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The effect of using estimated (forecast) demand parameters on the performance of an inventory control

system is an intriguing and important subject. Recent research has been undertaken on this

phenomenon assuming stationary demand data. In this paper we extend the research to non-stationary

demands, by means of simulation. The case of a periodic order-up-to-level inventory system is

considered and the experimental structure allows us to evaluate in a progressive manner the

accumulated effect of using the optimal forecasting method, optimal forecast parameters and correct

variance expression procedures. The results allow insights to be gained into operational issues and

demonstrate the scope for improving stock control systems.

& 2010 Elsevier B.V. All rights reserved.
1. Introduction and research background

Solutions to stock control problems with stochastic demand
involve, among other things, forecasting the level of demand and
its variability. Various research projects have demonstrated that
the substitution of true moments of the demand distribution by
estimates leads to an inevitable ‘loss of performance’ in terms of
an under-achievement of the target service level. (Relevant
arguments are summarized by Syntetos and Boylan, 2008). Some
recent work has been performed on this phenomenon assuming
stationary demand data (see, for example, Strijbosch et al., 1997;
Strijbosch and Moors, 2005, 2006; Janssen et al., 2007, 2009). The
findings suggest that there is scope for improving real world
systems by means of adjusting functions that capture the inter-
relationship between forecasting and stock control. However, the
more realistic case of non-stationary demand has received less
attention. (For some interesting discussions on inventory man-
agement related issues in the context of non-stationary demand,
the reader is referred to: Iida, 1999; Aviv, 2003; Treharne and Sox,
2002). In addition, it is important to point out the lack of
empirical investigations in this area.

Our paper extends previous research to non-stationary
demand data. The normal distribution is most often utilized in
practical applications to represent demand (Silver et al., 1998).
Therefore, a way to generate non-stationary demand data from
ll rights reserved.
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the normal distribution is suggested. The demand generating
model proposed is closely related to an autoregressive integrated
moving average (ARIMA(0,1,1)) demand process. Simulation is
used to study the effect of single exponential smoothing (SES) and
simple moving average (SMA) estimates on the fill rate in a
periodic review, order-up-to level control system in various
scenarios. Subsequently, the effect of using estimated para-
meters in stock control is assessed by means of an empirical
investigation on a large demand dataset, containing both
stationary and non-stationary data. The sample consists of
individual demand histories of 1773 stock keeping units (SKUs)
from the retail sector.

The work described in this paper has been partially inspired by
Graves (1999). He investigated, in his Section 2, similar issues to
those addressed in the current paper. However, the conditions of
his research differ from those in our paper. First, the demand
process used by Graves (1999) permits demands to be negative
and the parameter a, which is used to generate the demand
(please refer also to the next section of our paper) is assumed to
be known. Furthermore, a cycle service criterion is implicitly used
to determine the order quantities. Here, we transform the demand
generating process such that demand is non-negative. A fill rate
criterion is used to determine the order-up-to level and sub-
optimal values of a are investigated as well. Graves shows (among
other things) that ‘‘dramatically more safety stock is required when

demand is non-stationary, in comparison with the textbook case of

stationary demand (a=0) (p. 54)’’. Although the conditions in the
current paper are not the same as those in Graves (1999), our
simulation results allow similar conclusions.

www.elsevier.com/locate/ijpe
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Fig. 1. Fifteen (15) non-stationary demand series—according to (4)—and the corresponding forecasts for various values of af.
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2. Non-stationary normal demand and (R, S) inventory control

Consider the following ARIMA(0,1,1) demand process

d1 ¼ mþe1

dt ¼ dt�1�ð1�aÞet�1þet ¼ mþa
Xt�1

t ¼ 1

etþet ; t¼ 2;3; . . .

8>><
>>: ð1Þ

where a (0rar1) and m (m40) are known parameters, {et} i.i.d.,
and et �Nð0;s2Þ. Note that the demand series is non-stationary
when a40. Now, consider a single exponential smoothing (SES)
forecasting procedure, defined by

F1 ¼ m
Ftþ1 ¼ adtþð1�aÞFt ; t¼ 1;2; . . .

(
ð2Þ

In this model, because the parameters are assumed to be
known, the forecast errors coincide with the noise terms if the SES
procedure is employed (see, for example, Graves, 1999)

dt�Ft ¼ et ; t¼ 1;2; . . .

Ftþ1 ¼ Ftþaet ¼ aetþaet�1þ . . . þae1þm¼ mþa
Xt

t ¼ 1

et

8>><
>>: ð3Þ

SES is the mean squared error (MSE) optimal method for the
model described in (1). However, if a is unknown (which is
obviously the case in practical applications), the method is no
longer optimal. In addition, it is also important to distinguish
between the forecast optimality of an estimator (based on the
MSE criterion) and its stock control-related performance in terms
of its implications for availability and inventory investment. So, it
is interesting to investigate the performance of (2) for values of
the smoothing constant other than a. We will do so in the context
of an (R, S)—periodic inventory system with constant (integer)
lead time and R=1. In addition to SES, we will also study the
performance of another popular industry approach to forecasting
demand, namely the simple moving average (SMA) estimator. The
forecasting properties and robustness of the SMA estimator were
analyzed by Johnston et al. (1999a, b). Its inventory performance
was investigated by Sani and Kingsman (1997). The details of our
simulation experiment are discussed in the following sub-section.

2.1. Simulation program

The simulation control parameters are the following:
a;af ; T ; t; vd; L;XL;N; and b, where a is a parameter for the
generation of the demand process according to (1); af is the
smoothing constant for the SES-forecast, and for smoothing MSE;
T is the number of historical demands used for SMA; t, is the
length of the (observed) demand series; vd, is the coefficient of
variation of demand per unit time, nd ¼ s=m; L is the (integer) lead
time (LZ0); XL is the demand over the lead time L; N is the
number of simulation replications, and b is the level of the
P2-service criterion (fill rate).

To prevent negative values, demand is generated by a slightly
different process than (1)

m1 ¼ m

mt ¼ m1þa
Xt�1

k ¼ 1

ek

" #þ
dt ¼ ½mtþet�þ ; t¼ 1; . . . ; tþLþ1

8>><
>>: ð4Þ

SES-forecasts for the level of demand and its variability are
obtained according to

F1 ¼m; Ft ¼ af dt�1þð1�af ÞFt�1; t¼ 2; . . . ; tþ1;

MSE1 ¼ 0; MSEt ¼ af ðdt�1�Ft�1Þ
2
þð1�af ÞMSEt�1; t¼ 2; . . . ; tþ1:

(

ð5Þ



Fig. 2. Estimated fill rates using SMA(1) on series generated based on (4).
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Demand variance is estimated through the smoothed MSE
procedure and the same smoothing constant value is used for
updating both the level and variance of demand, as shown in
expression (5).

Fig. 1 presents examples of 15 demand series (randomly
generated according to (4)) and the corresponding forecast series
(based on (5)). The plots clearly show the non-stationary
character of the demand series. The forecast and smoothed MSE
(cf. (5)) at time t will be used for the determination of the order-
up-to level St by solving S from

Eð½XLþ1�S�þ Þ�Eð½XL�S�þ Þ ¼ ð1�bÞFtþ1 ð6Þ

where Xl is assumed to have a normal distribution with mean
lFt +1 (SES), or lm̂T ðtÞ ¼ l

PT
t ¼ 1 dt�tþ1=T (SMA). Note that we may

encounter the situation that a newly determined order-up-to
level is lower than the currently available inventory position. This
is solved by sending the surplus back to the supplier, implicitly
allowing negative order quantities as in Graves (1999). For the
variance of the distribution of Xl, we investigate the following
possibilities:

SMAð1Þ : lŝ2
T ðtÞ ¼ l

XT

t ¼ 1

�
dt�tþ1�m̂T ðtÞ

�2
=ðT�1Þ

SMAð2Þ : lð1þl=TÞŝ2
T ðtÞ

SESð1Þ : lMSEtþ1

SESð2Þ : l
�

1þlaf =ð2�af Þ

�
MSEtþ1ð2�af Þ=2

8>>>>>>>><
>>>>>>>>:

ð7Þ

SMA(2) and SES(2) are obtained by combining the demand
and the forecast variance, yielding estimates of the forecast
error variance over a period of length l. The relevant procedures
can be shown, in a stationary context, to take into account the
auto-correlation of the forecast errors over the lead time (see
Strijbosch et al., 2000; Syntetos et al., 2005) and they are expected
to offer better results than SMA(1) and SES(1), respectively.
(Please note that for l=1, SES(2) is identical to SES(1) regardless of
the smoothing constant value used.)

The amount of backorders (BO) is defined by:

BO¼
XtþLþ1

t ¼ tþ1

dt�St

" #þ
�

XtþL

t ¼ tþ1

dt�St

" #þ
ð8Þ

The demand in period t+L+1, dt +L +1, is responsible for the
(added) backorders (if any) at the end of period t+L+1. Thus, an
estimated value of the attained fill rate, b̂, is obtained by
accumulating the results of N simulation replications:

b̂ ¼ 1�

PN
n ¼ 1

BOn

PN
n ¼ 1

Dn

ð9Þ

where BOn is the amount of backorders in replication n, and Dn is
the demand, dt + L+ 1, in period t+L+1 for replication n.

2.2. Simulation scheme and results

It is clear that even a few levels of each input parameter yield
many combinations. For the purposes of our investigation, we
select

m=10 (assuming that the value of m is not relevant);
N=5000 (sufficiently large to be able to discern the various

outcomes statistically);



Fig. 3. Estimated fill rates using SMA(2) on series generated based on (4).
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b=0.95 (one of the levels used most often in practice);
aAf0:05;0:15;0:30g (reflecting demand processes often identi-

fied in practice);
af Af0:05;0:15;0:30g (reflecting smoothing constants often iden-

tified in practice);
ndAf0:1;0:3;0:5;0:7;0:9g (to give a wide coverage of CV values);
LAf0;1;2;3;4g (covering lead times relevant to the empirical

study); and
T ¼ bð2�af Þ=af þ0:5c ) TAf39;12;6g from Brown (1963), al-

though it should be noted that, strictly speaking, this
relationship applies only to stationary demand.

In case of SES, t should be sufficiently large to get rid of start-
up effects (e.g. af ð1�af Þ

t�1o0:001). This simulation scheme
yields 180 values of b̂ for each of the variants of (7).

Figs. 2–5 show graphically the results of the simulation for the
four cases of variance estimation [SMA(1), SMA(2), SES(1), and
SES(2)]. The variability in simulation results is shown by plotting
a grid of lower and upper bounds of 95% confidence intervals
about the mean. The first row of Figs. 2–5 represents the case of
stationary demand, whereas the second and the third rows
represent non-stationary processes. The results confirm the
findings of previous research on stationary data (e.g. Janssen
et al., 2009). In general—especially for large values of af and,
correspondingly, small values of T—we should use estimates of
the forecast error variance when solving the service Eq. (6) for S.
Fig. 4 (and, analogously, Fig. 2) confirms that a good choice for af

is a, which is, of course, of limited practical relevance as a is
usually unknown. This finding is consistent with the fact that (2)
is the best forecast for (1). Figs. 3 and 5 reveal that this effect
largely disappears when using the SMA(2) and SES(2) variants.
Moreover, T=6 and af=0.30 yield a better fill rate performance
than the other values considered, whereas SES(2) is preferred to
SMA(2). Generally, smaller values of vd, and smaller lead times,
yield a better performance, as expected intuitively.

This Monte Carlo investigation suggests that we can profit
from knowing the mechanism that generates the demand data.
However, the interaction between forecasting and inventory
control seems to disturb this: for example, SES(2) is the best
approach, but then the best value of the smoothing constant need
not be equal to the optimal value when only considering the
forecasting procedure. Previous research repairs the loss of fill
rate performance to a large extent in case of stationary normal
demand with unknown parameters (Janssen et al., 2009); Janssen
et al. (2007) extend this research to stationary gamma demand
and show the relevance of the results on real life demand data.
Their approach is to estimate the loss of performance for many
combinations of all parameter values in the forecasting–inventory
control system and to find a correction of the order-up-to level as
a function of the moving average length, the lead time, the target
service level and the estimated parameter values.
3. Empirical investigation

Simulation (and theoretical) evidence has been advanced for
the improved fill rate performance achieved by using a corrected
variance function. This evidence has been presented for stationary
demand in previous papers (e.g. Janssen et al., 2009) and, in this
paper, for a non-stationary demand process. As yet, issues related
to seasonal or intermittent data have not been analyzed.
However, even with this caveat, it is important to validate the



Fig. 4. Estimated fill rates using SES(1) on series generated based on (4).
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improved performance on real data, which may not exhibit
exactly the theoretical demand processes posited in this and
previous papers.

The empirical dataset available for this investigation consists
of the individual demand histories of 28,000 stock keeping units
(SKUs). The data have been provided by a supply chain and
forecasting software manufacturer (SAF-AG, Switzerland). It
comes from one of their major clients in the retailing sector but
no more information has been made available about the nature of
the company. The data was initially screened for intermittence
and any series with at least one zero demand occurring period
was excluded from our analysis. Subsequently, the series were
tested for seasonality, using the SARIMA methodology of the
C Numerical LibraryTM (Visual Numerics). The SKUs found to be
seasonal were also excluded. The screening process described
above resulted in 1773 SKUs that were finally utilized for the
purposes of our investigation.

Demand is recorded weekly and the history available (for
every SKU) covers 103 consecutive periods. This is deemed to be
‘recent’ historical demand information although we do not know
the exact starting date/week. In addition, no cost or lead time
related information has been made available to us. The demand
data characteristics are summarized in the following table. The
descriptive statistics are rounded to two decimal places (Table 1).

In terms of simulation, we have split each series into two
parts: part I consists of the first 39 periods and was used for
initialization purposes (allowing for the consideration of a simple
moving average estimator of length 39). Empirical performance
was then assessed on part II (consisting of the remaining 64
periods). We report, for a target fill rate of 95% and for various
combinations of estimation procedure and lead time length:
(i) the achieved fill rates (across all out-of-sample periods),
(ii) inventory holdings (number of units per period) and
(iii) backlog inventories (number of units per period). All reported
figures are averages across all SKUs. The smoothing constant
values and moving average lengths used for simulation purposes
were fixed similarly to the analysis performed in the previous
sections of the paper. Part II was also used for identifying the
optimal values of the smoothing constant value and moving
average length for SES and SMA, respectively. In the former case,
the search range was restricted to [0.01–0.40] in steps of 0.01,
whereas in the latter case it was [2–39] in steps of 1 period. The
range for the smoothing constants was chosen to allow compar-
ison of the sub-ranges [0.01–0.10], [0.11–0.20] and [0.21–0.40]
with the approximate mid-points of these ranges used in the
simulation study, namely 0.05, 0.15 and 0.30.
4. Empirical results: summary

The empirical results are summarized in Tables 2–5 and Fig. 6.
Using the correct variance expression offers much better results
overall, especially for higher lead times and this is true both for
SMA and SES. Consider, for example, the scenario T=6 and L=4,
where SMA(2) results in about 5% higher fill rate than SMA(1). In
addition, the application of the SES estimator seems to offer better
results than the SMA, for a specific lead time length and variance
updating procedure, as the smoothing constant increases (or as
the moving average length decreases).



Fig. 5. Estimated fill rates using SES(2) on series generated based on (4).

Table 1
Demand data series characteristics.

1773 SKUs Mean demand Standard deviation Coefficient of variation

Min 26.34 8.27 0.18

25%ile 34.35 16.74 0.37

Median 47.52 24.41 0.47

75%ile 74.77 38.24 0.60

Max 1747.51 839.07 4.02

Table 2
Empirical results: normal distribution and SMA(1).

T Lead time Holding inventory Backlog inventory FR

T=39 L=0 43.1213 4.6707 0.9343

L=1 76.2336 6.6172 0.9058

L=2 106.1995 7.3329 0.8952

L=3 135.2070 7.6522 0.8909

L=4 164.0073 7.9218 0.8884

T=12 L=0 34.6984 5.8331 0.9150

L=1 62.5399 8.4999 0.8748

L=2 88.7833 9.7572 0.8557

L=3 114.9800 10.4604 0.8451

L=4 141.6454 11.0169 0.8378

T=6 L=0 32.7892 6.6388 0.9029

L=1 61.3138 9.6119 0.8583

L=2 89.4058 10.7765 0.8401

L=3 118.5853 11.3388 0.8318

L=4 148.7064 11.8975 0.8254

Table 3
Empirical results: normal distribution and SMA(2).

T Lead time Holding inventory Backlog inventory FR

T=39 L=0 43.6923 4.5970 0.9354

L=1 78.0334 6.4238 0.9086

L=2 109.6893 7.0218 0.8997

L=3 140.7489 7.2358 0.8969

L=4 171.8838 7.4087 0.8957

T=12 L=0 36.2321 5.5787 0.9188

L=1 67.4993 7.8208 0.8849

L=2 98.5876 8.6593 0.8719

L=3 130.6711 8.9714 0.8669

L=4 164.1005 9.1748 0.8645

T=6 L=0 35.6839 6.1531 0.9102

L=1 71.0107 8.3423 0.8774

L=2 108.8241 8.7397 0.8705

L=3 150.0687 8.6931 0.8714

L=4 193.7872 8.6374 0.8739
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Overall, the results indicate a deterioration of the fill rate
performance as the lead time increases and this is true for all four
estimation procedures considered. Moreover, as the moving
average length increases (or correspondingly the smoothing
constant value decreases), for a specific lead time length, the
discrepancy between the target and achieved fill rate decreases,
i.e. we obtain better service results (without considerable
increases in the inventory volume).

Fig. 6 provides a further graphical display of the results
discussed above (for a=0.05, 0.3 and T=6, 39). The results
presented in this section are consistent with the results obtained
on theoretically generated data. In the next section, we continue
with a discussion on the discrepancy between actual and optimal
forecast parameters as well as the implications for stock control.
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5. Empirical results: actual and optimal forecast parameters

In order to evaluate the effect of utilizing sub-optimal forecast
parameters, we took the following approach. First, the optimal
Table 4
Empirical results: normal distribution and SES(1).

a Lead time Holding inventory Backlog inventory FR

a=0.05 L=0 41.1735 4.4976 0.9368

L=1 73.4248 6.5506 0.9074

L=2 102.5723 7.2545 0.8961

L=3 130.8122 7.5605 0.8911

L=4 158.8180 7.7895 0.8878

a=0.15 L=0 36.3625 5.1521 0.9262

L=1 64.9348 7.7507 0.8881

L=2 91.4110 8.8683 0.8699

L=3 117.7746 9.4726 0.8595

L=4 144.6066 10.0033 0.8519

a=0.30 L=0 35.5298 5.2905 0.9238

L=1 64.3762 8.1358 0.8820

L=2 92.3528 9.4189 0.8611

L=3 121.7416 10.1423 0.8494

L=4 152.5995 10.7126 0.8416

Table 5
Empirical results: normal distribution and SES(2).

a Lead time Holding inventory Backlog inventory FR

a=0.05 L=0 41.1735 4.4976 0.9368

L=1 74.3133 6.4618 0.9087

L=2 104.9046 7.0582 0.8989

L=3 135.0397 7.2643 0.8953

L=4 165.3089 7.3995 0.8932

a=0.15 L=0 36.3625 5.1521 0.9262

L=1 67.3632 7.4519 0.8925

L=2 97.7754 8.2281 0.8793

L=3 129.3308 8.5014 0.8739

L=4 162.2994 8.7190 0.8706

a=0.30 L=0 35.5298 5.2905 0.9238

L=1 69.0803 7.5248 0.8911

L=2 104.5897 8.1378 0.8801

L=3 143.7319 8.2415 0.8775

L=4 186.0956 8.2861 0.8775
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Fig. 6. Efficiency curves for a
parameters associated with each series were identified consider-
ing the out-of-sample data (i.e. periods 40–103 inclusive) and
according to minimizing the mean squared error. The search
range was restricted to [0.01–0.40] in steps of 0.01 with respect to
the smoothing constant for SES, and [2–39] in steps of 1 period for
identifying the optimal moving average length. We then grouped
the SKUs for both estimators considered in this research into three
categories based on their corresponding optimal forecast para-
meter value. The upper limit in the search procedure could have
been higher; the particular arrangement reflects the length of the
series and our concern of having sufficient out-of-sample data,
thus keeping the initialization sub-set equal to 39. The details are
presented in Table 6.

Subsequently, we evaluated performance on the out-of-sample
data for each of those categories (and every estimation procedure)
using the actual forecast parameters discussed thus far in this
paper, i.e. smoothing constants af Af0:05;0:15;0:30g and moving
average lengths TAf39;12;6g. This allowed us to be able to
analyze stock control-related performances in terms of the
relationship between actual and optimal parameter values. In
Fig. 7, we present the empirical results that relate to the
application of all four estimation procedures across the three
groups of SKUs. The detailed results of this evaluation are
presented in Appendix A.
.88 0.9 0.92 0.94
 fill-rates
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SES(1); α=0.05 
SES(1); α=0.30 
SES(2); α=0.05 
SES(2); α=0.30 

SES(1);
α=0.05

ES(2);
=0.3

SES(2);
α=0.05

SMA(2);
T=39

SMA(1);
T=39

ll estimation procedures.

Table 6
Grouping optimal forecast parameter values.

Number of SKUs per class

SMA

T optimal is between 39 and 19 periods 436 SKUs

T optimal is between 18 and 9 periods 584 SKUs

T optimal is between 8 and 2 periods 753 SKUs

Total 1773 SKUS

SES

a optimal is between 0.01 and 0.1 488 SKUs

a optimal is between 0.11 and 0.2 486 SKUs

a optimal is between 0.21 and 0.4 799 SKUs

Total 1773 SKUS



Fig. 7. Empirical results: optimal vs actual parameter values.
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Regarding the SMA(1) estimator (please also refer to
Tables A1–A3), our empirical findings indicate that the applica-
tion of a large moving average length results in the best
performance. Surprisingly though, this is the case not only when
the employment of T=39 is theoretically expected to offer the best
results, but also when a shorter moving average length should
result in an achieved fill rate closer to its target.

Overall, the inventory holdings and achieved fill rates increase
with the actual T value for a specific lead time length. The
application of SMA(2) (please also refer to Tables A4–A6) offers,
overall, better results than SMA(1) but the superiority related to
the application of T=39 (with respect to the service level
performance) remains persistent. However, when SMA(2) is used,
the picture is somewhat different in that the T value that is
theoretically expected to perform best does indeed perform very
well if we consider both the inventory holdings and achieved fill
rate results. Theoretically, the issue of demand variance relates to
the minimization of inventory holdings, assuming an appropriate
stock rule is in place, and the empirical results do in fact reflect
such a theoretical expectation.

Similar results have been recorded for the SES estimator and
all the comments made above for the SMA apply also to this case.
(Detailed results regarding the SES estimator are presented in
Tables A7–A12). The SES estimator has been found to perform,
overall, better than SMA as the a value increases (or as the
corresponding moving average length decreases), for every
control parameter combination that permits a one-to-one
comparison. The most striking finding relates to the fact that
the application of a small smoothing constant value (0.05) offers
the best results across all three categories of SKUs (in the same
way that T=39 was previously found to result to the best SMA
performance).
Some inconsistencies have been expected when contrasting
performance based on ‘optimal’ and actual forecast parameter
values. Potential reasons for these discrepancies include: (i) the
optimization of the parameter values takes place with respect to
the forecasting (MSE) performance whereas, in fact, evaluation is
based on stock control metrics. There are many references in the
literature that indicate that forecast accuracy is to be distin-
guished from the stock control performance of the estimators
being used (e.g. Mahmoud and Pegels, 1989; Gardner, 1990; Sani
and Kingsman, 1997; Syntetos and Boylan, 2006); and (ii) the MSE
optimization focused on one-step-ahead forecasts whereas we
also evaluate performance on longer lead times. It should also be
recognized that the variance expressions were not specifically
derived for non-stationary data. The establishment of specific
expressions may offer some insights into the reasons for the
results summarized above.
6. Conclusions and extensions

Demand forecasting and stock control are traditionally
examined as independent of each other. Moreover, the majority
of studies that consider the interface between them tend to ignore
the effect of using estimated parameters in an inventory manage-
ment system. Even though this weakness has been highlighted in
the academic literature, little empirical work has been conducted
to develop our understanding on the interaction between
forecasting and stock control. In addition, theoretical work that
has been performed in this area focuses on the case of stationary
demand processes. In this paper, we extend previous work on the
interaction under concern in two significant ways: (i) the case of
non-stationary demand is considered through experimentation



Table A1
Empirical results: normal distribution and SMA(1), ToptA[39,19].

Tactual Lead time Inventory Backlog FR

T=39 L=0 48.2559 5.5438 0.9305

L=1 82.0664 7.1236 0.9114

L=2 110.6651 6.8246 0.9122

L=3 137.2765 6.3395 0.9167

L=4 163.2157 6.2089 0.9204

T=12 L=0 46.6959 6.8493 0.9077

L=1 81.0122 9.5199 0.8718

L=2 110.7020 9.8978 0.8635

L=3 138.3855 9.8462 0.8614

L=4 165.2276 9.9519 0.8605

T=6 L=0 47.0397 8.2357 0.8905

L=1 85.2800 11.4537 0.8455

L=2 120.0712 11.6697 0.8371

L=3 153.8621 11.4336 0.8369

L=4 187.3874 11.5759 0.8367

Table A2
Empirical results: normal distribution and SMA(1), ToptA[18,9].

Tactual Lead time Inventory Backlog FR

T=39 L=0 36.6467 3.9762 0.9435

L=1 65.4891 5.1356 0.9260

L=2 92.0404 5.4468 0.9228

L=3 118.1469 5.5401 0.9228

L=4 144.3152 5.6189 0.9227

T=12 L=0 29.8232 5.1352 0.9237

L=1 53.2155 6.8786 0.8959

L=2 75.0181 7.3974 0.8883

L=3 96.7589 7.5416 0.8858

L=4 119.0031 7.6752 0.8840

T=6 L=0 28.5277 6.2943 0.9052

L=1 52.3959 8.7680 0.8669

L=2 75.3641 9.3712 0.8581

L=3 99.0489 9.3869 0.8581

L=4 123.4949 9.4209 0.8585

Table A3
Empirical results: normal distribution and SMA(1), ToptA[8,2].

Tactual Lead time Inventory Backlog FR

T=39 L=0 45.1698 4.7039 0.9294

L=1 81.1893 7.4731 0.8869

L=2 114.5950 9.0899 0.8640

L=3 147.2400 10.0503 0.8512

L=4 179.7380 10.6995 0.8432

T=12 L=0 31.5326 5.7859 0.9124

L=1 59.0757 9.1668 0.8601

L=2 86.7678 11.5060 0.8259

L=3 115.5595 13.0798 0.8041

L=4 145.5515 14.2251 0.7889

T=6 L=0 27.8430 5.9814 0.9083

L=1 54.3533 9.2000 0.8591

L=2 82.5402 11.3493 0.8280

L=3 113.3111 12.7977 0.8085

L=4 145.8626 14.0045 0.7932

Table A4
Empirical results: normal distribution and SMA(2), ToptA[39,19].

Tactual Lead time Inventory Backlog FR

T=39 L=0 48.9228 5.4560 0.9316

L=1 84.1474 6.8956 0.9144

L=2 114.6869 6.4754 0.9168

L=3 143.6960 5.9084 0.9227

L=4 172.3197 5.6905 0.9275

T=12 L=0 48.8417 6.5545 0.9118

L=1 87.7427 8.7417 0.8824

L=2 123.7412 8.6888 0.8799

L=3 159.0098 8.2699 0.8834

L=4 194.4111 7.9558 0.8876

T=6 L=0 51.2954 7.6509 0.8983

L=1 99.1377 9.9890 0.8654

L=2 147.2452 9.4356 0.8678

L=3 197.4854 8.6674 0.8768

L=4 249.1814 8.1580 0.8864

Table A5
Empirical results: normal distribution and SMA(2), ToptA[18,9].

Tactual Lead time Inventory Backlog FR

T=39 L=0 37.1202 3.9082 0.9445

L=1 67.0159 4.9622 0.9285

L=2 95.0193 5.1701 0.9268

L=3 122.8942 5.1591 0.9282

L=4 151.0955 5.1434 0.9293

T=12 L=0 31.1287 4.9011 0.9273

L=1 57.4400 6.2692 0.9052

L=2 83.3270 6.4270 0.9028

L=3 110.0399 6.2018 0.9057

L=4 138.0279 6.0464 0.9079

T=6 L=0 30.9864 5.8391 0.9124

L=1 60.5481 7.5666 0.8852

L=2 91.6139 7.4159 0.8873

L=3 125.4541 6.8938 0.8954

L=4 161.4889 6.3939 0.9040

Table A6
Empirical results: normal distribution and SMA(2), ToptA[8,2].

Tactual Lead time Inventory Backlog FR

T=39 L=0 45.7607 4.6340 0.9305

L=1 83.0381 7.2841 0.8899

L=2 118.1732 8.7743 0.8688

L=3 152.8901 9.6149 0.8576

L=4 187.7539 10.1605 0.8514

T=12 L=0 32.8890 5.5392 0.9163

L=1 63.5796 8.4909 0.8706

L=2 95.8588 10.3735 0.8432

L=3 130.2634 11.5256 0.8274

L=4 166.7711 12.3069 0.8175

T=6 L=0 30.2878 5.5294 0.9155

L=1 62.8392 7.9903 0.8783

L=2 99.9251 9.3636 0.8590

L=3 141.7038 10.1035 0.8497

L=4 186.7624 10.6549 0.8432
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with theoretically generated data; and (ii) further insights are
developed though an investigation of a large empirical demand
dataset. The accumulated effect of the following three factors is
explored in detail: (i) using an optimal estimator; (ii) using
‘optimal’ forecast parameter values; and (iii) using correct
variance updating procedures.

Overall, the results indicate that, although the choice of
the correct forecasting method and forecast parameter values
is important, most gains in stock control performance may
be attributed to an amended demand variance updating proce-
dure. Natural next steps of research include the derivation of
adjustment factors that capture the interaction between forecast-
ing and stock control under the assumption of non-stationary
demand and the replication of experiments conducted in this
paper on larger empirical datasets. Finally, further research
into the issue of estimating the variance (rather than the level)



Table A7
Empirical results: normal distribution and SES(1), aoptA[0.01,0.1].

aactual Lead time Inventory Backlog FR

a=0.05 L=0 50.5669 6.3854 0.9211

L=1 87.5388 8.7119 0.8941

L=2 118.7929 8.4133 0.8961

L=3 147.6280 7.7884 0.9023

L=4 175.6002 7.4322 0.9067

a=0.15 L=0 49.4359 6.9112 0.9134

L=1 86.2608 10.0388 0.8760

L=2 118.2521 10.1384 0.8714

L=3 148.6075 9.7416 0.8742

L=4 178.7325 9.7256 0.8752

a=0.30 L=0 50.6887 7.0148 0.9119

L=1 90.5217 10.6254 0.8679

L=2 127.4061 10.9272 0.8599

L=3 164.5798 10.6758 0.8615

L=4 202.5932 10.6610 0.8628

Table A8
Empirical results: normal distribution and SES(1), aoptA[0.11,0.2].

aactual Lead time Inventory Backlog FR

a=0.05 L=0 30.3585 3.4385 0.9482

L=1 54.8720 4.1573 0.9372

L=2 77.6893 4.2622 0.9357

L=3 100.5841 4.2119 0.9365

L=4 123.7723 4.1761 0.9368

a=0.15 L=0 26.4557 4.2297 0.9352

L=1 46.9805 5.4660 0.9152

L=2 65.9781 5.9070 0.9073

L=3 85.2840 6.0498 0.9030

L=4 105.1798 6.2074 0.8992

a=0.30 L=0 26.2239 4.4356 0.9319

L=1 46.3727 6.0223 0.9062

L=2 65.2464 6.7392 0.8941

L=3 85.2156 7.0441 0.8876

L=4 106.5228 7.2828 0.8828

Table A9
Empirical results: normal distribution and SES(1), aoptA[0.21,0.4].

aactual Lead time Inventory Backlog FR

a=0.05 L=0 42.0146 3.9888 0.9394

L=1 76.0893 6.6863 0.8975

L=2 107.8006 8.3668 0.8720

L=3 138.9283 9.4582 0.8567

L=4 169.8850 10.2055 0.8465

a=0.15 L=0 34.4036 4.6388 0.9285

L=1 62.8306 7.7430 0.8789

L=2 90.4873 9.8938 0.8462

L=3 118.7058 11.3903 0.8242

L=4 147.7456 12.4817 0.8088

a=0.30 L=0 31.9318 4.7573 0.9262

L=1 59.3582 7.9007 0.8760

L=2 87.4312 10.1277 0.8417

L=3 117.7949 11.7010 0.8188

L=4 150.0919 12.8304 0.8036

Table A10
Empirical results: normal distribution and SES(2), aoptA[0.01,0.1].

aactual Lead time Inventory Backlog FR

a=0.05 L=0 50.5669 6.3854 0.9211

L=1 88.6909 8.5962 0.8955

L=2 121.8335 8.1727 0.8991

L=3 153.1675 7.4337 0.9066

L=4 184.2286 6.9762 0.9124

a=0.15 L=0 49.4359 6.9112 0.9134

L=1 89.6372 9.6576 0.8807

L=2 127.1400 9.3737 0.8811

L=3 164.9039 8.6124 0.8887

L=4 203.7852 8.2472 0.8942

a=0.30 L=0 50.6887 7.0148 0.9119

L=1 97.2841 9.8464 0.8776

L=2 145.0949 9.3998 0.8795

L=3 196.5408 8.4722 0.8899

L=4 251.2590 7.8778 0.8991

Table A11
Empirical results: normal distribution and SES(2), aoptA[0.11,0.2].

aactual Lead time Inventory Backlog FR

a=0.05 L=0 30.3585 3.4385 0.9482

L=1 55.4884 4.0875 0.9383

L=2 79.3049 4.1063 0.9379

L=3 103.4986 3.9716 0.9398

L=4 128.2245 3.8475 0.9412

a=0.15 L=0 26.4557 4.2297 0.9352

L=1 48.6848 5.2100 0.9192

L=2 70.4265 5.3597 0.9156

L=3 93.2876 5.2016 0.9159

L=4 117.4299 5.1080 0.9160

a=0.30 L=0 26.2239 4.4356 0.9319

L=1 49.7889 5.4744 0.9146

L=2 74.0079 5.5439 0.9124

L=3 100.9139 5.2760 0.9146

L=4 130.4306 5.0701 0.9173

Table A12
Empirical results: normal distribution and SES(2), aoptA[0.21,0.4].

aactual Lead time Inventory Backlog FR

a=0.05 L=0 42.0146 3.9888 0.9394

L=1 76.9825 6.6023 0.8989

L=2 110.1363 8.1732 0.8751

L=3 143.1532 9.1636 0.8612

L=4 176.3104 9.8186 0.8524

a=0.15 L=0 34.4036 4.6388 0.9285

L=1 65.1203 7.4684 0.8834

L=2 96.4758 9.2732 0.8562

L=3 129.5277 10.4408 0.8392

L=4 164.2538 11.2037 0.8287

a=0.30 L=0 31.9318 4.7573 0.9262

L=1 63.5886 7.3540 0.8850

L=2 98.4523 8.9448 0.8608

L=3 137.5227 9.9043 0.8474

L=4 180.1550 10.4918 0.8402
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of demand should prove to be very beneficial for practical
applications.
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