base the decision on both
T* (the maximizer off(¢)) and on the pointd7, 7, that satisfy#d—f) = 0 (the inflection points off'(t)).
Thus we have

b p
T, = (p+q)l [(2+\/§)q]
and
_ 1 0 1 P
L [(2+\/§)q]'

The transition time points and duration of each life cyclaggare summarized in Table VII.
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In recent years, several estimation procedures have bggested to estimate the parameterg and
m of the Bass diffusion model. These include ordinary leasaseg) maximum likelihood and nonlinear
least squares. However each technique has its own shortgowith respect to providing reliable and
accurate forecasts, especially when only a small numbeatat goints is available. A simple simulation
based search technique — the Genetic Algorithm (GA) — isiegpb minimize the sum of squared error
between original and fitted data points for the estimatiom,of and m. As posited by Goldberg [10],
GAs are parallel search algorithms that are based on an@nalith Darwin’s theory of evolution to
converge to a global minimum in a given search space. Therenhenature of GAs ensures that the
estimates are robust even with a small humber of data pairgspective of the functional form of the
objective function. These features of GAs make them as kextatandidate for forecasting applications,
with non-linear models such as the Bass model. The MATLAB @englgorithm function we use is
developed by Michael Gordy at the Federal Reserve Systemsaavhilable online on his homepage.

Now we are able to dice the six sub-families we have used sanfar18 finer ones according to
life cycle phases: rampup, maturity and declifinghis gives us new approach to data pooling. We use
the phrase "pooling by demand and life cycle phase” if thespar one of these 18 sub-families are
grouped together when estimating the weights, and the wsemte then applied to each of the parts in
the sub-family.

Table VIII compares the standard approach, pooling by denwanty, and pooling by demand and life
cycle phase, for all 18 sub-families. The footnotes to tidetaxplain the notation used. Note that pooling
does not have any impact on the Time Series, Marketing angl8ifverage forecasts. As we have done
heretofore, we only show the most interesting results abthi Other forecast combination strategies and
pooling approaches were also tested.

Four of the 18 sub-families are very interesting. For all damiume declining parts, and for family
2 high-volume declining parts, the performance of Epost(BNMvth pooling by demand and life cycle
phase (E(P),PDL) is dramatically superior to Epost(BMA)haiit pooling. This is true for both MAE
and GMRAE. The relative improvements are in the 10% - 20% raiygeover, for all low-volume
declining parts, using the GMRAE accuracy measure, E(P),BDdominated by OLS with pooling by
demand (OLS,PD), generating an additional 12% - 20% reatiyprovement. For Family 2 high-volume
declining parts, and for low-volume declining parts usihg MAE measure, E(P),PDL and OLS,PD have
comparable performance. OLS with pooling by demand andciitde phase is not competitive.

For the 14 sub-families not discussed in the previous papgrthe standard approach (Epost(BMA)
without pooling) produces satisfactory performance. leither the best or very close the best for all 14
families, compared to all other combined and individuakt@msts. SA is the second best forecast overall.
There do exist a few sub-families where either the Time Seoiethe Marketing forecast dominates.
However their performance is not stable.

As was mentioned before, our experiments on product lifdecpbase are designed to shed light on
the magnitude and nature of the benefits that might be attaigeusing life cycle phase transitions to
guide forecast combination techniques. We are not progoaiimethod that is ready for adoption. If
one is capable of forecasting product life cycle phase itiansaccurately, and using different forecast
combination methods accordingly, more accurate resulisprabably be obtained for declining parts.
Based on the data we have, for declining parts, one would &xpgrovements in the 10%-30% range.
The impact of life cycle phase on forecast combination mesghdearly merits further study.

3In the experiments, declining is actually the combination of declining andlemstence in Table VII. It starts &% and ends when
demand dies.
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F. Recommendations

For the company that provided us with the data, we recommiemcdoption of forecast combination
methodology to improve demand forecast accuracy. We re@rdnthat they use Epost(BMA), after
applying an appropriate nonlinear transformation to thigioal demand and forecasts data. It is also
recommended that they segment their products by produdlyfanmd by demand volume, and that for each
family-volume pair, they select a different parameter fog hon-linear data transformation. The benefit
from forecast combination will be 15%-30% on average, ddpgnon how performance is measured.
If a simpler method is desired, Simple Average (SA) is thet lsebstitute; the average penalty will
be about 4% on average, depending on how performance is redasuis also recommended that the
company not pool data at present. There is strong reasonlievéo¢hat the identification of life cycle
phase transitions and the application of different comimnamethods according to the life cycle phase
will be very beneficial, especially for declining produckdowever that is premature at present, because
the data required to analyze the effectiveness of theseoaetis not available yet.

Note that the above recommendations are based on data frangla sompany. The data set does
include a fairly wide variety of product lines and markets|east relative to the semiconductor industry.
However data from other companies may exhibit differentavedrs. For other companies, we suggest
the following general steps for improving demand forecasiugacy by combination.

Step 1l:ldentify forecasts and other quantifiable sourcesfofmation that are potentially useful in

demand forecasting. Obtain historical observations fes¢hdata streams.

Step 2:Group parts (or products) into product families atigh hevel according to functionality. For
example, ASICs and high-end CPUs might be two of the produdtitanif a product family has
less thanl0 parts, statistical significance will suffer. If it is too ¢g then meaningful information
will probably be masked. Go through remaining steps for daaotfily.

Step 3:Apply several different forecast combination mdghon the historical data. To get a complete
view of what is happening, measure performance using bottEM@&r another method that
weights parts by volume) and GMRAE (or another method thaigassequal weight to all
parts). The methods that have been most successful in ol averthe methods proposed in
[17], Outperformance, Simple Average, and (if you have sstariiial amount of historical data
or are pooling the data) Ordinary Least Squares.

Step 4:Apply a group of power transformation functions te gdurther improvement can be achieved.
See Section IlI-B for details. The recommended range forptheer p is betweenl /10 and 1.

Step 5:If the MSE and GMRAE measures of forecast accuracyaielithat different optimal data
transformations or different combination methods are meoended, consider partitioning the
product family into sub-families, and repeat Steps 3 and 4.

Step 6:Check the impact of pooling on the combination methdolssee if it leads to improved
performance.



TABLE VI
COMPARISON OFSTANDARD AND POOLING APPROACHESFOR ALL FAMILIES

MAE GMRAE
High Low High Low
Ramp-up  Maturity Declining] Ramp-up  Maturity Declining] Ramp-up  Maturity Declining| Ramp-up  Maturity  Declining
E(B)? 0.56 0.59 0.44 0.95 0.78 1.07 1.12 0.83 0.78 1.09 0.91 0.80
E(B),Plj) 0.60 0.60 0.45 0.98 0.81 1.04 1.17 0.83 0.78 1.08 0.93 0.76
E(B),PDL® 0.63 0.59 0.54 0.97 0.90 0.96 1.22 0.84 0.76 1.06 0.94 0.65
Fam. 1 SA 0.56 0.60 0.44 0.95 0.79 1.15 1.11 0.82 0.77 1.10 0.92 0.86
OoLS,PD 0.70 0.61 0.53 0.98 0.96 0.98 1.22 0.84 0.74 1.05 0.95 0.57
TS 0.77 0.74 0.44 1.00 0.88 1.65 1.00 1.00 1.00 1.00 1.00 1.00
MK 0.59 0.59 0.54 2.64 141 2.42 1.29 0.91 0.81 1.31 1.07 0.99
E(B) 0.62 0.32 1.06 0.90 0.84 1.14 0.79 0.85 0.73 111 0.94 0.68
E(B),PD 0.62 0.46 1.01 0.96 0.84 1.09 0.86 0.89 0.70 1.11 0.92 0.62
E(B),PDL 0.62 0.46 0.93 0.95 0.89 0.89 0.87 0.88 0.64 1.08 0.95 0.50
Fam. 2 SA 0.61 0.37 1.12 0.90 0.85 1.25 0.79 0.87 0.77 1.12 0.97 0.76
OLS,PD 0.66 0.51 0.93 0.98 0.96 0.94 0.90 0.91 0.63 0.95 0.97 0.41
TS 0.76 0.52 1.38 0.90 0.91 1.89 1.00 1.00 1.00 1.00 1.00 1.00
MK 0.69 0.27 1.35 1.39 0.86 1.71 0.78 0.83 0.84 1.37 1.15 1.07
E(B) 0.95 0.95 0.93 1.01 0.85 1.32 0.93 0.96 0.69 1.08 0.77 0.78
E(B),PD 0.94 0.95 0.90 1.01 0.92 1.24 0.89 0.99 0.67 1.06 0.80 0.72
E(B),PDL 0.94 0.92 0.87 1.00 0.93 1.04 0.88 0.98 0.65 1.02 0.79 0.60
Fam. 3 SA 0.95 0.92 1.37 1.02 0.88 1.44 0.95 0.93 0.74 1.12 0.80 0.86
OLS,PD 1.08 0.97 0.88 1.00 0.99 1.01 0.94 1.11 0.66 1.00 0.81 0.48
TS 1.02 0.97 1.37 1.03 1.02 1.78 1.00 1.00 1.00 1.00 1.00 1.00
MK 1.25 1.06 1.00 1.50 1.02 1.87 1.25 1.05 0.73 1.45 0.75 1.01

2Epost(BMA) without pooling
PEpost(BMA) with pooling by demand

°Epost(BMA) with pooling by demand and life cycle phase

dOrdinary Least Squares regression, with pooling by demand

7T
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V. CONCLUSIONS

The purpose of this paper is explore the possibility of ilprg demand forecast accuracy by com-
bining different forecasts, using data from a large sendoator manufacturer. We report results for four
commonly used combination methods, and for EPost(BMA) (dnih@ methods proposed in [17]). We
test these combination methods on industrial data for ttiféerent product families from a semiconductor
manufacturer. Forecast combination leads to significaotiracy improvement for all of the families. It
is important to group products into families or sub-fanslwarefully, and to apply appropriate non-linear
transformations to original demand and forecasts data®déémding it into the combination models. The
idea of pooling different parts together for statisticdiraation is examined as well, both by family and
demand, and by family, demand and life cycle phase. Amongédbeed models, Epost(BMA) without
pooling is the most accurate and robust method, and is reemed for all product families. The exception
is for low volume parts in their declining life cycle phasehave pooling helps, and ordinary least squares
is competitive with EPost(BMA). However more research isuresfl to exploit the impact of life cycle
phase on forecast combination methods, and we currentkyttec data required to do the job properly.

In all of our work we have grouped parts in ways that are corbfgatvith business processes. In this
case, that means using traditional product family defingjodemand volume, and life cycle phase. If
compatibility with business processes is not a prioritgréhare many partitioning methods that could
be used to group the parts. These groupings could be usedafarpdoling and/or determining which
non-linear transformations are most appropriate.
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