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Abstract 

There is an increasing and widespread concern among analysts that the relationship between qualitative and 

quantitative data has become less effective for the Italian economy in the aftermath of the “Great 

Recession”. This work tries to contribute to the existing literature on this issue, calling the attention to a 

non-linear behavior of the soft data and to an instability of the “sufficient” level of capacity utilization to 

explain the weakness of such a relation in the manufacturing sector. For this aim, empirical evidence on 

survey data (macro and micro data) is provided. Some explorations on aggregate data show that a possible 

change in the linear relation between the qualitative and quantitative indicators effectively emerges during 

the summer of 2008. In contrast with the common wisdom that the relation between the qualitative series 

and the quantitative ones is linear, the analysis suggests that a non-linear specification in the functional 

form used to model this relation is probably more suitable to be applied. In addition, using micro-data 

stemming from the harmonized tendency survey, the work does not provide foundation for the hypothesis 

that a selection effect effectively occurs in the sample during the period considered. Conversely, the 

suggestion that recession could have modified over the time the way agents form their expectations, leading 

to a change of their production plans and of a setting of a “new normal” situation, is supported by the 

analysis of micro-data on capacity utilization. The main finding is that the “sufficient” level of capacity 

utilization considered as level of reference for this variable is indeed not constant over time; it seems in fact 

decreasing in the last part of the period, showing a significant lower level than that observed in the previous 

one.  
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1. Introduction 

According to a well-established literature, survey data are considered as powerful tools 

for monitoring and forecasting fluctuations in the business cycle (see among the others, 

Koopmans, 1947; Zarnowitz, 1992). Their relevance mainly stems from the fact that they 

provide timely and reliable information on firm-level variables that are difficult to 

measure and generally not otherwise collected, such as expectations for the near future, 

the behavior of inventories or information on the capacity utilization. Consequently, 

qualitative series (the so-called soft data) are considered able to detect changes in the 

business cycle earlier than their quantitative counterparts (the so-called hard data); this is 

because expectations lead to plans and, only when these plans are implemented, they are 

picked up by the traditional quantitative statistics.   

All in all, there is a large and copious evidence that survey data are a good proxy for 

corresponding quantitative indicators and show a good relationship with some general 

reference series representing the business cycle or the general economic development, 

like industrial production or GDP (Bergstrom, 1995; Aprigliano, 2011; Biau and D’Elia, 

2011; Malgarini, 2012). Nevertheless, since the early attempts to study this issue, it was 

quite clear among the economic scholars that the main problem was to find out a criterion 

to compare survey data with the quantitative series. Clearly, this comparison is made 

difficult by the circumstance that the quantitative series are expressed in value or volume 

terms, while survey data use ordinal scales. This issue is also closely related to the 

concept of business cycle the qualitative series would explain (classical, deviation or 

growth cycle, see Burns and Mitchell, 1946; Mintz, 1969), which makes crucial to 

explore the relation between the two indicators on the ground of the cyclical behavior of 

both series. In this way, as is a common practice in the field of the business cycle 

analysis, according to the different definition of the cycle the qualitative data would 

represent, an appropriate transformation of the hard variable is suitable to take into 

account (see also on this issue, Martelli et al. 2014).   

Further, the relation between the qualitative series and the reference ones is generally 

taken as linear (Koenig, 2002); however, this assumption has no theoretical foundation, 

apart from its more practical implementation. At the same time, the fact that the 

methodology of hard data vastly differs from the qualitative approach used in the field of 
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business surveys makes a strictly linear relationship somewhat staggering. In this regard, 

Barhoumi (2009) shows – for instance – that non-linear models can have improved the 

forecasts of the slump of industrial production during the crisis of 2008 compared to their 

linear equivalents, as the latter ones underestimated the decline in production. Also 

Goldman Sachs (2009) provides evidence of the existence of a non-linear relationship in 

proximity of extremely low values of the survey indicator. 

Along this way, this work aims at investigating on the relationship between the 

manufacturing confidence climate index (CI) stemming from the business tendency 

surveys (collected by the National Institute of Statistics (ISTAT), in the framework of the 

Joint Harmonized European Commission Programme) and the Italian industrial 

production index (IPI).  

The key contributions of this paper are twofold. Firstly, the work points out that - to gain 

insight into the relationship of the qualitative indicator with its quantitative counterpart -  

a conveniently transformation of the hard variable at hand is crucial. Under these 

circumstances, a change in the linear relation between soft and hard data effectively 

emerges during the summer of 2008. However, the analysis also suggests that a non-

linear specification in the functional form used to model this relation is probably more 

suitable to be applied, providing new evidence about the nature of the relationship during 

the period considered. Secondly, to the best of our knowledge, this paper is the first 

attempt where firm-level data coming from the harmonized qualitative questionnaire are 

used to explain some plausible modifications in the relationship between soft and hard 

data. Along these lines - after having provided a foundation for the exclusion of a sample 

selection effect in the sample - this unique source of micro-data allows to track this issue 

into an alternative way, exploring the quarterly detailed industry-level measure of 

capacity utilization. Gauging the impact of recent recessions on potential production, the 

paper investigates the intuition that  - during the latest business cycle episodes - agents 

could have considered a lower ideal setting for their productive capacity and could have 

adjusted their production plans consequently. Hence, to some extent, our conclusions try 

to contribute to the existing literature on this issue, calling the attention to both a non-

linear behavior of the soft data and to an instability of the ideal level of capacity 

utilization to explain the weakness of such a relation. 
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In the remainder, the paper is organized as follows. Section 2 provides an overview of the 

analysis on relation between quantitative and qualitative data. Section 3 provides some 

plausible interpretations about the weakness of this connection using the micro-data 

coming from the harmonized business tendency survey, while section 4 concludes. 

 

2. The relationship between confidence climate and industrial production 

There is a long streaming of literature on the relation between soft and hard data, dealing 

with different aspects; in particular the way qualitative data are made quantitative 

(Proietti and Frale, 2011), the search of a reference quantitative series for a qualitative 

survey or the models used to represent their relation (Bruno, 2009). In this analysis the 

attention is focused on the stability over time of the relation between the manufacturing 

confidence climate index (CI) and its quantitative counterpart, namely the industrial 

production index (IPI) for Italy The question specifically arises because this relation has 

been recently brought into question, especially in the aftermath of the latest business 

cycle episodes. This account has regarded particularly the manufacturing sector - an 

important cycle maker - and this is the reason why this sector is here analyzed. 

This issue is closely related to the concept of the business cycle explained by the 

qualitative series (classical, deviation or growth cycle, see for instance Burns and 

Mitchell, 1946; Mintz, 1969), which makes crucial to explore the relation between the 

two indicators on the ground of the cyclical behavior of both series. In this way, as is a 

common practice in the field of the business cycle analysis, according to the different 

definition of the cycle the qualitative data would represent, a conveniently appropriate 

transformation of the hard variables is suitable to take into account.  

With these considerations in mind, it is firstly necessary to define what does we mean as 

stability over time. While some authors refer to simple graphical analysis, in other case 

breaks are called for when speaking about econometric models linking qualitative and 

quantitative series. In all these cases some assumptions are (sometimes implicitly) made 

about how a no-break situation looks like.  
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Figure 1: The relation between IPI and CI  - (IPI in levels)  

 

 

Figure 1 represents the levels of the two variables (log for IPI). Apart from a scale factor, 

a clear divergence between the two series effectively emerges in the aftermath of the 

Great Recession. However, some considerations have to be taken into account. Firstly, 

the plot in the graph overlooks the very nature of the confidence indicator which - in its 

essence  - is a transformation of a diffusion index, e.g. the fraction of firms saying the 

situation is good/improving. The questions composing it refer to a sort of “normal” 

situation, therefore the confidence index cannot have, by construction, any trend, i.e. it is 

a bounded variable; consequently it is quite likely to reflect the cyclical component. 

Conversely, the industrial production index is a possibly unbounded trended series, 

superimposed with cyclical, seasonal and irregular oscillations. Therefore, ideally, it is 

reasonable to think about the relation between the two indicators looking at the cyclical 

part of the IPI and the confidence climate. On the other hand, the fact that in the last 15 

years in many advanced countries, and especially in Italy, the long term trend of IPI has 

been flat or even downward sloping has probably lead some analysts to look for a relation 

between the level of the IPI (possibly adjusted for seasonality) and the confidence 
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climate. But because of the way these variable are defined, this is - in our opinion - 

incorrect. 

Nevertheless, it is well known that separating trend and cycle is quite a challenging task 

and that the results depend in a crucial way on the detrending method chosen. In this 

case, the seasonal difference of the log of (working days adjusted) industrial production is 

taken into consideration. Although this transformation is a crude way to remove 

seasonality and trend, it has the advantage of being free of end-point estimation 

problems; moreover, it is the most used transformation in forecasting models, where the 

researcher is interested in recovering the level of the forecast original variable. Indeed, in 

this case, the use of such a transformation seems to be the more adequate to represent the 

growth cycle of the quantitative indicator (Martelli et al., 2014). In figure 2 the 

confidence climate with a suitable transformation of IPI (seasonal difference of logs) is 

plotted; it is evident from the graph that the relationship between the two series is much 

more stable and, moreover, it does not seem to deteriorate in recent years. 

 

Figure 2: The relation between IPI and CI -  (IPI, seasonal difference in log) 
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Beyond the graphical evidence, a more careful analysis of the relationship between the 

two series is considered. To make it, two aspects are taken into account. First, the 

behavior of the two series in detecting turning points is analyzed; second, the stability of 

their joint modelling with a linear model is tested. In fact, as the climate confidence is a 

sort of diffusion index it is reasonable to think that its turning points should be quite in 

synchrony with those observed for the cyclical component of IPI; on the other hand, this 

does not necessarily imply that the two series could be jointly modelled with a linear 

model, thus imposing a stronger structure on their relation. Indeed, given the fact that the 

choice of a linear model is quite widespread among practitioners - for example to get 

forecasts for IPI profiting of the earlier availability of the confidence index - it is 

important to assess if such a relation holds and if it is stable, consequently. 

 

 

2.1. Turning points 

A graphical analysis carried out on an extended sample (1990-2015) suggests that the 

turning points, identified by means of the Bry and Boschan (1971) algorithm, are always 

very close between the two series (fig. 3), respectively the (seasonal adjusted) confidence 

index (CI) and the seasonal difference of log of (working days adjusted) industrial 

production (D12LIPI). Indeed, the concordance between the business cycle phases of the 

two series, that is the fraction of months where the series share the same business cycle 

phase, is quite high, showing a value of 0.81, and no remarkable differences appear 

among different sub-periods. An extra cycle is present at the very end of the D12LIPI 

series; nevertheless, it is known that the dating algorithm can be affected by end-points 

problems especially when, as in this case, the D12LIPI series is rather flat. Moreover, it 

seems that during the two big recessions of 2008-9 and 2011-12 the CI turning points are 

sometimes lagging those of D12LIPI.  
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Figure 3: The turning point analysis 

 

 

 

2.2. Linear model 

A second line or reasoning can be carried out in the framework of a statistical model 

representing the relation to test for stability. The choice in this case is a linear model, as it 

is the most widely used in this context. However, empirical evidence in similar cases 

(Bruno, 2009) suggests that non-linearities can characterize this relation; as long as such 

non-linearities are true and significant, this should result in a break in the linear 

specification.  

Given the fact that two series are considered in the analysis, a bivariate VAR model is 

chosen as the initial linear model, composed by CI (not seasonally adjusted, so as to 

avoid non-invertibility issues), D12LIPI, a constant term and eleven seasonal dummies. 

The order of the VAR, chosen by means of AIC criterion, is 6. Table 1 presents the main 

diagnostics for the two equations of the VAR model. LB 12 and LB 24 refer to the Ljung-

Box test of residual autocorrelation at the first 12 and 24 lags, respectively, while N-test 

is the normality test proposed by Jarque and Bera. 
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Table 1: results of the VAR model 

 R-squared 

adjusted 

LB 12 p-value LB 24 p-value N-test p-value 

CI 0.92 0.19 0.30 0.004 

D12LIPI 0.83 0.73 0.28 0.002 

 

 

The results of the Granger causality test state that the CI Granger causes D12LIPI but it 

not caused by it, enabling to use a single equation specification where D12LIPI is 

explained by its own past and by the lags and current value of CI (auto regressive 

distributed lag – ARDL – model). The model has been reduced in order to eliminate 

unnecessary variables trough a stepwise procedure leading to the following model: 

 

𝐷12𝐿𝐼𝑃𝐼𝑡 =  𝛼0 + 𝛼1𝐷12𝐿𝐼𝑃𝐼𝑡−1 + 𝛼2𝐷12𝐿𝐼𝑃𝐼𝑡−2 + 𝛼3𝐷12𝐿𝐼𝑃𝐼𝑡−3 + 𝛼4𝐷12𝐿𝐼𝑃𝐼𝑡−4

+ 𝛼6𝐷12𝐿𝐼𝑃𝐼𝑡−6 + 𝛽0𝐶𝐼𝑡 + 𝛽6𝐶𝐼𝑡−6 + 𝜀𝑡 

 

where εt is white noise (0,σ
2
). 

This model has been tested for temporal stability; in particular, as there is no exact time 

location to test for a break the tests proposed by Andrews and Ploberger (1994) and 

Hansen (1997) was used. In particular, both the SupFn and AveFn tests lead to a strong 

rejection of the stability of the regression, detecting a break in June 2008, thus suggesting 

that the abrupt drop observed in CI and D12LIPI has been associated with a significant 

change in the relationship between the two variables. 

However, the fact that the break occurred at historically extreme (low) values of the 

confidence index makes it possible to conjecture that it can be due to the particular 

functional form (linear) chosen. To check this hypothesis, two functions of the 

parameters of the linear model have been calculated  (Hendry, 1995, p. 339), namely the 

impact multiplier β0 and the long-run multiplier (β0+β6)/(1-α1-α2-α3-α4-α6). These 

functions are calculated for the whole sample and for a rolling window of 40 

observations. The total multiplier shown in Figure 4 appears to increase sharply after the 
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crisis, staying at a constantly higher level for several months, falling back to pre-crisis 

values during 2014. Overall the total multiplier calculated on a rolling sample is strongly 

negatively correlated with the confidence climate (the correlation coefficient is -0.65), 

thus suggesting that rather than a shift distinguishing pre-2008 and post-2008 world it is 

possible to argue that the unusual economic recession has provided more evidence to a 

non-linear behavior of the relation between IPI and climate. 

 

 

Figure 4: Long term multiplier 

 

 

Summing up, once the correct transformation for the IPI variable is considered, a break in 

a linear model linking the latter to the confidence indicator emerges in correspondence 

with the crisis in 2008. However, considering that a rolling estimation of this relation 

suggests such a break, rather than dividing two periods with different regimes (pre vs. 

post 2008), it is possible to think about it as stemming from the non-linearity of the 

relation at the boundaries of the CI. In other words, a linear model is usually adequate, 

except when large drops or booms occur in the confidence indicator. Consequently, 

practical advice for practitioners could be either to explicitly find a non-linear model or 

reduce the sample window used for estimation. 
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3.  Some plausible interpretations using micro-data 

These empirical results lead to a more careful investigation on the nature of this relation, 

using the micro-data of the economic tendency survey on Italian manufacturing firms. To 

our knowledge, this is the first time that this unique source of information is used to test 

this issue. In particular, - after having provided a foundation for the exclusion of the 

presence of a sample selection effect in the sample during the crisis -, this section 

explores the hypothesis that along the recent recessions agents could have considered a 

lower ideal setting for their productive capacity and could have adjusted their production 

plans consequently. As well known, indeed, the capacity utilization is an important 

business cycle indicator, as it relates directly to the current capacity to produce goods and 

services. In this way, the weakness in the linear relation could be a signal of a 

discontinuity in the firms’ responses along their capacity utilization.  

 

 

3.1 The “sample selection” effect 

As well known, the ISTAT business confidence survey collects various information about 

firms’ characteristics, using a sample panel of about 4000 enterprises
1
; in such a way, the 

same set of units are surveyed each month and the only loss to the sample is through 

“deaths”. In fact, as the existing enterprises cease trading or change their kind of activity, 

they are gradually removed by the sample and conveniently substituted, reproducing a 

sort of “economic” selection and not a strictly random rotation in the panel structure.  

All in all, while there are some considerable advantages in maintaining the same 

companies for all the rounds, this common practice could imply that only the active and 

viable firms, that’s those firms with a stable or a better economic performance, are 

monthly surveyed. A general consideration pertaining this kind of approach is that – at 

aggregate level – there are reasons to expect that the opinions expressed by those firms 
                                                      
1
 The survey is managed on a stratified random sampling, with the strata defined according to the number 

of employees (5-9, 10-49, 50-249, 250-999, 1000 employees and more), the geographical location (North-- 

west; North-east; Centre; South and Islands) and kind of economic sector (the two-digit sectors of NACE 

rev.2, from the 10th to the 33rd, and the three digit sectors of divisions 10, 13, 20, 25, 26, 27, 30, 32). The 

sampling method is based upon a random sampling scheme for firms with less than 1000 employees and a 

census sample for the ones with 1000 or more. The units with less than 1000 employees are allocated on 

the basis of the ROAUST (Robust Optimal Allocation with Uniform Stratum Threshold) criterion, applying 

the uniform allocation system to allocate a share of sampling units (approximately 50% of the total) and the 

Neyman allocation method for the remaining ones (see on this issue, Chiodini et al, 2010).  
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could be more optimistic than those of the economically distressed ones and consequently 

not quite representative of the reality (especially during a period of great economic 

shocks). This may be perceived as a weakness. Anyway, contrary to the common 

wisdom, this paper shows that aggregate results are not affected by this practice and that 

– different from the various studies appeared in the literature on this issue  (see for 

example, Malgarini, 2012) - the considerable change in the linear relation effectively 

emerged during the summer of 2008 is not strictly related to this “sample selection” 

effect.  

To address this issue, the analysis here presented covers a period of five years along the  

identified break (June 2008), also to better take into account the immediate crisis period 

and the potentially long recovery one; more precisely the time-span 2006-2010 on a 

monthly basis is explored, for a total of about 230.000 observations. Along this time, 

firms are defined as “long-lasting” whether they are respondent units in all the waves 

considered and as “non-long-lasting” whether they are not surveyed in all the rounds. 

Therefore, the micro-data for the two different categories of firms are accordingly 

elaborated considering the double weighting scheme, consistent with the official data (i.e. 

the firm-specific weighting and the weighting according to the value added of the 

population). Moreover, as is standard practice in the field of business surveys, balances 

are commonly used in presenting the results for each question, defined as the difference 

between positive and negative answering options, measured as percentage points of total 

answers; a monthly indicator called the Confidence Climate is then calculated too
2
.  

Although the survey questionnaire contains various questions, as an example, figure 5 

shows the balance of the assessments and expectations for the questions referring to the 

level of order-books (a), the expectations of production (b) and the expectations on the 

general economic situation in the next three months (c), while figure 6 presents the 

                                                      
2
 The Confidence climate is calculated as the average of balances on three questions about the current stock 

of orders,  the current level of  inventories and the expected level of output. The first of the two questions 

focuses on the assessment of the current stocks of orders with the possible answers ”high”, ”normal”, 

”low”; the second question with the response categories above normal”,  “normal for the season”, “below 

normal” and one about the expected production over the next three month, which can be answered with 

“increase”,  “remain unchanged”, “decrease”. For the interpretation of the confidence indicator along the 

cyclical analysis, see the paragraph 2 of this paper. 
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monthly confidence indicator, calculated separately for the two separate categories of 

firms.  

 

 

Figure 5: Balances of assessments and expectations variables according to the 

presence in the panel 

(a) 
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(b)

 

 

 

(c) 
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Figure 6: Manufacturing confidence climate according to the presence in the panel 

 

 

 

The graphical analysis displays that the considerable slump in the balances for all the 

variables considered effectively emerged during the summer of 2008 is common for all 

the two typologies of the firms considered. Only for the manufacturing confidence 

indicator, a slight discrepancy emerges between the “long-lasting” firms and the “non-

long-lasting” ones; however, at the standard level of confidence, the test of the equality of 

averages does not reject the null hypothesis of no difference between the two kinds of 

firms. Therefore, the results corroborate the circumstance that there are no dissimilarities 

in the answers of the respondent units according to the different permanence of the firms 

in the sample, excluding consequently the hypothesis that the detection of the break in the 

relation between the qualitative and quantitative indicators may be due to a “sample 

selection” effect during the period considered.  

 

 

3.2. Changes in the underlying long term trends in industrial activity 

With these considerations in mind, it is possible to analyze the hypothesis that agents 

could then have considered a lower ideal setting for their productive capacity in the long 
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time, influencing in this way their production plans and ultimately the relationship 

between soft and hard data on an aggregate level. In the following sub-sections this 

question is empirically investigated, exploring in particular whether the recent economic 

recession has caused a revision of the level of capacity utilization assessed as “sufficient” 

or, in other words, whether it has made this level not constant
3
.  

However, to make sense to this intuition, some general aspects about the structure of 

harmonized survey questions have to be taken into account. As well known, a limited 

number of multiple-choice pre-defined response categories are generally used for 

qualitative questions, above all in order to make a measure of the intensity of the actual 

or the predicted change in the variable of interest. The majority of them are related to the 

actual level of the economic variable, compared to an ideal one defined as “normal”, 

“sufficient” or “satisfying for the season (such as for example for the question about the 

level of inventories or the capacity utilization) . In this way, the replies are formulated as 

“above normal”, “normal”, “below normal”, “more than sufficient”, “sufficient”, “not 

sufficient”.  However, no definition or criteria about the “normality” (adequacy etc.) is 

given in the questionnaire. Respondents are free to put in that category their concept or 

idea. This pattern is a common knowledge; nevertheless, some positive or negative events 

in the economic scenario, like a persisting economic crisis, can change the level of the 

ideal concepts used as reference points in answering to the questionnaire (e.g. normal, 

sufficient, adequate etc), causing unexpected behaviors
4
 of the firms. In addition, due to 

the ambiguity of the theoretical predictions, it is not clear whether there are reasons to 

expect an increase or a decline in the reference level.  

 

 

 

 

                                                      
3
The capacity utilization describes the changes in the relation between supply and demand. In this way, 

long term changes are very slow while short-term changes  reflect  the adjustment to the business cycle, 

reproducing  primarily changes  in the demand and in the availability of labor. Therefore, the productive 

capacity would be high in a period of economic growth, while it would be low in a period of slowdown. 
4
 E.g., firms could express positive expectations also in a weak cyclical phase for the production activity: 

positive expectations would be due to a lower review, in an extended recession phase, of production plans 

stated “normal”. These anomalous behaviors might cause a decoupling between survey and hard data 

(Conti, A.M., Rondinelli, C., 2015). 
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3.2.1 The level of capacity utilization stated as “sufficient”   

According to the literature, firms which assess capacity utilization as sufficient are those 

with zero investment gap (Caballero et al. 1995; Koberl et al. 2011), that’s those firms 

that - independently of the cyclical phase - don’t modify their level of capacity 

utilization.  Along these lines, qualitative surveys are really precious for our purposes, as 

they collect some unique information on technical capacity, allowing consequently a 

direct estimation of the “sufficient” level for the variable of interest. In fact, from one 

side, respondents are asked to give a quantitative estimate of the firm’s rate of capacity 

utilization in percentage of full capacity utilization
5
; from the other side, respondents are 

also asked to make a judgment on the size of their technical capacity in qualitative terms, 

allowing to isolate the level of sufficient capacity. More specifically, firms are invited to 

answer to this question taking into account both their current order-books and the demand 

for their products in the following months, with three possible answers “more than 

sufficient”, “sufficient” and “not sufficient”. Therefore, starting from the firms’ responses 

at the period t, it is likely to distinguish the firms that need to change their capital stock 

by those with a zero investment gap.  

 

 

3.2.2 The indicator of the Sufficient Capacity utilization 

In this way, the sufficient rate of the capacity utilization - that is the capacity utilization 

of firms that state their technical capacity as sufficient – could be then calculated, 

matching together the information coming from the qualitative question on production 

capacity and the response of each firm to the quantitative question on the degree of 

capacity. Referring to these two questions, the micro-data are successively aggregated 

and the resulting indicator (the new indicator of the “sufficient” capacity utilization) is 

explored in various ways. The analysis covers the time-span 1997-2015 on a quarterly 

basis. As not all firms taking part into the panel meet all the waves
6
, the number of the 

                                                      
5
The quarterly question concerning the capacity utilization reads: ”Compared with the maximum utilization 

percentage, what was the degree of capacity utilization during the (last) quarter?”. Firms are asked to 

provide an answer in percentage values ranging from a minimum of 20% to a maximum of 100%. 
6
 Despite the circumstance that the survey is included in the list of the surveys of national interest and is 

part of the National Statistical Programme, some firms  don’t provide data for all the waves (currently, no 

administrative sanctions are applied to firms that failure to provide required data).  
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responding firms can vary over time, which gives us about 210.000 observations in an 

unbalanced panel.  

The micro-data are aggregated in three separate ways in order to evaluate the impact of 

the three different weighting scheme on the final results (see fig. 7): no weighting (equal 

weight for every observation), firm-specific weighting (to give an impression of the 

importance of the weights based on the size of the firms) and the double weighting (firm-

specific weighting and weighting according to the value added in the population).  

 

 

Figure 7: The Sufficient Capacity utilization indicator calculated with different 

aggregation methods 

 

 

 

As expected, the weighting system influences particularly the level of the indicator but 

not the tendency over time (fig. 7). It is possible to note that the equal weighting scheme 

produces an indicator quite low (mean of 75.4 %) in respect to the other two ones, the 

firm specific size weighting pushes the indicator up to a mean of  78.7 %, while the 

double weighting system – consistent with the official weighting scheme - provides a 

level placed in the middle  (77.6 %). This last indicator (from now on called SCu) is 

analyzed hereinafter.  
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3.2.3. An empirical analysis of the Sufficient Capacity utilization indicator  

A primary analysis about this new indicator consists in testing for its cyclical properties 

with the cross-correlation function. Gross Domestic Product (GDP) is here used as the 

quantitative reference series for the cycle, conveniently changed in order to take into 

account the trend free nature of qualitative data. Along this way, as is standard practice in 

the field of business cycle analysis, the quantitative variable – in this case GDP - has 

been both de-trended to extract the cyclical component (applying the Hodrick-Prescott 

filter on the logarithm of GDP) and transformed in percentage year-on-year (y-o-y) 

growth rate series in order to explore the appropriate transformation of the reference 

series7. The table shows that the sufficient capacity utilization indicator is well-correlated 

with the growth rate of GDP being coincident correlation 0.71 (table 2), suggesting that 

SCu is better related to the growth cycle rather than to the deviation one and indicating 

the appropriate transformation to be used in the next analyses.   

 

Table 2: Cross-correlation function of GDP/SCu 

Correlation 

function 
Cyclical component of GDP Percentage growth rate of GDP 

ρ (0) 0.36 0.71 

ρmax (lead -/lag +) 0.36(0) 0.71(0) 

 

 

 

                                                      
7 

In particular, to choose the appropriate transformation of the selected quantitative series, survey data have 

to be analyzed to verify whether their business cycle features are more related to the concept of classical, 

deviation or growth cycle (with regard to Italian survey data, see Martelli et al. 2014). As specified, the 

classical cycle, usually non stationary, is not useful in the context of survey data whereas their free trend 

nature. To represent a deviation cycle,  the quantitative series may be de-trended extracting the cyclical 

component by common filters (e.g. Hodrick-Prescott), while the growth cycle implies the calculation of 

growth rates on the reference series.  
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Successively, the hypothesis whether the sufficient level of capacity is constant over time 

is verified, exploring whether the indicator of sufficient capacity utilization – above 

calculated - provides no evidence of the presence of a trend. The intuition is that if a 

pronounced trend in the SCu - that cannot be attributed to the business cycle - emerges, it 

would be reasonable to conclude that what is considered sufficient would be adjusted 

accordingly. For this purpose, the following regression model is used: 

 

SCu = a + b BC + c T + u   

 

where BC  is the business cycle indicator, T is the time trend (linear and non-linear), u is 

the noise. The BC coefficient, b, explains the behaviors of the firms with respect to the 

business cycle (adaptative or not), while the sign of the trend coefficient, c, would 

indicate positive or negative trend in the SCu. The equation is estimated using the year-

on-year growth rate of quarterly GDP for BC and alternatively, four trend variables for T 

(time trend, wealth trend, peak-to-peak and trough-to-trough, see on this issue Etter et al., 

2008); as a whole four regression models are estimated. In particular, time trend 

represents a linear trend and it would explain a long run effect on the SCu; wealth trend is 

a binary variable that identifies positive economic periods  (value is 1) and negative ones 

(value is 0)
8
. Conversely, the peak-to-peak and trough-to-trough represent non-linear 

trends: the idea is that within a full economic cycle (see table 3)
9
,  SCu is homogeneous 

but there are reasons to expect a difference (that’s a trend) between full cycles. Also in 

this case, to represent each full cycle, a dummy variable that is equal 1 within a full cycle 

and 0 otherwise is used (tab. 3): so, in the regression model four dummy variables for 

each Peak to Peak and Trough to Trough full cycle are alternatively included.  

 

 

 

                                                      
8
 When the growth rate series is above its average the wealth variable is equal 1, otherwise is equal 0. 

9
 A full cycle is at least of three years. It is identified by peak to peak or trough to trough respectively, with 

the peaks and troughs detected on the percentage year-on-year growth rate of quarterly GDP through 

Harding-Pagan method. Because of their shortness, cycles at the beginning and at the end of the sample are 

not considered.  
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Table 3: Percentage y_o_y growth rate of GDP -  Peak to peak and trough to trough 

cycles 

 

Peak-to-Peak  

(full cycle) 
Trough-to-Trough (full cycle) 

1997q4-2000q2 1998q4-2002q1 

2000q2-2006q4 2002q1-2005q1 

2006q4-2010q4 2005q1-2009q1 

2010q4-2014q1 2009q1-2012q3 

Source: authors’ elaboration on ISTAT data 

 

 

The equations in table 4 are used to get a general idea of the change in the perception of 

the sufficient capacity utilization. First of all, the equation without T variable is 

estimated; the coefficient is significant but the adjusted R
2
 is 0.50, rather low. Then, the 

four trends specified above are alternatively included and as expected the R
2  

improves.  

In fact, in the first equation (equation 1 in tab. 4),  the growth rate and time trend are in 

the right hand, the coefficients of the two variables are significant and have the expected 

sign. This may suggest that firms adapt their behavior to the  business cycle, in a way that 

in expansive phases sufficient capacity is perceived at higher levels than in recession 

phases. The negative sign of the time trend means that SCu decreases over time, in fact 

the explanatory power of the time trend and of the business cycle is good (0.59 is the 

adjusted R
2
 of the equation). Conversely, when we swap the T variable (see table 4, 

equation 2) with the wealth variable, the results get worse: the growth rate is always 

significant but not the wealth variable even if the adjusted R
2
 is satisfactory (0.50). 

Finally, including a non-linear trend  in the equation (equation 3 and 4 in table 4) 

improves significantly the results. In fact, the adjusted R
2
 is higher than other equations 

and the coefficients of non-linear trend decrease over time: all the coefficients of the 
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peak-to-peak trend are significant, although with different probabilities, while for trough-

to-trough, the third and fourth coefficient are statistically significant, only.  

 

Table 4: Ncu and the growth rate GDP 

 Equation 1 

 (time trend) 

Equation 2 

 (wealth trend) 

Equation 3 

 (peak to peak trend) 

Equation 4 

 (trough to trough  

trend) 

 Coefficie

nt 

Standar

d Error 

Coefficie

nt 

Standar

d Error 

Coefficie

nt 

Standar

d Error 

Coefficie

nt 

Standar

d Error 

Constant 79.17*** 0.54 77.64*** 0.53 78.59*** 0.50 78.59*** 0.33 

Growth rate 0.73*** 0.11 1.10*** 0.17 0.69*** 0.10 0.64*** 0.08 

Time trend -0.04*** 0.01       

Wealth trend   -0.80 0.81     

Peak1     1.36* 0.73   

Peak2     -1.01* 0.60   

Peak3     -2.90*** 0.61   

Peak4     -2.56*** 0.66   

Trough1       -0.21 0.52 

Trough2       -0.55 0.50 

Trough3       -0.93* 0.47 

Trough4       -4.66*** 0.53 

R
2
 adjusted 0.59 0.50 0.69 0.76 

N 

(observation

s) 

73 73 73 73 

***significant at 1%, ** significant at 5%, *significant at 10% 

Source: authors’ elaborations on ISTAT data 

 

Summing up, these results corroborate the hypothesis that the “sufficient capacity 

utilization” appears to be not constant over time, due to the circumstance that it seems 

decreasing in the last part of the observed period. This may imply a non-linear behavior 

of the indicator, in correspondence of the explosion of the economic crises. The SCu 

seems to mark out for a negative trend starting from 2009, when it gets a significant 
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lower level than one of the previous period; however, from the graphical inspection
10

,  

the indicator seems to recover starting from the second quarter of 2013. In the second 

quarter of 2015 SCu is in fact around 78,1% more than 9 percentage points above the 

trough reached in the first quarter of 2009, but still below its pre-crisis peak level (79,3 % 

in the second quarter of 2007). This seems to offer some plausible explanations for the 

evidence that in the last period firms could have finally adjusted their capital stock.   

 

Concluding remarks   

In recent years there has been a vigorous debate about whether the relation between the 

qualitative and quantitative indicators has become less effective especially in the 

aftermath of the crisis of 2008. On this ground, this work aims at exploring the 

relationship between the confidence manufacturing climate index (CI) stemming from the 

business tendency survey (and collected by ISTAT) and the Italian index of industrial 

production (IPI), probably  the  most  important and  widely  analyzed  high-frequency  

quantitative indicator.  

The key contributions of this paper are twofold. Firstly, the work points out that - to gain 

insight into the relationship of the qualitative indicator with its quantitative reference 

series -  an appropriate transformation of the hard variable at hand is crucial. Empirical 

evidence on aggregate data reveals in fact that - when a correct and appropriate 

transformation of the quantitative indicator is provided – a possible change in the linear 

relation between the two indicators effectively emerged during the summer of 2008. 

However, a non-linear specification in the functional form used to model this relation is 

probably more suitable to be applied, especially in occasion of the latest business cycle 

episodes. Secondly, a further investigation is carried out, using the micro-data coming 

from the harmonized tendency survey on the manufacturing firms. In this sense, the 

novelty of this analysis relies on the use of this unique source of information, suggesting, 

on the one hand, the absence of a “sample selection” effect in the sample and, on the 

other hand, the occurrence of a discontinuity pattern in the firms’ responses over their 

technical capacities during the latest recessions. The underlying idea is the “sufficient” 

                                                      
10

 The period 2014-2015 is not covered by the regression analysis (see footnote 9).  
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level of capacity utilization considered as level of reference for this variable – recorded 

by the qualitative survey - is indeed not constant over time. In fact it seems decreasing in 

the last part of the period considered, showing a significant lower level than that observed 

in the previous period. However, in the last period it seems to recover, providing some 

plausible evidence that firms could have finally adjusted their capital stock.  

However, further research is needed in order to have a more thorough evaluation of the 

relation between qualitative and quantitative indicators. More specifically, exploiting the 

micro-data stemming from survey on the industrial production index might be an 

interesting topic for future research in this area.  
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