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We examine two sources of bias for the Bank of Italy’s panel business survey of Industrial and
Services Firms:

1) the bias caused by panel attrition; and
2) the bias created by delays in the distributional data on the reference population, needed

for computing the survey weights.
As for the first source of bias, the estimates strongly dependent on big firms’ values are less

affected by panel attrition than those representing firms’ average behavior, independent of their
sizes. Positive economic results make it easier to enroll new firms in the survey, in order to replace
firms dropping out because of bad economic performances. However, the economic results of
new entrances become more aligned to those of the population, once they enter the sample.

A very different result emerges for the second source of bias, since, when the population size
is highly variable, the information delays produce a bias for the estimates influenced by the
contribution of great firms, but the effect is negligible for the estimates not dependent on firm size.

Key words: Business surveys; panel samples; panel attrition; administrative data; auxiliary
information.

1. Introduction

Business surveys are often conducted by using a panel sample, with estimates that can be

affected by panel attrition. Since these estimates are representative of a reference

population by means of survey weights, they can be biased because the weights do not

fully take into account the evolution of the reference population. Our article aims to

evaluate these two sources of bias by relying on auxiliary information from administrative

sources. We will understand the effects of panel attrition by using an integrated archive,

matching survey data with financial-statements indicators, available also for the years

when the panel units are absent from the sample. We will assess the effects of the second

source of bias by fully exploiting the population information.

Measuring ratios is a typical utilization of business surveys. They can be either ratios

between a variable at time t and the same variable at time t 2 1, in order to measure its

relative change over time, or they can be ratios between two different variables. For them,
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two classes of estimators can be computed: the first one comprises what we define as

simple estimates, representative of firms’ average behavior, not influenced by the largest

units in the sample. The second class includes what we define as aggregate estimates,

which tend to be heavily influenced by the big enterprises belonging to the sample,

especially if they are over-represented, as in the case of Neyman’s samples.

We focus on the Bank of Italy’s Survey of Industrial and Service-sector firms (Invind,

from now on) conducted every year with a panel of around 4,000 enterprises (Bank of Italy

2014), representative of the population of industrial and nonfinancial service-sector firms

with at least 20 employees.

The first source of bias we examine arises from firms participating in a survey edition

and dropping out from the following one, without that being planned in advance. The term

normally used for this phenomenon is panel attrition (Martin et al. 2001). We analyze the

attrition effects by using an archive of financial-statement data for the whole reference

population. It provides indicators for all the panel units for every survey year, even if they

are missing from the sample in several survey editions. We can therefore measure whether,

for each survey edition, new entrants and dropouts are different and the main determinants

of the propensity to enter and leave the sample.

The second source of bias we assess is caused by the delays of the distributional data on

the reference population, required to compute the survey weights. The effect of this lag can

be measured for the least recent survey editions, for which complete information on the

population is available. We can therefore assess how much the bias of the usual estimates

derives from out-of-date population information.

We briefly anticipate the main results of our article. The effects of panel attrition on

the aggregate estimates are small, since their values depend on the data of the largest

companies, which tend to participate in the survey more regularly than smaller firms. The

official estimates, regularly analyzed in the Bank of Italy’s reports are of this kind. On the

other hand, the smaller firms tend to participate in the survey more erratically and

accordingly this fact makes it necessary to carefully interpret the simple estimates. On the

contrary, the delays in the updating of the reference population are a source of bias for the

aggregate estimates, when they are weighted to be representative of the whole reference

population. More precisely, they tend to be biased when the population size is highly

unstable, with the bias virtually disappearing for the simple estimates.

The article is organized as follows. Section 2 introduces panel attrition. Section 3

describes the specific features of the panel attrition found in Invind. Section 4 describes the

indexes we use to assess the effect of panel attrition. Section 5 explains the data integration

process. Section 6 evaluates the effects of panel attrition effects on Invind and Section 7

analyzes the consequences of the delayed updating of the distribution of the reference

population. Section 8 sums up the main results and proposes some solutions to manage the

problems highlighted in the article.

2. Panel Attrition: An Overview

Panel surveys use the same sample units for repeated survey occasions. This choice

enables researchers to understand transition patterns (Fabbris 1989). An obvious

operational advantage of panels over repeated independent samples is that the sample is
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selected once before the first survey edition. In most cases, the original panel undergoes

an attrition process after the first survey occasion and its composition accordingly

changes over time. The statistical literature has widely explored the cases of panel

attrition created by some sample units either refusing to participate in the following

occasions or exiting the reference population. The units that leave the panel after a given

survey occasion are routinely replaced by other ones, that either have been in the panel in

previous waves and reenter in this occasion, as replacements of other units, or they are

enrolled in the panel for the first time (some of them may even be new entries into the

reference population).

If the attrition process decreases the sample size, the standard error of the survey

estimates automatically increases. The estimates remain unbiased if the attrition is

completely random (Little and Rubin 2002). On the contrary, if the attrition depends on

some of the variables of interest for the survey, it becomes a source of bias.

There are some solutions to attenuate these drawbacks. Typically, the units leaving the

sample are replaced by others, with observable characteristics (the same used in the survey

design) quite similar to those of the replaced units. A more complex solution is to set up

panel rotations that periodically discard a part of the panel and make place for new units,

that can also realign the sample to the changes in the reference population occurred since

the creation of the panel (Trivellato 1999). Rotating panels also spread the response

burden and therefore indirectly reduce the attrition caused by it (Ardilly and Lavallée

2007). The method is widely applied in surveys of individuals and households.

These measures maintain the initial sample size and keep the precision of the estimates

close to the planned levels. If the hypothesis of attrition totally at random is violated, the

replacements of the units leaving the panel cannot totally eliminate the bias, since the units

leaving and entering the panel may differ according to characteristics not included in the

survey design. The bias arises when such characteristics are correlated with the variables

of interest.

Among the recent contributions to the statistical literature on panel attrition, the

utilization of many techniques for imputing data, missing because of attrition, can provide

useful clues regarding the direction of the bias. For instance, Black et al. (2007) use an

array of imputation methods, ranging from simple mean imputation to more complex

Bayesian resampling techniques, to reconstruct the missing values for a sample of UK data

on car traffic. They measure the variability of the results obtained, in order to assess the

bias from missing data and its influence on the estimates.

Deng et al. (2013) use the waves of the Survey on Income and Program Participation,

regularly conducted on a representative panel sample of US households, and propose to

use a series of refreshment samples, composed by new, randomly selected, respondents, as

an auxiliary external source. The new respondents answer the same questionnaire used for

the main sample. The differences between the answers of the two respondent sets are used

to correct for the bias.

Auxiliary information can also be used as a correction factor of the original weighting

system, in order to offset the effects of panel attrition. For example, Afonso (2015)

corrects the weights to compensate for the missing data created by attrition in a panel of

bank microdata that follows the latest trends of the net interest margin of the banking

systems of the 15 major countries of the euro area. The revised weights are used in the
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context of Generalized Methods of Moments estimation procedures to produce consistent

estimates better aligned to the predictions of economic theory.

3. Panel Attrition in the Invind Survey

We concentrate on the attrition observed between two consecutive waves of the Invind

survey relative to the years t 2 1 and t, that we indicate with It21 and It (we do not study

the effects of attrition on the longitudinal estimates based on the panel). Some firms

participate in It21, but not in It (we refer to them as “dropouts”) and are accordingly

replaced by other firms that did not participate in It21 (we call them “new entrants”). We

use the term “stayers” to indicate the firms participating in both It21, and It. We use these

three terms looking at just two consecutive panel waves, without taking into account what

happens in the other ones. We differ here from the standard utilization of these three terms

in the literature, indicating the units that respectively drop out of the panel definitively,

enter it for the first time, or regularly participate in all the survey editions.

In the single cross-sections, the sample is representative of the cross-sectional

population with the help of replacement rules that substitute every dropout with a new

entrant, having its head office in the same Italian region, together with economic activity

and number of employees as close as possible to those of the dropout.

We consider all the waves available from 2002 until 2013. The wave relative to 2002

was the first with the current reference population (composed by the firms with at least 20

employees belonging to the sectors of nonconstruction industry and nonfinancial private

services) and the current sample size of 4,000–4,200 firms (Bank of Italy 2005).

The interviews relative to the wave for year t take place in the first four to five months of

the following year t þ 1. The survey collects the values for the main variables of interest

(employment, turnover and investment) for the years t 2 1, t and t þ 1 (this last value is a

forecast for the current year). The changes for the year t relative to t 2 1 and for the year

t þ 1 relative to t are accordingly computed by using only one survey wave. If

extraordinary events (such as mergers, acquisitions or splits) modify the structure of a

panel firm between t 2 1 and t þ 1, its data cannot be directly used to compute the

average variations and require a special treatment. The data are included in the estimates

only if they refer to a set of plants and workers fully comparable over the three years t 2 1,

t and t þ 1. The comparability is obtained either by anticipating the extraordinary events

at the beginning of t 2 1, or by postponing them at the end of t þ 1.

Invind weights are cross-sectional. For every survey edition, they make the sample

representative of the reference population within strata formed by the combinations of six

class sizes (in terms of average number of employees: 20–49, 50–99, 100–199, 200–499,

500–999, 1000–4999, 5000 and over) and eleven sectors of economic activity. A

successive post-stratification makes the sample representative of the population also at the

geographical level: there are 48 post-strata: north-west, north-east, center, south and

islands, referred to the firm headquarters’ location, combined with size classes and

aggregate economic sectors (Table S1 in Supplementary material). A unique set of survey

weights is used for each survey edition, relative to the year t.

Many firms are dropouts or new entrants during the years 2002–2013 (Table 1). On

average, 20% of the units in a wave drop out from the following one and are replaced
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by a slightly higher number of units (the sample size increased by 6.5% in the time

span examined). An average 75% of the dropouts still belong to the reference

population of firms with at least 20 employees, 14% are no longer operational and

10% become not eligible for further participation, either because their workforce drops

below the 20-employee threshold or, more rarely, because of events such as mergers,

acquisitions, and so on. The stayers’ average size is 390 employees, higher than that

of the new entrants (303), that is in turn higher than dropouts’ average size (222). The

last two columns of Table 1 show that, on average, a third of the new entrants

participated in past waves before It21. The shares of dropouts and new entrants are

quite stable throughout the period examined. The economic crisis that began in 2009

and a revision of the survey operations in the years 2006–2008 did not significantly

alter this pattern.

Looking at the firms’ economic sectors, the attrition is stronger for firms of the

nonfinancial private services (Table 1, last row) that became a part of the reference

population only since 2002. The interplay of three factors explains this result:

1. it takes time to create a stable panel participation, because the questionnaire is

difficult to complete,

2. service-sector firms tend to outsource most of the budgeting and accounting tasks

needed to complete essential parts of the questionnaire and this discourages their

regular participation in the survey,

3. firms’ transformations (by mergers, acquisitions, contributions, transfers and splits)

naturally decrease the propensity to participate in business surveys and tend to affect

service-sector firms more frequently (Bank of Italy 2015).

4. Simple and Aggregate Indexes

An array of variables can be measured over a firm, either dimensional (such as profits,

turnover, investment and number of employees) or dimensionless (e.g., ratios like Return

on Assets and Return on Equity, indicated with the acronyms ROA and ROE from now on,

extensively used to evaluate firms’ performances) and both can be summarized through

indexes.

For both kinds of variables, we can follow how their averages vary over the years. Let us

indicate with i a unit of the sample of size nt. The indicators can take two different forms,

which we define as simple and aggregate indexes. For both forms, they can be either

weighted with the cross-sectional survey weights or can be left unweighted.

The units contribute equally to the simple indexes (Table 2, lower part), regardless of

their different sizes, while their contribution to the aggregate indexes (Table 2, upper part)

takes place according to their relative sizes. It can be easily shown that the relative size is

the value of the variable at t 2 1 divided by its total (we report below the expression for

the unweighted aggregate index):

Xnt

i¼1
yi;tXnt

i¼1
yi;t21

¼
Xnt

i¼1

yi;t

yi;t21

yi;t21Xnt

i¼1
yi;t21

ð1aÞ
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Equation (1a) can be easily generalized to the weighted aggregate index in the following

way: Xnt

i¼1
yi;twi;tXnt

i¼1
yi;t21wi;t

¼
Xnt

i¼1

yi;t

yi;t21

yi;t21wi;tXnt

i¼1
yi;t21wi;t

ð1bÞ

For a dimensionless ratio xi,t the scale factor is a variable zi,t positively correlated with firm

size (generally number of employees or turnover), divided by its total. We will use the

turnover for our computations.

5. Using External Sources to Measure Invind Panel Attrition

5.1. The Main Issues

The high attrition levels shown in Section 3 require to assess whether, for every cross-

section, the economic performances of the firms entering the cross-section, but not present

in the previous one (new entrants) and those of the firms absent in the following cross-

section (dropouts) are different. We measure the economic performances in terms of

turnover changes, profits changes, ROA and ROE, using the indexes defined in Section 4.

It is also relevant to study the propensity to enter or leave a cross-section, with the first

propensity requiring firm-level data for new entrants also for the year prior to their

entrance, not directly available from the survey.

We therefore face two problems requiring a data integration process:

1) only turnover is collected in the survey, but not profits, ROA and ROE;

2) data should also be available for the years when the units are absent from the sample.

Table 2. Key performance indicators of firms.

Aggregate indexes

Dimensional variables(a) Dimensionless ratios(b)

Unweighted
Pnt

i¼1
yi;tPnt

i¼1
yi;t21

1Pnt

i¼1
zi;t

Xnt

i¼1

xi;tzi;t

Weighted

Pnt

i¼1
yi;twi;tPnt

i¼1
yi;t21wi;t

1Pnt

i¼1
zi;twi;t

Xnt

i¼1

xi;tzi;twi;t

Simple indexes

Dimensional variables(a) Dimensionless ratios(b)

Unweighted 1
nt

Xnt

i¼1

yi;t

yi;t21

1
nt

Xnt

i¼1

xi;t

Weighted 1Pnt

i¼1
wi;t

Xnt

i¼1

yi;t

yi;t21

wi;t
1Pnt

i¼1
wi;t

Xnt

i¼1

xi;twi;t

(a) E.g.: turnover and profit. – (b) E.g.: ROA and ROE.
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5.2. The Data Integration Process

5.2.1. The New Archive

Since all the panel firms are limited companies, apart from a negligible number of

partnerships (less than 0.1% on average), we integrate the Invind data with the Cerved

archive, a data warehouse for all the Italian limited companies’ financial statements filed

since 1993. We use the firm VAT number, available on both sources, to exactly match the

survey data with the corresponding financial figures. The matching fails whenever the

VAT number is missing in Invind or it does not find, when it is present, a corresponding

VAT in Cerved because of errors in one or both sources.

5.2.2. The Matching Quality

A first clue of the quality of the matching is the high percentage of matched units (on

average higher than 90%, Table 3), that remains stable (as shown in Figure 1) within the

categories of the variables used in the stratification and post-stratification steps. This latter

result implies that the survey design also keeps under control the bias caused by using a

sample smaller than the original one.

For the average number of employees and the turnover levels, found in both sources, we

also examine the individual differences between the two corresponding values from the

two sources. If we indicate with invj;i;t and cerj;i;t the values derived respectively from

Invind and Cerved, relative to the j-th variable for the i-th matched unit in the year t, the

size of the absolute difference invj;i;t 2 cerj;i;t

�� �� would depend too much on the unit of

measure. We eliminate this effect by using a standardized absolute difference sadj;i;t,

expressed as:

sadj;i;t ¼
invj;i;t 2 cerj;i;t

�� ��
invj;i;t þ cerj;i;t

2

100 ð2Þ

Table 3. Percentage of firms in Invind annual surveys matched with financial-statement archives (2002–2013).

Nonconstruction
industry firms

Nonfinancial private
services firms

Yearly
total

2002 87.8 89.6 88.2
2003 87.6 89.1 88.0
2004 88.6 91.8 89.4
2005 92.4 93.0 92.5
2006 93.3 92.6 93.1
2007 93.1 93.4 93.2
2008 92.1 94.2 92.7
2009 93.2 93.5 93.2
2010 93.4 94.8 93.8
2011 93.8 95.1 94.2
2012 94.3 94.6 94.4
2013 90.3 88.9 89.9

Total 91.6 92.6 91.9

Source: Bank of Italy’s Invind business survey and Cerved archive.
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We discard from the analysis the firms affected by structural changes (5.4% for the years

2002–2013), for which the indicator is naturally big, because in such cases the Invind

figures are adjusted and not comparable with the corresponding ones from Cerved (see

Section 3 for details on the adjustment method).

The percentage of observations with same values in the two sources are 23.8% (Table 4) for

the average number of employees and 11.0% respectively for the turnover levels. The size of

the differences is limited for turnover levels, since the median value of the sad is 1.07% for

all the matched observations (including those for which the turnover values from Invind and

Cerved are identical) and the indicator is negatively correlated with the number of employees.

For the average number of employees the indicator is higher, with its median value equal to

3.08% for all the matched observations, but it still decreases with firm size. Since we will use

only a categorization of this variable in our developments, the risk generated from having

different employment values in Invind and Cerved for the same unit is contained.

A remaining concern is that the signs of the differences might follow systematic

patterns. Leaving aside the cases where invj;i;t ¼ cerj;i;t, we probe into the issue by looking

at the successions of cases for which invj;i;t . cerj;i;t, or invj;i;t , cerj;i;t, in order to verify

whether they are random or follow systematic patterns. First we create a binary variable:

dj;i;t¼

0; if invj;i;t , cerj;i;t

1; if invj;i;t . cerj;i;t

(

We then randomly sort the observations and finally we measure the nonparametric

Wald-Wolfowitz test (Hollander and Wolfe 1973) separately for the average number of

employees and the turnover each year from 2002 to 2013. The high sample size allows us

to use the asymptotic normal distribution to compute the test. With a significance level of

1%, we cannot reject the null hypothesis of randomness of the successions of 0 and 1 for

(percent) 
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100.0

Class size Economic sector Headquarters’ location

Minimum Mean Maximum

Fig. 1. Minimum, mean and maximum of the average percentage of matched Invind units for all the categories

of class size, economic activity and headquarters’ location. Source: Bank of Italy’s Invind business survey and

Cerved archive.
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dj;i;t respectively in nine and eleven of all the 12 years considered for the turnover and for

the average number of employees (results of the test are available on request).

We therefore conclude that the quality of the matching is acceptable.

5.2.3. The Imputation of the Employment Levels

A necessary step is the imputation of the average number of employees for the firms of

the Cerved archive without this figure. We need the workforce levels for all the firms

belonging to the Invind reference population (formed by the firms with at least 20 employees

operating in the economic sectors of interest) in order to model the probability to enter the

cross-sectional sample, since a categorization of this figure is a control variable in the model.

We use the predicted values of a linear model estimated by Ordinary Least Squares

(OLS) to impute the missing data. We estimate the model only for the firms with turnover

greater than a threshold represented by the lowest turnover found in the survey minus 20%.

Table 4. Standardized absolute difference (sad) between Invind and Cerved figures for the matched

observations (2002–2013).

Average number of employees

Percentiles

25% 50% 75% 90%

Class size
20–49 2.30 7.69 210.26 216.00
50–99 1.05 2.99 9.27 88.66
100–199 0.00 1.72 5.94 20.62
200–499 0.00 0.98 3.83 13.17
500–999 0.00 0.70 3.33 11.73
1,000 and over 0.00 0.57 3.29 14.80

Total 0.22 3.08 13.08 210.00

Number of matched observations 42,940
% of matched observations with sad ¼ 0 23.8

Turnover

Percentiles

25% 50% 75% 90%

Class size
20–49 0.18 1.24 4.78 14.20
50–99 0.18 1.12 4.20 12.70
100–199 0.10 0.95 3.90 11.45
200–499 0.06 0.81 3.56 11.55
500–999 0.03 0.76 3.89 12.90
1,000 and over 0.02 1.06 5.32 15.76

Total 0.13 1.07 4.27 13.07

Number of matched observations 42,846
% of matched observations with sad ¼ 0 11.0

Source: Bank of Italy’s Invind business survey and Cerved archive.
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This restriction has two aims: 1) preventing the model from being excessively influenced by

smaller firms; 2) using units with similar probabilities of having missing number of

employees, since firms below the threshold tend to be more affected by the problem. The

dependent variable in the model is the average workforce level for the year, the covariates

include some economic indicators (ROA, ROE, turnover), together with economic sector of

activity and geographical location of firm’s head office.

We select the best model within a set of possible specifications according to the

following criteria:

. the covariates should not have a high frequency of missing values;

. the specification should be reasonable according to basic economic theory, even

though no causal modeling is attempted;

. the fit to the data should be good (in terms of R-square);

. estimated totals of firms and employees for the most relevant classification cells

should be close to those of the official aggregate evidence available from the

Statistical Archive of Active Enterprises (ASIA), provided by the Italian National

Statistical Institute (Istat 2014).

We estimate the selected model separately within cells (Table S2 in Supplementary

material) formed by the combination of 20 analytical economic activities (instead of

eleven ones used in the stratification) and geographical locations of the firm’s headquarters

(with the same level of detail as in the post-stratification). Using separate models with the

same specification substantially improves the values of the adjusted R-square (it ranges

between 0.7 and 0.9 for the various cells), with respect to the alternative of using the

economic activity and the geographical location as covariates in a unique regression, with

common parameters for the quantitative regressors. We report the model equation below:

Employeest; j;i ¼ b0t; j þ b1t; jturnt; j;i þ b2t; jturn2
t; j;i þ b3t; jroat; j;i þ b4t; jroet; j;i þ 1t; j;i ð3Þ

where t, j, i and turn respectively indicate year, cell, individual firm and turnover.

According to economic theory, labor cost is a better predictor than turnover for the number

of employees in specifications like those shown in Equation (3). Unfortunately, we cannot

use them because they are missing in 29% of cases. Firms’ turnover is however a reasonable

proxy, because it is highly correlated with labor costs within the cells where we estimate

the model (the correlation coefficient is 0.85 on average). By using this estimate to impute

the missing values for the number of employees, we obtain distributions of enterprises and

employees (for the firms with at least 20 employees) similar to those of the official sources

for this population (Table S3 in Supplementary material).

We use multiple imputation to estimate the variability of the imputation process by

creating ten independent replications of the model predictions, each obtained by adding to

the model prediction a random drawing from the residual distribution.

6. Enterprises’ Performances and Panel Attrition in the Invind Survey

6.1. First Evidence of the Attrition Effects

For every survey edition, we calculate the simple and aggregate indexes presented in

Table 2, weighted with the survey weights, for turnover and profit changes, ROA and
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ROE, over three groups: new entrants (absent in the previous edition), future dropouts

(absent in the next edition) and the rest of the sample. We express them as percent relative

changes by subtracting one and multiplying the result by one hundred.

The effect of panel attrition is clearly visible for the simple indexes that are greater for

new entrants than for future dropouts (Figure 2). This is true on average over the whole

period, as well as for all the single years, with the exception of 2006, 2010, and 2012 for

profit changes. For the aggregate index, the distinction between new entrants and future

dropouts is less clear-cut, since the indexes relative to the latter ones are higher than those for

the former ones for four years of the turnover changes series, five years of the ROA series

and again for four years of the series of profit changes. Only for ROE is the index for new

entrants always greater than that for future dropouts, even if, on average, the two are slightly

closer than in the case of the simple index (the average distance is 4.8 points against 5.0).

It is now relevant to determine whether the differences discussed above are statistically

significant. With this aim, for every survey edition, we separately regress each of the four

indicators considered on a binary dummy identifying the two groups of interest,

controlling at the same time for the survey design variables.

For every year t, we estimate the following linear model:

yt;i ¼ b0t þ b1tdt:i þ b
t
Xt;i þ 1t;i ð4Þ

where yt,i is one of the four indicators considered, dt,i is the binary dummy indicating

whether the unit is a new entrant or a future dropout and Xt,i is an array of firm-level

characteristics (firm size, economic sector of activity, headquarters’ geographical

location). We also estimate a synthetic version of the model (4) on the pooled data set and

we finally replicate the regressions separately on the firms with 20–99 employees and on

those with 100 employees and over.

In the year-by year regressions over the firms with 20 employees and over, the coefficients

relative to the dummy are almost always positive and significant for turnover changes, ROE

and ROA (Table 5). For profit changes, the effect of the dummy is always positive, but is

statistically significant only for one year. The dummy coefficient is always positive and

highly significant also in the corresponding regressions over the pooled data. The regressions

on the two separate groups of firms with 20–99 employees and 100 employees and over

reveal that, for the group of bigger firms, the differences between new entrants and future

dropouts attenuate and the shares of new entrants and future dropouts decrease.

These results are consistent with the descriptive evidence of Figure 2, since they show

that the economic performances of the firms not regularly participating in the survey tend

to be more similar when firm size increases, even after conditioning with other observable

characteristics.

6.2. Modeling Panel Attrition

Modeling the propensities to enter a given survey wave and to drop out of it helps us

explain what drives this behavior. For this aim, we estimate a logit model over a pooling of

all the observations. We use the waves for the years from 2003 to 2013 to analyze the new

entrants, those from 2002 to 2012 for the dropouts. ROE, ROA, turnover and profit

changes are our main covariates, to which we add dummies for the years, to take into
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(a) Weighted simple indexes (b) Weighted aggregate indexes
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Fig. 2. Weighted indexes (percent relative changes) for new entrants in each survey edition, dropouts in the

following edition and rest of the sample. Extreme values for individual values trimmed at the 1st and 99th

percentiles. Firms affected by mergers, acquisitions and splits not considered. Source: Bank of Italy’s Invind

business survey and Cerved archive.
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account the time effect, as well as dummies for the survey design variables, that also

control for the possible nonignorability of the survey design.

6.2.1. Modeling the Propensity to Enter a Wave

We estimate the probability to enter a wave relative to the year t. The firms modeled are

those with at least 20 employees in the year t 2 1 in the Cerved archive, provided they did

not participate in the wave t 2 1. Our dependent is a binary variable, indicating whether a

firm will be in the wave relative to year t. The economic indicators used as covariates (we

also use per capita turnover and profits) are modeled one at a time. Since each indicator is

relative to the year t 2 1, before an eligible unit enters the sample or still remains outside,

it contributes to causally explain the propensity to enter the wave.

The standard error of the coefficients accounts both for the repeated observations

relative to the same firm in the pooled data set and for the variability generated by using

imputed values for the missing number of employees. The number of employees is

required because it is a model covariate and also because it is needed to identify whether

a firm belongs to the reference population of firms with 20 employees and over. The

standard error of each coefficient bk can therefore be written as:

SEðbkÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VMðbkÞ þ VIðbkÞ

p
ð5Þ

where VM(bk) is the usual variance of the logit model coefficients, after correcting for the

clustering effect derived by repeatedly using the same firm (Rogers, 1993) and VI(bk) is

the variance of the coefficient estimates computed over ten independent replicates of the

imputation process.

The coefficients for ROA, ROE, profits change and per capita profits are positive and

significant (Table 6). For turnover, the evidence is mixed, since the coefficient for per

capita turnover is positive and not significant, whereas the one relative to turnover change

is negative but weakly significant.

The overall result is that favorable economic indicators tend to positively associate with

the propensity to enter a wave, with the strongest significance measured for ROA and

ROE. The sign and the significance of the coefficients relative to the dummies for firm size

(Table S4 in Supplementary material) indicate that, for the firms with less than 200

employees, the propensity to enter the sample is lower than for the firms with at least 500

employees. A geographical effect also emerges, because new entrances are more easily

found among firms with head office in the two macro-areas of Italy - Center and Italy -

South and isles, compared with those headquartered in the macro-area of Italy - North.

This effect is also due to the sampling rate for firms headquartered in the macro-area of

Italy - North structurally lower than that of the rest of the sample.

A relevant question is whether the performance gap between new entrants and rest of

the reference population persists, once the latter ones enter the sample. We evaluate the

issue by estimating the same logit, with the only difference that the economic indicators

refer to the year when the new entrants enter the sample, instead of the previous one

(Table 7). The positive relationship between the propensity to enter a wave and positive

economic performances weakens, since the sizes of the positive coefficients for ROE and

ROA decrease; those for profit change and per capita profit also decrease to the point of
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becoming not significant; as for turnover, the coefficient relative to the change goes

negative, whereas the one of per-employee turnover remains negative and increases in size

(Table S5 in Supplementary material reports the complete details).

How to explain this result? The quick search for firms that replace those unwilling to

further participate is a common need for all panel business surveys, since the interviewers

face strict time constraints. Invind is not an exception. The firms with above-average

economic performances in the most recent years are naturally easier to enrol, since their

managers can devote more time to fill the complex survey questionnaire, but they later

tend to be more similar to comparable firms, as sometimes measured in the economic

literature of firm behavior (Knapp et al. 2006).

6.2.2. Modeling the Propensity to Drop Out of a Wave

In order to model the propensity to drop out of a wave, we consider all its units. Following

the same steps as in the propensity to be a new entrant, the dependent for the logit is a

binary variable indicating whether a firm in wave t also participates in the following wave

t þ 1. The economic indicators used as covariates are relative to the year t, so that they

can explain firm behavior at time t þ 1. In the analysis, the number of employees is never

missing, since it is collected in the survey, therefore the standard errors of the coefficients

must only be corrected for the repeated observations of the same firm, derived from using

the pooled data set.

The results (Table 8) are a mirror of those relative to the propensity to enter the sample:

negative economic performances in a given year augment the propensity to leave the

sample in the following year. The coefficients with the greatest sizes are those of ROA and

ROE. Survey participation is more erratic for the firms with less than 200 employees (the

effect is even greater for those with less than 50 employees, as seen in Table S6 in

Supplementary material). A geographical effect is also present, since the enterprises

headquartered in the the macro-area of Italy - Northeast tend to exit the survey more

frequently than those belonging to the reference macro-area of Italy - South and isles. The

greater size of the subsample of the firms headquartered in the Northeast, compared to those

of the other areas, helps contain the risk of excessively reducing the sample size for this area.

7. The Effects of the Delays in Updating the Reference Population

The population distribution is required to compute the survey weights, which are

necessary for obtaining sample estimates representative for the reference population. The

official distribution of Italian enterprises is available with a two-year lag. This means that

the population of the year t 2 2 is used for the first estimates, released at the end of May

of the year t þ 1, relating to the survey for year t, carried out in the first months of t þ 1.

In the following years, the survey weights are re-computed as soon as the updated

population distributions become available.

The delay can have relevant effects on the estimates because of their structure. As

shown in Section 3, the survey relating to year t collects the values for the main interest

variables for the years t 2 1, t, and t þ 1, so that relative changes (t/t 2 1) and (t þ 1/t)

are computed by using data only from this wave. The procedure would require three

distinct reference populations for the three years, but the approach is not followed, since

Journal of Official Statistics84



T
a

b
le

8
.

In
vi

n
d

su
rv

ey
:

lo
g

it
fo

r
th

e
p

ro
p
en

si
ty

o
f

fi
rm

’s
ex

it
fr

o
m

th
e

n
ex

t
w

a
ve

(2
0

0
2

–
2

0
1

2
)(a

) .

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

R
o

a
2

0
.0

2
4

4
0

*
*

*
ro

e
2

0
.0

0
3

9
0

*
*

*
ch

an
g

e
in

p
ro

fi
t

p
er

em
p

lo
y

ee
s

(%
)

2
0

.0
0

5
0

1
*

*
*

ch
an

g
e

in
p

ro
fi

t
(%

)
2

0
.0

0
5

0
4

*
*

*
ch

an
g

e
in

tu
rn

o
v

er
p

er
em

p
lo

y
ee

(%
)

2
0

.2
4

8
0

0
*

*
*

ch
an

g
e

in
tu

rn
o

v
er

(%
)

2
0

.4
4

6
7

0
*

*
*

N
u

m
b

er
o

f
o

b
se

rv
at

io
n

s
3

8
,7

0
8

3
7

,7
3

2
3

4
,8

2
8

3
6

,0
2

7
4

1
,2

7
5

4
1

,2
7

9

A
d

d
it

io
n

al
co

n
tr

o
ls

(c
o
ef

fi
ci

en
ts

n
o

t
in

cl
u

d
ed

in
th

e
ta

b
le

):
cl

as
s

si
ze

,
h

ea
d

q
u
ar

te
rs

’
lo

ca
ti

o
n

,
b

ra
n

ch
o

f
ac

iv
it

y
.

(a
)

*
*

*
:
p

-v
al

u
e

le
ss

th
an

0
.0

1
, *

*
:
p

-v
al

u
e

b
et

w
ee

n
0

.0
1

an
d

0
.0

5
,
*
¼

p
-v

al
u

e
b

et
w

ee
n

th
an

0
.0

5
an

d
0

.1
.R

eg
re

ss
o

rs
v

al
u

es
le

ss
th

an
1

st
o

r
m

o
re

th
an

9
9

th
p

er
ce

n
ti

le
ar

e
se

t
eq

u
al

to

re
fe

re
n

ce
p

er
ce

n
ti

le
.

S
ta

n
d

ar
d

er
ro

rs
ar

e
co

m
p

u
te

d
b

y
co

n
si

d
er

in
g

th
e

sa
m

e
fi

rm
re

p
ea

te
d

o
v

er
ti

m
e

as
a

cl
u

st
er

.
A

ll
es

ti
m

at
es

in
cl

u
d

e
d

u
m

m
ie

s
at

le
v

el
o

f
y

ea
r.

S
o

u
rc

e:
B

an
k

o
f

It
al

y
’s

In
v

in
d

b
u

si
n

es
s

su
rv

ey
an

d
C

er
v

ed
ar

ch
iv

e.

D’Aurizio and Papadia: Administrative Data to Evaluate Sampling Bias 85



the survey weights would have to be repeatedly updated over the years. For practical

reasons, only one set of survey weights is used for each survey edition, relative to the year

t, which are updated as soon as the correct population information becomes available, with

a very limited change in the original estimates.

Looking at the trend in the survey reference population, its size remained stable until

2006 (Figure 3), but deep demographic changes took place in the following years, since

the population size increased in 2007–2008. A slow and steady decrease subsequently

occurred during the years 2009–2012 of the economic crisis. The downsizing of

the nonconstruction industrial sector in the years 2001–2012 was partially offset by the

growing number of nonfinancial service-sector firms. This fact is largely due to the

structural changes of the Italian economy, which led to a decrease in the share of GDP

produced by the industrial sector. To a lesser degree, it also led to the changes of the

classification criteria of economic activities, which shifted a range of activity (such as

product maintenance and customer support) previously classified as industrial to the

services sectors (Istat 2010).

Given these population changes, it is important to measure the error caused by using

a unique set of weights. Our analysis focuses on turnover, employment levels and

investment collected in the survey and most widely used. First of all, we assess the

aggregate indexes of change, since they are extensively commented in the form of percent

variation (Bank of Italy 2017, 66).

We express the indexes as percent changes. If we use a single weighting system, the

weighted aggregate index can be written as:

Pnt

i¼1
yi;twi;tPnt

i¼1
yi;t21wi;t

2 1

� �
100, if two separate

weighting sets for the two periods t 2 1 and t are available, it becomes:Pnt

i¼1
yi;twi;tPnt

i¼1
yi;t21wi;t21

2 1

� �
100.

(Nonconstruction industry and nonfinancial private services) 

60,000

62,500

65,000

67,500

70,000

72,500

75,000

20,000

22,500

25,000

27,500

30,000

32,500

35,000

37,500

40,000

42,500

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 20122011

Industry (left scale)
Services ( left scale)
Total of industry and services (right scale)

Fig. 3. Number of Italian firms with 20 employees and over, 2001–2012. Source: Istat, Italian Statistical

Business Register (ASIA).
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It is quite easy to verify that the weighted aggregate index with the single set of weights

is smaller than the one with two sets of weights whenever the population size increases,

whereas it is bigger if the population becomes smaller (see last page of Supplementary

material for details).

Looking at the population trends (Figure 3) and their effects on these estimates

(Figure 4, upper panel), the downward bias caused by the single weighting system was

strong for the years 2007–2009 (especially for investment change in 2008), when the

biggest population increase occurred. In the following years, the upward bias was small,

because the decrease rate of the population size was steady, but rather limited. The greatest

bias shows up for the relative change of employment, as expected, since it is the estimate

most affected by repeated updates of the population distribution.

We finally deal with the effect of a unique weighting system on the simple indexes,

since applied econometricians use individual changes derived from the survey in their

microeconometric models. These models can also be estimated in a weighted version

(Cameron and Trivedi 2005, 817), in order to produce estimates valid for the whole

reference population. In such a case, it is relevant to assess the effect produced on the

average of these individual changes by a weighting system not adequately representative

of such a population. We focus our attention on the simple indexes of the changes of

turnover and employment and we disregard investment changes, which are very erratic

and unsuitable for microeconometric modeling (Doms and Dunne 1998).

We again express the indexes as percent changes. If we use a single weighting system,

the weighted simple index can be written as: 1Pnt

i¼1
wi;t

Pnt

i¼1
yi;t

yi;t21
wi;t 2 1

� �
100: With two

distinct weighting sets for t 2 1 and t, it can be expressed as:

1Xnt

i¼1
wi;t21>t

Xnt

i¼1

yi;t

yi;t21

wi;t21>tÞ 2 1

 !
100 ð6Þ

Here, wi;t21>t is the weight referred to the firms belonging to the reference population both

at time t 2 1 and at time t. We compute these weights by considering the population size

Nh;t21>t of every stratum h as the minimum between those of the periods:

Nh;t21>t ¼ min{Ni;t21;Ni;t} ð7Þ

This expression is an upper bound of the true value, with a negligible approximation error

if the number of entrances and exits in the population are small relative to the population

size in the two periods. For the reference population of Invind, the yearly balances of

entrances and exits over the population are worth, on average, 4% for the strata and 5% for

the poststrata considered in the survey design (the corresponding median values are 1.1%

and 1.7%).

For turnover and employment changes, the double weighting system has a negligible

effect on the simple indexes (Figure 4, lower panel).

An explanation of this result can be found by writing the difference between the same

index computed respectively with the single and the double weighting system. For the
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weighted simple index, this expression is:

Xnt

i¼1

yi;t

yi;t21

wi;tXnt

i¼1
wi;t

2
wi;t21>tXnt

i¼1
wi;t21>t

 !
ð8Þ

It is a sum of nt terms, each formed by the product of two parts: the first one
yi;t

yi;t21
is always

positive, the second part is small, since it is the difference between the ratios of the shares

of single weights over corresponding weight totals, which tends to produce very low

values for Equation 8.

Looking at the weighted aggregate index, the difference becomes:

Xnt

i¼1

yi;t

yi;t21

yi;t21wi;tXnt

i¼1
wi;tyi;t21

2
yi;t21wi;tXnt

i¼1
wi;t21yi;t21

 !
ð9Þ

The structures of (8) and (9) are similar: they sum nt terms, each formed by the product of

two parts. The first one is
yi;t

yi;t21
, always positive, the same in both expressions. The second

part within round brackets is not necessarily limited to small values in (9) and the size of

the expression accordingly tends to be greater than that of Equation 8.

8. Conclusions

Our article evaluates the sampling bias of a panel business survey by using auxiliary

information derived from administrative data. We consider the Bank of Italy’s Invind

survey, for which two external sources are available:

. an archive of firms’ financial statements, providing complete information for all the

years 2002–2013 considered for every unit participating in the survey, regardless of

the continuity of its participation;

. aggregate data on the sample reference population, available for the years between

2002 and 2012.

We use the first source to evaluate the bias caused by panel attrition on the indexes of

yearly changes of variables such as turnover and profits and on averages of composite

indicators like ROA and ROE. We focus on the attrition caused by firms leaving the panel

in a given survey edition, replaced by others in the following one.

We find the estimates that are strongly dependent on big firms’ values are less affected

by panel attrition than the estimates representing the average behavior of firms that do not

take firm size into account.

Looking more closely at the attrition determinants, positive economic performances

make it easier to enroll new firms in the survey, in order to replace firms dropping out

because of negative economic performances. However, the economic results of new

entrances become more aligned to those of the population, once they enter the sample.

The statistical literature (Deville et al. 1993; Särndal and Lundström 2005) proposes

many adjustments to the survey weights, some of them specifically designed for business

surveys (Lavallée and Labelle-Blanchet 2013). In the form of generalized post-

stratification procedures, these adjustments could be useful in compensating for the bias

caused by panel attrition (see also Faiella 2010 and Solon et al. 2015, for a comprehensive
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review of the cases when the utilization of survey weights is advisable). For example,

these techniques could be studied in future research to produce new survey weights that

incorporate the information on sample firms’ past economic performances.

Our analysis also suggests some possible revisions of the survey management First

of all, more efforts could be devoted to prevent firms with negative economic results

from dropping out of the sample at the current rate. With this aim, better interviewer

training could highlight the importance of maintaining the most difficult units in the

sample.

We finally analyze the effects of using survey weigths computed with a population

distribution that is not up-to-date. The issue is relevant, since a single Invind edition

collects data on the values of the interest variables for three consecutive years t 2 1, t and

t þ 1 (t þ 1 is a forecast that refers to the year when the interviews are conducted). The

current solution is to use only the information relative to the reference population at time t,

which is subsequently updated. We show how this solution entails the risk of bias for the

weighted aggregate indexes of relative changes of turnover, investment and employment

levels. This bias tends to be negative when the population size increases, but it becomes

positive when the population size decreases, without substantial effects on the simple

indexes, which do not depend on firm size. This risk can be avoided by computing, for

every survey editions relative to the year t, separate sets of weights for the different years

considered. This is feasible for older survey editions, while, for the most recent ones,

external evidence on the population trends should be carefully used to assess the quality of

the estimates.
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