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Abstract

We investigate productivity convergence of domestic �rms in a transition economy, Ro-

mania. In estimating total factor productivity we allow for varying returns to scale and

control for both the endogeneity of the productivity shock and the omitted price variable

bias. On average, we �nd that the speed of convergence across �rms depends on regional and

industrial characteristics such as the distance to the capital region, the minimum e¢ cient

scale and the absorptive capacity. Only the last term is however robust to a re�ned TFP

measure which controls for the omitted price variable bias, thus indicating the importance

of a proper control of �rms�market power when assessing convergence.
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1 Introduction

Standard neoclassical economic theory suggests that, under diminishing returns and free move-

ment of factors, per capita income levels within an economic area should converge over time to

the same steady state value (Barro and Sala i Martin, 1991). However, such a view has been

challenged since long by many authors1, who have found a persistence of income disparities,

arguing therefore that the pattern of cross-country growth is more consistent with endogenous

growth, rather than neoclassical theories. Most of this early empirical literature has generally

used either cross-section or time-series techniques. Islam (1995) advocates instead panel data

approaches to estimate productivity growth convergence since, by incorporating country �xed

e¤ects, these models account for initial e¢ ciency and thus test for conditional convergence. Lee,

Pesaran and Smith (1997) comment that heterogeneity in speed of convergence from such a

panel regression may bias the results. Bernard and Jones (1996) used both cross-section and

time-series approach to measure the convergence of sectoral productivity in di¤erent industries

with respect to aggregate productivity in a panel of fourteen OECD countries, and found no

sign of convergence in manufacturing industries, but a di¤erent response of services. They also

discussed the relevance of di¤erent concepts of convergence (� vs. �-convergence)2 as well as

the importance of properly measuring productivity in order to obtain unbiased results.

Recently, the increasing availability of disaggregated cross-country data has revamped an

interest in explaining di¤erences in the sources and speed of convergence. By regressing GDP

growth on the interaction of lagged GDP and an indicator of �nancial development, Aghion,

Howitt and Mayer-Foulkes (2005) show the positive e¤ect of �nancial development on the speed

of convergence. Other recent studies have looked at TFP growth instead, using the interaction

between the distance to the technology frontier and a variable for the speed of convergence as

explanatory variable for growth. Using the Penn World Tables, Benhabib and Spiegel (2005)

explain di¤erences in the cross-country speed of convergence through schooling. In a panel of 12

countries over the period 1974-1990, Gri¢ th, Redding and Van Reenen (2004) use in addition

absorptive capacity and imports as determinants for the speed of convergence. Schooling and

absorptive capacity appear to positively a¤ect the speed of convergence, while imports do not

have a signi�cant impact. Employing a panel of 14 UK manufacturing industries, Cameron,

Proudman and Redding (2005) do �nd that international trade signi�cantly enhances the speed

of technology transfer.

This paper examines a panel of industry and regional TFP in Romania over the period 1995-

2001. The data consists of 48 sectors and 8 regions. The paper makes several contributions to

the convergence literature.

First, from a methodological point of view, our regional and industry speci�c TFP estimates

1See Temple (1999) for a general overview of the empirical growth literature or Mohnen (1996) for a more
speci�c survey of TFP growth.

2The concept of �-convergence deals with the dispersion of productivity over time; �-convergence refers to a
negative correlation between the initial level of productivity and its rate of growth. The latter is a necessary
condition for �-convergence, but not a su¢ cient one.
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derive from an average of �rm-speci�c TFP estimated using the semi-parametric method by

Levinsohn and Petrin (2003). The literature has typically used the labor share in value added as

coe¢ cient in the production function (instead of estimating this coe¢ cient through a regression)

and has assumed constant returns to scale3. The semi-parametric estimation of the production

function allows instead for varying returns to scale and produces better TFP estimates than

conventional methods such as OLS estimation of the production function, as the method controls

for the simultaneity bias which arises when inputs and the error term are correlated. In addition,

by using industry averages of a total of 10,650 �rm speci�c estimates of TFP, measurement

error is reduced, resulting in lower standard errors of the estimated coe¢ cients. Furthermore,

we explicitely discuss another typical problem of TFP estimation, and namely the omitted price

variable bias induced by the correlation between individual �rms�prices and their used inputs

(see Klette and Griliches, 1996). We show how, failing to take this bias into account, the resulting

estimated speed of convergence could be upward biased, and we provide two methods to control

for that.

Second, in contrast to the recent literature on the speed of convergence, this paper takes

a more regional and sectoral perspective allowing to test new explanations for the speed of

convergence. Sectoral and regional data on FDI in�ows allow for a more direct test of the

signi�cance of openness on the speed of convergence with respect to country speci�c trade data.

As an industry speci�c variable that can a¤ect the speed of convergence, we employ the minimum

e¢ cient scale (MES). MES may a¤ect the speed of convergence as �rms in industries where �rms

are larger on average are more likely to possess a su¢ cient level of absorptive capacity, as argued

by Aitken and Harrison (1999). Another industrial variable that is related to absorptive capacity

and may a¤ect the speed of convergence is the average ratio of intangibles to total assets, also

employed in the analysis. Finally, we use the distance from the region to the capital as a

region-speci�c variable that may have an impact on the speed of convergence.

As far as our results are concerned, we show that there is no absolute convergence across

regions, but rather conditional convergence. The same is true for sectoral convergence. As

expected, the capital is the region with, on average, the highest TFP growth. In terms of

conditional convergence, by interacting lagged TFP with our control variables, we don�t �nd

a signi�cant role for international factor movements in explaining the speed of convergence.

We �nd instead that MES is negative and signi�cant, while the percentage of intangible assets

is positive and signi�cant. So, controlling for the intangibles, a higher MES implies stronger

convergence in the industry. In other words, productivity shocks die out more rapidly in more

concentrated industries. Given MES, industries where �rms have on average a higher percentage

of intangible assets in the total assets are characterized by weaker convergence. In these indus-

tries shocks appear more persistent. The distance e¤ect is negative and signi�cant, indicating

that shocks in the capital region (Bucuresti) are more persistent than in other regions, although

3Bernard and Jones (1996) openly discuss the restrictions imposed by the measure of labor productivity when
performing a convergence analysis, and thus estimate various speci�cations of TFP. They however perform their
analysis at the aggregate country/industry level, still imposing constant returns to scale.
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the e¤ect of distance is not robust to our re�ned TFP measure which controls for the omitted

price variable bias, indicating that convergence in prices and market segmentation do also play

a role in traditional convergence results.

The result are instead robust to a control for �-convergence: regressing the yearly standard

deviation of �rms� productivity in each industry / region over a time trend, on average our

results indicate a broad convergence, although sectors with low MES, high absorptive capacity

and close to the capital tend to diverge.

This paper is organized as follows. Section 2 presents our dataset. In Section 3 we discuss

the empirical strategy, whose results are outlined in Section 4. Section 5 concludes the paper.

2 The Romanian dataset

Our dataset is composed of domestic �rms and a¢ liates of multinational enterprises operating

during the period 1995-2001 in Romania, as retrieved from AMADEUS. The latter is a compre-

hensive, pan-European database developed by a consulting �rm, Bureau van Dijck. It contains

balance sheet data in time series on 7 million public and private companies in 38 European

countries (2004 edition). The dataset comes as a modular product: a version including the top

250,000 companies, the top 1.5 million (employed in this paper) or all 7 million companies in

the considered countries. In the case of Romania, the dataset reports information retrieved by

the Romanian Chamber of Commerce and Industry, the institution to which all �rms have to be

legally registered and report their balance sheet data. In particular, the �intermediate�version

of AMADEUS used in this paper includes data on 30,148 �rms for Romania (2004 edition).

For every �rm we have sought information on its location within each of the eight Romanian

regions and the industry in which these �rms operate (at the NACE-2 and 3 level, as reported

in the Statistical Annex), as well as yearly balance sheet data on tangible and intangible �xed

assets, total assets, number of employees, material costs and revenues (turnover). Moreover, we

have gathered information on the year of incorporation in order to distinguish between �rms

which have always been operating in the considered time span and �rms which have entered

over the period, thus controlling for a possible sample selection bias resulting from unbalanced

panel data, in line with the previous literature. Exiting �rms are also considered, recording as

exiters those �rms which do not report any information after a given year.

Our �nal sample consists of a total of 10,650 employable �rms, some 30 per cent of which

are MNEs in 2001, with entry and exit dynamics reported in Table 14.

[Table 1 about here]

Three issues related to the quality of our data are worth pointing out. First of all, comparing

4We have included in the sample only those �rms for which detailed information on the ownership structure
is available: in particular, we have considered a �rm as foreign if more than 10 per cent of its capital belongs
to a MNE, and domestic otherwise. We are not able to discriminate between di¤erent modes of foreign entry
(acquisition vs. green�eld investment).
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our sample with respect to the Romanian population of �rms, we have a lower proportion of

domestic �rms with respect to multinationals, since most of the small �rms excluded from

the intermediate version of the AMADEUS dataset are domestic. Second, in AMADEUS the

information on ownership is recorded only for the last available year (2000 or 2001), thus implying

that some of the �rms that we consider as foreign might have changed status during the time

span we consider. In order to gauge the magnitude of this issue, we have compared di¤erent

yearly releases of AMADEUS, �nding that, given a MNE in year 2000, there is a 15 per cent

chance that the same �rm is a domestic one before that year, while the probability of the opposite

event (a �rm switching from MNE to domestic) is negligible5. These two characteristics of the

sample explain the relatively high number of MNEs that appear in our sample in 1995. Finally,

in terms of entry and exit dynamics of both domestic and foreign �rms, the entry rate retrieved

from our sample matches very closely the o¢ cial entry rate recorded by the Romanian Chamber

of Commerce in the considered period. The lower exit rate reported in our sample is likely due

to the large-�rm bias of the dataset, since in transition economies larger �rms on average tend

to bene�t from softer budget constraints and display higher survival rates than small �rms.

None of these data issues is however critical for our exercise, since the aim is to derive a

correct measure of the average productivity for a sample of domestic �rms. If we incorrectly

attribute the multinational status to that 15 per cent of �rms which sometime before 2001 were

still domestic, we de facto exclude them from our dependent variable (domestic �rms�TFP).

The latter exclusion leads to a more conservative TFP measure, if we assume that MNEs acquire

the most productive domestic �rms. A similar conservative outcome derives from the lower than

average exit rates of our sample: if soft budget constraints play a role, than TFP in our sample

is relatively less boosted by the selection e¤ect driving out ine¢ cient domestic �rms.

The only relevant bias might actually derive from an unbalanced territorial distribution of the

dataset: if the selection of �rms according to data availability generates in our sample an over-

representation of regions which, for some unobserved reasons, tend to be subject to relatively

larger productivity shocks, we might observe a spurious correlation between the latter and the

presence of MNEs. To this extent, we have retrieved from our sample a yearly measure of

regional output, summing the individual �rms�revenues operating in each region. We have then

correlated these �gures with the o¢ cial regional �gures for Romania, obtaining a signi�cant

positive correlation of 0.836. As a result our �rm-level data seem to belong to an unbiased

sample, being able to reproduce the actual evolution of output in Romania.

5Due to the limited coverage of earlier versions of the dataset, we have been able to identify only a sub-sample
of �rms for which it is possible to track the entire ownership history for the period 1997-2000.

6Since our sample does not include all NACE industries (in particular agriculture), we have subtracted from
o¢ cial regional GVA data the output of those industries not present in our dataset. The correlation between our
sample and the o¢ cial regional data comprising all NACE industries is instead 0.73.
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3 Methodology

One of the main challenges in the productivity/convergence literature is related to the accurate-

ness with which TFP growth and its relative levels are measured. The literature usually opts

between two main approaches: the superlative index number approach and production function

estimation (Gri¢ th, Redding and Simpson, 2006). An advantage of index numbers is that they

allow for a more �exible form in the production function, typically a translog. However, the key

assumptions behind the superlative index number measures are constant returns to scale and

perfect competition, two features which seem very restrictive in the case of a transition country

such as Romania.

We have thus opted for the calculation of TFP as the Solow residual of an estimated �rm-

speci�c production function (Cobb-Douglas), where no a priori assumption is imposed on the

industry-speci�c returns to scale. In particular, in order to calculate �rm-speci�c productivity,

we have initially followed the standard approach of de�ating our balance sheet data using disag-

gregated industry price indexes7. We have proxied output with de�ated sales, given the better

quality of these time series with respect to the ones reporting value added. The number of

employees has been used as a proxy for the labour input, and the de�ated value of tangible �xed

assets as a proxy for capital. We have then estimated within each industry semi-parametric

productivity measures at the �rm level8. In fact, using ordinary least squares when estimat-

ing productivity implies treating labor and other inputs as exogenous variables. However, as

pointed out by Griliches and Mareisse (1995), pro�t-maximizing �rms can immediately adjust

their inputs (in particular capital) each time they observe a productivity shock, which makes

input levels correlated with the same shocks. Since productivity shocks are unobserved to the

econometrician, they enter in the error term of the regression. Hence, inputs turn out to be cor-

related with the error term of the regression, and OLS estimates of production functions su¤er

from the so-called simultaneity bias. Olley and Pakes (1996) and Levinsohn and Petrin (2003),

henceforth OP and LP, have developed two similar semi-parametric estimation procedures to

overcome this problem using, respectively, investment and material costs as instruments for the

unobservable productivity shocks.

Both methodologies have been employed in the literature, and both present some shortcom-

ings. The LP methodology has been criticized on the grounds that the conditional demand for

materials itself depends on the productivity shock, and thus materials are not a valid instrument

to solve the simultaneity bias. The OP methodology, instead, does not su¤er from the latter

shortcoming, since the investment function is entirely determined before the productivity shock

7We have employed a total of 48 NACE2 or NACE3 industry-speci�c price indices retrieved from the Eurostat
New Cronos database, according to the classi�cation reported in the Statistical Annex. The classi�cation allows
to divide industries into economies of scale, traditional, high tech and specialised industries, plus services. The
same classi�cation has been used by Davies and Lyons (1996) to divide industries into high, medium and low
sunk costs. As such, the classi�cation allows us to consider market structures, and hence prices, as relatively
homogeneous within each industry.

8 In a few cases (i.e. NACE16, 20 and 65) industries have displayed insu¢ cient variation to identify the input
coe¢ cients. Accordingly, TFP measures from �rms belonging to these industries have not been considered in the
follow-up of our exercise.
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takes places; moreover, the OP approach o¤ers a correction for the selection bias, incorporating

in the algorithm a �tted value for the probability of exiting from the sample. However, a major

assumption of the OP approach is the existence of a strictly monotonous relationship between

the instrument (investment) and output. This means that any observation with zero or neg-

ative investment has to be dropped from the data. If the latter exclusion is signi�cant, as it

is typically the case in the early years of transition due to the substantial restructuring of the

capital stock that has to be undertaken, the OP productivity estimates will be a¤ected by an

important selection bias. Since the latter is the case for a relevant share of our domestic �rms,

we have chosen to compute productivity through both approaches, in order to verify the extent

to which the two methodologies yield di¤erent results for our purposes.

The analysis is presented in Table 2, which also includes the OLS estimates of TFP. Not

surprisingly, the productivity levels estimated through OLS display the lowest values9. The

point estimates of TFP calculated through the two semi-parametric methods also turn out to

be di¤erent, thus showing the importance of the selection bias implicitly characterizing the OP

approach in our sample10. However, as shown in Figure 1, it is important to notice that the

distribution of domestic �rms�TFP as retrieved through both the LP (unrestricted sample) and

OP (restricted sample, positive investments) algorithms tend to overlap over the entire sampling

period, once normalizing the TFP of a given �rm by the industry average (correlation of 0.8,

signi�cantly di¤erent from zero at the 1 per cent level). Hence, any bias in the estimation of

TFP eventually induced by either the LP or the OP methodology seems to cancel out, being it

industry-speci�c and constant over time. Now, in a typical convergence regression the dependent

variable (TFP) enters in the speci�cation in �rst di¤erences. Given the strong correlation

between the two estimates, it follows that the choice of either methodology in the estimation of

TFP is not likely to a¤ect our results, as long as our dependent variable is considered in �rst

di¤erences.

[Table 2 and Figure 1 about here]

We have therefore opted for the LP procedure (see Annex 1 for further details) in order

to derive TFP estimates for each �rm, since the latter allows us to exploit all the data in our

sample. Note also that we have run our estimates for domestic �rms only, thus avoiding the

possibility that the FDI status of a �rm might have an e¤ect on the choice of input factors,

another potential source of bias in the estimates of productivity (Van Biesebroeck, 2005).

Another important source of distortion in the estimation of TFP, not yet fully tackled by the

convergence literature, relates to the so-called omitted price variable bias in the measurement of

domestic �rms�productivity. Since the seminal paper of Klette and Griliches (1996), it is known

that proxying physical inputs and outputs through nominal variables de�ated by a broad price

9Typically, the simultaneity bias a¤ecting OLS estimates leads to an upward bias in the estimate of the labor
coe¢ cient, which translates into a downward bias in the estimated TFP, since the latter is retrieved as the
di¤erence between the observed output and the predicted one.
10The OP algorithm has been calculated on the restricted sample of domestic �rms displaying positive invest-

ments, while the LP algorithm has been calculated on the entire sample of �rms.
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index might lead to biased productivity measures, due to an omitted price variable bias induced

by the correlation between (unobserved) individual �rms�prices and their used inputs11. Such a

bias can potentially a¤ect the estimated TFP. The reason is that inputs are positively correlated

with the level of output, which is typically negatively correlated with prices. If individual �rm

prices remain in the error term due to improper de�ating, then the error term and the inputs

are positively correlated, yielding an underestimated coe¢ cient of labor and materials, and

thus an overestimated TFP (thus opposite to the simultaneity bias one gets by using OLS, as

previously discussed). As a result, controlling for the simultaneity bias but not for the omitted

price variable one might lead to convergence estimates which are upward biased12.

We assess these critiques in two ways: �rst of all, we follow Katayama, Lu and Tybout (2003),

who argue that taking industry and region-speci�c averages on �rm-speci�c TFP measures

allows to partially counter the omitted price variable bias, since the cross-producer variation in

productivity measures is much more problematic than the temporal variation of the population

of plants. In addition, following the spirit of Klette and Griliches (1996), we control for the degree

of imperfect competition on the demand side of the market allowing for spatial substitutability in

demand (e.g. as in Syverson, 2005), assuming that deviations of domestic �rms�prices of outputs

and inputs (our measurement error) have a spatial component which can be controlled for. To

this extent, we develop a slightly modi�ed version of the original Levinsohn and Petrin (2003)

algorithm, estimating an industry-speci�c production function augmented with regional �xed-

e¤ects, in order to pick up di¤erent pricing powers of domestic �rms in the di¤erent Romanian

regions (see Annex 1 for further details).

3.1 Convergence regressions

We start from a standard absolute convergence regression, where the change in the (log) TFP

of a domestic �rm i at time t is regressed against its level at time t� 1 and a constant:

�(lnTFPit) = �+ � lnTPFit�1 + "it (1)

To counter the omitted price variable bias, we have aggregated �rm-speci�c TFP measures

across the 48 industries and 8 regions over the years 1995-2001, thus using as a dependent

variable � ln(TPF zjt), i.e. the average � lnTFPit of each domestic �rm i in industry z and

region j, for a given year t:

�(lnTFP zjt) = �+ � lnTFP zjt�1 + "zjt (2)

As we have argued, the latter treatment of the dependent variable yields a balanced panel across

11Eslava et al. (2004) discuss this issue in their analysis of productivity of Colombian �rms, where they can
exploit the availability of �rm-speci�c information on prices and quantities. DeLoecker (2005) provides a formal
econometric discussion of the omitted price variable bias.
12Again, taking �rst di¤erences of TFP as a dependent variable, the e¤ect could disappear if the bias is constant

over time, i.e. if individual �rms price always at the same distance from the industry average price; the assumption
is however very unlikely in the highly volatile context of transition.
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industries, regions and years, and allows us to minimize potential biases in our TFP measure

deriving from the heterogeneity in the market power of individual �rms.

Moving from absolute to conditional convergence, we have re�ned the previous speci�cation

introducing industry, region and time �xed e¤ects , and a variable (lndist) measuring the av-

erage distance between each region and the capital13. Moreover, following the related literature

(e.g. Cameron et al., 2005), we have assessed the marginal impact of other factors potentially

driving the speed of convergence interacting of the lagged level of TFP with a number of con-

trol variables Xzjt�1, measured at the industry/regional level. Our conditional convergence

regression thus takes the form:

�(lnTFP zjt) = �+ �1 lnTFP zjt�1 + �2 lnTFP zjt�1 �Xzjt�1 + z + j + t + "zjt (3)

In particular, among the possible covariates Xzjt�1 we have tested the marginal impact

of foreign direct investment on the speed of convergence (Gri¢ th et al., 2006), interacting

lnTPF zjt�1 with the stock (FDIstockzjt�1) and the �ow (FDIflowzjt�1) of FDI, measured as

the number (in logs) of foreign investments in industry z of region j at time t�114. Alternatively,
to gauge the e¤ect on convergence of other possible economic determinants, we have interacted

the lagged level of TFP with the minimum e¢ cient scale (MESzt�1)15 of industry z; with a

proxy for domestic �rms�absorptive capacity (absorbzjt�1), measured as domestic �rms�average

investment in intangible assets over total assets in a given industry/region at time t � 1; and
with the distance variable.

4 Results and robustness checks

The results of the convergence regressions (1) and (2) are presented in Table 3. As it can be

seen, we �nd evidence of absolute convergence across our population of domestic �rms, although

the long run level of TFP, i.e. the value �a=� in Equations (1) and (2), clearly depends on the
choice of the model design. The long run level is in fact higher when �rm level measures of TFP

are used, while it is almost half of its size (.28 vs .55, in logs) when TFP is taken as an average

across sectors and regions.

There can be several explanations for the di¤erent results. First, if there are relatively more

�rms in the capital region and �rms in the capital region have a higher productivity, taking

means leads to a lower weight of the capital region in the regression and hence to a lower long

run TFP. A similar reasoning applies if there are relatively more �rms in sectors with a relatively

high productivity. Table 3 shows however that the e¤ect on long run TFP is driven also by a

13The variable (taken in logs) is constructed taking the average of the distance (in km) between each county
town belonging to a given region and Bucuresti (the capital city).
14 Information on FDI up to 1995 has also been retrieved from previous issues of the AMADEUS dataset. In

terms of validation, the database is able to account for almost 70 per cent of the region�s total FDI inward stock
in the early years of transition, as registered by o¢ cial statistics.
15The minimum e¢ cient scale has been calculated as the median employment of the �rms in each industry in

a given year.
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di¤erence in the speed of convergence (�), with convergence appearing stronger when using �rm

level TFP. The latter �nding is entirely consistent with our priors on the direction of the bias

induced by the omitted price variable problem, as discussed in the previous Section: the �rm-

level TFP measure (1) actually picks up some e¤ects induced by convergence in prices, rather

than technology di¤usion, with an upward bias resulting in the long-run convergence estimate

of Equation (1). As there is also a measurement potentially a¤ecting �rm speci�c TFP, we base

the majority of our regressions on the average TFP in a given sector, region and year.

Another general caveat possibly a¤ecting the consistency of convergence regressions is given

by the potential serial correlation in the error terms, which might create problems with the

asymptotic properties of the estimators. Though the econometric literature in general ac-

knowledges (e.g. Baltagi, 2001) that the problem is negligible in micro panels such as ours,

characterized by a large number of cross-sectional units with respect to time, we have always

performed robustness checks of our speci�cations imposing an AR(1) structure in the error term,

and reporting the Baltagi and Wu (1999) LBI test statistic in order to assess the extent of the

problem. The results reported in the last two columns of Table 4 show that results are robust

to the correction for serial correlation16.

Moving to the test for conditional convergence, Table 4 shows that industry, region and

time e¤ects do matter in a¤ecting the relative speed of convergence, which is on average higher

within homogeneous groups of �rms. Interestingly, replacing regional �xed e¤ects with the

average distance from each region to the capital (Column 3), the variable becomes negative and

signi�cant, thus providing prima facie evidence that regions farther away from the capital city

tend to converge faster17.

Columns 4 and 5 of Table 4 show instead that the presence of FDI within the same re-

gional/industry groups does not have a signi�cant e¤ect on the speed of convergence of domestic

�rms, a result in line with the general �nding of a lack of signi�cant horizontal spillovers from

multinationals in transition countries (e.g. Smarzynska Javorcik, 2004).

Table 5 looks at the interaction of absorptive capacity and the industry-speci�c MES with

lagged TFP (Columns 1 and 2). The signs seem to be plausible: the interaction with MES is

negative, indicating stronger convergence for industries with high MES, an indication that if

�rms are larger, and the industry is more concentrated, technological progress is more stable.

The interaction with absorptive capacity is positive, indicating that more absorptive capacity

leads to weaker convergence, i.e. a shock in industries characterized by a stronger absorptive

capacity will be more persistent. The latter result is in line with Basu and Weil (1998), which

use the concept of �appropriate technology�as an explanation for divergence in growth. The

idea is that in sectors with higher R&D rates (i.e. a higher share of intangibles on total assets

as of our paper) technology is more specialized, and thus common technological shocks are less

16A value of the statistic around 2 signals the absence of serial correlation in the residuals.
17The result is in line with the spatial distribution of regional income in Romania (where the capital region

clearly outweighs the other in terms of per capita GDP), but its robustness has to be assessed against other model
speci�cations herein discussed.
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eager to generate convergence of �rms in the same (broad) sector. Column 3 of Table 5 assess

instead the e¤ect of the interaction of our lagged TFP measure with the distance variable, in

order to test whether the latter a¤ects the long run level of TFP through the constant � or

the relative speed of convergence (the parameter �2). Indeed, when the interaction term with

distance is included in the regression, the signi�cance of the distance coe¢ cient alone disappears,

indicating that the e¤ect of distance is a dynamic e¤ect of the speed of convergence, rather than

a long run e¤ect. In terms of autoregressive disturbances, Columns 4 to 6 of Table 5 show that

the results hold when the speci�cations are corrected for the possible serial correlation of the

error term, with the exception of the e¤ects of MES, which are not robust18.

As a further robustness check, we have recalculated the estimates reported in Table 6 using

the measure of domestic �rms�TFP retrieved through the re�ned Levinsohn and Petrin (2003)

algorithm which controls for the e¤ects of spatial substitution in demand, since the latter might

potentially a¤ect the pricing power of �rms, and thus the TFP. The results are reported in

Table 6. As it can be seen, the results are the same as above, with the only di¤erence being

that distance is now never signi�cant (neither alone, nor in the interaction term). Moreover, the

speci�cation test for serial correlation also improves (2.12 vs. 2.20). These results go exactly in

line with the priors behind the re�ned TFP measure, which now corrects for the e¤ects deriving

from a demand function locally di¤erentiated across regions19.

Finally, in order to validate our convergence results we have looked at the second moment

of our TFP distribution, running a �-convergence regression where the standard deviation of

�rm-speci�c (log) TFP has been calculated for each industry, region and year20. Our dependent

variable �(TFPzjt) has then be regressed against a time trend, industry and region �xed-e¤ects,

and the interaction of the trend with our covariates (MES, absorption capacity and distance to

the capital), in order to assess their impact on this alternative measure of convergence. The

results, reported in Table 7, con�rm our �ndings. We �nd broad evidence of �-convergence

(Column 1), even when controlling for sector and region �xed e¤ects (Column 2). Including

the interaction terms (Columns 3 and 4) con�rms our earlier results: a higher R&D intensity

makes divergence more likely, while a higher MES leads to stronger convergence, with �rms in

18We have tried also to distinguish between manufacturing and services industries, in line with Bernard and
Jones (1996), but the dummy variable for services sector was never signi�cant, an indication that our disaggregate
data and use of the conditional convergence already allows us to capture sector heterogeneity.
19 In a separate set of regressions, availabe on request, we have also allowed for the coe¢ cients to vary across the

distribution of TFP, i.e. estimating a system of simultaneous quantile regressions. The results con�rm our main
�ndings: the speed of convergence is higher for �rms with the higher changes in productivity, but the same speed
is a¤ected di¤erently from the absorption capacity. We �nd that a high absorption capacity fosters convergence
for the slow-growing �rms (�rst quantile), but hinders it in the top quantile, with the sign of the interaction
switching from negative and signi�cant to positive and signi�cant across the quantiles. The �nding is robust to
the inclusion of other �rms�characteristics (size), and country, industry and region �xed e¤ects. We can therefore
con�rm the intuition that shocks taking place in industries characterized by a stronger absorptive capacity will
be more persistent.
20 It has been suggested in the literature that a negative coe¢ cient of � in a convergence regression as (1)-

(3) might exhibit �Galton�s Fallacy�, since a negative coe¢ cient does not necessarily imply the tendency for
the variance of productivity to decrease with time: it may even increase (see Bliss, 2000 for a more detailed
discussion). To avoid this problem, Bernard and Jones (1996) validate their �-convergence results via an analysis
of �-convergence.
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the capital being more likely to diverge. The results seem robust to the inclusion of industry

and region dummies.

The microfoundation of the convergence analysis allows us to calculate a number of hetero-

geneous e¤ects across sectors and/or regions. On the basis of the results presented in Table 7

(Column 2), for example, �rms in the car component industry (NACE 343, MES=76.07) display

�-convergence in the Vest Region (which is far away from Bucuresti and is characterized by lower

R&D intensity), with an implied speed of convergence (in the standard deviation) of -1.2% per

year. A di¤erent result takes place in the Bucuresti (capital) region, where �rms experience

divergence at a rate of 0.1% per year.

5 Conclusions and policy implications

In this paper we take a microfounded perspective to test new explanations for the speed of

convergence of �rms�productivity. Firm, sectoral and regional data available over a time span

of seven years in Romania allow in fact for a more direct test of the signi�cance of potentially

important variables on the speed of convergence with respect to country speci�c data. At the

same time, �rm-speci�c measures of TFP allow us to correct for a number of biases (simultaneity

and omitted price variable) potentially a¤ecting the convergence measure.

In particular, we show that there is no absolute convergence across regions, but rather con-

ditional convergence. The same is true for sectoral convergence. As expected, the capital is

the region with, on average, the highest TFP growth. In terms of conditional convergence, by

interacting lagged TFP with our control variables, we don�t �nd a signi�cant role for interna-

tional factor movements in explaining the speed of convergence. We �nd instead that MES is

negative and signi�cant, while the percentage of intangible assets is positive and signi�cant. So,

controlling for the intangibles, a higher MES implies stronger convergence in the industry. In

other words, productivity shocks die out more rapidly in more concentrated industries. Given

MES, industries where �rms have on average a higher percentage of intangible assets in the

total assets are characterized by weaker convergence. In these industries shocks appear more

persistent. The distance e¤ect is negative and signi�cant, indicating that shocks in the capital

region (Bucuresti) are more persistent than in other regions. In particular, both productivity

growth and its standard deviation are highest in the capital region. The e¤ect of distance is

however not robust to a re�ned TFP measure which controls for the omitted price variable bias,

indicating that convergence in prices and market segmentation do also play a role in traditional

convergence results. The result are instead robust to a control for �-convergence.

Finally, the analysis allows us to calculate a number of heterogeneous e¤ects across sectors

and/or regions, showing how convergence/divergence trends tend to be driven by speci�c indus-

try and regional characteristics, rather then being homogeneously spread across �rms within a

country.
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Table 1. Data sample

Source: authors�elaboration on AMADEUS and Romanian Chamber of Commerce for o¢ cial data

Table 2. TFP measures

Note: Log TFP for each industry calculated as a weighted average of individual domestic �rms�TFP, estimated

through OLS, Levinsohn-Petrin (2003) or Olley-Pakes (1996) semiparametric algorithm for the years 1995-2001.

In the O-P algorithm, only the sample of �rms displaying non-zero investment has been considered (42% of

available �rms, on average). The Table therefore presents the industries, out of those classi�ed in the Statistical

Annex, for which the identi�cation of coe¢ cients has been jointly possible for the three methods.
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Figure 1. Distribution of estimated domestic �rms�productivity: O-P vs. L-P
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Note: TFP index of individual domestic �rms for the period 1995-2001, normalized to industry average in a

given year. Olley and Pakes, 1996 (O-P) estimates are performed on the restricted sample (only domestic �rms

displaying positive investments), while the Levinsohn and Petrin, 2003 (LP) estimates are performed over the

entire sample for the corresponding industries.
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Table 3. Absolute Convergence

Dep var: �(lnTFPit) �(lnTFPit) �(lnTFP zjt) �(lnTFP zjt)

RE (AR1) RE (AR1)

lnTFPi;zjt�1 -.38*** -.33*** -.14*** -.15***

(.004) (.004) (.007) (.008)

constant .22*** .18*** .04*** .05***

(.004) (.004) (.007) (.008)

R2 .15 .15 .17 .17

Baltagi-Wu LBI 2.17 2.18

N. of obs. 31151 31151 1843 1843

***, signi�cant at the 1 per cent level. Standard errors are reported in brackets
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Table 4. Conditional Convergence and FDI presence

Dep var: �(lnTFP zjt) (1) (2) (3) (4) (5)

lnTFP zjt�1 -.31*** -.30*** -.29*** -.29*** -.30***

(.013) (.013) (.013) (.013) (.013)

lndistj -.01*** -.01*** -.01***

(.002) (.002) (.002)

lnTFP zjt�1 � FDIstockzjt�1 .01

(.001)

lnTFP zjt�1 � FDIflowzjt�1 .01

(.003)

industry FE yes yes yes yes yes

region FE yes yes no no no

time FE no yes yes yes yes

constant .08** .08** .15*** .16*** .15***

(.035) (.034) (.035) (.036) (.035)

R2 .29 .29 .29 .29 .29

N. of obs. 1843 1843 1843 1843 1843

***, ** signi�cant at the 1 or 5 per cent level, respectively

Standard errors clustered on individual observational units (�rms) are reported in brackets
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Table 5. Conditional Convergence and �rms�characteristics

Dep var: �(lnTFP zjt) (1) (2) (3) (4) (5) (6)

RE RE RE (AR1) (AR1) (AR1)

lnTFP zjt�1 -.20*** -.19*** -.14*** -.28*** -.27*** -.21***

(.032) (.032) (.033) (.035) (.035) (.037)

lndistj -.008*** .002 -.009*** .002

(.002) (.003) (.003) (.003)

lnTFP zjt�1 �MESzt�1 -.036*** -.036*** -.034*** -.033*** -.033*** -.031***

(.008) (.008) (.008) (.008) (.009) (.008)

lnTFP zjt�1 � absorbzjt�1 .28*** .27*** .30*** .31*** .31*** .33***

(.050) (.050) (.049) (.057) (.057) (.057)

lnTFP zjt�1�lndistj -.013*** -.014***

(.002) (.003)

constant .07** .11*** .09** .07* .19*** .11***

(.035) (.035) (.035) (.040) (.042) (.042)

industry FE yes yes yes yes yes yes

region FE yes no no yes no no

time FE yes yes yes yes yes yes

R2 .31 .31 .32 .31 .30 .31

Baltagi-Wu LBI 2.20 2.20 2.20

N. of obs. 1843 1843 1843 1843 1843 1843

***, ** or * signi�cant at the 1, 5 or 10 per cent level, respectively

Standard errors are reported in brackets
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Table 6. Conditional Convergence and �rms�characteristics

Modi�ed TFP measure (1)

Dep var: �(lnTFP zjt) (1) (2) (3) (4) (5) (6)

RE RE RE (AR1) (AR1) (AR1)

lnTFP zjt�1 -.28*** -.28*** -.28*** -.33*** -.33*** -.34***

(.038) (.038) (.040) (.041) (.041) (.043)

lndistj .001 -.001 .001 -.001

.002 .002 (.002) (.003)

lnTFP zjt�1 �MESzt�1 -.021** -.021** -.021** -.026*** -.026*** -.026***

(.008) (.008) (.009) (.009) (.009) (.009)

lnTFP zjt�1 � absorbzjt�1 .21*** .21*** .21*** .22*** .22*** .22***

(.049) (.050) (.050) (.053) (.053) (.053)

lnTFP zjt�1�lndistj .001 .001

(.002) (.003)

constant .37*** .31*** .36*** .42** .41*** .41***

(.045) (.045) (.044) (.050) (.049) (.051)

industry FE yes yes yes yes yes yes

region FE yes yes no yes no no

time FE yes yes yes yes yes yes

R2 .33 .33 .33 .33 .33 .33

Baltagi-Wu LBI 2.13 2.13 2.13

N. of obs. 1843 1843 1843 1843 1843 1843

***, ** or * signi�cant at the 1, 5 or 10 per cent level, respectively

Standard errors are reported in brackets

(1) TFP retrieved from a modi�ed version of the original Levinsohn and Petrin (2003) algorithm,

estimating an industry-speci�c production function augmented with regional �xed-e¤ects
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Table 7. Testing for �-convergence

Dep var: �(lnTFPzjt) (1) (2) (3) (4)

trendt -.006*** -.006*** .026*** .029***

(.002) (.002) (.0087) (.010)

ltrendt �MESzt�1 -.006*** -.006**

(.002) (.003)

ltrendt � absorbzjt�1 .048** .062***

(.022) (.020)

trendt�lndistj -.002** -.002**

(.001) (.001)

_cons .47*** .40*** .45*** .40***

(.017) (.061) (.018) (.055)

industry FE no yes no yes

region FE no yes no yes

R2 .01 .41 .01 .42

N. of obs. 1879 1879 1634 1634

***, ** or * signi�cant at the 1, 5 or 10 per cent level, respectively

Standard errors are reported in brackets
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Annex 1: Levinsohn and Petrin (2003) productivity estimates

Let yt denote (the log of) a �rm�s output in a Cobb-Douglas production function of the form

yt = �0 + �llt + �kkt + �mmt + !t + �t (A1.1)

where lt and mt denote the (freely available) labour and intermediates inputs in logs, respectively, and kt is the

logarithm of the state variable capital. The error term has two components: �t, which is uncorrelated with input

choices, and !t, a productivity shock unobserved to the econometrician, but observed by the �rm. Since the �rm

adapts its input choice as soon as she observes !t, inputs turn out to be correlated with the error term of the

regression, and thus OLS estimates of production functions yield inconsistent results. To correct for this problem,

Levinsohn and Petrin (2003), from now on LP, assume the demand for intermediate inputs mt (e.g. material

costs) to depend on the �rm�s capital kt and productivity !t, and show that the same demand is monotonically

increasing in !t. Thus, it is possible for them to write !t as !t = !t(kt;mt), expressing the unobserved

productivity shock !t as a function of two observables, kt and mt. To allow for identi�cation of !t, LP follow

Olley and Pakes (1996) and assume !t to follow a Markov process of the form !t = E[!tj!t�1] + �t, where
�t is a change in productivity uncorrelated with kt. Through these assumptions it is then possible to rewrite

Equation (A1.1) as

yt = �llt + �t(kt;mt) + �t (A1.2)

where �t(kt;mt) = �0+�kkt+�mmt+!t(kt;mt). By substituting a third-order polynomial approximation

in kt andmt in place of �t(kt;mt), LP show that it is possible to consistently estimate the parameter b�l and b�t
in Equation A1.2. For any candidate value ��k and �

�
m one can then compute a prediction for !t for all periods

t, since b!t = b�t� ��kkt���mmt and hence, using these predicted values, estimate E[ d!tj!t�1]. It then follows
that the residual generated by ��k and �

�
m with respect to yt can be written as

d�t + �t = yt � b�llt � ��kkt � ��mmt � E[ d!tj!t�1] (A1.3)

Equation (A1.3) can then be used to identify ��k and �
�
m using the following two instruments: if the capital

stock kt is determined by the previous period�s investment decisions, it then does not respond to shocks to

productivity at time t, and hence E[�t + �tjkt] = 0; also, if the last period�s level of intermediate inputs

mt is uncorrelated with the error period at time t (which is plausible, e.g. in the case of material costs), then

E[�t + �tjmt�1] = 0. Through these two moment conditions, it is then possible to write a consistent and

unbiased estimator for ��k and �
�
m simply by solving

min
(��k;�

�
m)

X
h

[
X
t

( d�t + �t)Zht]2 (A1.4)

with Zt � (kt;mt�1) and h indexing the elements of Zt.

With speci�c reference to our exercise, note however that the intercept �0 of the production function is not

separately identi�ed in the estimation. In our robustness checks, we have thus modi�ed the procedure described

above by incorporating in Equation (A1.2) regional �xed-e¤ects. As a result, we can retrieve �rm-speci�c TFP

measures corrected for region-speci�c factors which might a¤ect the pricing power of domestic �rms.
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Appendix

Table 4b - Absolute Convergence - Modi�ed TFP measure (1)

Dep var: �(ln tfpit) �(ln tfpit) �(lnTFP zjt) �(lnTFP zjt)

RE (AR1) RE (AR1)

lntfpt�1 -.38*** -.33*** -.10*** -.08***

(.004) (.004) (.007) (.006)

_cons .20*** .17*** .03*** .02***

(.004) (.004) (.008) (.008)

R2 0.15 0.15 0.08 0.08

Baltagi-Wu LBI 2.18 2.19

N. of obs. 31153 31151 1843 1843

(1) TFP retrieved from a modi�ed version of the original Levinsohn and Petrin (2003) algorithm,

estimating an industry-speci�c production function augmented with regional �xed-e¤ects
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Statistical Annex – Classification of industries 

The model includes a total of 48 NACE 2 and 3 digits industries, grouped as follows: 

Economies of scale industries: 10-11-12-13 and 14 (mining of coal, metals and stone; extraction of petroleum 
and natural gas); 21 (paper and pulp); 22 (publishing and press); 241 and 242 (basic chemicals and agro-
chemicals); 246 and 247 (other chemical products and synthetic fibres); 251 (rubber products); 26 (other non-
metallic products); 27 (metallurgy); 297 (domestic appliances); 31 (electrical appliances, excluding domestic); 
321 (electronics); 322 and 323 (communication equipment); 341 (car production); 343 (car components); 351 
(ship building); 352 and 354 (railways; motorcycles); 40 (energy);  

Traditional industries: 151 and 152 (production and transformation of meat and fish); 153 and 155 (vegetables, 
milk and dairy products); 156 (grains); 157 (pet food); 158 (fabrication of bread, tea, coffee); 159 (drink and 
beverages); 16 (tobacco); 17 (textiles); 18 (clothing); 19 (leather); 20 (wood); 28 (metals); 361 and 362 
(furniture); 363 and 365 (musical instruments and toys); 366 (other general manufacturing);  

Specialized industries; 252 and 262 (plastic products); 291 (mechanical machinery); 292 (general machinery); 
293 (agricultural machines); 294 and 295 (machine tools); 334 and 335 (optics, photography, clocks); 45 
(construction) 

High-tech industries: 243 and 245 (paintings and pharmaceuticals); 244 (pharmaceuticals); 30 (office machines 
and computers); 331 and 332 (medical and precision instruments); 642 (telecommunication) 

Services: 55 (hotels and restaurants); 65 and 66 (financial intermediation and insurance); 72 (computer and 
related activities); 73 (research and development); 92 (cultural and sporting activities) 


