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Abstract: In business, planning often starts with an annual financial target which is then apportioned 
into a set of monthly targets, called the track. As the year progresses planners must assess, by 
comparing the actual measurement with the track, whether the measurement is on track to reach the 
target or whether action needs to be taken in order to reach the target. Wu (The Statistician, 1988, 37, 
141-152) has briefly described three planning charts, called WINEGLASS, SHIPWRECK and OUT- 
LOOK, that enable this assessment to be made objectively. Here we give a detailed description of Wu’s 
approach. We give a complete description of the charts and of the calculations needed to construct 
them, and we present examples of these calculations. We also describe a way of setting the current 
year’s monthly targets on the basis of previous years’ data. The calculations are based on a statistical 
model, a modification of Wu’s Track Uncertainty Model, of the variability of the actual measurement 
about the track. 
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1. Introduction 

In business, planning often starts with finan- 
cial targets from which goals for financial con- 
trols and sales of individual products are gener- 
ated. There are two focuses in this planning 
process. One is producing the annual goals. The 
other is assessing, as the year progresses, 
whether the goals set are being attained or 
whether action needs to be taken to achieve the 
goals. To make these assessments, the annual 
target is further apportioned into monthly 

targets. The monthly targets are called the track. 
Often the track is constructed by a planner and is 
based on the planner’s judgement of such mat- 

Cnrrrspondence f~: L.S.-Y. Wu, IBM Research Division, T.J. 

Watson Research Center, Yorktown Heights, NY 10598, 
USA 

ters as manufacturing capacity, product an- 
nouncements, price changes and seasonal varia- 
tions in demand. When the track is based on a 
planner’s judgement, it will be called a planner 
track. Sometimes it is desired to make assess- 
ments based on history alone, excluding the 
planner’s subjective judgement. When a track is 
based on history alone, it will be called a histori- 
cal track. 

This business planning framework is some- 
what different from a typical forecasting prob- 
lem. The distinction between planning (setting 
targets and monitoring whether they can be at- 
tained) and forecasting (extrapolation of a time 
series) is rarely made in the forecasting litera- 
ture, but has recently been described by 
Bretschneider (1991). 

Wu (1988) described how to model and quan- 
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tify the uncertainties in the planning process 
based on a planner track, and mentioned three 
planning charts, called WINEGLASS, SHIP- 
WRECK and OUTLOOK, that can be used to 
assess the attainability of goals and to make 
annual business risk outlooks. In this paper we 
describe how the three planning charts are con- 
structed, and how the analyses that they involve 
are interrelated. We also show how to quantify 
the uncertainty and construct the three planning 
charts when using a historical track rather than a 
planner track. 

For clarity of explanation we will for the most 
part suppose that the measurement being as- 
sessed is the sales of a product. For sales, the 
objective is to attain a high sales total at the end 
of the year, so we call sales a ‘high objective’ or 
‘the larger the better’ measurement. However, 
our approach applies equally well to measure- 
ments. such as expense, the nature of which is 
‘low objective’ or ‘the smaller the better’. 

2. The planning framework 

The planning framework is as follows. For the 
current year there is an annual target T. At 
month I in the current year, monthly sales to 
date are Y,, , Y,. Given these data, we seek 
answers to the following questions. 

(1) Are sales on track to make the annual 
target? 

(2) Given an optimistic view of the future, 
will we make up the deficit (or, in the case of 
expense, will we eliminate the excess) by the end 
of the year? 

(3) What are reasonable outlooks, high, 
medium and low, for the year’s total sales? 

The WINEGLASS, SHIPWRECK and OUT- 
LOOK charts provide answers to these ques- 
tions. Two components are required to construct 
the charts: the truck, a set of monthly targets 

T,, . . , T,z, that sum to the annual target; and 
an estimate of the accuracy of the track. 

Two kinds of track can be used. A planner 
truck is the planner’s judgement of how the 
target can be reached. A historical track is based 
solely on history and excludes the planner’s 
judgement: its construction is described in Sub- 
section 4.2. The accuracy of the track is esti- 
mated from past data. The estimate is based on 

how close the seasonality in the track was to the 
actual seasonality in the past. By ‘seasonality’ we 
mean the way that the annual total is divided 
among the months (e.g. 5% in January, 12% in 

February, etc.). 

3. A statistical model 

Our mathematical framework is as follows. 
Let Y, denote sales in month i of the current 
year; let T, be the track for month i and T the 
annual target. We use the model 

Y, = gT, + 7, , (1) 

where the T, are independent random variables 
with mean 0 and variance w’gT,gT. The amount 
by which g differs from 1 represents the error in 
setting the annual target: if g = 1, then the mean 
value of the annual sales total Y, + . . . + Y,2 is 
exactly T. The 7, represent the error in appor- 
tioning the track. 

The structure of the variance term w’gT,gT 
arises from a mixture of theory and practice. For 
low-volume products, simple models of customer 
behaviour imply that month-to-month variation 
in sales can be modeled by a Poisson distribution 
[Wu (1988, Section 4.2)]. For high-volume prod- 
ucts a compound Poisson model is appropriate 
[Wu (1988, Section 4.3)]. The gT, term in the 
variance makes the variance of Y, proportional 
to the mean of Y,, in accordance with these 
Poisson models. That the variance is propor- 
tional to T, also means that the year-to-date, 
actual-to-track ratio (Y, + . . . + Y,)/ 
(T, +... + T,) is the minimum-variance linear 
unbiased estimator of g based on sales data 
available at month 1. Because this ratio is a 
natural measure for comparing year-to-date sales 
with the track, and is frequently used as such by 
planners, it is logically consistent for it also to be 
the statistically optimal estimator of g. The pres- 
ence of the gT term in the variance means that 
the remaining constant term w2, the WINE- 

GLASS uncertainty, is dimensionless and is unaf- 
fected by changing the scale of the observations. 
The precise form of the gT term-for example, 
that it should be gT rather than just T - is chosen 
to ensure that outlooks, described in subsection 
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5.3 below, remain the same if the annual target though of as the standard deviation of a typical 

is changed. month’s actual-to-track ratio. 

Because the variance of 7, is positive only 
when T, > 0, our procedures are appropriate 
only for strictly positive data such as sales and 
expense, and not for measurements such as earn- 
ings (sales minus expense) when these could 
plausibly take negative values. In practice our 
procedures are often not affected by the pres- 
ence of occasional negative numbers in the data, 
but the circumstances in which this is true de- 
pend on the details of how individual numbers 
affect the computations involved in the estima- 
tion of g and w2. 

To estimate w2 we make use of data from 
previous years. For example, if there are two 
years of history, then the accuracy of the track is 
computed from a weighted average of the errors 
in using the planner seasonalities to forecast the 
actual seasonalities for the past two years. 

In the general case, suppose that H years of 
history are to be used and index the years in 
reverse order as J (the current year), J - 1, 

The assumption of independence in the T, 
implies that any apparent serial correlation in the 
observed Y, is adequately explained by the 
month-to-month variation of the track. This as- 
sumption is plausible if the track has been com- 
petently set; alternatively it is possible to modify 
the model so as to include serial correlation 
among the 7;. However, the nature and mag- 
nitude of serial dependence are difficult to esti- 
mate accurately from the small data sets with 
which we typically deal. When assessing sales 
performance within a year we are therefore con- 
tent to ignore the possibility of serial depen- 
dence. More complicated time-series models 
can, however, be appropriate for setting a plan- 
ner track at the start of a year [Wu, Ravishanker 
and Hosking (1991)]. 

. . . ) J - H. For each year j there is an annual 
target T,j, a track T,,j, . . . , T,,,,, and actual 
monthly sales Y ,,,, . . . , Y,,,,. Model (1) is ex- 
tended to cover different years by using the 
subscript i/j to indicate month i of year j. We 
assume that 

Y,,, = &,TL,, + 7;/, ) (2) 

where T,,~ has mean 0 and variance 
~2g,jTl,jg,jT,j. The g parameter is permitted to 
vary from year to year and is therefore written 
g,, . The w2 parameter is assumed to remain 
constant from year to year and can be estimated 
separately from each year’s data. From the data 
for year j the best linear unbiased estimator of g,, 
is 

Some calculations concerned with WINE- 
GLASS, SHIPWRECK and OUTLOOK charts 
require the specification of the distribution of the 
7,. We generally assume this distribution to be 
Normal. This assumption is made mainly for 
convenience, but seems to be plausible for typi- 
cal sales data. 

- yLi,+"'+y12/j 

gj = T,,j + . . . + TIZij ’ 

Because the variance of T,,~ is proportional to 
T ,,,, it is natural to base an estimator of w2 on 
the sum of squares of weighted residuals C ff,,l 

1 
T,,j, where rilj = Y,,, - ijT,/,. It is straightfor- 
ward to show that 

4. Tracks and their accuracy 

4.1. Planner tracks: Estimating their accuracy 

The accuracy of the track is related to the w* 
parameter of model (1). To get a rough interpre- 
tation of w, note that the actual-to-track ratio for 
month i, Y,IT,, has mean g and variance w2g2Tl 
T,. Usually g is close to 1 and for a typical month 
TIT, = 12. Therefore ofl may roughly be 

12 

E c ?f,,lTjij = llw2gfjT,, . 
(=I > 

Therefore a reasonable estimator of w2 using 
year j’s data is 

-2 
w, = - 

1 fs Cy~,",',Ij)' . 

11 i=* I 111 11 

This estimator is not unbiased, but no simple 
unbiased estimator exists. Note from (3) and (5) 
that the estimators &: are dimensionless: they 
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measure the difference between the seasonality 
in the track and the seasonality in the actual 
data, not the error in setting the annual target. 

An overall estimator of w2 is obtained by 
forming an average of the estimators &f, j = 
J-H,..., J - 1. One reasonable choice is the 

arithmetic mean, an unweighted average. How- 
ever, we usually prefer to use the weighted 
average 

the weights w:~) being defined in eqn. (13) 
below: the sum in eqn. (6) then assigns relatively 
more weight to more recent years’ data, thereby 
providing some protection against evolutionary 
changes of o’ over time. 

The number of years of planner tracks to be 
used may require careful consideration. Our re- 
commendation is to use only those years for 
which the accuracy of the planner track is likely 
to be a reasonable estimate of the current year’s 
planner track accuracy. For example, suppose 
that two years ago the distribution of a product 
was changed from selling directly to customers to 
selling through wholesalers. Since the seasonality 
in how customers buy and how wholesalers stock 
inventory may differ a great deal, the accuracy of 
a planner track may also change when the meth- 
od of distribution is changed. It would therefore 

be sensible in this case to use only two years of 
past data to estimate w. 

4.2. Historical tracks, and estimating their 
accuracy 

There may not always be a planner track 
available, and even when there is it may be 
preferred to base the track on the pattern of 
seasonality in past years’ data rather than on a 
planner’s subjective judgement. The ‘historical 
track’ described in this subsection is based on 
past years’ data and can be constructed at the 
start of the year, before any data have been 
obtained for the current year. Suppose as before 
that H years of history J - H, . . . , J - 1, are to 
be used. The seasonality of the data in year j is 
obtained by resealing the data so that the month- 
ly values sum to 1: 

Y 
xiJ, = 

‘11 

Yli, + . . . + Y,,,, (7) 

Then given an annual target T, the historical 
track for the current year J is defined to be the 
annual target multiplied by a weighted average 
of the seasonahties in the H available years of 
history: 

T, = T i w:H’X,,~_, 
,=I 

To ensure that T, + . . . + T,, = T, the weights 
must sum to 1: 

i WiH) = 1 (9) 
,=I 

The weighting scheme is based on exponential 
smoothing. Given a quantity X, observed in SUC- 

cessive years, exponential smoothing predicts X, 

given all previous values, X,-, , X,-, , XJm3, . . . . 

bY 

ri,=e{X,_,+(l-e)X,_,+(l-e)zX,~,+...} 

x 

= F, 0(1 - B)‘+X,+, . (1Q 

Here 0 is a parameter taking a value in the range 
0 < 0 I 1. In practice it is likely that only a short 
stretch of past data is available, so the infinite 
sum in (10) must be modified. We use an ap- 
proach similar to the ‘backcasting’ method men- 
tioned by Abraham and Ledolter (1983, p. 88). 
The predictor (10) is optimal, in the sense of 
having a minimum mean-square error among all 
linear predictors, when the X, are generated by 
the integrated first-order moving-average 
process. 

x, - x,-l = a, - (1 - O)a,_, , (11) 

in which the sequence {aj} consists of uncorre- 
lated identically distributed random variables 
with finite variance. Given a finite stretch of the 

past, XJmH,. . . , X,_, , the optimal linear predic- 
tor of X, is the linear combination 

/=-I 
(12) 



L.S.-Y. Wu et al. I Business planning under uncertainty 549 

in which the weights wj”’ are chosen to minimize 
E(X, - k$H’)‘. For model (11) it can be shown, 
using the methods of Brockwell and Davis (1987, 
Section 9.5), that the weights are given by 

w(H) _ L9{(1- 0)‘@ + (1 - f3)Zff-j} 
I - 1 - (1 - e)2H ’ 

j=l,..,H. (13) 

The wjH) are therefore a natural and logically 
consistent set of weights to use for exponential 
smoothing of a finite stretch of history, and so 
we use them in eqn. (8) to construct the histori- 
cal track for the current year. For 0 < 8 < 1, the 
weights wIH) are all positive and decrease as j 
increases: thus relatively more weight is given to 

more recent years’ data. As 0 + 0, WY) + 1 lH 
for each j, assigning equal weight to each year’s 

data; as 0-1, w(,~)+I and wy)+O for j#l, 
assigning all of the weight to the most recent 
year. 

Often the most natural way to describe a 
weighting scheme is by the weight applied to the 
most recent year. Equation (13) can be para- 
meterized by wIH’, which takes values between 
11 H and 1 and from which 8 and thence the 
other ws”) can be determined. 

To estimate wz for a historical track we use 
the same approach as with planner tracks, based 
on eqns. (3)-(6). This requires the comparison 
of actual data with historical tracks for past 
years. Historical tracks can be computed for 
every year except the first, so the number of 
individual years’ estimates of w2 which contrib- 
ute to the overall estimate is one fewer than the 
number of years of history. For example, if there 
are 3 years of history, then the accuracy of the 
historical track is computed from a weighted 
average of: (i) the error in using the seasonality 
of year 1 to forecast year 2; and (ii) the error in 
using a weighted average of the seasonalities of 
years 1 and 2 to forecast year 3. 

In general, when H years of history are used, 
historical tracks can be computed for years J - 1, 
J-2,... , J - H + 1. The historical track for 
year J - j is based on data for the H - j years 
J-k,k=j+l,..., H, and, by the same argu- 
ment as that leading to eqn. (8), is given by 

T = 
r/J-1 T ,&, 

k=,+l 
(14) 

again the weights w!” are as defined in eqn. (13). 
Estimators of w2 are obtained, via eqns. (3) and 
(5), for years J - H + 1, . . . , J - 1. Correspond- 

ing to eqn. (6), an overall estimator of w’ is 

1’-1 

(;;‘= c WjH-‘)W”;_, . 

,=I 
(15) 

Equation (14) involves the annual targets for 

past years, T,J_,, but it is not important that 
these be known. Equations (3) and (5) show that 
the magnitude of the target for year j does not 
affect “5 and therefore does not affect L’. This 
should not be surprising since, as noted earlier, 
w’ is dimensionless and measures the accuracy of 
the seasonality in the track and not the accuracy 
of the annual target. 

As with planner tracks, the number of years 
of history that should be used when constructing 
a historical track requires careful consideration. 
Our recommendation is to use only those years 
for which the seasonality is likely to be similar to 
that of the current year. If the pattern of sea- 
sonality in the data has changed markedly in the 
past, then data before the change should be 
discarded. 

Some data sets contain only weak seasonality, 
or none at all. Our analyses and planning charts 
still apply in these cases. However, it may be 
more sensible to use a flat planner track, T, = 
Ti 12 for all i, rather than to estimate a historical 
track from past years’ seasonalities. To choose 
between the two, it is reasonable to compute the 
overall estimator w”’ using both candidate tracks 
and to use the track that yields the smaller value 
of w’. 

A further consideration is the choice of the 
parameter 0, or equivalently wjH), in the weight- 
ing scheme used in (8) and (14). If the pattern of 
seasonality in the data remains fairly static over 
the years, it is reasonable to choose 8 = 0 or 
wiH) = 1 /H, giving equal weight to each year. If 
the pattern of seasonality is evolving, a larger 
value of 0 or wIH) is appropriate. In our ex- 

perience, the choice wiH’ = 4 often agrees with 
planners’ intuitive judgement of an appropriate 
weighting. 

When using planner tracks, estimation of o2 
using eqn. (6) requires one year of history for 
both the measurement and the track. When 
using historical tracks and eqn. (15), two years 
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of history are required. Sometimes the amount 
of history available is insufficient: in these cases 
it is often possible to obtain an estimate of w’ 
from data for another measurement. For exam- 
ple, for a new product where there is no history, 
a suitable estimate of wz would be an estimate 
CZ’ derived from data for a similar or predecessor 
product. Another example arises when planner 
tracks are used and history is available for the 
actual sales data but not for the track. Historical 
tracks can be calculated for past years, and the 
resulting estimate of w2 can be applied to the 
current year’s planner track. This estimate of wz 
may be further modified subjectively: for exam- 
ple, if it is thought that planner tracks tend to be 
more accurate than historical tracks, then the 
estimate of w2 obtained from historical tracks 

can be reduced before being used with the plan- 
ner track. 

5. Three charts for making assessments 

5.1. The WINEGLASS chart: ‘Are sales on 
track ?’ 

Exhibit 1 shows an example of a WINE- 
GLASS chart, which derives its name from its 
shape. The chart is used to assess whether year- 
to-date sales are on track to make the annual 
target, or whether action is needed to achieve 
the target. ‘On track’ means that the actual 
performance is statistically consistent with paths 
that at the end of the year exactly reach the 
annual target. The chart shows, for each month: 
(i) year-to-date cumulative sales as a percentage 

ad . 8 I ’ ’ I ’ . I 
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Exhibit 1. Example of a WINEGLASS chart. 

of the year-to-date cumulative track, and (ii) 
upper and lower bounds that each month contain 
a prechosen proportion q, the on-track level, of 
the paths that at the end of the year exactly 
reach the annual target. We commonly choose 
the on-track level to be 0.80. If the year-to-date 
cumulative sales total is inside the bounds, then 
sales are on track to make the annual target. On 
the other hand, if the year-to-date cumulative 
sales total is outside the bounds, then sales are 
not on track to make the annual target and 
action may be required to bring sales back on 
track. 

The interpretation of ‘on track’ used with the 
WINEGLASS chart gives rise to an unusual 
situation for statistical inference. A planner 
might consider the annual track to be correct if 
g = 1, so that each Y, has expectation T,. But for 
assessing business performance, what matters is 
whether at the end of the year the target is met, 
and the WINEGLASS chart is designed to assess 
whether sales are in this sense on track. The 
chart tests whether the year-to-date sales per- 
formance, as measured by the year-to-date ratio 
of cumulative sales to the track, 

^ Y, + . . . + Y, 
gl = T, + . . . + T, ’ (16) 

is typical of a year that would meet the plan by 
having Y,+...+ Y,,= T,+...+ T,,, i.e. 

g,2 = 1. The WINEGLASS bounds are therefore 
based on the distribution of 8, conditional on 
g,? = 1. Under the assumptions of model (1) it is 

easily seen that the random vector [g, g,2]T has 

mean vector [g g]’ and covariance matrix 

&I[ ‘;,:..;.::: :I. (17) 

Assuming Normality of the Y,, it follows from 
standard theory [e.g. Rao (1973), p. 522)] that 
the conditional distribution of S, is Normal with 
E(g,]g,,=l)=l and 

T +...+ T,, 
var(g,Ig,2=1)=W2gZ F’+ 

. ..+T. (18) 
I 

This variance is naturally estimated by setting 
g = 1, because 1 is the best linear unbiased es- 
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timator of g when g,? = 1, and substituting li” for 
0”. This yields the ‘WINEGLASS variance’ 

(19) 

Thus the WINEGLASS bounds are constructed 
to contain the central lOOq% of a Normal dis- 
tribution with mean 1 and variance given by eqn. 
(19). Letting 5, denote the 1OOt percentile of the 
standard Normal distribution, the WINEGLASS 
bounds for month I are 1 i &,+4,,2VW:‘2. Note 
that these bounds can be calculated even before 
any data are measured in the current year. 

An alternative method of constructing the 
WINEGLASS bounds is to use the on-track level 
4 to set the simultaneous probability that an 
entire year’s sequence ii, . . . , g,,, will all lie 
within the bounds, rather than the marginal 
probability that each month’s 2, will lie within its 
own bounds. WINEGLASS bounds based on 
simultaneous probability are discussed in Wu, 
Hosking and Doll (1990). We prefer to use 
marginal probabilities, because at month I we 
want to base our assessments only on the year- 
to-date cumulative sales, not on the entire se- 
quence of sales in the preceding months. In 
particular, if year-to-date sales at month I are 
within the WINEGLASS bounds, it seems natur- 
al to conclude that sales are on track even if in 
some previous month the year-to-date sales were 
outside the bounds; however, a WINEGLASS 
chart constructed using simultaneous probability 
would under these circumstances compel us to 
conclude that sales were not on track. 

5.2. The SHIPWRECK chart: ‘Will we recover 
from our dejicit by year’s end?’ 

Exhibit 2 shows an example of a SHIP- 
WRECK chart, which derives its name from its 
shape. The chart shows the year-to-date cumula- 
tive deviation of sales from the track, together 
with a lower bound which marks the largest 
deficit from which we can reasonably hope to 
recover: specifically, if the actual deviation falls 
below the lower bound, then, even assuming that 
sales for the rest of the year conform to the plan 
in the sense that g = 1 in model (l), there is less 
than a prechosen probability p, the recovery 
level, that the full-year sales will reach the annu- 

2 -1cQoof 1 . , . . , , , , 
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Exhibit 2. Example of a SHIPWRECK chart. 

al target. We commonly choose the recovery 
level to be 0.10. If the deviation from the track 
lies above the bound, then there is probability at 
least p that the annual target will be attained, 
provided that sales for the rest of the year are 
distributed about a mean level equal to the 
track. If the deviation lies below the bound, then 
the probability that the annual target will be 
attained is less than p. This is another indication 
that action may be needed to bring sales back on 
track. 

To calculate the SHIPWRECK bounds for 
month I, assume that the remaining months’ 
sales follow model (1) with g = 1. The amount of 
deficit that is recovered in the remainder of the 
year is (Y,+l + . . . + Yi2) - (?“,+, f.. . + Tr2), 
which under the assumptions has mean 0 and 
variance w2T( T,, 1 + . . * + T,,). The natural es- 
timator of this variance is the SHIPWRECK 
variance’ 

vs, = im(T,T, + -. . + T,J . (20) 

Again assuming Normality of the Yj, the SHIP- 
WRECK bounds are constructed to contain all 
but the lower loop% of a Normal distribution 
with mean 0 and variance given by eqn. (20). 
The bound for month I is therefore <pV,S~‘2. 
Like the WINEGLASS bounds, it can be calcu- 
lated before any data are obtained for the cur- 
rent year. 

To compare the SHIPWRECK and WINE- 
GLASS bounds, note first that a SHIPWRECK 
bound with recovery level p corresponds to a 
WINEGLASS lower bound with on-track level 
q = 1 - 2p: each bound is exceeded with prob- 
ability p when the charts’ respective assumptions 



are satisfied. Note also that the cumulative de- 
viation of sales from the track may be written as 
(8, ~ l)(T, +. . . + T,). Thus the SHIPWRECK 
chart tests the deviation of g, from 1. using the 

variance VS,/(T, + . + T,)‘. This variance ex- 
ceeds the WINEGLASS variance: 

VS, 

(T, +. + T,)? = w’T 
T ,+, +. . . + T,, 

(T, + . . . + T,)’ 

> 6’ 
T,,, +...+ T,Z 

T, + . + T, = vwi 

Thus a data point that exceeds the SHIP- 
WRECK bound for recovery level p must also 
exceed the lower WINEGLASS bound for on- 
track level 1 - 2~. Or, to put it more succinctly, 
it is easier to break a wineglass than to wreck a 
ship. 

When assessing a ‘low objective’ measure- 
ment, such as expense, the natural question is 
not ‘Will we recover from our deficit?’ but ‘Will 
we eliminate the excess of expenditure over the 
track?‘. This question can be answered with an 
inverted version of the SHIPWRECK chart. Plot 
the cumulative deviation of expense from the 
track, together with upper bounds 5, ,,VSj’2, 
i=l,..., 12. From its shape, we call this chart 
the ROOFTOP chart. Its function may perhaps 
be described as to give warning when expendi- 
ture is going through the roof. 

5.3. The OUTLOOK chart: ‘What is our 
outlook range for the full year?’ 

Exhibit 3 shows an example of an OUT- 
LOOK chart, which derives its name from its 
purpose. The chart shows, for each month thus 

. . w 
LL 2cQoo1 1 , I I I 

Mar JUll SeP Dee 

Exhibit 3. Example of an OUTLOOK chart 

far in the current year. three outlooks of the 
full-year sales total Y, + . + Y,:. Outlooks 
made at month I are based on Y,. , Y,. 

Specifically. at month I a distribution of forecasts 
of the full-year sales total is computed, and 
outlooks are defined to be values that are at- 
tained by prechosen proportions of the distribu- 
tion of forecasts. The OUTLOOK chart shows 
low, medium and high outlooks, corresponding 
to proportions pL, pM and pi, of the distribution 
of forecasts. We commonly use p,. = 0.90, pM = 
0.50 and pi, = 0.10. The purpose of the chart is 
to show the outlooks made at the current month, 
and to show how the outlooks have changed 
through the year. If the outlook range starts out 
wide in January and converges as more data 
become available. then we would have confi- 
dence in our outlooks. Exhibit 3 is an example of 
converging outlooks. On the other hand, if the 
outlooks fluctuate drastically from month to 
month with ranges that hardly overlap, this is an 
indication that the data are not following model 
(I) and therefore that outlooks made from the 
model arc unreliable. 

At month I, the best linear unbiased estimator 
of the current year’s future sales Y,+, + . + Y,? 
is g,(T,+, +. . . + T,,), and so the best estimator 
of the year’s total sales is 

Y, +...+ Y,+$j,(T,+, +...+ T,,)=&T. 

(22) 

The full-year sales may be written as g,,T, so the 
mean-square error of the estimator can be ob- 
taincd from the joint second-order moments of S, 
and g12 given in Subsection 5.1: it is 

T’E( 8, - g,,)’ = w2g’T2 
T,_, + . . . + T,? 

T 
I 

+ 
. ..+ T, 

(23) 

This quantity is naturally estimated by the 
‘OUTLOOK variance’ 

VO,=&$T’ 
T +...+ T,, 

;‘+,..+ T 
I I 

Thus at month I the best forecast of the full-year 
sales total is that it is distributed with mean g,T 
and variance VO,, and outlooks are percentiles 
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of this distribution. The proportion-p outlook is 
the value that is greater than or equal to propor- 
tion p of this forecast distribution; assuming 
Normality of the Y,, it is given by jf,T + 

,$_,,VO:‘2. Low, medium and high outlooks are 
obtained by choosing suitable values pi. > pM > 

Pn of p. 
Outlooks can also be made by specifying some 

level of full-year sales and finding the proportion 
of forecasts that attain this level. Often the 
specified level will be the annual target or some 
level related to it, such as the annual target plus 
5%. These ‘plan-based outlooks’ are discussed in 
Wu, Hosking and Doll (1990). 

An alternative method of constructing out- 
looks is possible. The OUTLOOK variance (24) 
is obtained by substituting S, for g in eqn. (23), 
and does not take into account the variability of 
S, itself. Outlooks can be constructed which take 
this variability into account. The computations 
are much more complicated but make very little 
difference to the final outlooks: details are given 
in Wu, Hosking and Doll (1990). We therefore 
consider the estimator (24) to be adequate. 

To compare outlooks with the WINEGLASS 
bounds, note first that WINEGLASS bounds 
with on-track level 9 correspond to outlooks with 
proportions p,_ = (1 + 4) 12 and pH = (1 - 4) 12: 
each quantity then marks the upper or lower 
lOO( 1 - 4) 12 percentile of the distribution from 
which it is calculated. Note also that the outlook 
at month I of full-year sales divided by the 
annual target is S, and has mean-square error 

VO,JT’ = ;‘g; 
T ,+, + . . . + T,? 

T,+...+T, =ifvw,’ 
(25) 

Thus the variance used to calculate the outlooks 
is less than the WINEGLASS variance when 

Exhibit 4 

Planner tracks and shipments for a product for 1986 through 198’). 

sales are below the track (S, < l), but greater 
than the WINEGLASS variance when sales are 
above the track (S, > 1). This means that the 
low outlook becomes less than the annual target 
before the lower WINEGLASS bound is ex- 
ceeded, whereas the upper WINEGLASS bound 
is exceeded before the high outlook becomes 
greater than the annual target. 

When assessing a ‘low objective’ measure- 
ment, outlooks are still defined to be values that 
are attained by prechosen proportions of the 
distribution of forecasts of the full-year total. 
However, the natural interpretation of this defi- 
nition is that the proportion-p outlook is the 
value that is less than or equal to the proportion 
p of the distribution of forecasts. Thus the pro- 
portion-p outlook at month I is S,T + .$,VO~“. 

6. Examples 

6.1. Shipments 

This example describes how the charts shown 
in Exhibits l-3 were constructed. The data are 
for shipments of a product: this is a ‘high objec- 
tive’ measurement. The analysis uses planner 
tracks and three years of history. The data are 
given in Exhibit 4 and illustrated in Exhibit 5. 

First we estimate w’, using 1986-1988 ship- 
ments and planner tracks. We assume that previ- 
ous years’ data follow eqn. (2). For each year we 
calculate g, from eqn. (3) and Of from eqn. (5), 
obtaining Gxc, = 5.19%, GX7 = 8.37% and wxx = 
5.83%. The three estimates of w2 are combined 
using eqn. (6). We choose the weight applied to 
the most recent year of history, 1988, to be 0.5, 
i.e. w I” = 0.5. We solve eqn. (13) for 8 with 
H = 3 and j = 1, obtaining 8 = 0.47. Using this 
value of 0 in eqn. (13), we get wi” =0.29 and 

Jan F& Mar ADS Mav JUtl JUI AU%Z SC0 Ott NW DW Total 

1086 track 

1986 ships 

1987 track 
19X7 ships 

lY88 track 
198X ships 

1989 track 
198Y ships 

2068 294X 

1061 2469 
lYl7 2562 
1817 2473 
2221 3914 
3272 3779 
3012 3x33 
2113 3509 

4452 3282 4232 5060 3340 

2986 2103 36Y7 3765 232 1 

3263 2404 4279 4337 2064 

3311 2517 3415 2699 2372 

4440 2617 4561 4822 2835 

5935 4201 4693 57% 232’) 

6155 4581 5866 4003 40s I 
3658 4156 3361 61Y3 2166 

4200 4712 4792 so34 6780 50900 

2923 3857 3153 331s 3193 34843 

2940 3663 2452 3418 2976 3627.5 

1370 46Y3 2921 4800 3564 35952 

4014 49s 1 3581 4998 4246 47200 

444 I 6588 4787 4684 3659 54126 

5167 6219 S586 6672 5855 61000 

4457 5492 
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Exhibit 5. Planner tracks and shipments for a product for 

1986 through 1989. 

wy = 0.21. Equation (6) now gives ; = 
0.004305, i.e. G = 6.56%. 

We choose the on-track level for the WINE- 
GLASS chart to be 0.80. To compute the 
WINEGLASS bounds we need the percentile 

50+<,>:7 of the standard Normal distribution: it is 

&,., = 1.282. For January the WINEGL,ASS var- 
iance, found from eqn. (19). is VW, = 0.08289. 
and the numbers plotted on the WINEGLASS 
chart are: (i) the year-to-date shipments as a 
percentage of the year-to-date track, 

2113 
100 x 3013 = 70.2 ; 

i 

(ii) the upper WINEGLASS bound, 6.2. cost 

100 x (1 + &,,,vrv;“) = 136.9 ; This example is for the cost of producing a 
product: this is a ‘low objective’ measurement. 
The analysis uses historical tracks and two years 
of history. The data are given in Exhibit 6 and 
illustrated in Exhibit 7. Exhibit 7 also contains 
the historical tracks for 1988 and 1989, as com- 
puted below and given in Exhibit 8. The annual 
target for 1989, the current year, is 4500. 

and (iii), the lower WINEGLASS bound, 

100x (1 - <,,,vvv;“)=63.1. 

Similar colnputations can be made for the other 
months, The resulting WINEGLASS chart is 
Exhibit 1. Since the year-to-date cumulative 

shipments total is below the lower bound, ship- 
ments are not on track to make the annual plan 
and action is likely to be required to bring them 
back on track. 

From eqn. (20), the SHIPWRECK variance 
for January is KS, = 1.5229 x 10'. We choose the 
recovery level p to be 0.10, and we have t,, = 
.$,,, , = -1.282. The SHIPWRECK bound for 
January is therefore &,,,VS;” = -5003. The 
cumulative deviation of shipments from track for 
January is 2113 - 3012 = -899. Corresponding 
values for other months can be computed simi- 
larly. The resulting SHIPWRECK chart is Ex- 
hibit 2. 

From eqn. (24) the OUTLOOK variance for 
January is VO, = I.518 x IO”. The outlooks for 
January can now be computed as described at 
the end of Subsection 5.3. We choose the out- 
look proportions to be 0.9, 0.5 and 0.1. Because 
shipments is a ‘high objective’ measurement, 
outlooks are defined to be values that are greater 
than or equal to the proportions 0.9, 0.5 and 0.1 
of the distribution of forecasts. The proportion- 
0.9 outlook is 

jj,T + & ,VU;” =26999. 

Similarly the proportion-0.S outlook is 42793 
and the proportion-O. 1 outlook is 58 588. Similar 
computations are made for the other months. 
The resulting OUTLOOK chart is Exhibit 3. 

The historical track for 1989 is computed 
using eqns. (7) and (8). We choose the weight 
applied to the most recent year of history to be 
0.5: i.e. wi” = 0.5. This corresponds to letting 
H-+0 in eqn. (13) and implies that WY’ =0.5. 

Exhibit 6 

Cost of producing a product for 1987 through 1989. 

Jan Feb Mar Apr May 

1987 cost 236 272 343 248 315 
1YHX cost 212 266 34x 277 336 

1989 Cost 250 215 385 240 485 

Jun Jul AUF SeP Ott Nov DtX Total 

442 286 BOO 370 303 290 477 3883 
40 1 292 364 442 365 465 568 4.736 
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Exhibit 7. Historical tracks and actual cost of producing a 
product for 1987 through 1989. 

The historical track for 1989 is tabulated in the 
second row of Exhibit 8. 

To estimate w2 we compute the accuracy of 
historical tracks for previous years. There are 
only two years of history, so the only ‘previous 
year’ for which a historical track can be com- 
puted is 1988. Using eqn. (14) with j = 1 we can 
compute the historical track for 1988 cost, based 
on 1987 seasonality and the 1988 annual target 
T /XX’ Since the magnitude of Tixx does not affect 

&‘, as noted in the discussion following eqn. 
(15), we choose T,## to be 4336, the same as the 
actual total cost for 1988. This ensures that 

gXX = 1. The estimate of w’ from the 1988 data is 
computed from eqn. (5): since &, = 1, we have 

= 0.002279 , 

i.e. wXx = 0.0477 = 4.77%. Because there are 
only two years of history, the weighted average 
in eqn. (15) reduces to &’ = &&. 

Construction of the WINEGLASS chart pro- 
ceeds exactly as in the previous example. A 
WINEGLASS chart with on-track level 0.50 is 
shown in Exhibit 9. Since the year-to-date 
cumulative total of cost is within the bounds, 
cost is on track to make the annual target. 

Because cost is a ‘low objective’ measurement, 
we use a ROOFTOP chart rather than a SHIP- 

Exhibit 8 

Historical tracks for cost for 1988 and 1989. 

801 . I . . I . I ’ i 
Mar Jun Sep Dee 

Exhibit 9. WINEGLASS chart for cost. 

WRECK chart. The computations are almost the 
same as for a SHIPWRECK chart: for example, 
from eqn. (20), the ROOFTOP variance for 
January is 

vs, = 02~( T? + . . . + T,?) = 43 620. 

We choose the recovery level p to be 0.05, and 

we have 5,-,, = 5,, Y5 = 1.645. The ROOFTOP 
bound for January is therefore &,sVS~‘2 = 344. 
The cumulative deviation of cost from track for 
January is +3. Corresponding values for other 
months can be computed similarly. The resulting 
ROOFTOP chart is shown in Exhibit 10. 

Outlooks can now be computed as described 
at the end of Subsection 5.3. We choose the 
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Exhibit 10. ROOFTOP chart for cost 

Jan Feb Mar Apr May Jun Jul Aug Sep Ott Nov Dee Total 

1988 track 264 304 383 277 352 494 319 335 413 339 324 533 4336 

198Y track 247 296 379 287 357 464 317 363 444 366 409 571 4500 
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Exhibit 11. OUTLOOK chart for cost. 

outlook proportions to be 0.25, 0.5 and 0.75. 
Because cost is a ‘low objective’ measurement, 
outlooks are defined to be values that are less 
than or equal to the proportions 0.25, 0.5 and 
0.75 of the distribution of forecasts. For January 
the proportion-O.25 outlook is 

the proportion-O.5 outlook is 4559 and the pro- 
portion-O.75 outlook is 5168. Corresponding val- 
ues for other months can be computed similarly. 
The resulting OUTLOOK chart is shown in 
Exhibit 11. 

7. Concluding remarks 

The WINEGLASS. SHIPWRECK and OUT- 
LOOK charts were first described by Wu (1988). 
Model (1) is essentially the Total Error Equation 
of the Track Uncertainty Model of Wu (1988). 
There are some notational differences between 
the models, but the only significant difference is 
that the variance of Y, in model (1) is w’gT,gT, 
whereas in the Track Uncertainty Model it was. 
in our current notation, (K + C)gT,. As noted in 
Section 3, the new form of the variance makes it 
straightforward to combine variance estimates 
made from data with different numerical scales. 
Wu (1988) also discussed how to model the 
‘inherent variability’ component of planning un- 
certainty. For some kinds of data (e.g. revenue 
at the corporate level, or total sales of a high- 
volume product with no data available for sales 
disaggregated across regions or business units), it 
is difficult to estimate the inherent variability 

separately from the systematic error in appor- 
tioning the track, the other component of 7,. WC 
have therefore preferred to work throughout 
with assessments and planning charts based on 
the total error T,. The WINEGLASS bounds in 
Wu (1988) are parameterized in terms of p, the 
probability that year-to-date sales will lie outside 
the bounds. The on-track level 4 used in Subsec- 
tion 5.1 is of course 1 ~ p. 

The WINEGLASS, SHIPWRECK and OUT- 
LOOK charts described in Section 5 involve 
calculations that assume that the Y, have a Nor- 
mal distribution. For some measurements. such 
as sales of a low-volume product, that are counts 
of small numbers of units, the monthly numbers 
are small and discrete and the assumption of 
Normality is clearly invalid. Such data are often 
well described by a Poisson distribution [Wu 
(1988)]. To assume a Normal distribution when 
the true distribution is Poisson causes small inac- 
curacics in the three charts. However, these 
inaccuracies arc in most practical situations too 
small to matter: an example is given in Wu, 
Hosking and Doll (19%)). We therefore consider 
it reasonable to construct WINEGLASS bounds, 
SHIPWRECK bounds and outlooks assuming 
Normality of the Y,. even though the data may 
be small and discretc. 

The charts in Section 5 are based on dividing 
a year into 12 months for planning purposes, but 
similar charts can be constructed for other plan- 
ning frameworks. For example, if planning is 
done on a quarterly basis, then model (1) may 
still be used but with the subscript i denoting a 
quarter rather than a month. Calculations similar 
to those of Sections 4 and 5 can be made to 
obtain WINEGLASS bounds. SHIPWRECK 
bounds and outlooks. 

Similar circumstances can arise when, as 
sometimes happens, a planner track is reset dur- 
ing the course of a year. Suppose, for example, 
that it is recognized early in the year that the 
annual target will not bc met, and that at the end 
of June a new target is set of the second half of 
the year and a new planner track is constructed 
to reach the target. It then seems most reason- 
able to regard the months July through De- 
cember as a ‘year’ in themselves, and to base 
assessments of whether the new target will be 
met on a WINEGLASS chart constructed for 
this 6-month ‘year’. 
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Software 

WINEGLASS, an IBM Experimental Soft- 

ware program for the IBM PC to calculate the 

Wineglass chart and outlooks, is available at no 
charge from the first author. The program re- 
quires DOS 2.1 or higher and 350K of memory. 
It is available on 34 in. or 5$ in. diskette. 
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