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Abstract

We present a theoretical and empirical analysis of some possible es-

timators for Business Tendency Surveys. We show that because of the

special nature of these surveys, there is justification to depart from usual

practices in finite population sampling. In particular, we claim that it is

justified to employ an unweighted estimator even when the sampling is

made with different probabilities.

We show the results of a limited experiment with real data to approach

the empirical question of what kind of estimator is best. Figures indicate

that the unweighted estimator shows a marginal improvement in terms

of ability to predict a certain target quantity. We also point out some

implications of the results for the choice of the sampling scheme.

1 Introduction

A very important rationale for Business Tendency Surveys (BTS) is that they

may provide an approximation or prediction to quantitative data (production,

turnover, added value and others) faster and with less cost for institutions and

firms than usual business surveys.

Therefore, methodological decisions should be guided by the goal of maxi-

mizing the connection between the survey aggregates and the target quantities.

Thus, it can be argued that unlike with ordinary economic surveys, unbiasedness
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and variance are secondary to this requirement, especially the former. In this ar-

ticle, we are primarily concerned with how the different weighting schemes work

from this point of view. This is analyzed both from theoretical and empirical

points of view.

In section 2 we discuss different estimators and their properties. We start

by recalling some well-known facts about estimators in stratified sampling. In

subsection 2.1 propose a population quantity to estimate, given by the condi-

tion that it allows to predict a certain quantitative variable. In this light, in

subsection 2.2 we discuss the estimators that we will analyze in the empirical

exercise: the estimator that we are currently using in MINETUR which the

firms are individually weighted and the one we are considering for the future in

which they are not.

In subsection 2.3 we present some theoretical results concerning these esti-

mators and in 2.4 we discuss the proper allocation for the preferred estimator.

In section 3 we measure the predictive ability of the various estimators de-

scribed. Subsections 3.1 through 3.5 contain the results for the five cases consid-

ered, depending on which specific question from the Industrial Climate survey

and which quantitative variable are we considering.

Finally, we present some conclusions in section 4.

2 Theoretical analysis

As we mentioned in the introduction, there are large differences between BTS

and surveys that measure quantitative economic variables. In the last ones,

there is actually a relevant population quantity to be estimated. For example,

the total gross value added or total turnover. Therefore, the traditional ob-

jectives of constructing an unbiased or approximately unbiased estimator with

small variance are the ones that guide the methodological decisions. These aims

can be achieved using traditional estimation theory in finite populations. Many

economic surveys employ variants of the following strategy:
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• Stratified sampling by activity/size.

• Neyman or similar allocation.

• π−estimator.

If we observe a variable xk in the elements of a population U , the π−estimator

for total X =
∑
k∈U xk has the form:

X̂ =
∑
k∈U

1

πk
xk

where πk is the probability of inclusion in the sample of element k. Suppose,

for example, that we draw a sample of size n with probabilities proportional to

size, measured according to a variable uk, so that the inclusion probabilities are

πk = n
uk∑
k∈U uk

.

Then, the estimator is

X̂pps =
(∑
k∈U

uk

)
n
xk
uk
.

On the other hand, if we use stratified sampling, assuming that in each stratum

h a simple random sample size is drawn, then the form is

X̂st =
∑
h

Nh
nh

∑
k∈Sh

xk.

Here, we represent by Nh the stratum size and Sh the nh-size subsample.

2.1 Population quantity of interest

As we mentioned above, in a survey of this kind, we are not actually interested

in the population total or mean of the variables in the questionnaire. In fact,

we can justify in terms of predictive capacity, that the population quantity of

interest has the form

Xw =
∑
k∈U

wkxk, (1)

where wk is a quantitative variable related with the one we want to predict.
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Here the factors wk do not have the sense of sampling weights. In fact, this

expression is prior to sampling and therefore independent of it. Let us see why

we want to estimate (1).

We introduce subscript t so that xk,t is a categorical variable which we are

going to observe each period t in the units of a sample S, which we assume for

simplicity constant, i.e., a panel. In the case of our survey, we are not interested

in the population total ∑
k∈U

xk,t,

which has no precise meaning and it is not interesting by itself. The aim of our

indicator is to predict ’hard’ variables such as production or turnover. Some

advantages of not observing directly the hard variables are timeliness and lower

costs.For examploe, since they are not affected by extreme values, editing is less

necessary.

Let us formalize the connection between a ’soft’ variable xk,t (for example,

production tendency) and a ’hard’ one yk,t (production) as follows:

yk,t+1 = yt,k

(
β0 + β1xk,t + εk,t

)
, (2)

where (i) εk,t is a random variable with zero mean and σ2− variance conditional

to {xk,t, yk,t}k and (ii) Exk,t = 0 (this conditions means no loss of generality

due to the presence of coefficient β0).

Let us assume that we are interested in the population total Yt+1 =
∑
k∈U yk,t+1.

We make the following assumption.

Assumption 1. Model (2) holds and in addition, {xk,t}k are independent1 from

{yk,t}k.

Proposition 1. If assumption 1 holds, then the best estimator of Yt+1 in the

sense of least squares using Yt and {xk,t}k∈U is

Ŷt+1 = β0Yt + β1Xt,

where Xt =
∑
k∈U E[yk,t]xk,t

1This is a slight strengthening of Gibrat’s Law, see [2].
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Proof. We consider estimators of the form

(
Yt, x1,t, . . . , xN,t

)


b0

b1

. . .

bN

 =
(
Yt, x1,t, . . . , xN,t

)
b.

The least squares condition entails

b̂ = E




Yt

x1,t

. . .

xN,t


(
Yt, x1,t, . . . , xN,t

)


−1

E




Yt

x1,t

. . .

xN,t

Yt+1

 =

E


EY 2

t 0 . . . 0

0 Ex21,t . . . Ex1,txN,t
. . . . . . . . . . . .

0 ExN,tx1,t . . . Ex2N,t



−1

E


EYtYt+1

β1
∑
k E[x1,txk,t]E[yk,t]

. . .

β1
∑
k E[xN,txk,t]E[yk,t]


Therefore

b̂0 =
EYtYt+1

EY 2
t

= β0,

where the second identity is a consequence of (2) and

b̂k = β1E[yk,t].

This means that now we are in the position of asserting that the population

quantity of interest for us is Xt =
∑
k∈U E[yk,t]xk,t or possibly a proxy of this.

For example, when yk,t is value added, we may use Xt =
∑
k∈U uk,txk,t, where

uk,t is the number of employees.

2.2 Weighted and unweighted estimators

In other words, what the analysis of subsection 2.1 shows is that the variable of

interest whose average or total (the distinction is irrelevant here because it only
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involves a change of scale) we want to estimate is the product of xk times wk,

with2 wk = E[yk]. Let us see what effect does this have in the case of sampling

with probabilities proportional to size. To do this we assume that wk = uk, that

is, wk equals variable used to calculate sampling probabilities. Now we replace

xk by wkxk, so

X̂pps =
(∑
k∈U

uk

) 1

n

∑
k∈S

xk.

We can freely change the multiplicative constant, which is irrelevant in our case3

and write:

X̂pps =
1

n

∑
k∈S

xk.

This is the usual justification for a procedure that is often used in this type

of statistics, but can be shocking from the point of view of the traditional

inference in official statistics: sampling with unequal probabilities and yet using

the arithmetic mean as estimator. In fact, indicators like the Tankan and others

are calculated this way.

This argument is not entirely valid if stratified sampling is used instead of

probabilities proportional to size. However, it is still partially valid when size

is one of the stratification variables. For this type of stratification, allocation

is usually done with some auxiliary variable, often the number of employees.

Recall that in the Neyman allocation, for example, the number of units drawn

from a stratum is proportional to the product of stratum size and variance of

the auxiliary variable. This is generally greater for larger units, so although

the probabilities are not strictly proportional to size, they are monotonically

dependent on it.

We can make a more specific analysis for stratified sampling. An estimator

for Xw with stratified sampling would be

X̂st
w =

∑
h

Nh
nh

∑
k∈Sh

wkxk.

2We drop now the time subscript to avoid cumbersoma notation.
3Because the predictions calculated with it will be scale-invariant.
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If the size is one of the stratification variables, then the hypothesis that wk ≈ w`
for w, ` ∈ h is not totally wrong4. Then, we can write

X̂st
w ≈

∑
h

NhW̄h

nh

∑
k∈Sh

xk =
∑
h

Wh

nh

∑
k∈Sh

xk,

where we denote by Wh and W̄h the total and average of wk in stratum h

respectively. We will denote this estimator as X̂sa. This is an estimator that

we are considering for future use.

On the other hand, the estimator that is currently used in the Industry

Climate Indicator of Spain has two different weighting variables: value added

and number of employees. If we use wk for the value added and uk for the

number of employees, then the estimator is

X̂c =
∑
h

Wh∑
k∈Sh

uk

∑
k∈Sh

ukxk.

Here, we are somewhat distorting the notation because h is not the stratum, but

the activity according to NACE. The actual stratum would be obtained as the

combination of activity and size. Then, Wh is the total value added of activity

h.

This estimator can be justified making the assumption

wk ≈ W̄h ·
uk
Ūk
,

that is, the value added in a certain activity is proportional to the size of the

firm. Then,

X̂st
w ≈

∑
h

NhW̄h

nh

1

Ūh

∑
k∈Sh

ukxk

If Ūh is not available, it can be replaced by the estimate n−1h
∑
k∈Sh

uk and

then,

X̂st
w ≈

∑
h

Wh

∑
k∈Sh

ukxk∑
k∈Sh

uk
= X̂c.

4Since the distribution of firm size is strongly skewed, this assumption would fail grossly for

the larger firms, but this is mitigated is the stratum of largest firms is sampled exhaustively

or at least it has a large sampling fraction.
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In section 3 we present the results of an experiment designed to assess the

effect of the weighting. To do this we compare the results obtained weighting

the firms with the number of employees to those with the unweighted estimator.

But first, in subsection 2.3, we present some theoretical ideas related to that

question.

2.3 Analysis of the error

Some properties of the estimators in stratified sampling can be taken from [1].

For example,

V (X̂sa) =
∑
h

W 2
hS

2
x,h

1

nh

(
1− fh

)
=
∑
h

NhNh

[W 2
h

Nh
S2
x,h

] 1

nh

(
1− fh

)
.

Also, it holds that

b(X̂sa) =
∑
h

WhX̄h −
∑
h

NhWXh = −
∑
h

Nhcov(W,X)h.

In view of these expressions, the estimator will work better the more homoge-

neous it is the variation of x within each stratum, as usual in stratified sampling,

but also when the w is uncorrelated with x within strata, which is also natural

given the approximation we made before.

On the other hand, X̂c is nonlinear. To approximate its variance we employ

a first-order Taylor series and get:

V (X̂c) ≈
∑
h

W 2
h

{UX2

h

Ū4
h

S2
U,h +

1

Ūh
S2
UX,h − 2

UXh

Ū3
h

cov(U,UX)h

} 1

nh
(1− fh).

and

b(X̂c) ≈
∑
h

Wh
UXh

Ūh
−
∑
h

Wh
WXh

W̄h
=
∑
h

Wh
UXhW̄h −WXhŪh

Ūh
.

Here we can make the substitution UXh = ŪhX̄h + cov(U,X)h, so

b(X̂c) ≈ b(X̂sa) +
∑
h

Nh
cov(U,X)hW̄h

Ūh
.

This means that the estimator X̂c has less bias provided the variable U is

correlated with X in the same direction as W , that is, if the correlations and

have the same sign.
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The comparison between the variances is more difficult from a theoretical

point of view, but the experiments described in section 3 indicate that it is

marginally smaller for the unweighted estimator.

2.4 Allocation

As we mentioned above the variance of estimator X̂sa is

V (X̂sa) =
∑
h

W 2
hS

2
x,h

1

nh

(
1− fh

)
=
∑
h

NhNh

[W 2
h

Nh
S2
x,h

] 1

nh

(
1− fh

)
.

This expression is identical to the one of the estimator of a total in stratified

sampling, but with the amount

W 2
h

Nh
S2
x,h

in place of stratum variance. Therefore, the optimal allocation would be

Neyman’s

nh = n
Nh

W 2
h

Nh
S2
x,h∑

`N`
W 2

`

N`
S2
x,`

= n
W 2
hS

2
x,h∑

`W
2
` S

2
x,`

In our case, the variance of x does not seem to change very much among

strata, varying around 0.25, so the allocation would be approximately:

nh = n
W 2
h∑

`W
2
`

.

However, there are practical considerations that justify a slightly different

allocation. If we stratify below the division level, variance of gross added value

is often quite large (not only the sampling variance, but also the population

variance considered as a random variable). Therefore, it might be better to

use a more stable variable, such as employment. This is a common practice in

business surveys. This indicates that a sample like the one that is currently

being used.

3 Empirical analysis

We stick to the idea that the most important thing about these indicators is

their connection with quantitative variables. Therefore, we measure how strong
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are these connections depending on whether the firms are weighted or not, ie,

the first difference to which we referred in the previous section. The other

difference we will not be analyuzed for now.

Specifically we will evaluate the relationship between:

• Level of production in BCS and recent evolution or IPI (Industrial pro-

duction index).

• Production expectations in BCS and future evolution of IPI.

• ICI and future evolution of the IPI.

• Level of the order book and recent evolution of IEP (New Orders Received

Index).

The analysis will be done by division of NACE for simplicity, although the

sample design is made for a slightly finer classification. We denote by X̂c
j,t the

indicator for the month t, division j, according to the weighted method. X̂sa
j,t

is its unweighted counterpart. The IPI of division j and month t will be Ij,t.

Thus, for example in the case of indicator production level, we can make the

comparison through:

csaj = corr
(
X̂sa
j,t,

Ij,t − Ij,t−τ
Ij,t

)
,

where τ is the temporal horizon considered. Varying the parameter τ , we com-

pare the rates of change of the IPI at different periods of distance with the

corresponding indicator. Although the questionnaire asks by the change with

respect to 3 months away, we see that the maximum correlation is reached for

a different lag. This may have different explanations, as we discuss below.

We decided to use the IPI adjusted seasonally, but to leave X̂c
j,t and X̂sa

j,t

unadjusted. The presence of seasonality is inconvenient, but removing it from

the predictor using filters could produce spurious results. One possibility is to

make a correction by constant seasonal factors, but at the moment we have

decided not to use them for simplicity.

Below, we describe the results of the different cases.
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3.1 Production level with recent evolution of IPI

Here X̂c
j,t and X̂sa

j,t are estimates of the balance of question 10 in the ques-

tionnaire, on the level of production. The possible answers are Increase (+1),

Stability (0) and Descent (-1). We analyzed the correlation of these indicators

with the rate of change of the IPI τ periods away.

In figure 1 for τ = 3, we represent a division with each circle. The X-axis

represents the correlation ccj and the Y-axis represents csaj . Most of the points

are above the diagonal, indicating that X̂sa
j,t is more correlated. The average

correlation is 0.20 vs 0.14. Although these correlations are modest, for the total

industry we get values around 0.47, very similar for both indicators. In 83% of

cases, the unweighted method outperforms the weighted one.

Figure 1: Production level and past IPI rate of change τ = 3.

The rate of change at τ = 3 months away is not the with highest correlation,

although this is the period for which the firms are asked. This may be due

to two reasons: either informants really respond about variations of greater or

because the distortion introduced by seasonality is higher in the short term.
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In any case, for τ = 6 the correlation of the aggregate figures is around 0.68

and again there is little difference between methods. The average correlation of

divisions is 0.25 for X̂c
j,t and 0.3 for X̂sa

j,t. Similarly to the τ = 3 case, in the

71% of the cases the method unweighted works better.

Figure 2: Production level and past IPI rate of change τ = 6.

Again, we see in figure 2 that with few exceptions, all points are above

the diagonal. One notable difference between the results obtained with both

estimators is the volatility data. In table 1, we reproduce the standard deviation

of the first differences of the series for the different divisions.

3.2 Production tendency with future evolution of IPI

In this case X̂c
j,t and X̂sa

j,t are estimates of the balance of question 11 about the

questionnaire on the production trend for the next three months. The possible

answers are again Increase (+1), Stay (0) and Decrease (-1). This relationship

is even more relevant than the previous one because the predictive ability of

this question has great value.
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division weighted unweighted division weighted unweighted

10 0.1182 0.0703 22 0.2601 0.0984

11 0.2805 0.1384 23 0.1261 0.0731

12 0.3894 0.2670 24 0.2092 0.1002

13 0.1510 0.1085 25 0.1674 0.0796

14 0.2101 0.1538 26 0.3181 0.1163

15 0.2470 0.1463 27 0.2002 0.1145

16 0.3503 0.1307 28 0.1726 0.0808

17 0.2633 0.1119 29 0.2009 0.0923

18 0.1984 0.1511 30 0.1853 0.1251

19 0.2588 0.2697 31 0.4357 0.1707

20 0.1003 0.0770 32 0.1878 0.1413

21 0.1029 0.0930 33 0.3192 0.1189

Table 1: qwe.

Unfortunately, the correlations we observe are smaller, but still significant:around

0.29.

There is not such a clear difference in favor of the unweighted statistic,

as there are more points below the diagonal. Still, the average correlation by

divisions of 0.10 against 0.08 for the weighted statistical and in 62% of cases the

former is more correlated.

3.3 ICI with future evolution of IPI

The ICI is a composite indicator obtained by combining questions 1 (order

books), 7 (level of stocks of finished products) and 11 (trend of production). This

kind of composite indicators are common in qualitative surveys and they are

expected to have more predictive ability than the questions separately. However,

even the predictive ability of quantitative variables such as order is far from

obvious, as evidenced by the absence of references in the literature on prediction.
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Figure 3: Production tendency and future IPI rate of change τ = 3.

The same can be said of the case of stocks of finished products.

There are reasons why difficulties in taking advantage of these variables can

be expected. One is the fact that the orders that firms have in their portfolios

can have very different terms of delivery. Clearly, that occurs when data from

different branches of activity combined. An extreme example is shipbuilding,

which require long periods for completion. In consumer goods sectors, the pe-

riods are usually shorter. Even within the same industry or within a company

projects can have very diverse deadlines.

Unfortunate, but not surprisingly, the predictive ability of ICI appears to

be less than the one of question on production trend alone. In this case, the

weighted estimator has a higher correlation at τ = 3: 0.24 against 0.21 of the

unweighted one.

In figure 4 we see that the correlations are low in both cases (with a few

even negative), but again higher for unweighted estimator (0.09 and 0.08 re-

spectively). This is somewhat contradictory to the case added, but for the

greater volume of information should be given priority to data divisions. In
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54% of the divisions, the unweighted estimator works better.

Figure 4: ICI and future IPI rate of change τ = 3.

3.4 Modified ICI with future evolution of IPI

Besides the doubts about the predictive ability of order books and stocks of

finished products, a possible reason why the ICI is worse predictor than the

balance of the question about production trend is that the three components

may not be weighted optimally. Therefore, we make the experiment of predicting

the rate of change of production through a regression model that includes these

components. In order to compare the ICI and the regression, we need a different

measure of predictive ability which takes into account the greater complexity of

the model. Specifically, we use the BIC.

For aggregate data, we find that the BIC of the regression model is bet-

ter than the ICI for both estimators (-7.68 versus -7.60 to -7.66 and weighted

against 7.58 for non weighted). However, improvements in prediction variance

are modest (around 5%). For the average across divisions, the improvement is
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very small. The average BIC is slightly lower for the regression method.

3.5 Level of the order books with recent evolution of NOI

To analyze the quality of the estimators applied to question 1 (order books), we

must turn our attention to another quantitative statistics instead of the IPI. The

statistics of New Orders (NOI) is the most related to this question regarding

the definitions of the variables.

Unfortunately, although in the orders survey firms are asked for their port-

folio, the Spanish NSI does not publish any indicator related to that data, so we

must content ourselves with the only published statistic: new orders received.

Since the backlog is a stock which accumulates new orders, one would expect

that there is a relationship between the balance of question 1 and the level of new

orders (not the rate of change, as in previous cases). However, the relationship

is much stronger between the balance and the rate of change orders. This may

be because the informants are misinterpreting the question or because they are

responding without using quantitative data, based on a general impression of

the evolution of orders.

In any case, the correlation between the balance and the rate of change

orders in the last three months is significant (0.28 and 0.25 respectively). For

the divisions data, the averages are 0.13 and 0.17. The unweighted estimator is

better in 71% of cases.

We find as well that the correlation is greater for six months lag (0.44 and

0.41 for aggregate data; 0.25 and 0.29 for average across divisions). We repeated

this test with question 2 and future developments of orders, but the results are

very poor.

4 Conclusions

The data seem to indicate that predictive ability is somewhat improved by not

weighting individual firms, although the differences are small. These differences
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Figure 5: Level of order books and past NOI rate of change τ = 3.

are mainly present in the data divisions. When we aggregate the whole industry,

they are not very clear and even in some cases the opposite happens. However,

the data at the division level offer a larger picture and we should take it into

account.

Moreover, there are some additional arguments that suggest use the un-

weighted version. One is that because the time series are less volatile, the visual

impression is clearer. Another is that it is easier to calculate the variance of the

estimator in the unweighted case.

A more speculative consideration but worth considering it is the possibility

that the informants are answering some questions (particularly those of future

trend) using information not specific to their firms, but with information widely

available that would be relevant outside the firm, its activity branch, perhaps

even the whole economy. If this were so, it would weaken further the case to

weigh the individual firms.

The calculations presented in 2.4 indicate that even if we change the esti-

mator to X̂sa, we may not need to change the sampling design and allocation.
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Figure 6: Level of order books and past NOI rate of change τ = 6.
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