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Abstract: This paper presents a firm-level analysis of Total Factor Productivity (TFP)
using balance sheet data from a panel of manufacturing firms, for the period 1998-2007.
The analysis is performed by applying the TFP Törnqvist index and a special approach of
finite mixture modelling for detecting time patterns of TFP firms: the Group-Based
Trajectory modelling (GBT). The GBT method is applied separately for each of the four
clusters of products derived from a classification of manufacturing sectors. The results
reveal a widespread slowdown of the TFP across the four clusters, and the trajectories
identified within each cluster indicate the prevalence of firms with poor TFP performance.
The analysis of other structural and performance variables completes the description of the
TFP trajectory groups.
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1. INTRODUCTION

Since 2008, the Italian economy has been facing a severe crisis - with a strong
impact on the economic system and the living conditions of the population - the
basis of which has been recognized both in structural causes and causes related to
the international dimension of the economic phenomena (ISTAT, 2012).

Italy has participated in the globalization process, but with its own specificities.
The service sector has been increasing and manufacturing activities are still
important and maintain a model of specialization which is only partially different
from the past. In fact, the weight of the small and medium enterprises has been
increasing and the economic structure is still characterized by a huge presence of
small firms and local labor systems, mainly specialized in traditional labor-
intensive sectors (textiles, apparel, leather products, footwear, furniture). In reference
to the 2007 ISTAT SBS (Structural Business Statistics) survey, the companies with
at least 20 workers are less than 2% of the total and represent more than 41% of
workers and about 56% of value added.
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However, the specialization in these sectors, which has enabled the success of
industrial districts on international markets since the 70s, caused a crisis during the
90s (Iapadre, 2002). In particular, since 2000 the Italian districts have been
suffering from fierce competition from the newly industrialized countries, in part
due to an overvalued Euro that increases the price of exports (De Benedictis, 2005).
Moreover, the district firms have also been facing strong competitive forces due to
the delocalization of production (Platania, 2012).

Many studies have shown how, since the 90s, the dynamics of the economy
have been slowing down due to a sharp deceleration in productivity. This slowdown
(even decline) has placed the Italian economy in a vicious circle: the size of the
public debt and restrictive fiscal policies have tended to depress productivity even
more. The Italian National Institute of Statistics (ISTAT) has widely reported and
measured this phenomenon (ISTAT, 2007, 2008). In particular, during the 1995-
2006 period the growth of labor productivity (an internationally comparable
indicator) increased at an average annual rate of 0.4%, with a null contribution to
Total Factor Productivity (TFP).

In many studies assessing the determinants of low growth (and subsequent
decline), a common approach is the use of aggregate data at a country and/or
industry level. If the aggregate dynamics are the result of what happens at the micro
level, it is also true that in the presence of a remarkable heterogeneity of firms, the
aggregate data is not able to comprehensively explain what occurs in the productive
system. Moreover, the interest in estimating productivity at an enterprise level has
received an extraordinary boost for two main reasons: on the one hand, the
development of economic literature that assumes firm heterogeneity, on the other,
the increasing availability of enterprise micro data.

A panel of firm micro data recently provided by ISTAT referring to the years
1998-2007 (Grazzi et al., 2009; Biffignandi et al., 2010; Nardecchia et al., 2010),
allows for a more in-depth analysis of the manufacturing activities. We carried out
a study at the firm level in order to obtain new elements to understand the economic
downturn, as well as to highlight different types of performance during the years
before the 2008 economic crisis.

TFP is computed on financial statement data by following a widely used
approach based on the index numbers. It can be observed how the financial
statement analysis occasionally uses productivity measures as a firm’s performance
indicator and this is generally made in order to investigate the relationship between
productivity and profitability (Miller et al., 1989; Grifell-Tatje et al., 1999; Bosch-
Badia, 2010). However, a number of papers have used this dataset (or previous
release of this dataset) to model TFP and MFP (multifactor productivity) with
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various approaches (Fachin et al., 2007; Velucchi et al., 2011; Ferrante et al., 2012;
Milana et al., 2013).

The analysis follows a quasi-explorative approach and examines the evolution
of TFP over the years in the aim of identifying different TFP patterns or trajectories
among firms. The modeling of development trajectories over time is typical in the
field of sociological and psychological science where studies try to understand how
behavior unfolds over time on longitudinal data. These studies assume the
heterogeneity of grown trajectories and try to identify different groups of individuals
within a larger population. In particular, the Group-Based Trajectory (GBT)
method proposed in Nagin (1999, 2005) was designed to identify groups of units
or individuals following similar progressions of behaviors or outcomes over time.
The GBT approach assumes that there may be groups of distinctive developmental
trajectories that reflect different time patterns. We have applied this method to
obtain a synthetic picture of the different time patterns of the TFP of firms.

The detection of different trajectories is carried out within each of the four
clusters of products that aggregate the fifteen manufacturing categories (Nace Rev.
1.1) considered in the analyses. Specifically, we adopted the classification used by
Dei Ottati et al. (2008) that can reveal the typical manufacturing products for which
Italy gained a competitive advantage.

Additional variables are examined to interpret the groups with different TFP
trajectories that are detected within each cluster of products. These variables also
aim at investigating the behavior of firms on the international market by considering
the propensity to export and the amount of imported goods as a broad proxy of
international outsourcing (OECD, 2009).

The paper is structured as follows. Sections 2 and 3 describe the TFP measure
and the statistical methodology. Section 4 gives a brief overview of the Italian
manufacturing sector in the 2000’s. Section 5 contains a description of the data used
and the main results of the empirical analysis. Section 6 contains some remarks.

2. A MEASURE OF PRODUCTIVITY

The term productivity indicates the ability of an economic subject to employ the
inputs to achieve the outputs (Hulten, 2001; OECD, 2001). The measure of
productivity is a fundamental condition for the empirical analysis in the economic
field. To formally specify what is meant by productivity, we must consider a
production function of the following type:

Yit = AitF(Xit) (1)
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where Y represents the output of a generic unit i at time t, X is a vector of inputs and
A explains how much a given unit can produce from a certain amount of input, given
the technological level, embodied by F (Del Gatto et al., 2011). Thus, the TFP index
is defined by the following ratio2:

TFP A
Y

F Xit it
it

it

= =
( ) . (2)

The empirical construction of this formula and its use are addressed in a huge
amount of literature, in which there is a multiplicity of estimation methods
classified according to different approaches: deterministic methods, the output of
which is a calculated measure of TFP, and econometric methods that provide
estimated productivity levels.

In this paper, we refer to a measure of TFP obtained through a deterministic
methodology: the index number approach, used in micro-studies for measuring
firm productivity. In fact, the index numbers are relatively flexible in the specification
of the technology and do not produce measurement errors.3

Taking into account the indications of Van Biesebroeck (2007) and Hulten
(2001) on the hypotheses regarding the theory of production (Jorgensen et al.,
1967), we measure the productivity changes as a residual, using a non-parametric
approach. The formulation is based on the total differential equation of expression
(1):
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where the growth of output on the left-hand side can be factored into the growth
rates of capital (K) and labour (L), both weighted by their output elasticities, and the
growth rate of the Hicksian efficiency index (A). The first two terms represent
movements along the production function, while the last is the shift of the function.
From the above formula, TFP is:
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2 Differently from the OECD (2001) manual, we prefer to use the term TFP instead of MFP
because this analysis follows the more traditional approach to TFP.

3 According to Van Biesebroeck (2006; 2007) “assuming that firms minimize costs and that
goods market are competitive, index numbers provide an exact measure of productivity
without the need to estimate the full range of input substitution possibilities”.
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where S
it
L is the firm specific fraction of the wage bill in output.

As indicated above, the Solow residual is a measure of productivity that uses
a deterministic approach, with TFP computed directly using the Divisia-Törnqvist
index4.

In our case, we referred to chained index numbers (Van Biesebroeck, 2006)
in order to describe the dynamics of TFP in the various firms for the examined
period.

3. GROUP TRAJECTORY MODELING AND CLUSTERING

Group-based trajectory modelling is a methodology introduced by Nagin (1999,
2005) to identify distinctive developmental paths in complex longitudinal datasets.
It was introduced to describe criminal behaviour of individuals over time and in
particular, was used to test Mo tt’s taxonomy (Moffitt, 1993) of delinquency,
however wider fields of application are emerging which include evolution of
salaries over time (Guigou et al., 2012), clinical research and causal analysis
(Haviland et al., 2008). A comprehensive survey is in van Dulmen et al. (2009).

A brief overview of the method is given in the following.

Let us suppose that Yi : yi1, yi2,...,yiT represents the time sequence of measu-
rements on an individual i over T periods and P(Yi) denotes the probability of Yi. The
group-based trajectory model assumes that the population is composed of a mixture
of J underlying trajectory groups such that:

P Y P Y
i j

j
i

j

J

( ) ( )=
=
∑π

1
(5)

where Pj(Yi) is the probability of Yi  belonging to group j (j=1, 2,É,J) and πj is the
probability of group j. The basic models also assume that depending on membership
in group j, the random variables yit, t =1,...,T are independent. Hence:
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Moreover, the probabilities πj are estimated by the multinomial logit function,
which, under the GBT basic model is as follows (Nagin, 2005; p. 41):

4 Caves et al. (1982) showed that the Tornquist index has a more general validity and allows
for technical changes (non Hicks-neutral) and variable return of scale.
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where  θ1 is normalized to zero.
πj in (7) is the proportion of the population following a trajectory group or,

equivalently, it can be described as the probability that a randomly chosen
individual from the population being studied belongs to a specific trajectory group.
It is possible to allow pj to vary with individual characteristics (Nagin, 1999; Roeder
et al., 1999; Nagin, 2005, Chapter 6; Nagin et al., 2010). In that case, the individual
covariates would be interpreted as risk or protective factors associated with
belonging to a trajectory group. However, the purpose of the analysis in this paper
is mainly exploratory and this is the reason why we employed the basic model. The
exploratory nature of this model specification is addressed in Nagin (1999; page
152) and used in various applications (Nagin, 2005; LaFree et al., 2012)

The assignment to groups is based on the estimated posterior probabilities of
group membership, according to the maximum probability rule, through the
estimation of Pj(Yi) and πj, and the application of Bayes theorem:
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The form of Pj(yit) is selected to conform to the type of data under analysis.
For instance, if yit is a count variable, a Poisson distribution is assumed. For
continuous data (such as psychometric data), the censored normal model is
generally used to accommodate the possibility of clustering at the scale extremes.
For binary data, the binary logit model is used.

As regards the trajectory part of the model, for the censored normal model, the
link between the outcome variable yit and time index (or age variable) t is

established by a latent variable y
it

j*  that is expressed in the basic model as a polyno-

mial function (up to the fourth order) of t:

y t t t t
it

j j j j j j
it
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where εit is a disturbance assumed to be normally distributed with zero mean and
variance σ2.

The latent variable y
it

j* is linked to its observed counterpart yit as follows:
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with a censoring from below.
Model (9) with variable t as regressor is used when the trajectory is defined

in terms of elapsed time from a specific anchoring date. This model can also be
adapted to treat data, which are measured on a continuous scale without censoring
(Nagin, 2005, p. 28).

According to GBT, a trajectory group is defined as a group of units that follow
an identical developmental pathway where only random errors account for each
individual deviation from the respective group average. Population variability is
captured essentially by differences across groups in terms of shape and level of
trajectories.

GBT can be viewed as a special type of Growth Mixture Modelling (GMM).
GMM allows for differences in growth parameters across unobserved subpopu-
lations by using categorical latent variables (latent trajectory classes). For different
groups of units, growth trajectories are allowed to vary around different means
(Muthén, 1989; Muthén et al., 2000). The principal advantage of this method,
compared with GBT, is that by allowing variation of the group means, fewer groups
are generally required to explain total variability. In fact, while under GBT
population variability is captured by differences across groups, GMM adds an
additional source of variability at an individual level. The introduction of additional
parameters makes the model more complicated and conceptual issues can be raised
about the meaning of the group (Nagin, 2005). In particular, the modelling of
individual variability requires the introduction of reasonable and significant
hypotheses about the data generation model. In this respect, it is important to
observe that we are using financial statement data that may be thought of as
functionally constrained by managerial action and accounting identities. In fact, the
properties of the double-entry bookkeeping system can determine specific cha-
racteristics in the distribution of accounting ratios and relations between accounting
values (Ashton et al., 2004; Trigueiros, 1995). This means that the logics of the
double-entry bookkeeping may be partly responsible for the manner in which
financial data and ratios evolve over time (Cooke et al., 2000; Ashton et al., 2004).

Therefore, the choice of the GBT methodology is definitely determined by the
interest in a descriptive (quasi-explorative) approach. In fact, the basic GBT model
(that is, without covariates in the group membership function or the trajectory
equation) describes the evolution of TFP over time, without accounting for any
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causal effect determined by covariates. For this reason, the results of the GBT
approach, obtained from the SAS TRAJ procedure (Jones et al., 2001; Jones et al.,
2007), are compared with those provided by the k-means algorithm applied on
longitudinal data (Genolini et al., 2010). Such a comparison is often used to
corroborate the results from GBT as it is known that GBT is significantly inßuenced
by the initial values of the iterative algorithm as well as the functional form of the
trajectory groups. Compared to the simple k-means algorithm, GBT is more
consistent with the structure of panel data because the method preserves the time
orientation of the data: in fact, the trajectory groups are described by analytic
functions (polynomials) of time. As far as the model assessment is concerned, some
criteria include (Nagin, 2005; Nagin et al., 2010):
1) a close correspondence between the group size and the sum of the posterior

probabilities of group membership;

2) the exceeding of the average of the posterior probabilities of group membership
by a minimum threshold of 0.7;

3) the exceeding of the odds of correct classification based on the posterior
probabilities, OCCj  by a minimum threshold of 5, where:
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is the mean of the posterior probability of the units, after their assignment to the
trajectory group j, and nj is the number of units in group j.

It must be noted that the numerator of expression (10) is the odd of a correct
classification in group j based on the maximum posterior probability classification
rule, while the denominator is the odd of correct classification based on random
assignment.

4. ITALIAN MANUFACTURING INDUSTRY AT THE BEGINNING OF
THE CENTURY

During the 2000’s, Italian manufacturing has continued to specialize in sectors such
as textiles, clothing, footwear, and furniture, instead of moving towards high tech
and capital intensive sectors. Several economists have recurrently indicated the
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specialization in these sectors and the small size of the firms as the reasons behind
the relative decline in the Italian GDP growth, which started in the 90s.

The percentage of manufacturing value added decreased during the first
decade of the century, but it is still above the mean of the Euro area, even if far from
the numbers of Germany (Figure 1). Manufacturing activities are still important for
the Italian economy. Therefore, it is interesting to analyse how the Italian
manufacturing firms arrived at the 2008 financial crisis. Our analysis attempts to
compare the performance of traditional “made in Italy” products with the other
manufacturing activities. In this respect, we have adopted the classification of
manufacturing activities in four clusters of products, which is based on the Nace 1.1
two-digit code, as shown in Table 1. The objective is to make the analysis viable and
to use a classification able to reveal the typical manufacturing products where Italy
has gained a competitive advantage. This classification, which reclassifies census
data, has been proposed by Dei Ottati et al. (2008).

We grouped together the sectors producing Goods for the Person and for the
Home (PHG), which constitute the core of Italian exports. We then classified the
production of metal goods and machinery as Light Mechanical Engineering
(LME), most of which are used to manufacture personal and household goods, and
the share of which in Italian exports is also significant. Currently, PHG and LME
are so important for the Italian balance of trade that they are often labelled as “made
in Italy”. PHG are clearly distinct from the usually undifferentiated mass products
of most Italian heavy industries (HEAVY), such as basic chemicals, basic metals,

Figure 1: Percentage of manufacturing value added
(Source: Eurostat)
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and transport equipment. The last cluster of manufactured goods is food and
beverages (FOOD), which also includes some of the distinguishing products of the
Mediterranean diet (such as olive oil and wine). Another reason for this classification
is the specific territorial organization of production because most of the PHG and
LME are produced in industrial districts. The classification is illustrated in Table 1
based on the ATECO 2002 classification (Nace Rev. 1.1).

Table 1 also shows some figures regarding the performance of the manufacturing
activities in the first decade of the year 2000. In terms of changes in value added,
the most penalized sectors are the traditional “made in Italy” ones, such as textile
and leather products. Table 1 shows the general impact of the crisis that invested all
manufacturing industries, which had already undergone a dramatic decrease before
2008 with a further worsening of performance after 2008.

To emphasize the importance of the choice of the four clusters, we considered
the share of exports on total production. As can be seen in Figure 2, this portion
appears to be systematically high for three clusters. The shares of the

LME and PHG Clusters, which distinguish the Italian manufacturing
specialization, are around 30% and 35% respectively, with a slight upwards trend
in the last two years. The HEAVY Cluster shows a growing trend (from 30% to
40%), as does the FOOD sector, but with lower levels of exports (between 10% and
15%).

Table 1: Per cent change of value added (constant prices - 2000)

Cluster of NACE Rev. 1.1 code and description 2007/ 1998
products 2010/ 1998

FOOD DA Food products, beverages, tobacco 5.6 3.1
PHG DB Textiles and wearing products -17.9 -23.7
PHG DC Leather and leather products -15.4 -38.1
PHG DD Wood and wood products 1.6 -30.6
PHG DE Pulp, paper, and paper products; publishing, printing 1.6 -12.8
HEAVY DF Coke, refined petroleum products and nuclear fuel -52.5 -47.5
HEAVY DG Chemical, chemical products and manmade fibres 3.6 -2.8
HEAVY DH Rubber and plastic products -4.3 -22.2
PHG DI Other non-metallic mineral products 13.9 -16.0
HEAVY DJ-27 Basic metals -5.5 -25.5
LME DJ-28 Fabricated metal products, except machinery and equipment 29.3 4.9
LME DK Machinery equipment (nec) 23.3 -0.3
LME DL Electrical and optical equipment 14.9 -5.5
HEAVY DM Transport equipment 0.4 -24.2
PHG DN Manufacturing (nec) 2.8 -15.9

(Source: own processing of ISTAT National Account data)



Growth and slowdown of TFP in italian manufacturing before the 2008 crisis 127

5. DATA AND APPLICATION

The analysis is based on financial statement data of a panel of firms, recently
developed by ISTAT and used in several contributions on TFP (Grazzi et al., 2009;
Velucchi et al., 2011; Milana et al., 2013). This data set contains firm micro data for
the period 1998 through 2007. The panel is based mainly on micro data from cross-
sectional enterprise surveys with the integration of administrative data. Specifically,
the following different sources are exploited:
• the census of Italian firms;

• SBS surveys: (1) the Sistema dei Conti delle Imprese (SCI), annual survey
focused on all firms with more than 100 employees; the Piccole e Medie Imprese
(PMI) survey, that covers the firms with employment in the range of 20-100;

• the annual reports of incorporated firms collected by the Central Balance-Sheet
Data Office of Italy.

The target population is represented by firms with more than 20 workers in 1998.
The panel contains data on 13,573 firms, classified by ATECO 2002 sector of
activity (Nace Rev. 1.1).

It is a catch-up prospective database: across-sectional dataset from an archival
source in 1998 is detected and then subsequent observations are added year by year.
Business transformations, like mergers and acquisitions, have been considered in
the panel by following a backward perspective: balance-sheet data are integrated,
but new firms entering the market after 1998 are not included. Hence, the panel
cannot be used to analyse entry and exit dynamics of the firms.

Figure 2: Export/production (%)
(Source: own processing of ISTAT National Account data)
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Balance sheet items have been expressed at 2000 prices by deßators that are
specific for the item class and the ATECO classification. Three item categories are
considered: items from the income statement (costs, revenues, etc.), items related
to labour costs, and items related to fixed assets.

Value added is computed as the difference of revenues from sales, and
purchased in materials and services. All analysed firms show positive value added
figures.

Employment is evaluated by the number of workers, and the capital is the
value of fixed assets.

The exponent to be applied to labour is computed as the average for two
subsequent periods of the proportion of the benefits for employees (salaries,
pension schemes, etc.) on the sum of these benefits and providers of capital.

The trajectories are derived from the time series of 1TFPi,t obtained by
chaining TFP index numbers over time, so that a growth curve is created.

Missing data on employment, capital, benefits for employees and providers
of capital are substituted by a linear interpolation of the adjacent values. If missing
data occur at the beginning of the period (1998), the whole record is deleted. If
missing data occur at the end of the period, the last value is used.

The FOOD group consists of 243 firms, all producing food and/or beverages
(no tobacco products). The composition of the other clusters of products in terms
of employment, sales and value added, is described in Table 2.

The objective of the empirical analysis is the identification and description of
the trajectories related to different TFP dynamics of firms within each cluster of
products. The size of the different clusters depends on the composition of the
dataset. Due to the differences in internal heterogeneity and size, the number of
trajectory groups should allow for identifying any extreme observations (i.e.: the
highest TFP trajectories)5.

Each TFP trajectory identifies a group of firms that is interpreted through:
– the form and equation of the TFP trajectory (Figure 3 and Table 3);
– the time evolution (a trajectory in itself) of the following additional variables

(group medians): apparent labour productivity, sales (revenue), employment (#
employees), the imports/sales ratio, and share of exported production.

The idea underlying the choice of these variables is not just that of interpreting
TFP with respect to the size of the firms (employment and sales are suitable
measures of this), but also that of investigating the behaviour of firms on the

5 After examining many applications of GBT, Van Dulmen et al. (2009) concluded that the
number of units does not affect the number of trajectories identified when the size is 250 and
over, and they found that the majority of the studies identified 3 to 5 trajectories.
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international market, through a broad indicator of offshoring (imported goods on
sales)6, and the propensity of firms to export (share of exported production).

In Italy, the traditional manufacturing sector is characterized by a vertical
fragmentation of the production process, typical of the industrial districts (Becattini,
2004); moreover domestic outsourcing and delocalization of the manufacturing
activities abroad (offshoring) has been emerging dramatically with the globalization
process (Olsen, 2006; Lo Turco, 2007; Drudi et al., 2012).

Table 2: Cluster composition of PHG, HEAVY, LME in 1998

PHG

# % % % %
Nace Rev. 1.1 Firms Firms Employment Sales VA

DB Textiles and wearing products 376 31.9 37.0 34.8 33.1
DC Leather and leather products 124 10.5 9.3 10.5 7.7
DD Wood and wood products 87 7.4 4.6 3.9 3.6
DE Pulp, paper, publishing, printing 180 15.3 18.8 23.4 26.1
DI Other non-metallic mineral products 228 19.4 18.0 15.9 19.7
DN Manufacturing (nec) 182 15.5 12.3 11.5 9.8
Total 1177 100.0 100.0 100.0 100.0

HEAVY

# % % % %
Nace Rev. 1.1 Firms Firms Employment Sales VA

DF Coke, refined petroleum, etc. 19 2.6 1.5 4.3 3.7
DG Chemical, chemical products, etc. 223 30.9 31.4 41.6 42.6
DH Rubber and plastic products 164 22.8 15.3 9.8 11.5
DJ-27 Basic metals 171 23.7 12.2 15.3 11.6
DM Transport equipment 144 20.0 39.6 29.0 28.6
Total 721 100.0 100.0 100.0 100.0

LME

# % % % %
Nace Rev. 1.1 Firms Firms Employment Sales VA

DJ-28 Fabricated metal products, etc. 417 32.9 22.2 17.7 20.3
DK Machinery equipment (nec) 539 42.6 44.6 47.7 44.5
DL Electrical and optical equipment 310 24.5 33.2 34.6 35.2

Total 1266 100.0 100.0 100.0 100.0

(Source: own processing of Panel data)

6 A discussion of offshoring and outsourcing measures is outside the scope of this paper. The
scientific contributions on offshoring have made use of a variety of data sources, and
researchers have often adapted the measurement tools to the available data, also depending
on the analysis level (Bottini et al., 2007; Houseman, 2009). The financial statement data used
in this paper allow for defining a broad indicator of offshoring (Feenstra, Hanson; 1996) as
it is not possible to distinguish the nature of impor ted goods.



130 Giusti A., Grassini L., Viviani A.

The effect of these transformations can be observed through various indicators:
TFP, labour productivity and employment, even though the effect on employment
is not completely clear (Olsen, 2006; Bottini et al., 2007). Some results derive from
different data sources and may be controversial (Milberg et al., 2011). In the long
run, there is no indication that offshoring leads to higher or lower unemployment
on the whole, although employment of low-skilled workers may suffer while high-
skilled employment may expand (Meyer et al., 2008; Görg, 2011). Other research
demonstrates that while offshoring within the same industry reduces the labour-
intensity of production, it does not affect overall industry employment. Inter-
industry offshoring does not affect labour-intensity, but may have a positive effect
on overall industry employment (Hijzen et al., 2007). With our data, it is not
possible to distinguish these effects, as only the total number of the firm’s
employees is available.

Before examining the different results, a general observation must be made:
in the four clusters, the procedure reveals a very small set of firms (percentage
ranging between 0.5% and 2.5%) that are significantly different from the others
(Figure 3 and Table 3). We found that these groups include firms with exceptional
behaviour in the time-span considered and for this reason these groups are not
considered. This evidence is confirmed by the complementary analysis by the k-
means algorithm, the results of which are reported in Table 4. Table 5 provides
additional diagnostics about the partition into trajectory groups. The values of all
the assessment criteria are satisfactory for each cluster of products.

Figure 3: TFP group trajectories
(Source: own processing of ISTAT panel data)
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FOOD 

k-means 
GBT 

1 2 3 

PHG 

k-means 
GBT 

1 2 3 4 

LME 

k-means 
GBT 

1 2 3 4 

HEAVY 

k-means 
GBT 

1 2 3 4 

Table 4: Partition into groups: GBT and k-means

(Source: own processing of ISTAT panel data)

Group Effect 
FOOD PHG LME HEAVY 

Estimate % Estimate % Estimate % Estimate % 

Table 3: TFP group trajectory equations and group composition

(Source: own processing of ISTAT panel data)
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The time series of the median of the additional variables describes each group
profile (Figures 4 and 5). As the median is not affected by extreme values, any
significant impact of larger firms may not be evident.

The results show a widespread modest growth (when it occurred) of TFP over
time, by confirming on micro-data the characteristic features of the Italian
manufacturing sector, starting in the late 90s.

In the first cluster, FOOD, the vast majority of enterprises (group 1, with about
71% of the total) show a steady trend of TFP, and only 27% of enterprises (group
2) show a moderate growth trend. The companies in this cluster belong to a
traditional manufacturing sector which, for this period, also shows a modest
variability in the other indicators (Figure 4). In fact, only group 2 (the most dynamic
of this cluster) has a positive evolution in apparent labour productivity and sales,
while employment fluctuated, with a recovery in 2007.

The general trend observed for PHG is characterized by a modest growth of
TFP over time. Indeed, only group 3 (which comprises 7.3% firms) shows a
significant increasing trend until 2006, with a slowing down in the following years.
Groups 1 and 2 (including 43.8% and 47.2% of the total, respectively) show a

Table 5: Model diagnostic

Cluster of Group # πj Sum of Mean of OCCj
products post. probs post. probs

1 170 0.700 167 0.984 26.3
FOOD 2 67 0.276 62 0.925 32.4

3 6 0.025 6 1.000   —

1 512 0.435 465 0.909 12.9
PHG 2 561 0.477 505 0.901 10.0

3 84 0.071 81 0.960 311.3
4 20 0.017 20 0.992  —

1 644 0.509 594 0.923 11.5
2 544 0.430 495 0.909 13.3

LME 3 71 0.056 69 0.967 489.5
4 7 0.006 7 1.000  —

1 199 0.276 182 0.914 27.9
HEAVY 2 418 0.580 390 0.933 10.1

3 91 0.126 85 0.935 99.8
4 13 0.018 13 0.995  —

(Source: own processing of ISTAT panel data)
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decreasing and a stationary trend respectively. If we examine the dynamics of the
additional variables (Figure 4), we can see how the above indications are confirmed:
the value added per employee (apparent labour productivity) is stable in group 2
while it decreases moderately in group 1. The most highly performing groups in
terms of TFP comprise firms with a greater revenue, apparent labour productivity
and a significant reduction of employment and exports. In the meantime, no
relevant patterns emerge in imports. These results seem to be in conflict with the
findings of other studies (Meyer et al., 2008), however the composition of the panel
which does not comprise firms entering the market after 1998 should also be taken
into account. Finally, it is important to note that the PHG firms included in the panel
experienced a significant reduction in the percentage of production exported (from
29% in 1998 to 18% in 2007), compared to a weaker reduction at the macro level
(Figure 2).

Cluster LME is particularly interesting because it constitutes the connective
tissue of the entire manufacturing sector and together with PHG, presents a
significant share of exports. The results systematically highlight a general trend
indicating a lack of competitiveness in the productive system (Figure 3): over 50%
of companies show stagnation in the TFP, or even a decline (group 1). Only 5.5%
of firms show an increase in performance, albeit slight. In any case, groups 2 and
3 show more dynamic patterns with an increase in labour productivity and revenue.
Employment and exports are stable in all groups, while imports show a weak
increase in group 3 (Figure 5). More specifically, the propensity to export is
relatively high (between 20% and 35% of sales for all three groups) which confirms
that foreign demand represents a significant element in the industry.

Companies belonging to the HEAVY cluster have the greatest degree of
heterogeneity in TFP (Figure 3), while 57% of the companies show a steady
performance (group 2) and approximately 28% (group 1) have a negative trend.
Beyond these figures it can be observed that more than 15% of companies showed
a growth in TFP. The variability of TFP can be also noticed in the additional
variables (Figure 5). Groups 1 and 2 show stable trends in all variables (with the
exception of apparent labour productivity for group 1). It is evident that the
propensity to export at the end of the period stabilizes at around 15% for each of
these groups. Group 3 shows a growing trend of apparent labour productivity and
revenue, albeit with a considerable decline in the percentage of exported production
(from 30% to 20%). Only group 3 shows an increase in imports: an offshoring
activity could be suspected as it has greatly characterized the automotive sector
(Calabrese et al., 2003).
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Figure 4: Median values of trajectory groups (FOOD and PHG)
(Source: own processing of ISTAT panel data)
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Figure 5: Median values of trajectory groups (LME and HEAVY)
(Source: own processing of ISTAT panel data)
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6. SOME CONCLUDING REMARKS

The slowdown of the Italian economy since the 90s is commonly attributed to a
reduction in TFP (Fachin, and Gavosto 2007; Daveri and Jona Lasinio 2005) and
this phenomenon has been particularly noticeable in the manufacturing activities.
Many studies in this field have tried to empirically assess whether the reduction in
productivity is due to a generalized trend or whether it is confined to specific
sectors.

In reference to a balanced panel of firms between 1998 and 2007, we present
a comprehensive set of estimates of TFP at the firm level. In comparison with other
studies, where TFP is estimated at the aggregate level, elementary index numbers
(i.e. firm level TFP) are aggregated in this work along time to obtain long run trends
without restrictive assumptions on technology.

The study has been carried out on a classification of manufacturing activities
in four clusters of products: FOOD, PHG, LME and HEAVY. The aim of this
classification was to emphasize the specificity of the Italian manufacturing industry
in the traditional sectors where Italian economy was competitive (PHG) and those
that seem to be - or tend to become - competitive, namely, FOOD and LME (Dei
et al., 2008) in order to observe the trajectory of TFP during the period before the
crisis which became evident in 2008. Moreover, the analysis also attempted to
highlight any heterogeneity, both among the four clusters of products and among
the firms within each cluster.

The most relevant results concern the fact that the TFP slowdown seems to be
generalized across the four clusters, and the trajectories identified within each
cluster show a prevalence of firms with poor TFP performance even before the
crisis.

Only a small number of firms show an increasing TFP and this occurs in each
cluster. Moreover, the most highly performing groups show a TFP slowdown in the
years before the 2008 crisis, with the exception of LME which is confirmed to be
a dynamic industry, as also observed by Dei Ottati et al. (2008).

These results confirm what is usually obtained on aggregate data. So we can
observe a shift in the isoquant of the productivity process rather than a movement
along isoquants (related to a change in factor prices as observed in the 80s).

The conclusions of this paper are interesting in empirical terms, and
complementary to works that have examined TFP determinants. Our goal was to
highlight the productivity dynamics and the possible heterogeneity of performance.
Finally, it is important to recall the characteristics of the panel which consisted of
firms that were active during the period 1998-2007, and therefore these data reveal
an optimistic TFP pattern.
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