6

Prediction Distributions
and Intervals

Point forecasts for each of the state space models were given in Table 2.1
(p. 18). It is also useful to compute the associated prediction distributions
and prediction intervals for each model. In this chapter, we discuss how to
compute these distributions and intervals.

There are several sources of uncertainty when forecasting a future value
of a time series (Chatfield 1993):

1. The uncertainty in model choice—maybe another model is correct, or
maybe none of the candidate models is correct.

2. The uncertainty in the future innovations €,,11,...,&,1j-

3. The uncertainty in the estimates of the parameters: «, 3, 7y, ¢ and x.

Ideally, the prediction distribution and intervals should take all of these into
account. However, this is a difficult problem, and in most time series analysis
only the uncertainty in the future innovations is taken into account.

If we assume that the model and its parameters (including x) are known,
then we also know x,, the state vector at the last period of observation,
because the error in the transition equation can be calculated from the obser-
vations up to time n. Consequently, we define the prediction distribution as
the distribution of a future value of the series given the model, its estimated
parameters, and ;. A short-hand way of writing this is y,, |, = Yu1n | Zn-

We briefly discuss how to allow for parameter estimation uncertainty in
Sect.6.1. We do not address how to allow for model uncertainty, although
this is an important issue. Hyndman (2001) showed that model uncertainty
is likely to be a much bigger source of error than parameter uncertainty.

The mean of the prediction distribution is called the forecast mean and is
denoted by #, 4, = E(Ynsn | n). The corresponding forecast variance is
givenby v, 1y, = V(¥nyn | Tn). We will find expressions for these quantities
for many of the models discussed in this book.



76 6 Prediction Distributions and Intervals

We are also interested in “lead-time demand” forecasting, where we pre-
dict the aggregate of the next i observations rather than each of the next h
observations individually. We discuss this briefly here and in more detail in
Chap. 18.

The most direct method of obtaining prediction distributions is to simu-
late many possible future sample paths from the fitted model, and to estimate
the distributions from the simulated data. This approach will work for any
time series model, including all of the models discussed in this book. We
describe the simulation method in more detail in Sect. 6.1.

While the simulation approach is simple and can be applied to any
well-specified time series model, the computations can be time-consuming.
Furthermore, the resulting prediction intervals are only available numeri-
cally rather than algebraically. Therefore, the approach does not allow for
algebraic analysis of the prediction distributions.

An alternative approach is to derive the distributions analytically. Ana-
lytical results on prediction distributions can provide additional insight and
can be much quicker to compute. These results are relatively easy to derive
for some models (particularly the linear models), but very difficult for others.
In fact, there are analytical results on prediction distributions for only 15 of
the 30 models in our exponential smoothing framework.

When discussing the analytical prediction distributions, it is helpful to
divide the thirty state space models given in Tables 2.2 and 2.3 (pp. 21-22)
into five classes; Classes 1-4 are shown in Table 6.1.

For each of Classes 1-3, we give expressions for the forecast means and
variances. Class 1 consists of the linear models with homoscedastic errors;
these are discussed in Sect. 6.2. In Sect. 6.3 we discuss Class 2, which contains
the linear models with heteroscedastic errors. Class 3 models are discussed

Table 6.1. The models separated in the exponential smoothing framework split into
Classes 1-5.

ANN ANA
Class1 — AAN AAA
AAGN  AAGA
MNN MNA MNM
Class2 — MAN MAA MAM <«—Class3
MAGN MAGA MAgM

MMN MMM
Class4 —
M,M4,N M,My,M
MM,A ANM AMN AMyN
Class 5 —» MMyg,A AAM AMA AMyA

AAGM AMM AMyM
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in Sect. 6.4; these are the models with multiplicative errors and multiplicative
seasonality but additive trend.

Class 4 consists of the models with multiplicative errors, multiplicative
trend, and either no seasonality or multiplicative seasonality. For Class 4,
there are no available analytical expressions for forecast means or variances,
and so we recommend using simulation to find prediction intervals.

The remaining 11 models are in Class 5. For these models, we also rec-
ommend using simulation to obtain prediction intervals. However, Class 5
models are those that can occasionally lead to numerical difficulties with
very long forecast horizons. Specifically, the forecast variances are infinite,
although this does not usually matter in practice for short- or medium-term
forecasts. This issue is explored in Chap. 15.

Section 6.5 discusses the use of the forecast mean and variance formulae
to construct prediction intervals even in cases where the prediction distribu-
tions are not Gaussian. In Sect. 6.6, we discuss lead-time demand forecasting
for Class 1 models.

Most of the results in this chapter are based on Hyndman et al. (2005) and
Snyder et al. (2004), although we use a slightly different parameterization in
this book, and we extend the results in some new directions.

To simplify some of the expressions, we introduce the following notation:

h = mhy, + I,

where! 11 is the forecast horizon, m is the number of periods in each season,
hy = [(h—1)/m| and I, = [(h — 1) mod m]| + 1. In other words, hy, is the
number of complete years in the forecast period prior to time h, and ki is the
number of remaining times in the forecast period up to and including time h.
Thus, &}, can take values 1,2, ..., m.

6.1 Simulated Prediction Distributions and Intervals
Recall from Chap. 4 that the general model with state vector

!/
xr = (L, by, St,5¢-1, -, St—m+1)

has the form

yr = w(m—1) +r(we1)er,

xr = f(xi-1) +g(zi-1)er,
where w(-) and r(-) are scalar functions, f(-) and g(-) are vector functions,
and {e;} is a white noise process with variance 2.

One simple approach to obtaining the prediction distribution is to sim-
ulate sample paths from the models, conditional on the final state «;,. This

! The notation |u | means the integer part of u.
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Fig. 6.1. Quarterly French exports data with 20 simulated future sample paths gener-
ated using the ETS(M,A,M) model assuming Gaussian innovations. The solid vertical
line on the right shows a 90% prediction interval for the 16-step forecast horizon,
calculated from the 0.05 and 0.95 quantiles of the 5,000 simulated values.

was the approach taken by Ord et al. (1997) and Hyndman et al. (2002). That

is, we generate observations {ygl)}, fort = n+1,...,n+ h, starting with
x,; from the fitted model. Each ¢; value is obtained from a random number
generator assuming a Gaussian or other appropriate distribution. This pro-
cedure is repeated fori = 1,..., M, where M is a large integer. (In practice,
we often use M = 5,000.)

Figure 6.1 shows a series of quarterly exports of a French company (in
thousands of francs) taken from Makridakis et al. (1998, p. 162). We fit an
ETS(M,A,M) model to the data. Then the model is used to simulate 5,000
future sample paths of the data. Twenty of these sample paths are shown in
Fig.6.1.

Characteristics of the prediction distribution of y,,, |, can then be esti-
mated from the simulated values at a specific forecast horizon: y,, ), =

{ygh, . ,yEZAf;} For example, prediction intervals can be obtained using
quantiles of the simulated sample paths. An approximate 100(1 — «)% pre-
diction interval for forecast horizon h is given by the a/2 and 1 — «a/2
quantiles of y,, |, The solid vertical line on the right of Fig.6.1 is a 90%
prediction interval computed in this way from the 0.05 and 0.95 quantiles of
the simulated values at the 16-step horizon.

The full prediction density can be estimated using a kernel density esti-
mator (Silverman 1986) applied to y,, . Figure 6.2 shows the prediction
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Quarterly sales distribution: 16 steps ahead
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Fig. 6.2. The 16-step forecast density estimated from 5,000 simulated future sample
paths. The 90% prediction interval is calculated from the 0.05 and 0.95 quantiles.

density for the data in Fig.6.1 obtained in this way, along with the 90%
prediction interval.

There are several advantages in computing prediction distributions and

intervals in this way:

If the distribution of ¢; is not Gaussian, another distribution can be used to
generate the ¢; values when simulating the future sample paths.

The historical ¢; values can be resampled to give bootstrap prediction
distributions without making any distributional assumptions.

The method can be used for nonlinear models where ¢; may be Gaussian
but y; is not Gaussian.

The method avoids the complex formulae that are necessary to compute
analytical prediction intervals for some nonlinear models.

For some models (those in Classes 4 and 5), simulation is the only method
available for computing prediction distributions and intervals.

It is possible to take into account the error in estimating the model parame-
ters. In this case, the simulated sample paths are generated using the same
model but with randomly varying parameters, reflecting the parameter
uncertainty in the fitted model. This was done in Ord et al. (1997) for mod-
els with multiplicative error, and in Snyder et al. (2001) for models with
additive error.

The increasing speed of computers makes the simulation approach more
viable every year.
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6.1.1 Lead-Time Forecasting

In inventory control, forecasts of the sum of the next & observations are often
required. These are used for determination of ordering requirements such as
reorder levels, order-up-to levels and reorder quantities.

Suppose that a replenishment decision is to be made at the beginning of
period n 4 1. Any order placed at this time is assumed to arrive a lead-time
later, at the start of period n + h + 1. Thus, we need to forecast the aggregate
of unknown future values y,, | ;, defined by

h
Yo (h) = Z Yn+j-

j=1

The problem is to make inferences about the distribution of Y (/) which
(in the inventory context) is known as the “lead-time demand.” The results
from the simulation of single periods give the prediction distributions and
intervals for individual forecast horizons, but for re-ordering purposes it
is more useful to have the lead-time prediction distribution and interval.
Because Y, (h) involves a summation, the central limit theorem states that
its distribution will tend towards Gaussianity as h increases. However, for
small to moderate h, we need to estimate the distribution.

The simulation approach can easily be used here by computing values of
Y, (h) from the simulated future sample paths. For example, to get the distri-
bution of Yy (3) for the quarterly French exports data, we sum the first three
values of the simulated future sample paths shown in Fig. 6.1. This gives us
5,000 values from the distribution of Y}, (3) (assuming the model is correct).
Figure 6.3 shows the density computed from these 5,000 values along with a
90% prediction interval.

Here we have assumed that the lead-time / is fixed. Fixed lead-times are
relevant when suppliers make regular deliveries, an increasingly common
situation in supply chain management. For stochastic lead-times, we could
randomly generate & from a Poisson distribution (or some other count distri-
bution) when simulating values of Y}, (). This would be used when suppliers
make irregular deliveries.

6.2 Class 1: Linear Homoscedastic State Space Models

We now derive some analytical results for the prediction distributions of the
linear homoscedastic (Class 1) models. These provide additional insight and
can be much quicker to compute than the simulation approach. Derivations
of the results in this section are given in Appendix “Derivation of Results for
Class 1.”

The linear ETS models are (A,N,N), (A,AN), (A,Aq,N), (A N,A), (A,AA)
and (A,A4,A). The forecast means are given in Table 6.2. Because of the linear
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Lead time demand distribution: 3—steps ahead
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2
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90% Prediction Interval
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Sales (millions of francs)
Fig. 6.3. The 3-step lead-time demand density estimated from 5,000 simulated

future sample paths assuming Gaussian innovations. The 90% prediction interval is
calculated from the 0.05 and 0.95 quantiles.

Table 6.2. Forecast means and c¢; values for the linear homoscedastic (Class 1) and
linear heteroscedastic (Class 2) state space models.

Model Forecast mean: pt,, ), ¢;
(A/N/N)/(M/N/N) gn 14
(A,A,N)/(M,A,N) én + hbn 0 + ﬁ]
(A/Ad/N)/(M/Ad/N) éTl + (Phbn e + ,B(P]
(A/NIA)/(M/N/A) eTl + Sn_m_'_h’t e + ’)/d],m

(A,A,A)/(M,A,A) én + hb” + Snferh;r, a+ ﬁ] + ’ydj,m
(A,Ad,A)/(M,Ad,A) Uy + (Phbn + Sy mthi; o+ ,Bcp] + ’)/d]',m
The values of c; are used in the forecast variance expressions
(6.1) and (6.2). Here, d; ,, = 1if j = 0 (mod m) and 0 otherwise,
and ¢; = g+ >+ + L.

structure of the models, the forecast means are identical to the point forecasts
given in Table 2.1 (p. 18).
The forecast variances are given by

o? ifh=1;

h—1
1+Y 6]21 ith > 2; (6.1)
=1

Unthjn = V(}/n+h | @y) = o?

where ¢; is given in Table 6.2. Note that v, ,, does not depend on x,, or n,
but only on / and the smoothing parameters.
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Table 6.3. Forecast variance expressions for each linear homoscedastic state space
model, where v,, 1, = V(Y | Tn).

Model Forecast variance: v,, |,
(ANN) 0,4y, = 0*[1+a?(h—1)]

AAN) Oy =02 [1+ (= 1){a® +aph + L (20— 1)} ]
(AAGN) 0y = 02 [1 +a2(h—=1)+ 7, 2u(1 - 9) + o}

= P {201 - 97) + Bop(1 +29 — 9) }}
(ANA) Oy = 2 [1+a2(0 = 1) + yhn(22 + 7)]

(AAA) 0y = 0 [1 + (h—1){a2 + aph + LB2h(21 — 1)}
+ ’)’hm{zlx +7+ ﬁm(hm + 1)}]

(AAGA) Oy = 02 [1 +a2(h—=1)+ 7, {2u(1 - 9) + o}
= () {201 = 97) 4+ Bo(1 420 - 9) |
+ ’)’hm (204 + ’)’)

2 m m mhy,
g gy {1 =) = g1 = g}

Because the models are linear and ¢; is assumed to be Gaussian, y,, ., | Z»
is also Gaussian. Therefore, prediction intervals are easily obtained from the
forecast means and variances.

In practice, we would normally substitute the numerical values of ¢; from
Table 6.2 into (6.1) to obtain numerical values for the variance. However,
it is sometimes useful to expand (6.1) algebraically by substituting in the
expressions for ¢; from Table 6.2. The resulting variance expressions are given
in Table 6.3.

We note in passing that v, ,, is linear in # when p = 0, but cubic in h
when > 0. Thus, models with non-zero j tend to have prediction intervals
that widen rapidly as & increases.

Traditionally, prediction intervals for the linear exponential smoothing
methods have been found through heuristic approaches or by employing
equivalent or approximate ARIMA models. Where an equivalent ARIMA
model exists (see Chap. 11), the results in Table 6.3 provide identical forecast
variances to those from the ARIMA model.

State space models with multiple sources of error have also been used to
find forecast variances for SES and Holt’s method (Harrison 1967; Johnston
and Harrison 1986). With these models, the variances are limiting values,
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although the convergence is rapid. The variance formulae arising from these
two cases are the same as in our results.

Prediction intervals for the additive Holt-Winters method have previ-
ously been considered by Yar and Chatfield (1990). They assumed that the
one-period ahead forecast errors are independent, but they did not assume
any particular underlying model for the smoothing methods. The formulae
presented here for the ETS(A,A,A) model are equivalent to those given by
Yar and Chatfield (1990).

6.3 Class 2: Linear Heteroscedastic State Space Models

Derivations of the results in this section are given in Appendix “Derivation
of Results for Class 2.”

The ETS models in Class 2 are (M,N,N), (M,A,N), (M,A4,N), (M,N,A),
(M,A,A) and (M,Aq4,A). These are similar to those in Class 1 except that mul-
tiplicative rather than additive errors are used. Consequently, the forecast
means of Class 2 models are identical to the forecast means of the analogous
Class 1 model (assuming the same parameters), but the prediction intervals
and distributions will be different. The forecast means for Class 2 also coin-
cide with the usual point forecasts. Specific values of the forecast means are
given in Table 6.2.

The forecast variance is given by

Unthln = (1 + 0’2)9]1 - V%H_hm/ (6.2)

where

h—1
1=y, and G =, +00 ) GO, (6.3)
j=1

where each ¢; is identical to that for the corresponding additive error model
from Class 1 in Table 6.2.

For most models, there is no non-recursive expression for the variance,
and we simply substitute the relevant ¢; values into (6.2) and (6.3) to obtain
numerical expressions for the variance. However, for the ETS(M,N,N) model,
we can go a little further (Exercise 6.1).

6.4 Class 3: Some Nonlinear Seasonal State Space Models

Derivations of the results in this section are given in Appendix “Derivation
of results for Class 3.”

The Class 3 models are (M,N,M), (M,A,M) and (M,A4,M). These are sim-
ilar to the seasonal models in Class 2 except that the seasonal component is
multiplicative rather than additive.
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Table 6.4. Values of 11, | ,|,, fl,y4 1| and ¢; for the Class 3 models.

Approx Huthn Fnthin Cj
ETS(M,N,M) ensn—m-&-h% En :
ETSMAM) (ot hbu)s, iy o thba at B

ETSM,A¢M)  (bn+@ubu)sy gz ot @ubn o+ B

Here, ¢; = ¢ + @% + - + ¢J. Values of ¢; are used in the forecast
variance expressions (6.5).

6.4.1 Approximate Forecast Means and Variances

For these models, the exact forecast means and variances are complicated to
compute when i > m. However, by noting that ¢2 is usually small (much
less than 1), we can obtain approximate expressions for the mean and vari-
ance which are often useful. Let 7, ,|,, be the usual point forecast as given in
Table 2.1. Then,

Hnthln ~ ynJrh\n (6.4)
hm ~
and Unthln ~ Si—m+h$ [eh(l + 02)(1 + 72‘72) - :ufz+h|n}/ (6.5)
where
ﬁn+h|n = ]/An+h\n/sn7m+h$

is the seasonally adjusted point forecast, 6, = ﬁfl e and
2 ) o
O = Hontnin +o 21 ¢ thj/ h>2. (6.6)
]:

These expressions are exact for i < m, but are only approximate for 1 > m.
The variance formula (6.5) agrees with those in Koehler et al. (2001) and
Chatfield and Yar (1991) (who only considered the first year of forecasts).

Specific values for p, pj,, flyin, and ¢; for the particular models in
Class 3 are given in Table 6.4.

Example 6.1: ETS(M,N,M) model
For the ETS(M,N,M) model, 8; = ¢2, and for h > 2,
h—1
9h = E% + 0620'2 2 9]1,]'
i=1

j
=G+ 020 (01 + 02+ - -+ 1)
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Then, by induction, we can show that 6, = ¢2(1 + a?¢?)"~1. Plugging this
into (6.5) gives the following simpler expression for v, j,|,,:

h— i
Vpghjn ~ Si—m+h;£% {(1 +0?) (14 20?1 (1 4 y??)hm — 1} :

The expression is exact for h < m.

6.4.2 Exact Forecast Means and Variances

To obtain the exact formulae for i > m, we first write the models in Class 3
using the following nonlinear state space model:

yr = wizp_qwyz_q(1+€),
xt = (F1 + Gher) 1,
zt = (P + Gagt)zi_1,

where Fy, F», G, G, wi and wé are all matrix or vector coefficients, and
x; and z; are unobserved state vectors at time t. As for Class 2, {g} is
NID(0, 0%), where the lower tail of the distribution is truncated so that 1 + ¢;
is positive.

Let k be the length of vector z; and g be the length of vector z;. Then the
orders of the above matrices are as follows:

Fikxk Gikxk w 1xk
F@xq Ga(gxq) wy(lxgq)
e For the ETS(M,N,M) model, z; = ¢;, 2t = (s¢,...,5t—m+1)’, and the matrix
coefficients are w; = 1, w) = [0,...,0,1],

0 1 o 0% }
F=1 FB=|m1 , Gi=ua, and G, = | m-1 .
! 2 l:Iml 0m1:| ! 2 l:oml Om—1

e For the ETS(M,A4,M) model, x; = (¢4, b;)’, wy = [1,1],

n=log]- =[5

and z;, wy, F> and G5 are the same as for the ETS(M,N,M) model.
e The ETS(M,A,M) model is equivalent to the ETS(M,A4,M) model with

=1
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For models in this class,
s = w1 My 1wy (6.7)
and
O ifn = (14 0%) (wy @ w)) Vi qpu(wh @ w)) +02pp oy (68)

where @ denotes a Kronecker product (Schott 2005, Sect.8.2), My = 2,
Vo = Oy, and for h > 1,

M, = FiM,;,_1F; + Gi M), _1Gy0? (6.9)
and
Visnn = (B2 @ F)V, (B2 @ Fy)
+ 02 {(FZ ® Fl)‘/n+hfl\n(G2 & Gl)/ + (GZ ® Gl)‘/n+h71\n(F2 X Fl)/
— —, ,
+ Uz(Gz @ F + F,2Gq) {V;Hh,”n + thth—l] (G @ Fy + F, ® Gy)

4 IV Ry & /
+ 0% (G2 @ Gr) {3‘/n+h71\n + Zththq} (G2®Gy), (6.10)

where M h—1 = vec(Mj_q). (That is, the columns of M),_; are stacked
to form a vector.) Note, in particular, that p, 1, = (wjzn)(wyzs) and
Vpgiln = Uzyfl e While these expressions look complicated and provide
little insight, it is relatively easy to compute them using computer matrix
languages such as R and Matlab.

In Appendix “Derivation of results for Class 3,” we show that the approx-
imations (6.4) and (6.5) follow from the exact expressions (6.7) and (6.8).

Note that the usual point forecasts for these models are given by (6.4) rather
than (6.7).

6.4.3 The Accuracy of the Approximations

In order to investigate the accuracy of the approximations (6.4) and (6.5)
for the exact mean and variance given by (6.7) and (6.8), we provide some
comparisons for the ETS(M,A,M) model in Class 3.

These comparisons are done for quarterly data, where the values for the
components are assumed to be the following: ¢, = 100, b, = 2, s, = 0.80,
Sp—1 = 1.20, 5,2 = 0.90 and s,,_3 = 1.10. We use the following base level
values for the parameters: « = 0.2, § = 0.06, vy = 0.1, and ¢ = 0.05. We vary
these parameters one at a time as shown in Table 6.5.

The results in Table 6.5 show that the mean and approximate mean
are always very close, and that the percentage difference in the standard
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Table 6.5. Comparison of exact and approximate means and standard deviations for
the ETS(M,A,M) model in Class 3.

Period

ahead mean (6.7)

h

c=0.05a=028=0.067=0.1

O 00 N\ O\ Ul

10
11
12

c=0.1,2=028=0.06v=01

O 00 NI O Ul

10
11
12

0 =0.05a=0.6,3=0.06v=01

Nele BN lo e

10
11
12

c=0.05a=02p=0.189=01

O 0 N O\ Ul

10
11
12

0c=0.05a=028=0.06v=0.3

O 00 N\ O\ Ul

10
11
12

Exact

Hn+hin

121.01
100.81
136.81

92.81
129.83
108.03
146.44

99.22

121.05
100.84
136.86

92.84
129.93
108.11
146.55

99.30

121.02
100.82
136.83

92.82
129.86
108.05
146.46

99.24

121.03
100.82
136.83

92.82
129.87
108.06
146.48

99.26

121.04
100.83
136.84

92.83
129.90
108.08
146.51

99.27

Approximate
mean (6.4)

121.00
100.80
136.80

92.80
129.80
108.00
146.40

99.20

121.00
100.80
136.80

92.80
129.80
108.00
146.40

99.20

121.00
100.80
136.80

92.80
129.80
108.00
146.40

99.20

121.00
100.80
136.80

92.80
129.80
108.00
146.40

99.20

121.00
100.80
136.80

92.80
129.80
108.00
146.40

99.20

Exact
SD (6.8)

V/Vn-thin

7.53
6.68
9.70
7.06
10.85
9.65
13.99
10.13

15.09
13.39
19.45
14.15
21.77
19.39
28.11
20.35

10.87

9.96
14.76
10.86
16.64
14.83
21.45
15.45

10.19

9.88
15.55
12.14
19.67
18.41
27.86
20.93

8.10
713
10.28
7.42
11.89
10.47
15.04
10.79

Approximate
SD (6.5)

7.33
6.52
9.50
6.93
10.45
9.34
13.60
9.88

14.68
13.07
19.04
13.89
20.96
18.75
27.30
19.83

10.60

9.76
14.51
10.70
16.19
14.48
21.00
15.16

9.87

9.66
15.29
11.98
19.16
18.04
27.41
20.65

7.53
6.68
9.70
7.05
10.77
9.59
13.91
10.07

SD percent
difference

2.69
2.37
2.07
1.80
3.68
3.21
2.81
247

273
2.40
211
1.84
3.75
3.29
2.89
2.55

247
2.04
1.72
1.47
271
2.37
2.09
1.86

3.08
2.27
1.69
1.28
2.56
2.03
1.64
1.35

7.12
6.36
5.64
4.97
9.46
8.42
7.49
6.67
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deviations only becomes substantial when we increase . This result for the
standard deviation is not surprising because the approximation is exact if
v = 0. In fact, we recommend that the approximation not be used if the
smoothing parameter for 7 exceeds 0.10.

6.5 Prediction Intervals

The prediction distributions for Class 1 are clearly Gaussian, as the models
are linear and the errors are Gaussian. Consequently, 100(1 — «)% prediction
intervals can be calculated from the forecast means and variances in the usual
way, namely p,, |, £ Za/2,/Vn 10, Where zg denotes the gth quantile of a
standard Gaussian distribution.

In applying these formulae, the maximum likelihood estimator for o2 (see
p. 68) is simply

n
o*=n1Yy &,
t=1

where & =y — 1.

The prediction distributions for Classes 2 and 3 are non-Gaussian because
of the nonlinearity of the state space equations. However, prediction inter-
vals based on the above (Gaussian) formula will usually give reason-
ably accurate results, as the following example shows. In cases where the
Gaussian approximation may be unreasonable, it is necessary to use the
simulation approach of Sect. 6.1.

6.5.1 Application: Quarterly French Exports

As anumerical example, we consider the quarterly French exports data given
in Fig. 6.1, and use the ETS(M,A,M) model. We estimate the parameters to
be « = 0.8185, § = 0.01, v = 0.01 and ¢ = 0.0352, with the final states
0y =757.3,b, =15.7,and z, = (0.873,1.141,1.022,0.964)’.

Figure 6.4 shows the forecast standard deviations calculated exactly using
(6.8) and approximately using (6.5). The approximate values are so close to
the exact values in this case (because ¢ and -y are both very small) that it is
almost impossible to distinguish the two lines.

The data with three years of forecasts are shown in Fig.6.5. In this
case, the conditional mean forecasts obtained from model ETS(M,A,M) are
virtually indistinguishable from the usual forecasts because ¢ is so small
(they are identical up to & = m). The solid lines show prediction intervals
calculated as p,, ), +1.96, /v, |, and the dotted lines show prediction
intervals computed by generating 20,000 future sample paths from the fit-
ted model and finding the 2.5 and 97.5% quantiles at each forecast horizon.
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Fig. 6.4. Forecast standard deviations calculated (a) exactly using (6.8); and (b)
approximately using (6.5).
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Fig. 6.5. Quarterly French exports data with 3 years of forecasts. The solid lines show
prediction intervals calculated as y,, , y,, £1.96, /v,, |, and the dotted lines show pre-
diction intervals computed by generating 20,000 future sample paths from the fitted
model and finding the 2.5 and 97.5% quantiles at each forecast horizon.
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Clearly, the variance-based intervals are a good approximation despite the
non-Gaussianity of the prediction distributions.

6.6 Lead-Time Demand Forecasts for Linear Homoscedastic
Models

For Class 1 models, it is also possible to obtain some analytical results on the
distribution of lead-time demand, defined by

h
Yo (h) = Zyn+j- (6.11)

j=1

In particular, the variance of lead-time demand can be used when imple-
menting an inventory strategy, although the basic exponential smoothing
procedures originally provided only point forecasts, and rather ad hoc
formulae were the vogue in inventory control software.

Harrison (1967) and Johnston and Harrison (1986) derived a variance for-
mula for lead-time demand based on simple exponential smoothing using
a state space model with independent error terms. They utilized the fact
that simple exponential smoothing emerges as the steady state form of the
model predictions in large samples. Adopting a different model, Snyder et al.
(1999) were able to obtain the same formula without recourse to a restrictive
large sample assumption. Around the same time, Graves (1999) obtained the
formula using an ARIMA(0,1,1) model.

Harrison (1967) and Johnston and Harrison (1986) also obtained a
variance formula for lead-time demand when trend-corrected exponential
smoothing is employed. Yar and Chatfield (1990), however, suggested a
slightly different formula. They also provide a formula that incorporates
seasonal effects for use with the additive Holt-Winters method.

The approach we adopt here is based on Snyder et al. (2004), although the
parameterization in this book is slightly different from that used in Snyder
etal. (2004). The results obtained subsume those in Harrison (1967), Johnston
and Harrison (1986), Yar and Chatfield (1990), Graves (1999) and Snyder et al.
(1999). In addition, for ETS(A,A,A), the recursive variance formula in Yar and
Chatfield (1990) has been replaced with a closed-form counterpart.

6.6.1 Means and Variances of Lead-Time Demand
In Appendix “Derivation of C; values” we show that

-1
Yitj = Pnjln + ) Cjifnti + EQnyjs
i=1
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where 1, , i, and ¢y are given in Table 6.2. Substitute this into (6.11) to give

h j—1 h n
= 2 (;"ln+]|n + 2 Ci—i€n+i + €n+]) = Z Hontjln + 2 Cj—1€n+hfj+1/

j=1 i=1
(6.12)
where ,
]
Co=1 and Cj=1+) ¢ for j=1,...,h—1 (6.13)
i=1
Thus, lead-time demand can be resolved into a linear function of the
uncorrelated level and error components.

From (6.12), it is easy to see that the point forecast (conditional mean) is
simply

Yn (h) = E(Yn ‘ wn Z Hutjln (6.14)

and the conditional variance is given by
)
V (Yu(h) | xn) = ;)cj. (6.15)
]:

The value of C; for each of the models is given in Table 6.6. These
expressions are derived in Appendix “Derivation of C; values.”

As with the equations for forecast variance at a specific forecast horizon,
we can substitute these expressions into (6.15) to derive a specific formula
for each model. This leads to a lot of tedious algebra that is of limited value.
Therefore we only give the result for model ETS(A,N,N):

Table 6.6. Values of C; to be used in computing the lead-time variance in (6.15).
Model G

(ANN) 1+ja

AAN) 1+ [a+3p(i+1)]

AAGN) 1+ja+ P (4 1)(1-¢) - (1 -9/

(ANA)  1+ja+vjm

AAA) 1+ a+ 3Gi+1)] +vjn

AALA) T+ja+ (P [(+1)(1=¢) = (1= ¢)] + 7

Here m is the number of periods in each season and j,;, = | j/m]
is the number of complete seasonal cycles that occur within j time
periods.
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h—1

V(Yu(h) [ ®n) = }:(:)(1 +ja)?
=

:azh[1+a(h—1)+gaz(h—1)(2h—1)}. (6.16)

6.6.2 Matrix Calculation of Means and Variances

The mean and variance of the lead-time demand, and the forecast mean and
variance for a single period, can also be computed recursively using matrix
equations. From Chap. 3, we know that the form of the Class 1 models is

/
Yt =wxi |+ E€,
xr = Fxy_1 + gey,
where w’ is a row vector, g is a column vector, F is a matrix, x; is the

unobserved state vector at time ¢, and {e;} is NID(0, 0?).
Observe that the lead-time demand can be determined recursively by

Yu(j) = Yu(j = 1) + Yusj (6.17)

where Y, (0) = 0 and Y,(j) = Z{.':l Yn+i- Consequently, (6.17) can be
written as
YI’Z (]) = YH (] — 1) + w/wn+]',1 + 81’l+]" (6].8)

So, if the state vector x,,, ; is augmented with Yy, (j), the first-order recurrence

relationship
Tptj| | F O | Tpyj g '
R B PSR
is obtained. This has the general form 2z, ; = Az, 1 + be;, ;. If the mean
and variance of the z,,, ; are denoted by m? . = E(z,4;| zn)and V7 . =

n-+jln n+jln
V(2,4 | 1), then they can be computed recursively using the equations

zZ _ zZ

M il —Amn+j_1|n,
z _ z / 279/
tiln = A n+].71|nA + o“bb'.

The mean of the lead-time demand Y; (/) is the last element in m?, T and

the variance of Y; (1) is the bottom right element of V' e

This same procedure of using an augmented matrix can also be applied to

find the forecast mean and variance of y,,,, for any single future time period

t = n + h. In this case, the state vector ,,;; is augmented with y,,,; in place
of Y, (j), and

Fo

A= 0t
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Then, the mean and variance of y,, are the last elements in m? n-th|n and
Ve i respectively. Of course, one can use A = [F,w']’ and the general

form z;,; = Az, 1+ be, 4 to remove the unnecessary multiplications by
0 in an actual implementation.

6.6.3 Stochastic Lead-Times

In practice, lead-times are often stochastic, depending on various factors
including demand in the previous time periods. We explore the effect of
stochastic lead-times on forecast variances in the case of the ETS(A,N,N)
model for simple exponential smoothing.

Let the lead-time, T, be stochastic with mean E(T) = h. The mean lead-
time demand, given the level at time #, is

E(Yx(T) | £n) = Er[E(Ya(T) | T, £n)] = ht,

as in the case of a fixed lead-time. The variance of the lead-time demand
reduces to

VYu(T) [ £n) = VT [EYu(T) | T, n)] + Er[V(Ya(T) | T, £n)]
=Vr(l,T +ET[ Z }

= 2V(T +02ET[i{1+2a (T —j)+a®(T —j)z}}

= 2V(T) + 0*h + o2 [ 1+ la) h[2]+3och[3ﬂ

where hjj = E[T(T—1)...(T—j+1)],j = 1,2,..., is known as the jth
factorial moment of the distribution of T.

For example, when the lead-time is fixed, hjj = h(h —1)...(h —j+1).
When the lead-time is Poisson with mean h, then hU] = IJ. Therefore, the
lead-time demand variance becomes

VYu(T) | £n) = (2 + 0®)h + 02 [(1 + a2+ ;ahﬂ .

Compare this with the variance for a fixed lead-time as given in (6.16). The
two variances are plotted in Fig. 6.6 for « = 0.1, ¢ = 1 and ¢, = 2, showing
that a stochastic lead-time can substantially increase the lead-time demand
variance.



94 6 Prediction Distributions and Intervals

Lead-time demand variance

120
]

Poisson lead-time

100
1

Variance
60
1

40

20
]

20

Forecast horizon

Fig. 6.6. Lead-time demand variance for an ETS(A,N,N) model with fixed and
stochastic lead-times. Here,« = 0.1, c = 1 and ¢,, = 2.

6.7 Exercises

Exercise 6.1. For the ETS(M,N,N) model, show that
0, = (14 a?0?) !
and
Opanin = 02 [(1 +a20?) (1 + 0?) — 1] :

Exercise 6.2. For the ETS(A,A,A) model, use (6.23) replacing ¢; by j to show
that

Unihin = 07 [1 + (h—1){a* +aph+ } B*h(2h — 1)}
+ Yl {20+ 7y + Py + 1)}} .

Exercise 6.3. Monthly US 10-year bonds data were forecast with an
ETS(A,A4,N) model in Sect.2.8.1 (p. 28). Find the 95% prediction intervals
for this model algebraically and compare the results obtained by simulating
5,000 future sample paths using R.

Exercise 6.4. Quarterly UK passenger vehicle production data were forecast
with an ETS(A,N,A) model in Sect.2.8.1 (p. 28). Find the 95% prediction
intervals for this model algebraically and compare the results obtained by
simulating 5,000 future sample paths using R.
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Appendix: Derivations

Derivation of Results for Class 1

The results for Class 1 models are obtained by first noting that all of the
linear, homoscedastic ETS models can be written using the following linear
state space model, introduced in Chap. 3:

Yyt = w’:ct,l + & (6.19)

xr = Fay 1 + gey, (6.20)
where w’ is a row vector, g is a column vector, F is a matrix, and z; is the
unobserved state vector at time t. In each case, {e} is NID(0, 02).

Let I}, denote the k x k identity matrix, and Oy denote a zero vector of
length k. Then

e The ETS(A,N,N) model has x; = ¢;, w = F =1and g = g;
e The ETS(A,A4,N) model has @; = (¢, b;), w' = [1 ¢],

) ol

e The ETS(A,N,A) model has T+ = (ét, St,;St—1,--- rst—(m—l)),r

w =[10],_,1],
1 O:m—l 0 o
F = 0 o0, , 1 and g=| v |;
0m—1 Iim—1 Om—1 Om—1

e The ETS(A,A4,A) model has @y = (¢4, by, s¢,5¢1, - - .,st_(m_l))’,
w =140, 1],

(1) ¢ Ognfl 8 g
0
F= ¢ Ops and g =
o 0 o , 1 v
0m—10m—1 Iy—1 Op—1 Om—1

The matrices for (A,A,N) and (A,A,A) are the same as for (A,A4,N) and
(A,Aq4,A) respectively, but with ¢ = 1.

Forecast Mean

Let m, 4, = E(y1p, | n). Then my,,, = z, and

— _ _ _ h _ h
My thin = an+h—1|n =F Myih2n="""= F My|n = Fax,.
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Therefore
_ — ! _ o th—-1
Hutnin = E(yn+h|wn) SWMy iy )y =W F'" x,.

Example 6.2: Forecast mean of the ETS(A,A4,A) model
For the ETS(A,A4,A) model, w’ = [1¢ 0/ _, 1] and

m—1
1¢; 0 0 ... 0
0¢ 0 o ... 0
j 00 d]'-‘,—m,m d]'+m+1,m s dj+2m—1,m
Fr=1oo dermfl,m derm,m dj+2m72,m /
100 derl,m dj+2,m dj+m,m .

where ¢; = ¢+¢2+---+¢j,anddk,m =1ifk = 0 (mod m) and dy,, = 0
otherwise. Therefore,

w' FI = [1,¢511,djs1,m A2, oG] (6.21)

and
Hngnin = Cn + Ppbn + Sn—m+h

The forecast means for the other models can be derived similarly, and are
listed in Table 6.2

Forecast Variance

Define the state forecast variance as V. ,, = V(2,15 | @x). Note that V), =
O, where O denotes a matrix of zeros. Then, from (6.20),
an—&-h|n = F‘/rl+h—1|nF/ "‘99/0'2,
and therefore i
-1
Viinn =0° Y Flgg'(FI)'.
j=0

Hence, using (6.19), the forecast variance for i periods ahead is

Unthln = V(]/n+h ‘ wﬂ)
2 .
log ifh =1,

— oy 2 h—1
= W'V qw+ 0% = "> C]gl h (6.22)
j=1

0_2

where ¢; = w' Fi-1g.
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Example 6.3: Forecast variance for the ETS(A,A4,A) model

Using (6.21), we find that ¢; = wFi~lg = a + B¢; + vd; . Consequently,
from (6.22) we obtain

Unthln =

h—1
1+ Y (a+ B+ ’yd]',m)z}
j=1

h—1
=2 {1 +3 (az +2aBg; + BT + {7 + 207 + 2879 }d]-,m)} . (6.23)
j=1

In order to expand this expression, first recall the following well known
results for arithmetic and geometric series (Morgan 2005):

P 4 a(1—aP)
Y. i=ap(p+1), E p(p+1)(2p+1) and ):a] 1a
j=1 j=1
where a # 1, from which it is easy to show that
a[ll — (p+1)aP + pab 1 2.
Zlﬂ] (p(l_)a) P Yt = e+ D +2)
j=1

and ¢; = ¢(1 — ¢/)/(1 — ¢) when ¢ < 1. Then the following expressions
also follow for ¢ < 1:

h—1 B (P
o=y [h(1—¢) - (1-¢")]

h—1 ¢? h—1 , ,
and Y gf= 7 ) (1-2¢ +¢7)
j=1 ( 4)) j=1

_ ¢ N VIR

o (1_¢)2(1_¢2) [h(l (P) (1+2¢ ¢ )(1 ¢ )}

h— h—1
Furthermore, Zd]m—hm Ifh—1<mf(.e., hy = 0), then Zcp] im =70,

j=1 j=1

andifh —1 > m (i.e., hy, > 1), then

o Tim

Z‘PJ jm = Z4’em= 114)4) Y (1—¢'™)
(=1
= (1 _¢)((P1_¢m) |:hm(1_¢m) _(Pm(l_(thm)} )

(continued)
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Using the above results, we can rewrite (6.23) as

Vil = 02{1 +a?(h—1)+ (1%"”;)2 {2a(1— ¢) + B} (6.24)
Bp(1—¢") !
gy 1260 = )+ B+ 20— ¢}
" 2,3')/(]> _oam\ _ amq _ omhy
(k) B (1= g™ - g g}

This is the forecast variance for the ETS(A,A4,A) model when i > 2.

Example 6.4: Forecast variance for the ETS(A,A,A) model

To obtain the forecast variance for the ETS(A,A,A) model, we could take
the limit as ¢ — 1 in (6.24) and apply L'Hospital’s rule. However, in many
ways it is simpler to go back to (6.23) and replace ¢; with j. This yields
(Exercise 6.2)

Vsl :az[1+(h—1){a2+aﬁh+ Lg%h(2h — 1)} (6.25)

+ Vi {20+ + Bl +1)}]

The forecast variance expressions for all other models can be obtained as
special cases of either (6.24) or (6.25):

e For (A,A4,N), we use the results of (A,Agq,A) with v = 0 and s; = 0 for all
t.

e For (A,A,N), we use the results of (A,A,A) with v = 0and s; = 0 for all ¢.

e The results for (A,N,N) are obtained from (A,A,N) by further setting § = 0
and b; = 0 for all .

e The results for (A,N,A) are obtained as a special case of (A,A,A)with f =0
and b; = 0 for all ¢.

Derivation of Results for Class 2

The models in Class 2 can all be written using the following state space
model:

yi=w'z;_1(1+¢), (6.26)
wy = (F +gw'e)x_q, (6.27)

where w, g, F, ; and ¢; are the same as for the corresponding Class 1 model.
The lower tail of the error distribution is truncated so that 1 + ¢; is positive.
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The truncation is usually negligible as ¢ is usually relatively small for these
models.

Let my, ), = E(@pyn | xn) and V), = V(@yqp | @a) as in Sect.6.2.
The forecast means for Class 2 have the same form as for Class 1, namely

Hutnn = w/mn—&-h—l\n = w/Fhilw”'
From (6.26), it can be seen that the forecast variance is given by
Z)n—',-h|n = w/‘/n-i-h—1|n'w(1 + 02) + azw/mn+h—1\nm;+h71|nw
= w,‘/rt+h71|nw(1 + 0'2) + 02V31+h|n'

To obtain Vn+h_1|n, first note that «; = Fxz;_1 + gey, where ¢ = y; —
w'zi 1 = w'z;_1r. Then it is readily seen that V, 1, = FV, 1, F' +
a9'V(e,.y | ). Now let 8), be defined such that V(e,, | ;) = 6,02 Then,
by repeated substitution,

he1 ‘
Vinn =0 Y, Flgg' (FI)'6,_;.
=0

Therefore,
2 o
/
w ‘/;’l+h—1|nw =0 21 C]- 9]17]', (628)
]:
where ¢; = w'FI~1g. Now
Cnt+h = [w,(wn+h—1 — My 1jn) + 'wlmn+h71\n Enths
which we square and take expectations to give 6, = w'V, 4, _q,w + y%{ e
Substituting (6.28) into this expression for ), gives
) o 2
O =0") CiOh—j + Moy (6.29)

=1
where 61 = y%{ e The forecast variance is then given by
Vuhn = (LH02)0 — (6.30)
Derivation of Results for Class 3

Note that we can write (see p. 85)

! !
Ye = wixp_1z;_qwo (1 +gp).
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—
So let Qh = mn+hzn+h, M, = E(Qy, | ©n, z4) and Vithin = V(Qy | @n, 2zn)
where Q n = vec(Qy,). Note that

Qn = (Fixyip1+ Gy yp18nin) 2z 1 B + 250 1Goengn)
=FQy 1 F+ (F1Qy 1G5 + G1Qy 1F))eyin + G1Qu_1Ghes .
It follows that My = x, 2, and
M, = F{M,,_1F; + G1Mj,_1G5o>. (6.31)

For the variance of Qj, , we find Vj = 0, and

Viiinn = V[vec(F1Qy_1 F3) + vec(F1Qy_1G) + G1Q)_1F; ey

+vec(G1Qu-1Gr)e 1]
= (o Fl)‘/n+hfl\n(F2 ® F)'

2@ F1 + Fy @ G)V(Qj184s) (G2 @ Fy + F, @ Gy)’
G,® Gq)V (611 165.,1) (G2 ® Gy)
P ® F)Cov(Qh 1, Qi 162,,)(Ga® Gy)'

» ® G1)Cov( th1€n+h, Qi )(BaR).

Next we find that

V(@ 16nin) = Eah (@) n+h]

Viinap + My (My_1)'],
(Qh 1E54h) = [671 1(Qh 1)'e n+h} - (614 1)E(6h—1),‘74
=30* Vi 1\n+Mh l(Mh )] - 1\—/—’)1171(1‘—/—’)1171)/‘74

= o [BV,hap + 2M), (M), ) T

[
o2

and
— — — — — —
Cov(Qp-1, Qn1€.1) =E[Q1-1(Qy-1)'¢% 1] —E(Qu_1)E(Q 1) 0?
- 2 — —_— / 2—) — /
= 0" (Vign—jn + Mp1(My_1)') ="My _1(M)_1)

=0 V+h 1|n-
It follows that
Viinin = (F2 @ F))V, y_1)u(F2 @ Fy)’
+0? [(Fz @ F1)Vyh1n(G2® G1)' + (G2 ® G1) V(P2 © Fy) }
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— —
+0%(Gr® Fy + F, ® Gy) |:‘/n+h71|1’l + Mh—l(Mh—l)/}

X (G2®Fl —|—F2®G1)/
— —
+04(Gr® Gy) [3‘/rt+h—1\n + Zthl(thl)/} (G2 ®Gy).

The forecast mean and variance are given by

Huthln = E(Yusn | ®n, 2n) = wiMj_qw;
and

Ynsn | Tn, zn) = Vivec(w| Qp_qwa + wi Qp_1w)e, 1))
/ N / "NA
[((wy @ wy) Q1+ (wy @ wy) Qp_18,4p]
— —
wy @ w)) [V poqn(140%) + 02 My 1 (M _q)'] (wr @ wy)

1+0%) (wh @ w)) Vo ju(wh @ wh) + 045 e

Unth|n \4
v

=
= (
When o is sufficiently small (much less than 1), it is possible to obtain
some simpler but approximate expressions. The second term in (6.31) can
be dropped to give M), = FI' 1 My(Fy 1)/, and so
Hu+n|n ~ wiFfilwn(wéthilzn)/'

The order of this approximation can be obtained by noting that the obser-
vation equation may be written as y; = uqup 13, where u; = w{:ct_l,
Uy = whzy_q and uz; = 1+ ¢;. Then

E(y:) = E(uysuppuzs) = E(uypuor)E(usy),
because us; is independent of u ¢ and u; ;. Therefore, because E(uj sup;) =
E(u1¢)E(up) + Cov(uy s, up), we have the approximation:

2

Pngnin = EWntn | @n,zn) = E(u1nen | @n)E(ugnin | 20)E(uz npn) +O(07).

When u; ,,, ), is constant the result is exact. Now let

Hn = E(t e | @) = B(wizgy | @) = wiFl'z,
pon = E(ugninst | 2n) = E(wyzyyy | 20) = wéFthn,
O = V(U pingr | @) = V(w{w,ﬁh | @n),
O = V(U pini1 | 2n) = V(wéz,wh | zn),
and vy = COV(”%,n+h+1'u%,n+h+1 | Zn, 2n)
= Cov([wiz, 4], [whzun)® | Tn, 2n)-

Then
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2 h—1 h—1 2
.un-',-h\n = U1,h—1M2,h—1 + O(‘T ) = 'wiFl wnwéFQ zZn + O(‘T )
By the same arguments, we have

E(y%) = E(”%,t”%,t”%,t) = E(u%,tu%,t)E(ug,t)/

and
E(]/%z-s-h | 20, @y) = E(”%,n+h”%,n+h | wnfzn)E(”g,nHl)
= [COVOR i 8B i | @ 20) + By | @0)B (18 | 20)] B0 1)
= (14 02)[via -1 + (Vi1 + 13 j_1) (0201 + 3 1))

Assuming that the covariance vy, ,_1 is small compared to the other terms,
we obtain

2 2 2 2
Opgnjn ~ (14 o?) (0151 + M p—1)(O2n-1+ Hap1) = Wi jp_1Mop1-

We now simplify these results for the ETS(M,A4,M) case where x; = (¢, by)’
and zt = (st,...,5t—m+1)’, and the matrix coefficients are wj = [1, ¢}, wh =

[0,...,0,1],
1¢ o ., 1 }
F = , F, = m—1 ,
! [0 ‘P} 2 |:Im—1 01
ow o’ 0% }
G = , d Gp= |1 .
1 [ﬁ ﬁ} e [o 01
Many terms will be zero in the formulae for the expected value and the
variance because of the following relationships: G% = Oy, wéGz = 0,

and (w) ® w])(G2 ® X) = 05, where X is any 2 x 2 matrix. For the
terms that remain, wé ® wi and its transpose will only use the terms from
the last two rows of the last two columns of the large matrices because
wy @ wy = [0y, 5, 1, 1].

Using the small ¢ approximations and exploiting the structure of the
ETS(M,A4,M) model, we can obtain simpler expressions that approximate
Hondn|n and vn+h\n"

Note that wéFZJ G, = ’yd]-+1,mw£. So, for h < m, we have

h

/ / ! ph
wyzy iy | 20 = wy [ [(F2+ Gagpin_ji1)zn = wrFyzn = Sy_pmini1
j=1

Furthermore,

Hon = Sy_manh
and = [(1+77 2h’”—l}s2

n—m+hl
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Also note that x;; has the same properties as for ETS(M,A4,N) in Class 2.
Thus

i = {n + by
and vy = (1+0%)0, — i

Combining all of the terms, we arrive at the approximations

_— 2
Punthln = Hnth|nSn—m+n + O(‘T )

and Unthjn ~ Si—m-{-h; [eh(l + 02)(1 + ’YZO—Z)hm - ﬁi.ﬂ,_h‘n ’

where fi,, i, = ln + Ppbn, 61 = ‘ﬁiJrl\n’ and

h—1
0, = ﬂ%z+h|n +0’2 Zl(ﬂé —l-,B(P]')ZQh_]', h>2.
]:

These expressions are exact for i < m. The other cases of Class 3 can be
derived as special cases of ETS(M,A4,M).

Derivation of C;j Values

We first demonstrate that for Class 1 models, lead-time demand can be
resolved into a linear function of the uncorrelated level and error compo-
nents. Back-solve the transition equation (6.20) from period n + j to period #,
to give

. i
(Bn+j = F]wn + Z F]ilgfn_;’_l‘.
i=1
Now from (6.19) and (6.20) we have

/
Yngj = WTpyj1+ Enyj
/ /
=wFr, j o+wge,j 1+

. =1 o
=wF e, + Y wF " lge, i+ Enyj
i=1
j—1
= Pntjin T 2 Cj—i€n+i T Entj,
i=1

where ¢, = w' F¥~1g. Substituting this into (6.11) gives (6.15).
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To derive the value of G for the ETS(A,A4,A) model, we plug the value
of ¢; from Table 6.2 into (6.13) to obtain

j
Ci=1+ ) (a+ Bpi+vdim)
i=1

j j
=1+aj+BY ¢pi+vr) dim
=1

i=1 i

_ ; P ; Ch) (1 it :
=Taj o P G100 =9) = 1= ¢/ + v
where j,, = |j/m] is the number of complete seasonal cycles that occur

within j time periods.
A similar derivation for the ETS(A,A,A) model leads to

j
= 1+}:;(a+iﬁ+vdi,m) = 1+J[04+ iﬁ(Hl)} +Vme

The expressions for C; for the other linear models are obtained as special
cases of either ETS(A,Aq4,A) or ETS(A,A,A) and are given in Table 6.6.



