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Chapter One 

Introduction  

 

1.1   Background  

Explaining the large income disparity across countries and regions has been 

one of the most important preoccupations of economics research. Standard 

economic theories have sought to explain income differences in terms of factor 

accumulation and total factor productivity (TFP). Decades-long research in 

development accounting has shown that TFP contributes at least as much as 

factor inputs in explaining income per capita. Most reviews of the literature 

contend that TFP accounts for 50% - 70% of per capita income differences 

across countries (Hsieh and Klenow, 2010; Caselli, 2005). An important 

challenge in this literature is identifying the origins of these considerable 

differences in aggregate productivity.  

The conventional wisdom in the recent literature is that institutions are the 

fundamental determinants of long run differences in growth and development 

(Hall and Jones, 1999; Acemoglu and Johnson, 2005). By affecting the 

incentives of agents to engage in productive activities, inefficient institutions 

hamper the process of factor accumulation and productivity growth 

(Acemoglu and Zilibotti, 2001). A large theoretical and empirical literature also 

addresses how policies that undermine the adoption and diffusion of new 
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technologies lower aggregate productivity in developing countries (Parente 

and Prescot, 1994).  

Aggregate productivity, however, masks substantial productivity 

heterogeniety. There is now extensive evidence that firms within very narrow 

industrial classifications exhibit large and persistent productivity 

heterogeneity (Syverson, 2011). Studies also show that reallocation among 

firms makes very high contribution to aggregate productivity growth (Foster 

et al., 2001). Therefore, the low productivity observed in developing countries 

could be the result of inability to allocate production factors from less efficient 

to more efficient firms and sectors. Allocative inefficiency, or ‘resource 

misallocation’ as we refer to it in this thesis, could thus be an important reason 

for the large TFP gap observed across countries (Hsieh and Klenow, 2009; 

Bartelsman et al., 2013).  

Figure (1.1) highlights this point by identifying misallocation along with 

technology as a driver of aggregate productivity. While technological 

differences are often explained by institutional barriers for the adoption and 

diffusion of new innovations (Parente and Prescott, 1994), less is known as to 

why resource misallocation could vary across countries. What explains the 

coexistence of mediocre firms or sectors alongside highly productive ones in 

the same economy? In properly functioning markets, the high return in more 

productive sectors would lure producers away from less efficient sectors, 

increasing aggregate productivity in the process. Moreover, less productive 

firms in a well-functioning market would be driven out of the market by more 

efficient competitors, thus leading to reallocation to more productive firms. 
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Figure (1.1) identifies two potential explanations for the presence of 

misallocation. First, factor and product markets could suffer from 

imperfections that hinder the efficient allocation of resources across producers. 

For example, incomplete and asymmetric information problems in financial 

markets could induce inefficiencies by hampering the allocation of capital 

across producers (Greenwald et al., 1984). Such market failures are widespread 

especially, but not exclusively, in developing countries. In countries like 

Ethiopia, for example, the uncompetitive and underdeveloped financial 

market has greater problems of screening efficient producers, which limits 

financial access to productive firms. This could lower aggregate productivity 

compared to other countries that have more developed financial sectors. 

Secondly, poorly designed policies and institutions can hinder the efficient 

allocation of resources across heterogeneous producers. Distorting policies 

that induce resource misallocation, also called ‘government failure,’ are 

particularly rampant in developing countries (See Banerjee and Duflo, 2005; 

Erosa and Cabrillana, 2008). For example, restrictive and cumbersome labor 

regulation could reduce the flexibility with which firms can employ new 

workers during expansion and shed redundant workforce during slowdown. 

Another example of a distorting policy is government ownership of firms, 

which is widespread in many transition economies. Since public firms are 

likely to benefit from preferential market access from government agencies, 

they have greater chance of survival even when they are inefficient, whereas 

more productive private firms fail for the same reasons. Thus misallocation 

can be a consequence of institutions that protect inefficient firms. 



4  Chapter 1 

Figure 1.1: The sources and implications of resource misallocation 

 

  

 

 

 

 

 

 

 

1.2   Motivation and Related Literature  

The all-inclusive nature of aggregate productivity (or the Solow residual) has 

earned it the byname of being ‘a measure of our ignorance’. Recent efforts seek 

to illuminate the constituents of aggregate productivity by looking beyond the 

standard explanation of technology. An emerging strand of literature 

emphasizes that resource misallocation across heterogeneous firms could be 

an important determinant of aggregate productivity. Since firms in the same 

industry often exhibit very large productivity differences (Syverson, 2011; 

Foster et al., 2008), the way resources are allocated among them can have 

substantial effect on aggregate productivity. 

Theoretical studies in this literature try to establish the mechanism 

through which reallocation affects aggregate productivity. An influential 

study by Melitz (2003) used a dynamic industry model with heterogeneous 

firms to show how trade openness increases aggregate TFP by facilitating the 

exit of unproductive firms. Following the same line of reasoning, Hsieh and 
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Klenow (2009) build a monopolistic competition model in order to measure 

the effect of resource misallocation on aggregate TFP. They find that 

misallocation in China and India reduces aggregate TFP respectively by 30 and 

60 percent relative to the level of the United States.   

Alfaro et al. (2008) show that resource misallocation that distorts firms’ 

ability to grow to their optimal size plays an important role in explaining 

cross-country income differences. Similarly, Restuccia and Rogerson (2008) 

find that policies that distort prices faced by individual producers can 

substantially reduce aggregate output and TFP in the range of 30 to 50 percent. 

Bartelsman et al. (2013) report large differences across countries in the 

relationship between firm productivity and size, which they interpret as 

indicative of differences in allocative efficiency. Using a model in which 

heterogeneous firms face idiosyncratic distortions, they show that allocative 

efficiency, measured with the covariance term between size and productivity, 

is positively associated with aggregate economic performance.  

Most of these theoretical studies use generic types of price distortions to 

determine the effect of misallocation on aggregate productivity (Restuccia and 

Rogerson, 2013). The price distortions are implicitly imputed from observed 

differences in marginal products of labor and capital. In order to affect the 

process of reallocation across producers, these distortions would have to be 

idiosyncratic – i.e. firms in the same market face different distorted prices 

instead of one equilibrium price (Restuccia and Rogerson, 2008; Alfaro et al., 

2008). However, the distortions are often taken to be exogenous, so that little is 

known as to how they arise and why they vary across firms.  
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Other studies follow the more direct alternative of quantifying the effect of 

a specific institutional or policy mechanism on misallocation.  A number of 

studies use growth models to calibrate the effect of specific policy distortions 

on misallocation. Buera et al. (2011), Buera and Shin (2013), and Erosa and 

Cabrillana (2008) show that financial frictions adversely affect aggregate TFP. 

Barseghyan (2008) and Barseghyan and DiCecio (2011) analyze how entry 

costs increase misallocation, thereby inducing TFP differences across 

countries. Lagos (2006) studies the effect of labor market frictions on aggregate 

TFP.  

1.3   Gaps and Research Goals 

The existing literature on resource misallocation and aggregate productivity 

has a number of gaps that warrant further investigation. This thesis seeks to 

contribute to the literature by addressing two important issues that remain yet 

unexplored.  

Firstly, there is limited effort in measuring and comparing cross-country 

differences in misallocation at a large scale. Due to lack of firm-level data that 

is comparable across countries, most empirical studies focus on measuring 

misallocation for a relatively small set of countries. Moreover, there is limited 

effort to synthesize the insights from the literature on resource misallocation 

with those from the older literature on development accounting. The first goal 

of this thesis is to provide more comprehensive evidence on the role of 

misallocation across countries. Besides measuring misallocation for a large 

number of countries, it aims to link it with established measures of aggregate 

TFP in order to identify the contribution of misallocation to TFP differences.  
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Secondly, there is limited evidence on the origins of cross-country 

differences in misallocation. Particularly, little is known how distortions that 

induce misallocation are affected by institutional factors since they are 

generally treated as exogenous parameters in the literature (Syverson, 2011). 

Although a number of studies theoretically explore the mechanism through 

which specific institutional factors induce misallocation (Restuccia and 

Rogerson, 2013), empirical support for this is largely lacking. 

The second goal of this thesis is thus to provide new evidence on the 

underlying market and institutional forces that induce misallocation. The 

thesis investigates the specific mechanisms through which institutional 

bottlenecks and market imperfections induce resource misallocation. It 

especially pays attention to establishing how institutional factors induce 

idiosyncratic distortions by affecting firms and industries differently.  

To meet the stated goals, I exploit recent advances both in methodology 

and data availability to measure and explain misallocation across a large 

number of countries. Methodologically, the thesis makes use of recent models 

of monopolistic competition that account for firm heterogeneity and imperfect 

competition. In terms of data, the thesis uses two datasets with their own 

unique advantages. The first dataset is the World Bank’s Enterprises Survey 

(WBES) dataset which covers tens of thousands of establishments in more than 

90 countries for the years from 2002 to 2011. Our second data source is the 

Ethiopian Manufacturing Establishments Survey dataset, which is a census-

based, panel dataset covering all manufacturing establishments in the country 

with more than 10 employees over a 15 year period (1996-2010). Both datasets 
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are collected through proper survey design procedures, and provide detailed, 

structured data on a number of variables needed for our analysis. 

Before discussing the outline of this thesis, it will be helpful to delineate 

the scope of the research included in it. Most importantly, the studies included 

in this thesis are exclusively based on plant-level data from the manufacturing 

sector. Resource misallocation in our case hence refers to misallocation across 

heterogeneous producers within the manufacturing industry. Although it is 

not the subject of this thesis, a number of studies do address the issue of 

misallocation across sectors1.  

Moreover, even within the manufacturing industry the studies included in 

this thesis are exclusively based on the formal sector. This is partly because 

comparable data within well-defined industrial groups is necessary to 

measure misallocation, which is generally lacking for the informal sector. 

Moreover, the formal sector is more suited for our analysis since one major 

goal of the thesis is to identify how institutional factors affect misallocation. 

Informal, unregistered firms are less relevant for our analysis since they are 

less likely to be affected by formal institutions such as labor regulation. 

A final qualification is that the thesis focuses only on misallocation along 

the intensive margin. As indicated earlier, previous theoretical and empirical 

studies have shown the importance of reallocation along the extensive margin 

due to firm selection in process of entry and exit (Hopenhayn and Rogerson, 

                                                           

1 Caselli (2005) separately estimates TFP for agricultural and non-agricultural sectors 

in order to identify potential differences across sectors. His results suggest that 

misallocation across sectors has a limited role in explaining TFP differences. Vollrath 

(2009) similarly compares misallocation between and within agricultural and non-

agricultural sectors in a cross country setting. 
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1993; Bartelsman et al., 2013). This thesis, however, is confined to analyzing 

reallocation among existing plants, due to both the nature of the data it uses 

and the need to limit its scope. 

1.4   Thesis Outline     

This thesis includes four original studies, three based on the WBES dataset and 

the last one based on a panel dataset of manufacturing plants from Ethiopia. 

While the first study focusses on documenting the contribution of 

misallocation for cross country TFP differences, each of the other three studies 

look specifically into one institutional mechanism that contributes to 

misallocation. Two of the studies investigate the role of financial development 

in capital allocation among firms using different approaches and datasets. A 

large literature explores the importance of financial development on 

productivity, growth and economic development at large (for a review of this 

literature see Levine, 2005). This thesis presents a more focused analysis by 

studying how financial development affects the allocation of capital among 

firms. One of the studies in this thesis looks into the impact of employment on 

the allocation of labor inputs among firms. Employment protection has 

received great attention in the comparative economics literature that 

investigates the importance of institutional arrangements for economic 

performance (Botero et al., 2004). This thesis directly looks into the 

implications of employment protection on labor allocation among firms, thus 

addressing a mechanism that is hitherto unexplored. Combined, these studies 

will provide broad understanding on how institutional arrangements affect 

resource misallocation and aggregate productivity.  
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a) The Role of Misallocation in Accounting for Manufacturing Productivity 

Differences 

The first study, presented in the second chapter, investigates the role of 

misallocation in accounting for manufacturing productivity differences across 

countries. The aim of this study is to investigate the extent to which the large 

cross-country TFP disparity documented in the development accounting 

literature (Caselli, 2005) can be explained by misallocation of resources across 

producers. The study calculates manufacturing TFP for 52 countries covered 

by the WBES and Penn World Table datasets, and decomposes it into 

misallocation and residual components. 

Compared to past studies in the development accounting literature, this 

study has several novel features. First, it explicitly recognizes the presence of 

productivity heterogeneity, and seeks to identify the contribution of 

misallocation in aggregate TFP. Secondly, unlike previous studies that 

generally use economy-wide data for measuring TFP, the present study 

calculates TFP for a single sector, manufacturing, reducing measurement 

problems associated with sectoral composition. 

For measuring misallocation, we use the monopolistic competition model 

of Hsieh and Klenow (2009) which exploits variations in marginal products of 

labor and capital to impute implicit price distortions that affect the allocation 

of resources. Using these results, we then decompose aggregate manufacturing 

TFP into ‘misallocation’ and residual components. The results show that 

misallocation substantially reduces manufacturing TFP. The average country 

in our dataset could raise its TFP by 62% if it were to improve the efficiency of 

factor allocation to the relatively more efficient level of the US economy. 
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However, the results also show that misallocation is only weakly correlated 

with productivity, implying that factors other than resource misallocation are 

important in explaining the productivity variation across countries.    

b) Employment Protection and Misallocation of Resources across Plants: 

International Evidence  

Although the results from the second chapter show that misallocation is not 

systematically related to observed TFP, they indicate large productivity losses 

from it (the average country losing 62% relative to US). Moreover, the results 

indicate large differences in the level of misallocation across countries, 

possibly reflecting differences in the policy environment that determines 

allocative efficiency.  

The second study, presented in chapter three, turns to explaining the 

sources of misallocation. The goal of this study is to empirically test the effect 

of labor regulation on different measures of misallocation using country- and 

industry-level data. Stringent employment protection raises the financial and 

procedural burden of hiring and firing workers, potentially clamping down on 

the adjustment of employment in response to demand and technological 

shocks. A number of theoretical studies have documented the adverse effect of 

employment protection on aggregate productivity (Hopenhayn and Rogerson, 

1993; Lagos, 2006). However, there is limited empirical evidence on the 

mechanisms through which employment protection affects misallocation.  

In this study, I measure misallocation using the dispersion of marginal 

products, which is less controversial since it involves fewer assumptions than 
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the structured model used in the previous chapter. More specifically, 

misallocation is measured using the standard deviation and interquartile 

range of the marginal product of labor and total factor revenue productivity 

across plants within an industry. Larger levels of dispersion indicate 

misallocation since they imply unrealized TFP gains from reallocating 

resources from more productive to less productive firms.  

The analysis is based on a version of the WBES dataset that covers close to 

30,000 manufacturing plants in 91 countries. The results show that the cost of 

dismissing redundant workers is positively associated with misallocation. The 

effect of dismissal cost is especially larger in industries that have greater 

demand for adjusting labor. Industries that intrinsically have higher layoff 

rate, and in industries that have large positive or negative sales growth rates 

suffer more from employment protection.   

c) The Effect of Political Connections on Credit Access: Does the Level of 

Financial Development Matter?  

The third study of this thesis takes a closer look at the allocation of financial 

capital by investigating the effect of political connections on credit access. The 

focus on political connections is interesting because increasing evidence shows 

that they are important mechanisms of resource allocation in transition and 

developing countries (Li et al., 2008; Khwaja and Mian, 2005). Moreover, 

analysis of how political connections affect credit access can be revealing for 

two reasons. First, political connections are firm-specific, and hence can offer 

an explanation as to why distortions could be idiosyncratic. As indicated 

earlier, the idiosyncratic nature of distortions is central to the misallocation 

literature, making it important to find explanations for it. Secondly, focusing 
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on the allocation of credit offers an alternative to imputing implied distortions 

from differences in marginal products. Whereas the previous two chapters 

assume a production function and profit maximizing behavior, directly using 

credit access involves no such assumptions.  

In addition to testing if political connections affect credit access, this study 

also investigates if this effect declines with financial development. The analysis 

is based on a version of the WBES dataset that covers close to 20,000 plants in 

68 developing and transition countries. The results show that the strength of 

political connections, measured by the amount of time the firm’s senior 

managers spend with government officials, has a significant positive effect on 

credit access. Exploiting the cross-country dimension of the dataset, I then 

show that the effect of political connections is higher in countries where the 

banking sector is more concentrated and net interest margin is higher. 

Furthermore, the marginal effect of political connections is lower by half in 

countries that have credit information sharing mechanisms. These results 

suggest that a competitive banking sector improves efficiency of credit 

allocation by reducing politically motivated lending.    

d) Investment in Developing Countries: Which Firms are Financially 

Constrained? 

The use of international datasets in the first three studies enables us to 

examine the importance of institutional factors such as financial development 

and employment protection. However, because of the cross-section nature of 

the WBES dataset, we fail to consider the dynamics of resource allocation in a 

panel setting.  
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The last chapter focuses on the role of financial constraints on firm 

investment in the Ethiopian manufacturing sector. Ethiopia, one of the largest 

African economies with a manufacturing sector typical for the continent, 

provides an interesting case for studying how market imperfections affect the 

allocation of capital. The analysis is based on a census-based, plant-level 

dataset covering 15 years between 1996 and 2010.  

The study investigates the effect of financial constraints on firm 

investment, focusing on how this effect varies by firm size, ownership type, 

number of plants and export status. The analysis involves comparing the effect 

of financial and fundamental factors on investment across different firm 

groups. When financial markets are efficient in allocating capital to the most 

productive firm, the marginal productivity of capital should be the sole 

important driver of investment (Hayashi, 1982). In the presence of financial 

constraints, however, financial factors such as cash flow become important 

determinants of investment (Fazzari et al., 1988; Hubbard, 1998).  A positive 

effect of financial factors on investment thus implies lack of external financial 

sources that make investment contingent upon the availability of internally 

generated cash flow.  

In order to account for the dynamic relationship between investment, the 

marginal product of capital and cash flow, I estimate a panel VAR model using 

the three variables. I then calculate impulse responses that capture the direct 

and feedback effect of cash flow and the marginal product of capital on 

investment. The results show that cash flow shocks elicit relatively large 

investment response among small firms, and among single plant, non-

exporting firms. In contrast, shocks of the marginal product of capital induce 

greater response among large firms, and among multi-unit or exporting firms. 
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These results show that investment among small, single unit, non-exporting 

firms is dependent on internal financing sources, indicating the presence of 

financial constraints. The financial market in Ethiopia thus appears to fail in its 

function of allocating capital to the most productive firms. 

1.5   Concluding Remarks 

This thesis presents four studies that try to quantify the effect of resource 

misallocation on aggregate productivity, and to explain it. The results show 

that there is substantial misallocation of resources, although this does not 

appear to be significantly larger in less developed countries. The results 

suggest that the efficiency with which resources are allocated among 

heterogeneous firms has an important effect on aggregate productivity. Thus 

improved economic performance is possible by removing obstacles for 

resource allocation even without technological progress.  

The analysis on the institutional and market forces that drive misallocation 

gives important clues as to how this reallocation benefits can be captured. As 

the third chapter suggests, more flexible labor market regulation is an 

important step towards easing the process of labor reallocation. This appears 

particularly important for industries with greater demand for labor 

adjustment, either because they are expanding or because of structural 

reasons. Naturally, employment protection has non-economic benefits that in 

many circumstances could justify its existence, which could potentially 

compensate for its adverse effect on the reallocation of labor. Future research 

can give more insight on the tradeoff between the gains and losses from 
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employment protection, and particularly on the effects of job security on 

productivity at the micro level.  

The fourth and fifth chapters point to the importance improving financial 

development for facilitating the allocation of capital. It has long been 

recognized that financial development can boost capital accumulation by 

lowering the cost of capital (Beck et al., 2000; Aghion et al., 2005). This thesis 

emphasizes the less-widely-studied reallocation benefit of financial 

development, also called the ‘quality effect’ in the literature (Abiad et al., 2008). 

The fourth chapter shows that a competitive and efficient banking sector is less 

prone to distorting mechanisms of capital allocation such as political 

connections. Moreover, the results show that public availability of financial 

information leads to lower levels of politically motivated lending, thus 

reducing misallocation. The last chapter also highlights that improving the 

efficiency of financial markets is particularly important for the growth of small 

firms. Taken together, these studies indicate the importance of well-

functioning factor and product markets for capturing the benefits of 

reallocation.  

A number of themes in the measurement and analysis of misallocation 

offer interesting avenues for future research. One among them is a closer look 

into the implications of modelling assumptions on measuring the effects of 

misallocation on aggregate TFP. For example, the monopolistic competition 

model of Hsieh and Klenow (2009) that is used in our second chapter is based 

on a production technology with constant returns to scale. Whereas the 

assumption is useful for making the model tractable, it disregards the 

importance of scale differences, which have received greater attention, for 

example, in the trade literature (Melitz, 2003). Bartelsman et al. (2013) provide 
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an alternative modelling approach with fixed costs, which has a more realistic 

property of generating dispersions in marginal products even when there are 

no distortions. Future research can be useful in comparing the validity and 

implications of these and other assumptions.  

As our results also show, the level of misallocation observed in the data is 

not close enough to justify the large TFP gap observed across countries. This 

raises the question of what other factors could explain TFP differences. Two 

recent studies by Jones (2011; 2013) emphasize complimentary and linkages 

that propagate the effect of misallocation, thus reducing TFP substantially. An 

interesting area of future research is the extent to which an industry’s intensity 

of intermediate input use exposes it to greater misallocation due to the 

propagating effect of linkages and complementarities. If the distribution of 

industries in terms of their sensitivity to linkages and complementarities varies 

systematically across countries, this could also have implications on TFP 

differences across countries.   

As indicated earlier, resource misallocation can happen within as well as 

across sectors. Future research can provide more systematic evidence on the 

relative importance of these two elements in total misallocation. Evidence on 

misallocation is particularly lacking for sectors other than manufacturing. 

Finally, a potentially fruitful area for identifying the sources of idiosyncratic 

distortions would be looking deeper into the decision making process of the 

firm. Factors that affect managerial practice such as culture and education can 

be valuable in illuminating how internal factors interact with external forces in 

affecting resource allocation (see Bloom and Van Reenen, 2010). 



 



 

Chapter Two 

The Role of Resource Misallocation in 

Cross-country Differences in 

Manufacturing Productivity* 

 

 2.1   Introduction  

Total factor productivity (TFP) differences are of great importance in 

accounting for income differences across countries (Caselli, 2005; Hsieh and 

Klenow 2010). Under the assumption that TFP measures production 

technology, this would point to the importance of factors such as slow 

technology adoption in less developed countries (Parente and Prescott 1994; 

Comin and Hobijn, 2010). However, measured TFP may reflect not only 

technology but also misallocation of resources caused by distortions in output 

and factor markets1. Since improving the efficiency of resource of allocation 

across firms is likely a very different challenge from improving the technology 

                                                           

* This chapter is based on a joint research work with Robert Inklaar and Marcel 

Timmer. The article version of the chapter has been resubmitted to Macroeconomic 

Dynamics after a revise and resubmit decision. 

1 See e.g. Basu and Fernald (2002), Jones (2011; 2013) and Bartelsman et al. (2013). 
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that firms use, it is important to disentangle these two aspects of measured 

TFP. 

The contribution of this chapter is to determine the importance of resource 

misallocation for cross-country differences in manufacturing productivity. 

Hsieh and Klenow (2009) have demonstrated that eliminating resource 

misallocation across manufacturing plants would lead to larger productivity 

gains in China and India than in the US. In this study, we investigate the 

importance of resource misallocation for a much broader sample of countries. 

We use the World Bank Enterprise Survey (WBES), a standardized survey that 

contains plant-level financial data for a wide range of developing and 

emerging economies. Following the Hsieh and Klenow (2009) methodology, 

we conduct a liberalization experiment to quantify the productivity gains from 

reducing resource misallocation around the year 20052. This is done using data 

for 52 countries that span much of the development spectrum, from a GDP per 

capita level of 0.52 percent of the US level (Democratic Republic of Congo) to 

52 percent of the US level (Slovenia)3. We find that most countries would 

benefit considerably from reducing the degree of resource misallocation to the 

level seen in the US, with an average increase in manufacturing TFP of 62 

percent. 

To put these findings into perspective, we estimate relative manufacturing 

productivity levels, building on and the approach of Herrendorf and 

Valentinyi (2012). Relative TFP is computed as relative value added per 

                                                           

2 The WBES surveys have been held in years varying between 2002 and 2010, so 2005 

is a central year in this range. 

3 According to the Penn World Table (PWT), version 8.0, for 2005 (Feenstra et al., 

2013). Only 37 out of 167 countries have even higher GDP per capita levels. 
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worker divided by relative factor inputs (physical and human capital) per 

worker. To measure relative value added per worker we estimate relative 

output prices, using not just prices of consumption and investment goods but 

also of exports and imports4. Relative factor inputs are computed using data 

on relative wages and rental prices. We find that even if all resource 

misallocation were eliminated, productivity differences would remain 

substantial. The average observed productivity level in our set of 52 countries 

is 23 percent of the US level and this rises to 37 percent after eliminating 

misallocation. While this represents a substantial improvement, the remaining 

large TFP gap indicates that resource misallocation across firms is not 

important enough to explain low productivity levels.  

This result follows from the very low correlation between allocative 

efficiency and TFP, which is close to zero in our data. The finding suggests 

that even countries with (comparatively) high productivity could still benefit 

considerably from measures that stimulate an efficient resource allocation. 

Although the theories of misallocation proposed by Hsieh and Klenow (2009) 

and Bartelsman et al. (2013) illuminate how micro-level distortions have 

negative macro-level implications, the relationship between these distortions 

and macro-level factors such as aggregate TFP is not straightforward. Since 

misallocation is affected by multiple institutional factors, and given the 

heterogeneity of these institutions even among high income countries, the 

relationship between misallocation and aggregate TFP is an empirical 

                                                           

4 This follows an approach similar to Inklaar and Timmer (2012) and is consistent 

with the most recent version of the Penn World Table (Feenstra et al., 2013). 
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question. Our results indicate that although misallocation reduces aggregate 

productivity substantially, it does not vary sufficiently to justify the large TFP 

variation across countries. Other factors are thus more important for 

explaining the large macro-level productivity gap among countries.  

We establish the robustness of these results by considering various 

measurement alternatives for misallocation and for manufacturing 

productivity. We vary assumptions about factor elasticities and the elasticity 

of substitution, both of which are important in the Hsieh and Klenow (2009) 

framework. We also consider different data sources and assumptions for 

manufacturing productivity measurement. Our main findings are robust to 

these measurement alternatives. 

A few remarks are useful in putting these results in a broader context. In 

the terminology of Restuccia and Rogerson (2013) we follow an indirect 

approach, whereby the full gap between marginal costs and marginal 

products of capital and labor is labeled as resource misallocation. This indirect 

approach contrasts with direct approaches, which analyze the role of a specific 

friction – such as financial frictions (Buera et al., 2011) – on resource allocation 

and hence aggregate productivity. Compared to such studies, our approach is 

broader but also less closely tied to specific frictions. Furthermore, by 

attributing the full gap between marginal costs and marginal products to 

misallocation, we may be overstating the importance of misallocation: 

adjustment costs, experimentation by firms with new technologies and 

measurement error are all included as part of misallocation.  

The use of the WBES data is crucial for our analysis because it allows us to 

include a wide range of countries. However, the World Bank’s survey does not 
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capture the informal and smaller formal manufacturing firms since the data 

only covers the formal manufacturing sector with at least 5 employees5. The 

formal sector is certainly interesting, as firms operate in an environment that is 

influenced by the standard labor, capital and output market institutions and 

policies. Indeed, Rodrik (2013) argues that his finding of unconditional 

convergence in formal manufacturing is important as it suggests that a larger 

formal manufacturing sector will help lower-income countries to catch up. At 

the same time, this feature of our data means that we cannot say anything 

about the allocation of resources between the formal and informal 

manufacturing sector. Since the informal sector tends to shrink with higher 

levels of development (e.g. ILO, 2013), this could imply that overall 

misallocation declines with higher productivity and income levels, but this 

cannot be observed using the available international datasets. 

Our focus on within-industry variation between firms also means that we 

ignore between-sector misallocation of the sort emphasized by Vollrath (2009) 

and Fernald and Nieman (2011). Both find that some sectors (agriculture, 

subsidized manufacturing) may employ an inefficiently large part of the labor 

force. Our results for manufacturing may also not be representative for the rest 

of the economy. For instance, Adamopoulos and Restuccia (2014) show how 

distortions to farm size are systematically able to account for part of the cross-

country productivity differences in agriculture. Finally, in the Hsieh and 

Klenow (2009) approach, the underlying production technology of firms is 

considered exogenous, but from the broader literature on productivity (e.g. 
                                                           
5 Note that the results of Hsieh and Klenow (2009) also rely on a dataset that excludes small 

and/or informal firms. 
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Syverson, 2011) we know that firms can and do engage in technology-

enhancing investments, such as spending on research and development. We 

also know that, for instance, financial frictions can lead to sub-optimal 

investment in such long-run projects (Aghion et al., 2010), thus leading to a 

link between factor misallocation and firm technology. Seen in this light, our 

results serve mostly to indicate how important one specific type of 

misallocation is for cross-country productivity and (ultimately) income 

differences. 

In the remainder of this chapter, we first outline the theoretical framework 

of the Hsieh and Klenow (2009) model in section 2.2, before turning to a 

discussion of how we measure manufacturing productivity levels and the 

efficiency of resource allocation in section 2.3. We present the main results in 

section 2.4, sensitivity analysis in section 2.5 and we provide some conclusion 

in the last section. 

2.2   Theoretical Framework 

In order to identify the contribution of misallocation to cross-country 

differences in total factor productivity (TFP), we need measures of both TFP 

and misallocation. Therefore, we first conduct a development accounting 

analysis to evaluate the contribution of TFP to labor productivity differences 

across countries. In the second stage, we identify the contribution of 

misallocation to cross-country productivity differences using measures of 

misallocation based on firm-level data using the model and methodology 

proposed by Hsieh and Klenow (2009). 

When there are perfect factor and product markets, aggregate 

productivity reflects only technological differences across countries. But in the 



The Role of Resource Misallocation in Cross-Country Productivity Differences  25 
 

 
 
 
 
 
 
 

presence of distortions that drive a wedge between the marginal product and 

marginal cost of productions factors, aggregate productivity will also reflect 

resource misallocation (Basu and Fernald, 2002; Fernald and Neiman, 2011). 

Hsieh and Klenow (2009) argue that misallocation of resources between firms 

within industries can be important in explaining TFP differences across 

countries. Applying their model to firm-level data we would be able to write 

actual TFP as a ratio of the level of (hypothetical) efficient TFP (TFP*) and the 

efficiency of  resource allocation (RA). The ratio of TFP in country c relative to 

country k (TFPck) can then be written as follows:  

(2.1) ����� = �����∗ × 	
��	.		 
When the efficiency of resource allocation is equal between the two 

countries, aggregate TFP differences are determined only by what we label as 

technology differences6. Measuring the extent to which misallocation reduces 

aggregate TFP involves: i) calculating the actual level of TFP from plant level 

data; and ii) calculating the hypothetical TFP that would be achieved if there 

were no misallocation - i.e. if marginal products are equalized within 

industries. To illustrate this, we provide a brief sketch of the Hsieh and 

Klenow (2009) model below.  

At the highest level of aggregation, final output Yc, is produced by 

combining output from manufacturing industries Yc,s using Cobb-Douglas 

production technology:  

                                                           

6 Note that the efficiency of resource allocation in Equation 1(2.1) is the inverse of the 

TFP gains metric presented by Hsieh and Klenow (2009). 
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(2.2) � =	∏ ��,����,����� ,            
where θc,s is the value added share of sector s in country c, and S is the total 

number of manufacturing industries. Industry output YS (omitting country 

subscripts for simplicity) is a CES aggregate of MS differentiated products: 

(2.3) � = �∑ �����������  ����, 
where Ysi is a differentiated product by firm i in industry s, and σ is the 

elasticity of substitution. Each differentiated product is produced by firms 

with heterogeneous productivity (A) using labor (L) and capital (K) with Cobb-

Douglas technology: 

(2.4) �� = 
��!��"�#���$"� . 
The main feature of the model is that firms are not only heterogeneous 

with respect to their productivity, as in Melitz (2003), but they also face 

idiosyncratic distortions to their input and output prices. Two types of 

distortions are introduced: output distortions that affect the quantity of 

production while leaving the input mix unaffected, and capital distortions that 

affect the use of capital relative to labor. The output distortion is modeled as a 

tax on production – independent of factor use – because it distorts the 

marginal products of capital and labor in equal proportions. Capital distortion, 

on the other hand, is a form of tax on capital and thus affects the input mix 

decision. Note that both distortions are exogenous and are implied from the 

data as discussed below. 

In this framework, profits depend not only on prices and quantities, but 

also on distortions: 

(2.5) %�� = ���(1 − )*��)�� − ,#�� − (1 + ).��)/!�� , 
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where w is the wage rate, r is the rental price of capital, τysi is output distortion 

and τksi is capital distortion. Profit maximization leads to the standard 

condition that the firm’s output price is a fixed markup over its marginal cost: 

(2.6) ��� = 01 (1 − 1)⁄ 30, (1 − 4�)⁄ 3�$"50/ 4�⁄ 3"50(1 + ).��)"5 (1 − )*��)
��⁄ 3,     
where the term σ/( σ-1) is the markup of prices over marginal costs. In addition 

to factor prices, both output and capital distortions appear in the price 

equation with a positive effect. The marginal revenue product of labor (MRPL) 

and the marginal revenue product of capital (MRPK) are given by the 

respective partial derivatives of the revenue function multiplied by the inverse 

of the markup to correct for rents:  

(2.7) 6	�#�� ≡ 01 − 4�30(1 − 1) 1⁄ 30����� #��⁄ 3 = , (1 − )*��)⁄ . 
(2.8) 6	�!�� ≡ 4�0(1 − 1) 1⁄ 30����� !��⁄ 3 = 0/ (1 + ).��) (1 − )*��)⁄ 3.  

Equations (2.7) and (2.8) show that the marginal revenue products of labor 

and capital are determined not only by the wage rate and the rental price of 

capital but also by distortions. Capital distortions raise only the marginal 

revenue of capital whereas output distortions raise both the marginal revenue 

product of labor and capital. To link the two measures of distortion with 

aggregate productivity, it is important to note the distinction between revenue 

TFP, TFPR, and quantity TFP, TFPQ: TFPQ is a measure of total factor 

productivity after accounting for firm-level price differences, whereas TFPR is 

a measure of productivity that is not separated from price (i.e. ).  

(2.9) ���8�� ≡ 
�� = �� !��"�#���$"�⁄ . 
 

	TFPR =TFPQ×P
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(2.10) ���	�� ≡ ���
�� = ����� !��"�#���$"�⁄ .  
By using price Equation (2.6), TFPR can be expressed as a function of 

distortions and factor prices. Since all distortions are reflected in factor 

marginal products, TFPR can also be alternatively expressed as a function of 

the marginal revenue products of capital and labor: 

(2.11) . 

Equation (2.11) shows that all differences in TFPR within an industry are 

caused by output and capital distortions. Note that no physical productivity 

(TFPQ) term features in the equation, and thus TFPR has no relationship with 

physical/quantity productivity. Although firms with high physical 

productivity (TFPQ) have high revenue productivity by definition (Equation 

(2.10)), they also charge lower prices since they are cost efficient (Equation 

(2.6)). This relationship allows us to use TFPR to capture the effects of both 

types of distortions. Similarly, industry-level revenue productivity TFPRS can 

be shown to be a function of distortions: 

(2.12) , 

where the weighting term 9�� is the output share of firm i in industry s. 

Industry productivity is given by the following Equation: 

(2.13) 
� = :∑ �
�� ���	� ���	��⁄ �;$������ < ����,    

where Asi is physical productivity (TFPQ), and TFPRs is industry-level revenue 

productivity. Without resource misallocation, so if all firms would face zero 
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output and capital distortion, industry-level TFP (Equation (2.13)) would be 

fully determined by firm productivity: 

(2.14)   . 

After aggregating across industries using industry value added, we get a 

country-level measure of the efficiency of resource allocation in manufacturing 

(cf. Equation (2.1)): 

(2.15) 	
� = 
�/
�∗  

2.3   Data and Measurement 

2.3.1   Manufacturing TFP levels 

Computing manufacturing TFP levels requires an estimate of manufacturing 

value added per worker and an estimate of factor inputs per worker. The ratio 

of the two is then manufacturing TFP. Manufacturing value added in national 

currency is available from UN National Accounts data, but to make this 

comparable across countries, we need relative prices of manufacturing 

output7. We assume zero economic profits, so that manufacturing value added 

equals the payments to labor and capital. To make this comparable across 

countries, we need the relative prices of labor and capital and the factor 

elasticities to combine these into an overall factor inputs price.   

                                                           

7 In the appendix, we also detail how the estimation of the number of manufacturing 

workers. 
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i) Manufacturing output prices 

Ideally, relative output price estimates would be based on producer price 

data, but the lack of dedicated survey data means that a variety of approaches 

have been followed in the literature. When focused only on manufacturing, 

some have opted to use exchange rates to compare output from different 

countries, assuming a relative price of one (e.g. Rodrik, 2013). An argument in 

favor of this approach is that many manufactured products are traded and 

thus more exposed to the pressures of the Law of One Price (LOP). But this 

argument is not fully convincing given the systematic deviations from LOP 

even for products that are internationally traded (Feenstra and Romalis, 2012; 

Burstein and Gopinath, 2013) and the very limited trade in some 

manufactured products, such as ready-mixed concrete (Syverson, 2008). 

The main alternative approach is to use relative prices collected as part of 

the International Comparison Program (ICP). These prices form the basis of 

the GDP PPPs disseminated by the World Bank (2008) and are expenditure 

prices of consumption and investment goods and services. Relative output 

prices for manufacturing are then estimated by selecting and combining the 

prices of goods that are made by manufacturing industries, as in Sørensen and 

Schjerning (2008), Van Biesebroeck (2009) and Herrendorf and Valentinyi 

(2012). Given its broad application, it can be seen as the standard approach. 

Yet this standard approach has drawbacks as well. Most importantly, the 

prices of goods consumed or invested domestically do not take into account 

the prices of exported products while the prices of imported goods are 

included. This problem is compounded by relying on the value of 

consumption and investment expenditure to aggregate more detailed prices, 

rather than using the value of output. As detailed in the appendix, we remedy 
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both problems here. We combine ICP data on consumption and investment 

prices and expenditure (used in the standard approach) with data on industry 

output, exports and imports and relative prices of exports and imports from 

Feenstra and Romalis (2012). 

ii) Input prices 

To compute manufacturing productivity levels, we need prices of inputs 

in addition to the price of manufacturing output. Ideally, an overall input 

price index should be compiled using prices of capital, labor and intermediate 

inputs. However, an intermediate inputs price index requires the type of 

detailed input-output data that is mostly missing for the set of countries we 

analyze here. So instead, we assume the price for manufacturing output equals 

the price for manufacturing value added. The results of Inklaar and Timmer 

(2013) for 42 countries provide some support for this assumption. They do 

estimate separate output and intermediate input prices and for manufacturing 

as a whole, the correlation between the output and value added prices is very 

high and their variance is similar8. 

That leaves estimating the relative price of labor and of capital. Estimating 

relative wages is challenging as the aim is to measure the wage of the same 

type of worker in different countries (Ashenfelter, 2012). Differences in 

educational qualifications or differences in occupational composition and 

                                                           

8 The correlation of log output and log value added prices is 0.83, the variance of log 

output prices is 0.048 and the variance of log value added prices is 0.033. In 

comparison, if we apply the current method of computing output prices to the same 

set of countries, the variance of log output prices if 0.037. 
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characteristics can all stand in the way of identifying the ‘same type’. A related 

issue, which is particularly relevant in the current context, is that the ‘same 

type’ of worker may earn a different wage in different sectors9. Finally, we 

want to compare the full cost of employing a worker, labor compensation, 

which includes both the wage they earn as well as any contributions to social 

security or other benefits. Given that our aim is to compare productivity across 

a group of countries that includes a number without an extensive statistical 

infrastructure, we inevitably have to compromise between these goals. 

Our wage measure for the majority of countries is based on the same 

principle as Herrendorf and Valentinyi (2012), namely the country-average 

wage level adjusted for differences in schooling10. The data source for this 

measure is the Penn World Table, version 8.0 (see Feenstra et al., 2013) and this 

wage measures covers all of labor compensation11. For a few countries, we use 

economy-wide wages, not adjusted for differences in schooling. For the 

remainder of countries, we compute the median manufacturing wage from the 

World Bank Enterprise Survey (WBES), based on labor compensation and the 

number of workers of each manufacturing firm. Below, we also show results 

relying solely on WBES wages. From all these sources, we use data for 2005 or 

the nearest available year in case of the WBES. To put the countries on a 

                                                           

9 The variation of marginal products across firms within the same industry is used for 

determining the degree of misallocation. 

10 Herrendorf and Valentinyi (2012) assume that the share of each sector in total labor 

input equals the share in labor compensation, which is equivalent to assuming the 

same wage across sectors. 

11 Specifically, we multiply exchange-rate converted GDP at current prices by PWT’s 

labor share in GDP and divide by the number of workers times the human capital 

index relative to the USA.  
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comparable basis, we use the trend in overall inflation (of the GDP deflator) to 

estimate 2005 wage levels for all countries. 

The relative price of capital input is computed as the relative rental price. The 

concept is based on Hall and Jorgenson (1967), as adapted by Jorgenson and 

Nishimizu (1978) for cross-country comparisons. The relative rental price pk, 

aggregated over A assets, is computed as: 

(2.16)  , 

where >?@ = A@ + BC − DEC@ is the user cost of capital with A@ is the nominal 

interest rate, here taken as the lending rate from the IMF’s International 

Financial Statistics,12 BCis the asset-specific geometric depreciation rate, and DEC@ is the price change of asset a in country j. In this expression, a bar over a 

variable indicates the arithmetic mean across countries. This means that each 

country is compared to a (hypothetical) average country to ensure that the 

resulting relative price measure does not depend on the base country that is 

chosen (see Caves et al., 1982a). 

The use of the lending rate means we rely on an external rate of return. 

The alternative would be to choose the rate of return to exhaust the fraction of 

GDP not paid out as labor compensation. Such an internal rate of return has a 

number of practical drawbacks (see Inklaar, 2010), but more importantly, we 

do not have the data on labor compensation for all countries in the analysis. 

                                                           

12 If the lending rate is missing, the yield on treasury bonds or bills (also from the 

International Financial Statistics) is used. 
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The user cost, relative to the cross-country average, is multiplied by the 

relative investment price EC@� /EC� . The relative rental price is aggregated across 

assets using the share of each asset in capital compensation: 

(2.17) ?C@ = F?C@/	∑ F?C@C , where F?C@ = >?C@EC@� !C@ 
where !C@ is the capital stock of asset a in country j. Capital stocks, asset 

deflators and deprecation rates are the same as used for the Penn World Table, 

version 8.0, and these data are described in detail in Inklaar and Timmer 

(2013). Capital stocks are built up from investment by asset using the 

perpetual inventory method, based on time series going back as far as 1950. 

These investment series are partly taken from the OECD National Accounts 

database and EU KLEMS, and partly estimated based on ICP expenditure data 

and the commodity flow method. 

The relative rental price defined in Equation (2.16) depends on a wide range of 

data: capital stocks by assets, proper deflators, and interest rates in addition to 

relative prices of investment goods and may thus be sensitive to measurement 

errors in any of these. As we show below, though, the final results are not 

sensitive to whether we use our preferred rental price measure or a simpler 

measure of relative investment prices, weighted using investment shares w: 

(2.18)  . 

iii) TFP calculation  

The last piece of information we need for computing relative productivity 

is elasticity parameters for weighting the prices of labor and capital. We 

assume that the output elasticities of capital and labor are well-approximated 

by their US cost share. This reflects the Hsieh and Klenow (2009) model, 
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whereby variations in observed factor shares relative to (assumed) output 

elasticities reflect misallocation of resources13. We use the cost shares as 

published by the US Bureau of Labor Statistics (BLS) as part of the Major 

Sector Multifactor Productivity. Those data show that the share of capital 

income in manufacturing value added is 40.6 percent, with the remainder 

going to labor. The BLS capital share also covers capital income from land and 

inventories, so it represents the full contribution of capital to value added14. 

Note that this capital share is higher than the 33 percent of Valentinyi and 

Herrendorf (2008, Table 1) based on the 1997 US Input-Output table. This is in 

part due to the increase in the capital share between 1997 and 2005, from 37.4 

to 40.6 percent in the BLS data. This is in line with the evidence of an increase 

in the US capital share of Elsby et al. (2013) and fits the broader global upward 

trend of the capital share, that is analyzed in Karabarbounis and Neiman 

(2014). Further differences could be due to the focus of Valentinyi and 

Herrendorf (2008) on income shares in producing manufacturing products 

rather than on income shares of firms in manufacturing, which is a more 

natural unit of analysis for our purposes. 

                                                           

13 Besides Hsieh and Klenow (2009), Restuccia and Rogerson (2008) and Fernald and 

Nieman (2011) also use US cost shares as a (relatively) undistorted measure of output 

elasticities. 

14 Under the assumption that non-agricultural land represents a constant fraction of 

24% of the fixed reproducible capital stock, following the estimate of World Bank 

(2006), the relative input level is not affected. 
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2.3.2   Measuring misallocation  

The main data source for this analysis is the World Bank’s Enterprises Survey 

(WBES), an ongoing survey that collects firm-level data worldwide. The major 

advantage of the WBES survey is that data collection is conducted 

systematically using standardized survey instruments. The dataset thus 

provides comparable data that is unique in its extensive country coverage. 

Sampling for the WBES is conducted using stratified sampling procedure to 

ensure representativeness. First, the number industry groups to be covered 

across each major sector (services, manufacturing and non-agriculture primary 

activities) is determined. For manufacturing, industry grouping is based on 2-

digit ISIC classification. The number of industry groups to be covered in each 

country is determined according to the size of the total economy which is 

taken as a proxy for the universe of firms.  

Once the number of industries is decided, industry groups that contribute 

relatively more to the total economy in terms of total production or 

employment are selected. In the second stage, a sampling equation is used to 

determine a representative sample size per industry group. The sample size is 

decided with the aim of arriving at a representative sample for the proportion 

of firms and the average sales in the industry. Finally, further stratification is 

made based on firm-size and geographical location to select the firms that are 

covered by the survey15.  

It is important to note that the sample frame consists of formal 

manufacturing firms with at least 5 employees. Since the smallest formal firms 

                                                           

15 A full description of the sampling procedure can be found at: 

www.enterprisesurveys.org/methodology. 
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and all informal manufacturing firms are excluded from our analysis, our 

calculations of misallocation might be significantly lower than the overall 

resource misallocation in manufacturing. Reliable data on the number of 

workers in the informal sector is still scarce and this is true to an even larger 

extent for the contribution of the sector to GDP. Existing evidence (ILO, 2013) 

suggests the informal sector often employs more than half the work force, 

even when excluding agriculture. On the other hand, the share of the informal 

sector to GDP is typically smaller. For example, in India the informal sector 

employs about two-thirds of all workers outside agricultural, but contributes 

only 46 percent of (non-agricultural) GDP. Similarly, in Columbia the 

employment share is 52 percent, but the value added shares only 32 percent. 

So this raises the possibility of a sizeable misallocation of resources between the 

formal and informal manufacturing sector. However, as our results show, 

even eliminating resource misallocation within the formal manufacturing 

sector would yield substantial productivity gains. Furthermore, firms in the 

formal manufacturing sector are bound by the official institutions and policies 

regarding labor, capital and output markets, so any reforms to those 

institutions and policies would directly affect the misallocation measures we 

estimate. 

Data collection started in 2002 and different countries have been covered 

in subsequent years. Panel data is available for some countries; however, the 

country coverage of the panel dataset is limited. For the analysis in this study, 

we construct a cross-section dataset for coverage of a maximum number of 
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countries. When multiple years of data are available for a country, we use data 

for the year with the largest number of firm observations.  

We started compiling the cross-section data by removing non-

manufacturing firms and observations with missing or incomplete data on 

total production, cost of intermediate inputs, capital stock and labor inputs. 

Market value of production is not available for most firms, and so the more 

widely available data of total sales is used. Value added is measured as the 

difference between sales and the cost of intermediate inputs. Cost of 

intermediate inputs is calculated by adding up three major cost categories: 

energy consumption (fuel, electricity and other energy costs), cost of raw 

materials and overhead and other expenses. To account for differences in 

hours worked and human capital, we use labor cost rather than employment 

as a measure of labor inputs. Loss-making firms with negative value added 

were removed. Then we remove outliers that are likely to be measured with 

error and can also significantly influence the measures of misallocation. For 

this purpose, we follow Hsieh and Klenow (2009) and remove the top and 

bottom percentiles of the two types of distortions as well as of total factor 

productivity (TFPQ) within each country dataset. 

Once the data is cleaned, a number of industries end up with too few valid 

observations compared to the original sample in which no cleaning is made. 

The largest loss of data is caused by lack of capital stock data. To make sure 

that the final sample is not too different from the original sample, which is 

designed to be representative, we exclude industries if they have fewer than 

five observations, or if the number of usable observation is less than half the 

number of original observations. 
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The exclusion of certain industries in this way leaves many countries with 

too few observations. We exclude all countries which have fewer than 40 

observations, and whose sample in terms of coverage relative to the original 

sample is less than 40%. While the decision for the cut-off point is rather 

arbitrary, it ensures the exclusion of countries in which the final dataset is not 

likely to be representative. This leads to a final dataset of 52 countries with a 

total of 20,378 plants. 

Table (2.A2) in the appendix lists the countries covered in our dataset and 

the number of firm observations per country. The average sample size across 

countries is close to 400, although there is also large difference in sample size 

across countries. Whereas large countries such as India, Brazil and China have 

well above a thousand observations, smaller ones such as Estonia and 

Swaziland have only around 40 observations. The dataset covers 52 countries 

with a median per capita GDP $3,164 in 2005 (in PPP-converted US dollars 

from PWT 8.0)16. The country with the highest income is Slovenia ($21,967) 

and the one with the lowest income is the Democratic Republic of Congo 

($221). 

2.3.3   Measures of misallocation 

A number of parameters are required to calculate the efficiency of resource 

allocation as given by Equation (2.15). First, we need to specify values for the 

wage rate and the rental price of capital in order to measure the marginal 

products of labor and capital. For every country in the dataset, we set the 
                                                           

16 This compares with a median level of GDP per capita of $6,573 across all 167 

countries in PWT. 
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wage rate to the average value of the observed wage rate among firms within 

the country.  For all countries, we set the rental price of capital r to 0.10, 

assuming a real interest rate of 5% and a depreciation rate of 5% as in Hsieh 

and Klenow (2009). Incorrectly measuring the wage rate and the rental price of 

capital does not affect our measures of TFP gap. This is because the error will 

be reflected in the marginal products of labor and capital of all firms, thus 

affecting the distortion of all firms in equal amount.   

Second, we need to assign a value for the elasticity of substitution (σ) 

among products. As can be seen from the formula for TFP in Equations (2.13) 

and (2.14), the elasticity of substitution affects the level of actual and efficient 

industry TFP and hence the TFP gap. Again, we follow Hsieh and Klenow 

(2009) and choose an elasticity parameter of 3, 17 though we also experiment 

with the higher value of 5 in the sensitivity analysis. 

Finally, benchmark values of the output elasticity of capital and labor are 

required in order to measure distortions. It is necessary to apply similar 

industry-specific elasticity parameters for all countries in our dataset in order 

to get comparable measures of distortions and TFP gap. These benchmark 

elasticity parameters should come from data that are not distorted and thus 

reflect the true characteristics of each industry’s technology. Again following 

the precedence of Hsieh and Klenow (2009), we use elasticity parameters from 

the relatively less distorted US economy as benchmark values. Table (2.A3) in 

the appendix provides the elasticity parameters used for our analysis at 2-digit 

level industrial classification.  

                                                           

17 Based on the median elasticity of substitution estimated by Broda and Weinstein 

(2006) for the most recent period of time of 3.1. 
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Once these parameters are determined, output and capital distortions can 

be computed based on the model. Using the definition of MRPL from 

Equation (2.7), the output distortion of a firm is measured as the gap between 

its labor share (multiplied by the markup to adjust for rents) and the labor 

share of a representative US firm in the same industry:  

(2.19) . 

If a firm faces a high MRPL, this will show up as a low labor share in 

value added for a given wage rate. This lowers the ratio of the firm’s labor 

share to the labor share of the representative US firm, reflecting a high output 

distortion. Using the definitions of MRPL and MRPK given by Equations (2.7) 

and (2.8), the capital distortion is computed from the gap between the firm’s 

capital-labor ratio and the capital-labor ratio of the US industry-representative 

firm: 

(2.20) . 

The implication here is that if a firm has a lower capital-labor ratio 

compared to the US industry benchmark, it is facing higher capital distortions. 

Based on the Cobb-Douglas technogy assumed in Equation (2.3), firm-level 

productivity is measured as: 

(2.21)  
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This equation enables us to measure physical productivity (TFPQ) by 

deriving quantities from revenues using a demand function that establishes 

the relationship between quantity and prices. The exponent in the numerator 

of Equation (2.21) is the derviation of the elasticity parameter that is used to 

convert revenues to quantities. Once productivity and distortions are 

calculated, we are able to measure the efficiency of resource allocation as the 

ratio of observed to the (undistorted) efficient TFP.  

2.4   Analysis 

This provides us with all the necessary inputs to determine the role of resource 

allocation in manufacturing productivity differences. To first provide some 

perspective on the role of manufacturing productivity differences, Figure (2.1) 

plots our measure of manufacturing TFP against manufacturing value added 

per worker for the 52 countries in our analysis18. The graph shows that TFP is 

strongly correlated with manufacturing labor productivity. Croatia (HRV) and 

Slovenia (SVN) have the highest level of TFP, with 80% and 65% of US values 

respectively, whereas Burundi (BDI) has the lowest level of TFP which is just 

4% of the US level. The graph also shows that the variation in observed labor 

productivity is much larger than the variation in TFP levels, as indicated by 

the scale of the axes. The variation in TFP levels is approximately one-third of 

the variation in value added per worker. In other words, part of the variation 

in value added per worker can be accounted for through the variation in factor 

inputs per worker. The relative variation of TFP compared to the variation in 

labor productivity is broadly comparable to results for the aggregate economy 

for the same year, 2005 (see Feenstra et al., 2013). This result is in line with the 

                                                           

18 The TFP results by country are shown in Table (2.A2) in the appendix. 
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finding of Herrendorf and Valentinyi (2012) that the variation in 

manufacturing TFP is of a similar magnitude as the variation in economy-wide 

TFP. 

Figure 2.1: Manufacturing TFP and labor productivity relative to the US  

 

Notes: See Appendix Table (2.A2) for the country names corresponding to the 

acronyms. The drawn line is the ordinary least squares regression line. 

We now consider the efficiency of resource allocation and how this affects 

observed TFP differences. Figure (2.2) presents the first result by comparing 

observed TFP with efficient TFP, i.e. the TFP level that would be attained if all 

distortions are removed. This hypothetical TFP is calculated as a ratio of actual 

TFP to allocative efficiency (cf. Equation (2.1)), whereby the latter is taken from 

the calculation indicated by Equation (2.15). This figure illustrates that TFP 

gains from removing distortions are substantial, with the average TFP level 
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relative to the US increasing from 23 to 37 percent when misallocation is 

removed. Stated differently, this result indicates that actual TFP in our sample 

is on average 62% lower than it would have been if allocative efficiency were 

at the US level. However, regardless of this potential gain from reallocation, 

TFP gaps with respect to the US remain large to all but a few countries. To 

illustrate, in the observed TFP data only four countries have a TFP level that is 

½ of the US level or higher, while after removing distortions, 12 countries pass 

this level19. So while removing distortions would be beneficial for 

productivity, this would not – by itself – be enough to eliminate productivity 

differences. 

                                                           

19 Indeed, Croatia (HRV) would even reach a TFP level that is 37 percent higher than 

in the US. That specific finding, though, is sensitive to the precise wage and rental 

price data used. 
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Figure 2.2: Observed and efficient TFP (USA=1) 

 

Note: See Appendix Table (2.A2) for the country names corresponding to the 

acronyms. 

Figure (2.2) already hints at the second result, namely that the potential 

gains from removing distortions are not clearly related to the observed TFP 

level. This is illustrated more specifically in Figure (2.3), which plots observed 

TFP against the efficiency of resource allocation. The figure shows that there is 

no systematic relationship between the efficiency of resource allocation and 

observed TFP levels (correlation: 0.02). In other words, the poorest countries 

do not gain most from improving the efficiency of resource allocation. The 

corollary of this finding (cf. Equation (2.15)) is that efficient TFP levels are 

highly correlated with observed TFP levels (0.92). Moreover, the large 

differences in the axes of the Figure show that variation in allocation efficiency 
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is very small compared to the large variation in TFP. The data shows that the 

variance of allocative efficiency (in log form) is less than one-fifth of the 

variance in the log of TFP. We next show that these two results are robust to 

alternative measures of manufacturing productivity and the efficiency of 

resource allocation. 

Figure 2.3: Manufacturing TFP and the efficiency of resource allocation 

  

Note: see Appendix Table A2 for the country names corresponding to the acronyms. 

The drawn line is the ordinary least squares regression line. 

2.5   Sensitivity Analysis 

Our first result (cf. Figure (2.2)) is that efficient TFP levels are much higher 

than observed TFP levels, but that substantial TFP differences remain. To 

assess the sensitivity of this result, we consider three alternative approaches to 

determining efficient TFP levels by changing some of the assumptions in the 

Hsieh and Klenow (2009) model. In the first alternative, we allow output 
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elasticity parameters to vary across countries and industries instead of using 

benchmark technology parameters from the US. For each country-industry 

pair, the average labor share across firms is used as the output elasticity of 

labor and the output elasticity of capital is calculated as one minus the share of 

labor. In the second alternative, we consider the more extreme case whereby 

firms within the same industry could adopt different production structures, 

for example due to lack of access to technologies, and thus end up with 

different optimal levels of capital intensity. In this case, our measure of 

misallocation could overestimate the actual level of misallocation since 

technological differences are wrongly treated as capital distortions. By 

allowing the optimal capital/labor ratio to be firm-specific, efficient TFP only 

differs from observed TFP due to output distortions. The third alternative is to 

the change the elasticity of substitution (σ) from three to five20. Assuming a 

higher elasticity implies higher output distortions (cf. Equation (2.19)), 

implying that liberalization leads to a larger reallocation of inputs and a larger 

TFP gain from such reallocation. 

Table (2.1) presents the results for the various alternative efficient TFP 

levels and shows that the baseline increase in TFP levels, from an average of 23 

to 37 percent, is fairly conservative. Relying on country-specific elasticities 

leads to larger gains, both at the mean and the 25th and 75th percentiles. This is 

                                                           

20 This is still well within the range of empirical estimates, see Broda and Weinstein 

(2006) and Feenstra and Romalis (2014). On the other hand, those estimates are based 

on exported and imported products and it is conceivable that the average elasticity of 

substitution is smaller when also including many products that are not (intensively) 

traded. 
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because country-specific capital shares are on average higher, giving greater 

weight to capital distortions. Allowing for firm-specific optimal capital/labor 

ratios leads to lower gains, since only output distortions remain. Finally, a 

higher elasticity of substitution leads to much larger gains, as indicated above. 

For each of these alternatives, though, large differences in efficient TFP levels 

remain. Taking the most extreme alternative, assuming σ=5, more than 

doubles average TFP levels – from 23 to 52 percent of the US level. However, 

even here the 75th percentile is at two-thirds of the US level, which means that 

large productivity differences remain for a substantial majority of countries. 

Table 2.1: Observed and alternative efficient TFP levels (USA=1) 

Mean 25th percentile 75th percentile 
Observed TFP 0.23 0.13 0.33 
Efficient TFP    

Baseline 0.37 0.20 0.47 
Country elasticities 0.43 0.22 0.54 
Firm K/L ratio 0.31 0.16 0.39 
σ=5 0.52 0.26 0.68 

Note: Averages and percentiles are computed across 52 countries. See the main text 

for an explanation of the alternatives. 

For our second result, namely the lack of a systematic relationship 

between (log) observed TFP and (log) efficiency of resource allocation, we 

consider the four misallocation measures from Table (2.1), as well as a range of 

alternative observed productivity level estimates. This was less relevant in the 

first sensitivity analysis as the average observed TFP level varies between 17 

and 26 percent and the efficient TFP levels would thus vary in a similar range 

as that observed in Table (2.1). We consider five alternative series of observed 

TPF levels: 
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1. Rather than relying on a mix of sources on relative wages, we use the 

observed median wage from WBES for all 52 countries21. 

2. Rather than using relative rental prices (Equation (2.16)) to estimate factor 

inputs per worker, we use relative investment prices (Equation (2.18)). 

3. Rather than incorporating relative prices of exported and imported goods, 

we only use relative prices of consumption and investment (as in e.g. 

Herrendorf and Valentinyi, 2012) for estimating relative value added per 

worker. 

4. Rather than using estimates of industry relative output prices, value added 

per worker is converted to a common currency using exchange rates (as in 

e.g. Rodrik, 2013). 

5. Rather than using the US cost shares of capital and labor, we use the 

median cost share from the WBES data for each country22. 

Table (2.2) shows the correlation between observed TFP levels and 

observed efficiency of resource allocation for each combination of alternative 

misallocation and observed TFP series. The 0.02 correlation in the top left cell 

was illustrated above, in Figure (2.3). All other correlations are similarly small, 

with no correlation significantly different from zero at even the 10 percent 

level. This outcome is not surprising as both the alternative TFP levels and the 

alternative misallocation measures are highly correlated with the baseline 

series (0.79 and higher). 

                                                           

21 Using the mean rather than the median wage does not lead to different results. 

Using wage data from UNIDO also does not lead to different results. 

22 Using a common capital share of 33 rather than 40 percent, as is typical in the 

development accounting literature, does not lead to different results. 
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Table 2.2: Correlation between observed TFP and the efficiency of resource 

allocation 

  
Baseline 

allocation 
Country 

elasticities 
Firm K/L 

ratio 
σ=5 

Baseline observed TFP 0.02 0.08 0.01 -0.08 
Alternative:     
1. Median WBES wages 0.05 0.10 0.12 -0.03 
2. Investment prices -0.03 0.02 -0.10 -0.11 
3. Only domestic prices 0.04 0.09 0.03 -0.06 
4. Exchange rates 0.06 0.11 0.10 -0.03 
5. Country-specific elasticities 0.06 0.10 0.08 -0.04 

Notes: see the main text for an explanation of the alternatives. No correlation 

coefficient is significantly different from zero at the 10 percent level or better. 

Correlations are computed based on the log-transformed TFP and log-transformed 

efficiency of resource allocation series, as in Figure (2.3). 

2.6   Conclusion 

In this study, we have used firm-level survey data in combination with new 

estimates of relative productivity levels in manufacturing to analyze the role 

of resource misallocation in productivity for a set of 52 developing and 

emerging economies. By applying the Hsieh and Klenow (2009) model of 

resource misallocation to a broader set of countries and relating these to 

observed productivity levels, we have provided new evidence on the 

importance of resource misallocation relative to other factors influencing 

observed sector productivity. Regarding the scope of this analysis, it is useful 

to note that the measure of resource misallocation we use here is a broad one, 

potentially picking up the effects of not only distortions to resource allocation 

but also of factors such as failed experimentation with new technology by 

firms. It is also unclear to what extent our findings for manufacturing can be 

generalized to resource misallocation within other sectors. The study also  
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focusses on the formal manufacturing sector, and does not take into account 

the efficiency of resource allocation between formal and informal sectors. 

The first result of this study is that resource misallocation leads to 

substantially lower productivity levels in manufacturing across a wide range 

of developing and emerging economies. If resources were allocated efficiently, 

the marginal cost of capital and labor would equal the marginal product in all 

firms in an industry, allowing the more productive firms to grow at the 

expense of their less-productive counterparts. In this hypothetical efficient 

setting, the productivity gap relative to the United States would shrink 

substantially, but at the same time large productivity gaps would remain: the 

average manufacturing productivity level would increase from 23 to 37 

percent of the US level. Resource misallocation across firms, within industries 

is thus important yet they not the sole factor in explaining low productivity 

across developing and emerging economies. This suggests a role for slow 

technology adoption, human capital externalities, misallocation of resources 

across sectors or any of the other factors that have been associated with 

productivity in the literature. 

This also has an important bearing on our second main finding, that the 

efficiency of resource allocation and observed productivity levels are 

essentially uncorrelated in our sample of countries. This means that the least-

productive countries are not necessarily the ones with most to gain from more 

efficient resource allocation. Our indicator of the efficiency of resource 

allocation thus has high information content, ranking countries in a way they 

would not be ranked using more commonly used measures of economic 
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performance. As a consequence, the productivity levels that would prevail if 

all resource misallocation were eliminated are highly correlated with observed 

productivity levels. This is a helpful outcome, as it implies that any variable 

that correlates with observed productivity can safely be assumed to relate to 

actual productivity since that correlation is not picking up the effect of 

resource misallocation. 
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2.A   Data Appendices 

Estimating industry output prices 

The challenge to accurately estimating manufacturing output prices can best 

be illustrated in a supply and use framework. Suppose that there are A =1,… ,H  manufactured goods that can be used for final consumption and 

investment or as intermediate inputs. Furthermore, there is a set of countries I = 1,… , J. Our aim is to compare the price of manufacturing output in 

country j relative to another country k. If we would have data on the output 

value and prices of individual products i, an estimate of the relative price of 

manufacturing output would only require aggregating over the relative prices 

of the individual products, denoted by . The Törnqvist index is such an 

aggregator function and a flexible one (Diewert, 1976; Caves et al., 1982b):23 

(2.A1)      
 

Equation (2.A1) states that the log relative price of manufacturing output 

is equal to the weighted-average relative output price of individual products, 

where the weight is the share of each product in overall output, averaged 

across the two countries under comparison. When the comparison is across 

more than two countries, the final index would depend on the choice of base 

country k. To avoid this, Caves et al. (1982a) proposed comparing each country 

not to an actual country but to a (synthetic) average country: 

                                                           

23 A flexible aggregator function is a second-order approximation to an arbitrary 

twice differentiable linearly homogeneous function. 
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(2.A2)   ,  

where the upper bar indicates an arithmetic average across countries. This 

approach is typically referred as the GEKS method and is used by the OECD, 

Eurostat and World Bank in their relative price computations24. 

The problem in implementing Equation (2.A2) is that we do not have 

reliable data on relative industry output prices for a large sample of countries, 

and especially not for developing economies. To see how results based solely 

on the commonly-used expenditure prices are related to the relative output 

prices, consider the equality between the value of supply and use: 25 

(2.A3)  . 

Here q denotes domestic final demand, x is exports, z is intermediate 

demand, y is output and m is imports. As expressed in Equation (2.A3), the 

value of the supply of each product (shown on the right-hand side) should 

equal to the value of its demand (on the left-hand side). Next consider prices 

 for goods i in each country j. In this general setting, we 

allow the price to differ according to each source of supply or use destination. 

Next we sum across all products and rearrange:
 

(2.A4)    

The left-hand side shows the total value of manufacturing output, which 

consists of the sum of domestic final demand, domestic intermediate demand 

                                                           

24 The only difference is that those organizations would use a Fisher index, rather 

than Törnqvist. 

25 Ignoring net taxes on products, which should be added to the right-hand side. 
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and exports, and subtracts imports. Equation (2.A4) implies that the relative 

price of manufacturing output can be either measured directly, as in Equation 

(2.A2), or indirectly using prices of domestic final and intermediate demand 

and export and import prices. The indirect alternative to the direct approach of 

Equation (2.A2) can be expressed as:  

(2.A5)   , 

where , the share of domestic final expenditure in the value 

of output of each product, averaged between country j and the arithmetic 

mean of shares across all countries, analogous to the definition of . The 

other ’s are defined analogously. 

Equation (2.A5) allows us to relate the standard approach, which relies 

solely on relative prices of domestic final expenditure q to this more 

comprehensive approach. The standard approach is only valid if either all 

relative prices are equal to each other or if the share of domestic final 

expenditure in total output is equal to one. In the more-common case where 

the share is less than one, another potential bias is when the share of a product 

in domestic final expenditure, , is used rather than the share in 

output, . 

For a broad group of countries, we have implemented a modified version 

of Equation (2.A5). Specifically, we use data on relative prices of domestic final 
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expenditure from the 2005 ICP round, which covers 146 countries. We 

supplement that with data on relative prices of exports and imports from 

Feenstra and Romalis (2014). Data on prices of domestic intermediate demand 

are not separately available and we deal with this in two ways. First, part of 

domestic intermediate demand is supplied from foreign sources, i.e. imports. 

As imports of intermediate inputs have no (direct) bearing on output prices of 

domestic producers, imported intermediates can be excluded from the set of 

intermediate products and imports in Equation (2.A5). Second, we assume that 

the price that producers charge to domestic final users is equal to the price 

charged to domestic intermediate users, so  Also, we assume that 

relative purchaser prices of domestic final expenditure are equal to relative 

producer prices. In other words, we assume that the trade and transportation 

margins are equal across countries. Relaxing this stringent assumption would 

require detailed input-output tables, which are missing for many of the 

countries we analyze (see also the discussion below). These assumptions lead 

to the following modified version of Equation (2.A5):	 
(2.A6)    

where  denotes the share of domestic intermediate demand in output 

and  the imports of products for final demand. By implementing Equation 

(2.A6), we resolve an issue in the literature that has long been known, but 

never resolved in a satisfactory manner (see e.g. Hooper, 1996). As discussed 

in Herrendorf and Valentinyi (2012, 330), the price of final demand,  reflects 

the price of domestically produced goods and of imports, which are produced 

using ‘world market’ technology. The fact that certain products are imported 
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rather than domestically produced suggests that domestic technology is at 

least no better than world market technology. This effect would imply that the 

variation in  will be lower than the variation in . At the same time, 

following the logic of the Melitz (2003) model, only the most-productive firms 

in an economy will export and their prices would have to be competitive in 

world markets. Which of these effects dominates is hard to say ex ante, so it 

requires implementing Equation (2.A6). 

This implementation requires not only data on relative prices, but also on 

output, domestic (final and intermediate) demand, exports and imports (of 

final products) by manufacturing product. For most advanced economies and 

a growing number of emerging economies, such information is available from 

input-output tables. However, such data is not available for many of the 

countries we analyze here. We therefore constructed a dataset by combining 

industry output data from UNIDO, export and import data from Comtrade 

and domestic final expenditure data from ICP. This requires detailed matching 

across different product classifications, dealing with missing data and 

reconciling conflicting data, all of which is discussed in more detail below. 

Input-output and employment data construction 

Implementing Equation (2.A6) requires data for the left-hand side and 

right-hand side of Equation (2.A6). This means we need data on the value of 

(gross) output for individual products and total manufacturing and 

information on domestic demand, export demand and imports of final 

products for the same products. With sufficiently detailed input-output tables 

for each country analyze, this would be fairly straightforward. However, those 

	p
q
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y
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are not available for the large majority of countries so we combine and 

reconcile the data sources that are available. For output data we use the 

UNIDO INDSTAT databases, for domestic final demand we use the ICP basic 

heading expenditure data and for exports and imports we use the UN 

Comtrade database. Note that we have no independent information on 

domestic intermediate demand, so we compute it as a residual. 

Product/industry classification and correspondences 

The product/industry classification that we use distinguishes 14 

manufacturing industries that together comprise all of manufacturing and is 

based on the ISIC revision 3 classification system, see Table (2.A1). This is also 

the classification used in the World Input-Output Database (WIOD) and 

represents a compromise between a detailed view of manufacturing and limits 

to data availability. 

Much of the gross output data is already available in the ISIC rev. 3 

classification. Where the previous, revision 2, system is used, the official 

correspondence table is used26. The export and import data are collected 

according to the SITC revision 2 system. The correspondence between SITC 

and ISIC (both rev. 2) is from Muendler (2009). 

 

 

 

                                                           

26 For the United Nations classification registry and the official correspondence tables, 

see: http://unstats.un.org/unsd/class/. 
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Table 2.A1: Product/industry classification 

Product/Industry ISIC rev. 3 code 
Food, beverages and tobacco 15-16 
Textiles, textile products and wearing 
apparel 

17-18 

Leather and leather products 19 
Wood, paper, printing and publishing 20-22 
Petroleum and coal products 23 
Chemicals, rubber and plastics 24-25 
Non-metallic mineral products 26 
Basic and fabricated metal products 27-28 
Machinery 29 
Electronic and optical equipment 30-33 
Transport equipment 34-35 
Miscellaneous manufacturing 36-37 
 

The ICP basic heading expenditure data are allocated to manufacturing 

industries based on category names. So, for example, all food products (rice, 

fresh milk, sugar, etc.) are allocated to the ‘Food, beverages and tobacco’ 

industry. Given that the ICP categories are organized by consumption or 

investment purpose, this means that the correspondence is not precise. The 

main problem with precision is the investment category ‘metal products and 

equipment’, which includes investment in metal products (27-28), machinery 

(29) and electronic and optical equipment (30-33). To avoid a biased allocation, 

we use the share of imported investment goods to split up this expenditure 

category. 
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Gross output data 

As mentioned earlier, we rely on the UNIDO INDSTAT database for data 

on industry gross output. Where available, we use data for 2005 from the 2012 

INDSTAT4 database (based on ISIC rev. 3). However, this covers only 29 of 

the 52 countries. For a further 16 countries, there is data in either the 2012 

INDSTAT4 or the 2006 INDSTAT3 (based on ISIC rev. 2) database but for an 

earlier or later year. Mostly, the data are for a year in the 2000s, but in a few 

cases we have to go back further. We use information on value added in total 

manufacturing from the UN National Accounts Main Aggregates Database to 

put the data on a comparable 2005 basis27. 

For the seven countries that have never been covered in UNIDO, we use 

the following estimation procedure. For most industries, the output share in 

total manufacturing does not systematically vary with income level and for 

these we start off with the median cross-country output share. For five 

industries – food, metal, machinery, electronics and transport equipment – 

there is such a relationship, with the importance of the food industry declining 

with (the log of) GDP per capita and the other four increasing.  For these five 

industries we compute the predicted share given the income level. The shares 

are then normalized to sum to one. The shares are then multiplied by total 

manufacturing output, which is based on value added from the UN National 

Accounts Main Aggregates Database and the median value added to gross 

output ratio across countries. 

                                                           

27 This assumes that the shares of each industry in manufacturing output is 

unchanged and that the ratio of manufacturing value added to gross output is 

unchanged. 
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Import data 

As discussed in the main text, imports should only cover imports of 

products for final demand. To make this distinction, we use the Broad 

Economic Classification (BEC), which groups traded products by final use. 

This allows us to exclude BEC categories that are typically used as 

intermediates: materials, parts, etc. We apply the distinction used in the World 

Input-Output Database (WIOD) and classify BEC categories 111, 121, 21, 22, 

31, 322, 42 and 53 as intermediate products and exclude these from the import 

data (see the UN classification registry for details on the individual codes). 

Balancing input-output data 

We have data on gross output from UNIDO, exports and imports from 

Comtrade and domestic final expenditure from ICP and ideally these would 

be internally consistent without further adjustments. However, it turns out 

that often imports would exceed domestic final expenditure or that output is 

smaller than exports plus domestic final expenditure minus imports. 

Inconsistencies when mixing sources is not uncommon when compiling 

National Accounts (see e.g. Heston, 1994, or Lequiler and Blades, 2006) and 

can be due to measurement error, incorrect product correspondence and 

differing concepts. As an example of the latter issue, UNIDO’s gross output 

refers only to the formal manufacturing sector, but domestic final expenditure 

also covers consumption from informal firms. Similarly, domestic final 

expenditure is valued at purchaser prices, which includes product taxes, trade 

and transportation margins; gross output is at basic or producer prices; 

exports is valued fob (free on board) and imports are cif (cost, insurance, 
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freight). Especially the inclusion of product taxes, trade and transportation 

margins in domestic final expenditure overestimates the size of domestic final 

expenditure relative to the other flows. Country-specific input-output tables 

would (again) be needed to fully resolve this, but in their absence we use 

information from the US input-output tables. Those tables indicate that 

expenditure on manufacturing products at producer prices is approximately 

half of expenditure a purchaser prices, with cross-industry variation between 

about 40 and 60 percent. 

In balancing step 1, we multiply domestic final expenditure by one half. In 

step 2, we reduce imports to be no larger than domestic final expenditure. 

Data for 40 countries from the WIOD confirms that this constraint holds when 

input-output tables are available. This adjustment affects about 37 percent of 

the country/industry pairs in the countries we analyze. This is a substantial 

share of observations requiring adjustment, but if we follow the same 

procedure for WIOD countries, the share of imports in domestic supply shows 

a correlation of 0.54 with the actual input-output data, compared to a 

correlation of -0.03 when the adjustment is not made28. 

In step 3, we ensure that industry gross output covers at least exports plus 

domestic final expenditure minus imports, i.e. domestic intermediate demand 

is equal to zero. This adjustment affects 35 percent of the country/industry 

pairs. We could assume that margins make up less than half of domestic final 

expenditure, which would lead to a smaller number of observations needing 

                                                           

28 Even for the WIOD economies, where data is of arguably higher quality in many 

cases, measurement error, classification mismatches, etc. lead to imports being larger 

than domestic final expenditure in more than 20 percent of country/industry pairs 

using the ICP and Comtrade data. 
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adjustment in step 2. However, that would lead to many more adjustments in 

step 3, so we struck this balance. More in general, this balancing procedure 

gives greatest weight to the data on domestic final expenditure as the 

composition of expenditure across industries is left intact. This implies that 

any differences between our preferred approach and the standard approach – 

aggregating domestic final expenditure prices using shares in domestic final 

expenditure – are not (artificially) driven by the balancing choices we make 

but instead by the differences in the prices of domestic final expenditure, 

exports and imports. A further reassuring result is that if WIOD data is used 

directly, rather than our constructed data, the final manufacturing output 

price levels never differ by more than one percent for the group of countries 

we consider here. 

Price aggregation 

Prices of domestic final expenditure, exports and imports are all given at a 

greater level of detail than the 14 industries we analyze. The same 

Törnqvist/GEKS procedure outlined in Equation (2.A2) is used to aggregate 

the more detailed prices to the level of the 14 industries. At that point, using 

the balanced input-output data, Equation (2.A6) can be applied to compute 

aggregate manufacturing relative price levels. 

Employment data 

To estimate the number of manufacturing workers in each country, we 

draw on a number of sources. For 10 of the 52 countries, the UN National 

Accounts, Official Country Data provides data on the number of workers 

(employees and self-employed) in manufacturing. For an additional 20 
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countries, the ILO publishes employment data. For a further 13 countries, the 

World Bank’s World Development Indicators (WDI) publishes the share of 

workers in industry, a sector that includes workers in mining, utilities and 

construction in addition to manufacturing workers. We estimate the share of 

manufacturing in industry value added using UN National Accounts value 

data and apply this to estimate the share of manufacturing workers in 

industry. For the nine countries where no direct employment data is available 

we regress the share of manufacturing workers in total employment on the 

share of manufacturing value added in GDP. We apply the predicted share 

from this regression to the remaining nine countries. For all countries, we used 

total employment from the Penn World Table (PWT) version 8.0 as a control 

total. 
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Table 2.A2: Main results and data description by country  

 
Country  Code Year Obs. TFP* TFP RA 

1 Angola AGO 2006 148 0.31 0.22 0.71 
2 Argentina ARG 2010 514 0.29 0.26 0.90 
3 Azerbaijan AZE 2009 62 0.25 0.20 0.79 
4 Bangladesh BGD 2007 1,199 0.12 0.09 0.74 
5 Bolivia BOL 2006 162 0.29 0.18 0.62 
6 Botswana BWA 2006 71 0.31 0.16 0.51 
7 Brazil BRA 2003 1,360 0.66 0.41 0.62 
8 Bulgaria BGR 2007 347 0.63 0.22 0.35 
9 Burundi BDI 2006 71 0.06 0.04 0.64 
10 Chile CHL 2010 562 0.79 0.48 0.61 
11 China CHN 2003 1,203 0.26 0.18 0.70 
12 Colombia COL 2010 508 0.41 0.35 0.85 
13 Congo, DR COD 2006 123 0.22 0.12 0.55 
14 Croatia HRV 2007 199 1.38 0.80 0.58 
15 Ecuador ECU 2006 182 0.25 0.18 0.71 
16 Egypt EGY 2004 538 0.41 0.21 0.51 
17 Estonia EST 2009 40 0.87 0.54 0.62 
18 Ghana GHA 2007 243 0.10 0.07 0.72 
19 Guinea GIN 2006 78 0.06 0.06 0.97 
20 India IND 2002 1,563 0.34 0.21 0.62 
21 Indonesia IDN 2003 329 0.15 0.15 0.97 
22 Iraq IRQ 2011 405 0.54 0.27 0.50 
23 Kenya KEN 2007 364 0.42 0.19 0.45 
24 Lao PDR LAO 2009 99 0.18 0.12 0.66 
25 Madagascar MDG 2009 88 0.13 0.08 0.64 
26 Malawi MWI 2005 118 0.20 0.10 0.49 
27 Malaysia MYS 2002 562 0.84 0.38 0.45 
28 Mali MLI 2007 232 0.21 0.15 0.70 
29 Mauritania MRT 2006 57 0.25 0.25 1.01 
30 Mauritius MUS 2005 86 0.90 0.45 0.50 
31 Mexico MEX 2010 928 0.90 0.54 0.60 
32 Moldova MDA 2009 53 0.21 0.13 0.61 
33 Mongolia MNG 2009 99 0.15 0.12 0.78 
34 Morocco MAR 2004 691 0.44 0.34 0.78 
35 Mozambique MOZ 2007 240 0.50 0.13 0.26 
36 Namibia NAM 2006 56 0.54 0.37 0.69 
37 Nepal NPL 2009 59 0.09 0.06 0.64 
38 Nigeria NGA 2007 849 0.21 0.14 0.67 
39 Pakistan PAK 2002 670 0.28 0.08 0.29 
40 Peru PER 2010 443 0.43 0.34 0.79 
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Country  Code Year Obs. TFP* TFP RA 

41 Philippines PHL 2003 526 0.21 0.14 0.68 
42 Senegal SEN 2007 194 0.20 0.16 0.79 
43 Serbia SRB 2009 69 0.45 0.33 0.74 
44 Slovenia SVN 2009 56 0.74 0.65 0.88 
45 South Africa ZAF 2007 591 0.58 0.44 0.76 
46 Sri Lanka LKA 2004 298 0.39 0.19 0.49 
47 Swaziland SWZ 2006 42 0.25 0.18 0.71 
48 Tanzania TZA 2006 207 0.12 0.10 0.81 
49 Thailand THA 2004 1,242 0.20 0.16 0.79 
50 Uganda UGA 2006 232 0.29 0.17 0.58 
51 Vietnam VNM 2005 1,055 0.10 0.09 0.87 
52 Zambia ZMB 2007 265 0.17 0.14 0.83 

Notes: ‘Year’ indicates the year in which the WBES survey that we use was conducted; 

‘Observations’ indicates the number of firm observations used; ‘TFP*’ is efficient TFP without 

misallocation; TFP is observed TFP, ‘RA’ is resource allocation efficiency (in all cases USA=1). 

The relationship between A, A* and RA is given by Equation (2.1). 
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Table 2.A3: Elasticity parameters for measuring misallocation  

 Industry (ISIC Code) Capital share Labor share 
15 0.489 0.511 
17 0.306 0.694 
18+19 0.234 0.766 
20 0.180 0.820 
21 0.422 0.578 
22 0.346 0.654 
24 0.569 0.431 
25 0.381 0.619 
26 0.311 0.689 
27 0.365 0.635 
28 0.290 0.710 
29 0.281 0.719 
31 0.338 0.662 
32 0.305 0.695 
34+35 0.234 0.766 
36 0.291 0.709 

Source: Bureau of Labor Statistics (BLS), averaged over the years 2002-2010.  

Notes: For a few countries in the WBES dataset, the 2-digit industrial classification of 
industries with ISIC codes 21-22, 25-26 and 27-29 is not known beyond that level of 
aggregation. In these cases, the average value of the share of labor and capital for the 
respective 2-digit ISIC industries is used.  

 

 

Table 2.A4: Comparison of misallocation calculations with results from Hsieh 

and Klenow (2009)  

 Hsieh and Klenow (2009) Current study 
China 86.6 103.0 
India 127.5 130.1 

Notes: The data used for analysis in the four calculations refer to different years. The 

calculations of this study are based on the WBES dataset from the year 2003 for China and 

2002 for India. The calculations by Hsieh and Klenow (2009) reported here are based on 2005 

data for China and 1994 data for India, which are the latest years covered in their dataset.   
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Chapter Three 

Employment Protection and 

Misallocation of Resources across Plants: 

International Evidence* 

 

3.1   Introduction 

Although the effect of employment protection on aggregate productivity is 

getting increasing attention (Bassanini et al., 2009), establishing the 

relationship between the two is difficult for many reasons. An important 

challenge stems from the fact that employment protection affects aggregate 

productivity via two different channels that are potentially contradicting. 

Firstly, employment protection affects technological change and technical 

efficiency by influencing the incentive of the firm to invest in new technologies 

and on the motivation of workers to learn new production techniques. The 

relationship in this regard is unclear since both theoretical and empirical 

evidence shows that the effect of employment protection on innovation and 

                                                           

* The research in this chapter has been resubmitted to CESifo Economic Studies journal 

after a revise and resubmit decision.  
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worker motivation is ambiguous1. Secondly, employment protection induces 

misallocation by distorting the process of labor reallocation across plants, 

ultimately reducing aggregate productivity. The majority of existing studies 

do not distinguish between these two separate effects since they rely on 

aggregate productivity data.    

This study focuses exclusively on the effects of employment protection on 

resource misallocation across plants. An emerging literature, recently 

reviewed by Restuccia and Rogerson (2013) in a special release of the Review of 

Economic Dynamics, asserts that misallocation of factors of production 

substantially reduces aggregate productivity. An influential paper by Hsieh 

and Klenow (2009) documents the presence of significant within-industry 

dispersions in the marginal products of labor and capital in China and India. 

This dispersion is relatively lower in the US, implying that distorting policies 

and institutions in China and India induce resource misallocation across 

plants. Restuccia and Rogerson (2008) use a growth model to show that 

misallocation of resources across heterogeneous plants can substantially lower 

aggregate productivity. These and other recent studies (Alfaro et al.,  2009; 

Bartelsman et al., 2013; Kamal and Lovely, 2012) underscore the need to 

understand the sources of resource misallocation across plants is order to 

explain productivity differences across industries and countries.   
                                                           

1 Belot et al. (2002) argue for a positive effect of employment protection on worker 

motivation whereas Ichino and Riphahn (2005) provide evidence to the contrary. The 

evidence regarding innovation is similarly mixed. Bartelsman et al. (2010) suggest 

that employment protection could discourage firms from investing on high-risk 

technologies and Saint-Paul (2002) also shows that countries with rigid labor 

regulation will specialize in non-innovative products. On the other hand, Koeniger 

(2005) argues that high dismissal cost pushes incumbents to innovate and increase 

productivity in the short run in order to avoid costly labor adjustments.  
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Theoretical models show that employment protection can induce resource 

misallocation by reducing the ability of firms to adjust their labor in response 

to demand and technological shocks. Hopenhayn and Rogerson (1993) show 

that, by creating a wedge between the marginal product and marginal cost of 

labor, dismissal cost reduces employment and lowers labor productivity. 

Lagos (2006) similarly demonstrates how higher dismissal cost can reduce 

aggregate productivity2. Several empirical studies also document the negative 

effect of employment protection on job flows and worker reallocation 

(Haltiwanger et al., 2008; Kugler and Pica, 2008; Micco and Pagés, 2006; Martin 

and Scarpetta, 2012). 

In spite of the clear theoretical prediction, there is limited empirical 

evidence on the effect of employment protection on resource misallocation 

across plants. The main contribution of our analysis is providing the first 

empirical evidence on the effect of employment protection on resource 

misallocation across plants in several countries3. Misallocation is measured 

                                                           

2 Some theoretical studies look into the interactions between employment protection 

and other institutions. Kambourov (2009) uses a general equilibrium model to show 

how employment protection slows down the inter-sectoral reallocation of labor after 

a trade reform. Boedo and Mukoyama (2012) show that differences in dismissal cost 

and entry restrictions are important in explaining cross-country differences in 

aggregate productivity. Poschke (2009) studies how employment protection lowers 

productivity by reducing labor reallocation and firm exit. Garicano et al. (2012) find 

that size contingent employment protection lowers output in France. 

3 Using aggregated, industry-level data for several countries, Caballero et al. (2013) 

find that employment protection leads to greater deviations from optimal labor use. 

However, their measure of deviation from optimal employment is not specifically 

related to misallocation across plants, and does not have a clear link with aggregate 
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using the dispersion (standard deviation and interquartile range) of the 

marginal product of labor and total factor revenue productivity across plants 

within an industry. Theoretical studies have indicated that the dispersion of 

marginal products and productivity can be used as summary measures for the 

level of misallocation across plants (Hsieh and Klenow, 2009). Greater 

dispersion of productivity and marginal products in an industry implies 

substantial unrealized gain in aggregate productivity caused by the failure to 

reallocate resources from less productive to more productive firms (Ito and 

Lechevalier 2009; Syversson, 2004).    

The analysis in this study is based on data from the World Bank’s 

Enterprise Surveys (WBES) dataset, which provides detailed plant-level data 

for several countries that is collected using standardized survey instruments. 

The dataset used for analysis in this study covers close to 30,000 

manufacturing plants in 91 countries. The industry-level measures of 

dispersion that are computed from the plant-level WBES dataset are then 

combined with country-level dismissal cost data from the World Bank’s 

Employing Workers dataset, which is also extensive in its country coverage. 

Dismissal cost is measured in standardized form as the number of weeks of 

salary that employers are required to pay as severance payment upon 

dismissing redundant workers.  

A related contribution of our analysis is related to the uniquely extensive 

coverage of the WBES and Employing Workers datasets. Due to lack of 

                                                                                                                                                                                     

productivity. In contrast, this paper studies misallocation of resources across 

heterogeneous plants, which has a clear link with aggregate productivity. Other 

studies look into the effects of employment protection on labor adjustment in a single 

country (Eslava et al., 2004;  Petrin and Sivadasan, 2013).  
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comparable data for employment protections and productivity, the focus of 

the existent literature is largely confined to OECD countries, which limits the 

generalizability of the evidence (Caballero et al., 2013). In contrast, the dataset 

used here covers a large number of developed and developing economies, 

which exhibit great variation in the level of employment protection. The large 

country coverage of this dataset makes it possible to exploit the great cross-

country variation in dismissal cost to explain misallocation.  

The results show that dismissal cost has a significant positive effect on 

misallocation after several confounding institutional factors such as the level 

of competition and financial development are controlled for. In order to 

identify the channel through which employment protection affects 

misallocation, I test if the effect of employment protection is higher in 

industries with greater demand for labor adjustment. First, I use inherent 

differences across industries in terms of layoff rate due to technological and 

demand structures as a measure of labor adjustment demand (as in other 

studies such as Bassanini et al., 2009 and Cingano et al., 2010). Using 

difference-in-difference estimation strategy, I show that the effect of 

employment protection on misallocation is significantly higher in industries 

with higher layoff rate. In addition, I find that employment protection 

increases misallocation significantly more in industries with large positive or 

negative sales growth rates, revealing that its effect is bigger in dynamic 

industries with greater labor adjustment demand. These results conform to the 

view that employment protection imposes an institutional adjustment cost that 

reduces the reallocation of resources across plants. The results are robust to 
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multiple sensitivity tests including instrumental variable estimation, using 

alternative proxies of labor adjustment demand, controlling for various 

aspects of employment protection, and using alternative measures of 

misallocation.    

The rest of the chapter is organized as follows. Section 3.2 describes the 

empirical methodology including the measurement of misallocation and the 

regression framework. Section 3.3 discusses data and measurement issues, and 

provides descriptive results for the measures of misallocation and 

employment protection. Section 3.4 provides the baseline regression results. 

Section 3.5 presents a number of sensitivity tests and section 3.6 concludes the 

chapter.  

3.2   Empirical Methodology 

This section introduces the measures of misallocation and describes the 

empirical methodology used for testing the effect of employment protection 

on misallocation.  

3.2.1   Measures of misallocation  

This subsection motivates the use of dispersions of the marginal (revenue) 

product of labor (MPL) and total factor productivity of revenue (TFPR) as 

indicators of misallocation of resources across plants. The main analysis in the 

study is based on the standard deviations of the logs of MPL and TFPR across 

plants within industries. However, I also conduct robustness tests using the 

interquartile range, which is less sensitive to outliers. 

Assuming a price-taking firm with Cobb-Douglas production technology, 

the marginal (revenue) product of labor (MPL), is defined as follows:                                                        
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(3.1)										6�# ≡ E LM8M#N = OE L8#N				, 
where p is output price, Q is quantity of output, L is labor input, and β is the 

output elasticity of labor that varies across industries and countries but is the 

same for plants within the same industry4.  

Previous studies have looked into differences in MPL that are measured 

under these assumptions to impute implicit distortions that induce 

misallocation (Restuccia and Rogerson, 2008; Hsieh and Klenow, 2009; Kamal 

and Lovely, 2012). Compared to the market wage rate, larger values of MPL 

reveal that the firm is under-employing labor whereas smaller values indicate 

that the firm is overemploying labor. Large dispersion in the marginal product 

of labor across plants thus imply significant unrealized gain in output caused 

by the failure to reallocate labor from plants with smaller marginal products to 

those with higher marginal products.  

In the spirit of the misallocation literature, I interpret within industry 

dispersions in the marginal product of labor as results of misallocation. In 

Hsieh and Klenow (2009), for example, any deviation from the average wage 

rate (,P) is modeled as an outcome of market distortions. Hence 6�#� ≡OE(8� #�⁄ ) = ,P(1 + )�) where )� is the idiosyncratic distortion firm i is facing, 
                                                           

4 Our measures of dispersion are unaffected if we make the alternative assumption 

that firms operates in a monopolistic market as is often done in the misallocation 

literature (Hsieh and Klenow, 2009). If firms face a demand curve with a constant 

elastcity,  MPL takes the following form: 6�# ≡ Q(R∗S)QT = (1 + 1$�)O RST  where 1 = (M8/M�)�/8 < −1	is the price elasticity of demand. Since MPL in Equation (3.1) 

is a constant fraction of the MPL of a monopolistic firm, dispersions based on the log 

forms of both measures of MPL will be identical.   
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which can be further decomposed into sub-components. Larger marginal 

products thus imply larger distortions that lower firm size. For example, Hsieh 

and Klenow (2009) and Kamal and Lovely (2012) report that state owned 

enterprises in China have lower marginal products of labor, implying that 

they get implicit labor subsidy.   

In the current setting, )� can be considered an outcome of a random 

exogenous productivity or demand shock that pushes the firm’s marginal 

product above or below the market wage rate. It is possible to re-write the 

above equation as 6�#� (1 + )�)⁄ = ,P  and re-define )� > −1  as demand shock. 

In a frictionless market, a firm with a positive realization of demand shock will 

respond by hiring additional workers until its marginal product falls to the 

level of the market wage rate, and vice versa. After all firms readjust their 

labor, marginal products become equal to the wage rate so that there are no 

dispersions of marginal products. If labor adjustment costs are high relative to 

the shock, certain firms could find it unprofitable to adjust their labor inputs. 

For example, high dismissal cost could force a firm facing a negative 

realization of demand shock to keep its workers although their MPL has fallen 

below the wage rate. The higher the dismissal cost, the smaller becomes the 

proportion of firms that will find it profitable to fire redundant workers, and 

hence the greater the dispersion in observed marginal products. Other things 

constant, an industry in which labor adjustment cost is higher will have a 

greater dispersion of marginal products5.  

                                                           

5 In reality, dispersions in marginal products could arise for a number of other 

reasons than institutions that raise adjustment costs. Even in competitive markets 

such as the US economy, studies document substantial dispersion of marginal 

products and productivity (Syverson, 2011; Foster et al., 2001). Apart from data and 
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Besides affecting the allocation of labor, employment protection can also 

have an additional effect of inducing capital misallocation in so far as capital 

and labor are substitutes. Therefore, I use the dispersion of total factor 

productivity, which also captures misallocation of capital, as a second measure 

of misallocation. Under Cobb-Douglas technology and constant returns to 

scale assumption, revenue productivity is defined as follows:   

(3.2)										���	 ≡ E8#X!�$X				, 
where K is  capital stock.   

Although I simply refer to it as productivity, TFPR is different from 

physical productivity since revenues are used to measure output rather than 

physical output (Foster et al., 2008). Hence TFPR is the product of output 

prices and physical productivity. Hsieh and Klenow (2009) show that, in a 

monopolistic competition setting, the firm’s TFPR is proportional to the 

geometric mean of its marginal products of labor and capital. Therefore, TFPR 

captures distortions that affect the marginal products of both capital and labor, 

which makes it a composite measure of input misallocation. Intuitively, large 

values of TFPR imply that the firm is unable to increase its output due to 

distortions that affect its ability to increase its inputs. Therefore, high 

dispersions of TFPR reflect arbitrary distortions that lead to substantial 
                                                                                                                                                                                     

measurement problems, this shows that non-policy factors such as sunk costs, 

market power, and the process of learning-by-doing among new entrants could 

induce productivity dispersions (Syverson, 2004). However, an important thesis in 

the misallocation literature is that, in spite of these differences, higher dispersions in 

marginal products are associated with greater market distortions that induce 

misallocation (Hsieh and Klenow, 2009; Restuccia and Rogerson, 2008). 
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misallocation of inputs. Hsieh and Klenow (2009) also provide a framework 

that shows how misallocation, measured as the variance of TFPR, has a 

negative effect on aggregate productivity.  

It is worthy to point out that the dispersions of MPL and TFPR are 

calculated among firms within two-digit ISIC industrial classifications. This is 

broader than the more detailed industrial classification used in previous 

studies that measure misallocation for one or a few countries (Syverson, 2004; 

Hsieh and Klenow, 2009). An important concern in this case is that differences 

in production techniques and demand conditions among sub-industries could 

lead to variations in wage rate. To the extent firms are heterogeneous and 

products differentiated, this argument might also apply within narrow 

industrial groups. To address this issue, labor input in this chapter is 

measured using labor compensation rather than number of workers or hours 

worked since it properly accounts for differences in wages reflecting human 

capital. The dispersions of MPL and TFPR calculated thus will not attribute 

differences in wage premia related to labor quality as distortions; for example, 

if a firm pays its workers twice more than its competitor because they are 

twice as productive, our measure of MPL will show that both firms have the 

same level of marginal productivity6. Moreover, relative to number of 

workers, labor compensation has the advantage of properly reflecting 

differences in intensity of labor use or hours worked.  

Moreover, dispersions of TFPR and MPL within two-digit industrial 

groups could capture not only distortions but also structural factors (e.g. 

differences in relative factor use across sub-industries). However, this point is 

                                                           
6 The same approach is followed by Hsieh and Klenow (2009) for measuring the marginal 

product of labor and TFPR. 
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relevant only if input use across sub-industries tends to differ systematically 

across countries. If misallocation is overstated by similar proportions across 

countries, dispersions of MPL and TFPR within two-digit industries would 

still reasonably reflect differences in misallocation. To address this issue, I also 

carefully compare the results between the dispersion of revenue productivity 

(TFPR), which accounts both for capital and labor inputs, and the dispersion of 

the marginal product of labor (MPL), which is based only on labor use. 

3.2.2   Regression framework  

Existing studies analyze the effect of employment protection on productivity 

using aggregate industry-level data and firm-level data, mostly from OECD 

countries. Among the studies that rely on aggregate data, Bassanini et al. 

(2009) document the negative effect of dismissal regulation on productivity 

growth using industry-level panel data of OECD countries. Besley and 

Burgess (2004) find that pro-worker employment protection legislations are 

associated with lower output, employment, investment, and productivity in 

formal manufacturing across Indian states. The obvious disadvantage of using 

aggregate data is that it masks the effect of employment protection both on 

technological change and on misallocation across plants. The results are thus 

difficult to interpret, especially given the possibility that employment 

protection could positively affect innovation or workers’ productivity. 

Studies that use micro-level data, on the other hand, can directly test the 

effect of employment protection on firm productivity and job flows. Cingano 

et al. (2010) show that employment protection reduces value added per worker 

and investment among European manufacturing firms. They also find that 
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dismissal regulations lower productivity growth in industries where layoff 

restrictions are more likely to be binding. Autor (2006) shows that the 

adoption of restrictive employment laws in US states had a negative effect on 

job flows and productivity among firms. While these micro-based studies can 

uncover how employment protection affects firm productivity, they disregard 

its effect of inducing misallocation across plants7.  

This study, in contrast, focuses on misallocation of resources across plants 

that have clear theoretical link with aggregate productivity. Due to the 

extensive country coverage of the plant-level WBES dataset, within-industry 

measures of dispersion can be calculated for a large number of countries. This 

allows us to investigate the effect of cross-country differences in employment 

protection on misallocation using country-industry data. I use the following 

cross-sectional empirical methodology: 

(3.3)				6YZ@� = 4([��) + 9(\�) + 	]� @̂� + _@� 		,		 
where the subscripts j and c are industry and country indices respectively. MIS 

refers to misallocation, measured as the within-industry dispersion of MPL or 

TFPR. EP is employment protection, in this case the cost of dismissing 

redundant workers. The vector X includes a set of country-level control 

variables that are discussed in the following subsection. The vector D denotes 

industry dummies that capture industry-specific demand and technological 

                                                           

7 An exception in this regard is the literature that documents the negative effect of 

employment protection on job flows and worker reallocation (Haltiwanger et al., 

2008; Kugler and Pica, 2008; Micco and Pagés, 2006; Martin and Scarpetta, 2012). In 

spite of its focus on labor allocation, this literature is principally descriptive since 

there is no clear-cut theoretical link between job flows and aggregate productivity. 

Moreover, these studies are largely confined to a few OECD countries.  
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differences that can potentially affect the dispersion of marginal products. 

These include, for example, fixed entry costs that reduce competition, or the 

level of product differentiation that gives firms market power (Syverson, 

2004).  

If higher dismissal cost slows down the allocation of workers from less 

productive to more firms, other things constant, this leads to greater 

dispersion of marginal products and productivity. Therefore, the coefficient of 

interest, 4, is expected to have positive sign.  

Equation (3.3) is useful for estimating to what extent employment 

protection affects misallocation. However, it is not informative regarding the 

specific channel through which this effect is realized. Therefore, I consider an 

interaction effects model in order to test the hypothesis that employment 

protection induces misallocation by increasing the cost of labor adjustment. If 

the hypothesis is true and employment imposes an ‘institutional’ cost for 

adjusting labor, its effect will be larger in industries with greater demand for 

labor adjustment. In this study, I consider two sources of differences in labor 

adjustment demand among industries.  

Firstly, I look into exogenous differences among industries in their 

demand for adjusting their labor inputs. Studies have shown that there are 

systematic and significant differences across industries in their demand for 

labor adjustment measured in terms of job flow rate, worker reallocation and 

layoff rate. The ranking of industries based on these measures is also 

consistent across countries (Haltiwanger et al., 2008; Micco and Pagés, 2006). 

The potential reasons for this empirical regularity could be differences in 
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technological structure, the nature of demand shocks, and variations in size 

among firms (Haltiwanger et al., 2008). For example, the nature of demand in 

some industries could entail larger demand volatility, whereas the 

technological structure may determine the necessary level of specialization of 

workers or the substitutability of different worker types. These and other 

factors could induce differences in the ease with which labor can be adjusted 

across industries8.  

In this study, I follow Bassanini et al. (2009) and use the concept of layoff 

propensity which gauges the extent to which industries depend on layoffs to 

adjust their labor9. To test if dismissal cost has larger effect on industries with 

higher layoff rate, I estimate the following regression model:  

(3.4)				6YZ@� = O�[�� ∗ #abcdd@� + 	]� @̂� + 	e( �̂) + _@� 		,		 
where Layoffj is the benchmark layoff propensity that varies across industries, 

but not across countries. @̂ and �̂ are respectively vectors of industry- and 

country-effects dummies. Since industries with higher layoff propensity will 

be most affected by employment protection, the expected sign of O in the 

regression model for the interaction effect of layoff propensity is positive. 
                                                           

8 For example, textile industries experience frequent demand shocks due to changes 

in fashion and preferences, which could increase their demand for labor adjustment 

(Micco and Pagés, 2006).  

9 Bassanini et al. (2009) argue that layoff propensity is the most relevant proxy of labor 

adjustment demand compared to other alternatives such as workflows and 

employment turnover because it has a direct relation to dismissal cost. They find that 

dismissal cost has significantly larger negative effect on productivity growth in 

industries that have higher layoff propensity. A number of studies also document that 

employment protection has greater effect on the performance of industries with 

inherently greater labor adjustment demand (Micco and Pagés, 2006 and Cingano et 

al., 2010). 



Employment Protection and Misallocation of Resources 83 

 
 
 
 
 
 
 

Equation (3.4) is the standard difference-in-difference estimation strategy 

that exploits variations across industries and countries while removing all 

differences across industries and countries through the inclusion of dummy 

variables. Given multiple sources of institutional heterogeneity across 

countries, the inclusion of country effects is an important step for reducing 

potential omitted variable problems.  

As a benchmark for layoff propensity, I use the average percentage ratio 

of annual layoffs to total employment in US industries, which is taken from 

Bassanini et al. (2009). This variable is measured at the level of 2-digit ISIC 

codes, and is expected to capture inherent differences in reliance on layoffs 

across industries. Since the US has the least restrictive employment protection 

legislation, US data is believed to reflect inherent industrial features better 

than data from other countries. Bassanini et al. (2009) argue that industry 

rankings by layoff rate are consistent across countries and over time, implying 

that differences in layoff rate are inherently exogenous. For sensitivity test, I 

also use a binary form of US layoff rate and alternative layoff rate taken from 

UK data.   

In addition to layoff propensity, I also consider labor adjustment demand 

differences induced by output growth. Industries that are growing fast are 

likely to have greater need for hiring workers, and hence to be affected 

significantly more by employment protection. Since sales growth varies 



84  Chapter 3 

significantly across countries and industries, it offers a source of variation that 

can be used for testing the effect of employment protection on misallocation10.  

However, the relationship between labor adjustment demand and sales 

growth is not linear since sales growth can be positive or negative. Demand 

for labor adjustment is high when sales growth is large and positive (i.e. when 

the industry is booming) and when it is large and negative (i.e. when the 

industry is shrinking). Therefore, the effect of employment protection on 

misallocation is expected to be higher in expanding and shrinking industries. I 

use the following specification to test this hypothesis: 

(3.5)			6YZ@� = O�[�� ∗ g/c,hℎ@�j� + k�[�� ∗ g/c,hℎ@�� + B�g/c,hℎ@�j� 			+ 9�g/c,hℎ@�� 			+ ]� @̂� + 	e( �̂) + _@� 	,		 
where Growthjc is the rate of sales growth in industry j and country c.  

The interaction term between the measure of employment protection and 

the square of sales growth reflects the non-linear relationship between sales 

growth and labor adjustment. The coefficient of interest, O, is expected to be 

positive implying a U-shaped relationship between sales growth and the 

marginal effect of employment protection. Given that labor adjustment 

demand is high in expanding and shrinking industries, the marginal effect of 

employment protection is expected to be higher in industries with large 

                                                           

10 Since sales growth and sales volatility are positively correlated across industries 

(Imbs, 2007), this approach is equivalent to testing the hypothesis that industries with 

greater sales volatility are affected more by employment protection. Micco and Pagés 

(2006) show that employment protection reduces job reallocation significantly more 

in industries with high sales volatility since a larger share of firms have labor 

adjustment demand in these industries. Cuñat and Melitz (2012) use the same notion 

to show that countries with more flexible labor markets are more likely to specialize 

in sectors that exhibit greater demand volatility. 
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positive and negative sales growth rates. Note that both sales growth and its 

squared term are included to capture their direct effect on misallocation.  

For estimating Equation (3.5), I use sales growth rate at country-industry 

level from the INDSTAT database (UNIDO, 2012). This variable is the best 

proxy for labor adjustment demand due to output expansion within an 

industry. Unfortunately, detailed industry data is available for relatively small 

number of countries, considerably reducing the number of observations 

available for analysis. Therefore, I check the sensitivity of the results using 

alternative proxies such as the proportion of plants within each country-

industry that reported sales growth and the average size of industries.  

3.2.3   Control variables  

In order to isolate the effect of employment protection on misallocation in 

Equation (3.3), it is necessary to control for a number of institutional factors 

that could affect misallocation. This subsection briefly discusses four 

institutional factors with such an effect.  

i) Barriers to external competition. Exposure to external competition because 

of openness to trade and foreign direct investment can enhance allocative 

efficiency. As highlighted by the seminal work of Melitz (2003) trade openness 

intensifies competition and increases aggregate productivity by allowing more 

productive firms to expand and the least efficient firms to exit. There is also an 

extensive empirical literature supporting the reallocative effect of trade and 

FDI. In this paper, trade openness is measured using trade intensity, 

calculated as imports plus exports in real prices expressed as a percentage of 
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GDP using data from the Penn World Table dataset (Feenstra et al., 2013). In 

addition, I control for net FDI inflows as a percentage of GDP, taken from the 

World Development Indicators database.      

ii) Barriers to domestic competition. Regulatory constraints that discourage the 

entry of new firms can exacerbate misallocation. A large literature studies the 

economic consequences of regulatory entry barriers in the form of high 

registration costs and licensing restrictions (Djankov et al., Boedo and 

Mukoyama, 2012).  As a measure of entry barriers, I use the number of 

procedures that newly entering firms have to complete in order to register 

officially. This indicator was originally developed and used as a proxy of entry 

regulation by Djankov et al. (2002). 

iii) Financial frictions. Financial frictions are among the most widely studied 

determinants of misallocation (Restuccia and Rogerson, 2013). The level of 

financial development in a market can affect allocative efficiency in two ways. 

Firstly, efficient financial intermediation increases firm entry by lowering the 

cost of financial capital, thus intensifying competition and forcing inefficient 

incumbents to exit. Secondly, well-developed financial markets are more 

capable at identifying profitable firms and reallocating capital towards them, 

thus reducing misallocation. To control for differences in financial 

development, I use a proxy of credit availability, measured as domestic credit 

extended for the private sector as a percentage of GDP (Beck et al., 2010).  

iv) Quality of regulation.  The extent to which employment protection 

legislation is put to practice could vary across countries, depending on the 

quality of enforcing and regulating institutions. Caballero et al. (2013) and 

Micco and Pagés (2006) find that the efficiency of labor allocation is lower in 
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countries where employment protection is more likely to be enforced. To 

account for this, I control for an indicator of regulatory quality taken from the 

World Bank’s Governance Indicator’s database.  

3.3   Data and Measurement 

3.3.1   The WBES dataset 

The main data source for our analysis is the World Bank’s Enterprises Survey 

(WBES) dataset. The WBES is an ongoing project that collects firm-level data 

worldwide. The major advantage of the WBES dataset is that it is collected 

systematically using standardized survey instruments. The dataset thus 

provides comparable data that is unique in its extensive country coverage. 

Sampling for the WBES is conducted using stratified sampling procedure to 

ensure representative coverage. First, the number of industry groups to be 

covered across each major sector (services, manufacturing and non-agriculture 

primary activities) is determined. For manufacturing, industry grouping is 

based on 2-digit ISIC classification. The number of industry groups to be 

covered in each country is determined according to the size of the total 

economy which is taken as a proxy for the universe of firms. Once the number 

of industries to be covered is decided, the largest industry groups in the 

economy, in terms of contribution to output and employment, are selected. 

In the second stage, a sampling equation is used to determine a 

representative sample size per industry group. The sample size is chosen to 

achieve representativeness for the proportion of plants and the average sales 
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in the industry. Finally, further stratification is made based on firm-size and 

geographical location to select the plants that are covered by the survey11.  

Data collection started in 2002 and different countries have been covered 

in subsequent years. Panel data is available for some countries; however, the 

country coverage of the panel dataset is limited. The analysis in this paper is 

performed using a cross-section dataset that includes the largest number of 

available observations for each country. When multiple years of data are 

available for a country, the year for which the largest number of observations 

are available is selected12.  

I started compiling the cross-section data by removing non- 

manufacturing plants, and observations with missing or incomplete data for 

the essential variables, i.e. sales, intermediate inputs, labor cost and, when 

relevant, book value of capital stock. Similarly, loss-making plants with 

negative value added are removed. Then I remove outliers that are potentially 

measured with error and hence can significantly influence the measures of 

misallocation. Outliers in this case are defined as the top and bottom 

percentiles of the marginal product of labor (MPL) and total factor revenue 

productivity (TFPR) within each country-industry group. In addition, I 

remove 30 industries for which the interquartile range for the log of MPL has 

values above three since the substantial dispersion suggests that data for these 

industries is likely to be measured with error.  
                                                           

11 The WBES excludes fully state owned enterprises in order to achieve comparability 

across countries.  A full description of the sampling procedure can be found in the 

following website: http://www.enterprisesurveys.org/methodology/ 

12 In the regression analysis, I include dummies that indicate year of data collection to 

capture potential differences in the economic environment across the years in which 

the data is collected. 
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Once the data is cleaned, a number of industries end up with too few valid 

observations compared to the original sample. To make sure that the final 

sample is not too far from the original sample which is designed to be 

representative, I exclude certain industries that have relatively small coverage. 

Specifically, I exclude industries with fewer than five observations, and 

industries that, compared to the original dataset, end up with less than half the 

number of observations.   

I exclude from the analysis all countries that have fewer than 40 

observations after cleaning, and whose sample in terms of coverage relative to 

the original dataset is less than 40%. While the decision for the cut-off point is 

rather arbitrary, it ensures the exclusion of countries for which the final 

dataset is not likely to be representative. This leads to a final dataset of 91 

countries with a total of 29,589 plants13. The analysis is conducted with a 

dataset of 731 industries of 2-digit level ISIC classification14. For measuring 

revenue productivity, an additional capital stock data is required, which is less 

frequently available. As a result, the number of countries covered for this 

alternative measure falls to 61 and the number of industries to 501. 

Table (3.A1) in the appendix presents for each country the year of data 

collection, the coverage of the final sample relative to the original, the number 

                                                           
13 The larger country coverage relative to the previous chapter is because of less restrictive 
data demands in this chapter. First, firm-level capital stock data is not needed for measuring 
MPL; second, additional data demands for measuring aggregate TFP do not apply in this 
chapter compared to the previous one. 

14 Detailed ISIC codes are not available for certain industries, and thus around 5 

percent of the industries in the dataset are defined at a higher level of aggregation 

that includes two to three 2-digit ISIC codes. 
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of observations, GDP per capita and summary values of labor productivity 

and wage rate in the dataset. As shown at the bottom of column (3), the 

average coverage of the final dataset is 76%, implying that about a quarter of 

the observations in the original sample are lost in the data cleaning process, 

mainly because they provide incomplete data15. Column (2) shows that the 

average sample size across countries is 325. There is large difference in sample 

size across countries: whereas large countries such as India, Brazil and China 

have well above a thousand observations, smaller ones such as Estonia and 

Swaziland have only around 40 observations. The dataset covers mostly low- 

and middle-income countries with average per capita income of USD 3,700, 

ranging from Ireland (USD 49,000) to Democratic Republic of Congo (USD 

125), all in current prices.    

Given that micro data is subject to numerous possibilities of measurement 

error, it becomes necessary to ascertain the validity of the WBES dataset by 

comparing it with external sources. For this purpose, Table (3.A1) provides 

measures of labor productivity (value added per worker) and wage rate that 

are imputed from the WBES dataset, and GDP per capita in current prices. 

Since there are substantial differences in labor productivity and wage rate 

across plants in the same country, median values are used as summary 

statistics. Correlation results show that labor productivity, wage rate and GDP 

per capita are strongly correlated with coefficients above 0.90. The last two 

columns of Table (3.A1) report the ratios of the labor productivity and wage 

                                                           
15 This is partly due to missing data for sales volume, which is not available for around 6% of 

the firms in the country-industry groups selected for analysis. More than 8% additional 

observations are excluded because they do not report labor compensation. The remaining 

data loss, for around 7% of the observations, is due to the exclusion of firms that have either 

incomplete data for intermediate inputs or have negative value added.  
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rate to GDP per capita. On average, labor productivity and wage rates are 

about 4.3 and 1.6 times larger than GDP per capita respectively, reflecting the 

high productivity of the manufacturing sector relative to the rest of the 

economy. The wage rate to GDP per capita ratio also has reasonable values 

across countries. The largest values of the ratio are in poor countries where 

low-productivity agricultural sectors are important, such as Democratic 

Republic of Congo (6.4), Afghanistan (4.8) and Kenya (4.2), whereas it is below 

one in many middle-income countries. Overall, the WBES dataset appears to 

provide reasonable values of wage rate and labor productivity relative to GDP 

per capita.   

For measuring the marginal product of labor, I use data on total 

production, cost of intermediate inputs and labor inputs. Additional data for 

book value capital stock is used for measuring revenue productivity. Output is 

defined as value added, which is calculated as the difference between sales 

and the cost of intermediate inputs. Cost of intermediate inputs is calculated 

by adding up three major cost categories: energy consumption (fuel, electricity 

and other energy costs), cost of raw materials and overhead and other 

expenses. To account for differences in hours worked and human capital, labor 

input is measured using labor cost rather than employment. The elasticity 

parameter β in Equation (3.1) is calculated using the average share of labor in 

value added within each country-industry. Since β is an additive element in 

the log of MPL, wrongly measuring it will not have any effect on the measures 

of dispersion.  
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Table 3.1: Correlation and descriptive results for measures of misallocation 

 
1.  2.  3.  4.  5.  6.  7.  8.  

1. SD(MPL) 1 
 

    
  

   
    

  
2. SD(TFPR) 0.621 1     

  
 

0 
 

    
  

3. IQR(MPL) 0.674 0.519 1    
  

 
0 0     

  
4. IQR(TFPR) 0.429 0.682 0.473 1     

 0 0 0      
5. LP1 -0.278 -0.278 -0.278 -0.211 1  

  
 

0 0 0 0.001   
  

6. LP2 -0.055 -0.024 -0.051 0.095 0.570 1   
 0.278 0.701 0.318 0.133 0    

7. LP3 0.028 -0.017 0.012 -0.000 0.578 0.645 1  
 0.450 0.708 0.752 0.994 0 0   

8. Wage -0.130 -0.112 -0.153 -0.094 0.650 0.615 0.880 1 

 
0.001 0.013 0 0.038 0 0 0 

 
Notes: The standard deviation (SD) and interquartile range (IQR) are calculated using log 

transformed values of the marginal product of labor (MPL) and total factor revenue 

productivity (TFPR) within each country-industry group. LP1 and LP2 are respectively 

country-level and industry-level measures of aggregate labor productivity (value added per 

worker) computed using data from INDSTAT database (UNIDO, 2012). LP3 and Wages are 

calculated as the median value of value added per worker and wage rate across all plants 

within each country-industry group. The cells indicate values of pairwise correlation 

coefficients and their p-values. 

Table (3.1) provides correlation results between the four measures of 

dispersion, three alternative measures of labor productivity and the median 

wage rate. The Table includes the standard deviations (SD) and interquartile 

ranges of MPL and TFPR. LP1 and LP2 are measures of aggregate labor 

productivity at country level and at country-industry level respectively. Both 

are calculated as value added per worker in USD using data from the 

INDSTAT database (UNIDO, 2012). LP3 and wages respectively refer to labor 

productivity and wage rate at country-industry level, both calculated from the 

WBES dataset using median values across plants within each industry.    
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Firstly, the Table shows that the four measures of dispersion are strongly 

correlated with each other. For example, the standard deviations of (the logs 

of) MPL and TFPR have a large correlation coefficient of 0.62, indicating the 

internal consistency between the two measures of misallocation. All the four 

measures of dispersion also have significant negative correlation with LP1, 

although this correlation is not consistent for the other measures of labor 

productivity. However, all measures of dispersion are strongly correlated with 

the median wage rate, implying that misallocation is associated with lower per 

capita labor compensation. In general, these results suggest that larger 

misallocation is associated with lower productivity levels as has been shown 

in previous studies (Hsieh and Klenow, 2009; Restuccia and Rogerson, 2008). 

Descriptive statistics given in Table (3.2) also show that the standard 

deviations of (the logs of) MPL and TFPR have large average values. In 

addition, both measures of dispersion have large standard deviations 

suggesting that the level of misallocation varies significantly across industries 

and countries. The average interquartile range of (the log of) MPL is almost 

one. This gap implies that the average ratio of MPL between the top and 

bottom quartiles is 2.7, implying substantial dispersions of MPL. The average 

interquartile range for TFPR is 1.15, suggesting that on average the revenue 

productivity of the top quartile is almost 3.2 times that of the bottom quartile. 

These large dispersions indicate the presence of significant misallocation of 

resources across plants that lowers aggregate productivity below the 

potentially achievable level. 
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3.3.2   Employment protection 

In this study, I focus on dismissal cost, which is one of the most important and 

widely studied aspects of employment protection. Cross-country data for 

dismissal cost is taken from the website of the World Bank’s Employing 

Workers’ project, which is a part of the Doing Business Indicators program.   

Table 3.2: Descriptive statistics 

 
Obs Mean 

Std. 
Dev. Min Max 

A. Measures of misallocation       
SD(MPL) 731 0.828 0.330 0.128 2.44 
SD(TFPR) 501 0.933 0.274 0.223 2.126 
IQR(MPL) 731 0.99 0.451 0.038 2.96 
IQR(TFPR) 501 1.153 0.44 0.064 2.921 
B. Measures of employment protection 
Dismissal cost 91 15.915 13.957 0 92.445 
Dismissal procedures index 91 2.885 2.114 0 7.000 
Hiring procedures index 91 0.251 0.225 0 0.800 
C: Control Variables       
Trade openness  91 82.978 35.541 27.197 199.755 
FDI inflow  91 4.382 3.741 -4.653 20.254 
Registration procedures to start a 
business  91 9.442 2.738 4.000 17.875 
Private domestic credit 91 37.279 32.684 3.321 167.308 
Regulatory quality 91 -0.200 0.735 -2.060 1.728 

Notes: The summary statistics are calculated at country-industry level in panel A, and at 

country-level for panels B and C. Trade openness, FDI inflow and private domestic credit are 

all calculated as a percentage of GDP. All control variables are averaged over the years 2001-

2010 to match the years of data collection of the WBES dataset. 

Dismissal cost is calculated as the average number of weekly wages an 

employer is required to pay upon dismissing redundant employees with 1, 5 

and 10 years of seniority. The cost of firing is expressed in terms of weekly 

wages in order to make it comparable across countries16. First developed by 

                                                           

16 Alternatively, one could use the broader alternative measure of dismissal cost that 

includes both severance payment and the cost of advance notice requirements. I use 



Employment Protection and Misallocation of Resources 95 

 
 
 
 
 
 
 

Botero et al. (2004), this measure provides a reasonable approximation for the 

financial cost of firing employees. Detailed data for employees of different 

seniority levels is available only for 2010 and 2011, and the average value of 

the two years is used for this study.  

Table (3.2) provides description results for dismissal cost and two 

additional indices of employment protection. Dismissal cost requirements are 

on average 18 weeks long, although there is substantial difference across 

countries. In DRC, Iraq and Uganda, there are no dismissal cost requirements 

whereas in Zimbabwe dismissal cost is equal to almost two years of wages (92 

weeks). Sri Lanka and Indonesia have the next largest dismissal cost 

requirements that are slightly above one year of wages.  

The two additional indices of employment protection in Table (3.2) 

measure the level of procedural burden that employers face while hiring and 

firing workers. These indices are important for measuring the non-financial 

aspects of employment protection legislation that use bureaucratic procedures 

for protecting employment. Higher values of dismissal procedures indicate that 

employers face greater procedural hurdles while dismissing redundant 

workers, for example because of approval requirements from relevant 

authorities and worker re-assignment obligations. Similarly, higher values of 

hiring procedures show greater burden in employment procedures such as 

restrictions on fixed-term contracts and on increasing working hours. 
                                                                                                                                                                                     

severance payment in this paper because it is by far the larger of the two and because 

it is the ‘net’ dismissal cost (i.e. unlike for the advance notice payment, the employer 

does not receive work in exchange for the severance payment). The results in this 

paper are robust for both ways of measuring dismissal cost.  
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Appendix 3.B details the construction of the two indices using raw data from 

the World Bank’s Employing Workers dataset. Correlation results between the 

three indicators show that only one pairwise correlation - between dismissal 

cost and dismissal procedures – is significant with a coefficient of 0.27. Since 

the variables appear to measure different aspects of employment protection, I 

conduct sensitivity tests by controlling for the two indices in the regression 

analysis.  

3.4   Baseline Regressions Results 

As indicated in the data description, the WBES is designed to give 

representative values for total sales and the number of plants per industry. 

However, around a quarter of the total observations are not available in the 

version of the dataset used for analysis largely because of missing data. To 

account for the resulting difference in data reliability across industries, I 

estimate all regressions with analytic weights, using as weighting variable the 

coverage rate i.e. the ratio of the sample size in the final dataset relative to the 

original dataset. This leads to the GLS estimator in which observations from 

industries with higher coverage are given greater weight since they are likely 

to have smaller variance17.  

                                                           

17 Potentially because of the limited variation in the weighting variable (which varies 

between 40 and 100 percent), the results are qualitatively similar when unweighted 

regression is used. On a related note, all regressions are estimated assuming that the 

standard errors could have arbitrary correlation within countries. This cluster 

estimator is especially appropriate for Equation (3.3) where country effects are not 

included. Even in Equations (3.4) & (3.5), clustering the error terms can account for 

any arbitrary correlation that persists after country effects are removed.  Finally, 

dummies showing year of data collection are included in all regressions since, as is 

shown in Table (3.A1), data is collected in different years across countries.  
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Table (3.3) provides the results for the specification given by Equation 

(3.3). The dependent variables are the standard deviations of the logs of MPL 

and TFPR within each country-industry group. Note that the number of 

observations falls substantially when TFPR is used due to the additional data 

requirement for capital stock. The results show that dismissal cost has 

significant positive effect on the standard deviations of both MPL and TFPR. 

The standard deviations of (the logs of) MPL and TFPR increase by 0.004-0.005 

points when dismissal cost increases by one week of wages. This implies that 

an increase in dismissal cost from the 10th percentile (4.3 weeks in Armenia) to 

the 90th percentile (27 weeks in Bangladesh) is associated with an increase in 

the standard deviation of MPL by 11 percent relative to the mean 

(22.7*0.4/0.83). A similar increase of dismissal cost is associated with 12 

percent rise in the standard deviation of TFPR. 

Among the control variables, private domestic credit appears with a 

negative and significant coefficient in regression (1), indicating that a well-

developed financial sector reduces misallocation. The significant positive 

coefficients of regulatory quality suggest that misallocation is larger in 

countries with better regulatory quality. This is potentially because high-

quality regulatory institutions are more capable at enforcing employment 

protection and other legislation (Caballero et al., 2013; Micco and Pagés, 2006). 

In the next section, I conduct a sensitivity analysis with an interaction effects 

model to test if the effect of employment protection depends on regulatory 

quality.   
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Table 3.3: The effect of employment protection on misallocation  

 (1) (2) 
 SD(MPL) SD(TFPR) 
   
Dismissal cost 0.004*** 0.005*** 
 (0.001) (0.001) 
Trade openness 0.009 -0.095 
 (0.075) (0.069) 
Net FDI inflow -0.010 -0.008 
 (0.006) (0.007) 
Registration procedures  0.004 0.006 
 (0.006) (0.010) 
Private domestic credit -0.002** -0.001 
 (0.001) (0.001) 
Regulatory quality 0.179*** 0.144*** 
 (0.034) (0.039) 
Constant 1.354*** 1.268*** 
 (0.138) (0.163) 
   
Observations 731 501 
R-squared 0.368 0.223 

Notes: The regressions are based on Equation (3.3). The dependent variables are within-

industry standard deviations (SD) of log-transformed values of MPL and TFPR. Country- 

and industry-effects and dummies showing year of data collection are included in all 

regressions. The standard errors given in parentheses are corrected for clustering by country. 

The asterisks indicate the usual levels of significance: *** p<0.01, ** p<0.05, * p<0.1.  

Next, I present the results for the regression models that include 

interaction terms between dismissal cost and indicators of labor adjustment 

demand. The aim of these regressions is to test if the effect of employment 

protection is higher in industries with greater labor adjustment demand. The 

first two regressions of Table (3.4) are based on the specification of Equation 

(3.4) and the last two are based on Equation (3.5). 
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Table 3.4: The effect of employment protection on misallocation: interactions 

with labor adjustment demand 

 (1) (2) (3) (4) 
 SD(MPL) SD(TFPR) SD(MPL) SD(TFPR) 
     
Dismissal cost X US layoff rate 0.102*** 0.133***   
 (0.036) (0.035)   
Dismissal cost X (Sales growth)2   0.019 0.095*** 
   (0.019) (0.025) 
Dismissal cost X (Sales growth)    -0.012 -0.025*** 
   (0.009) (0.007) 
Sales growth2   -0.011 -2.151*** 
   (0.444) (0.543) 
Sales growth    0.259 0.753*** 
   (0.287) (0.228) 
Constant 1.231*** 1.240*** 1.806*** 0.944*** 
 (0.037) (0.036) (0.043) (0.078) 
     
Observations 731 501 370 236 
R-squared 0.602 0.481 0.635 0.517 

Notes: Regressions (1) & (2) are based on Equation (3.4) and regressions (3) & (4) are based 

on Equation (3.5). The dependent variables are within-industry standard deviations of log-

transformed values of MPL and TFPR. Country- and industry-effects and dummies showing 

year of data collection are included in all regressions. The standard errors given in 

parentheses are corrected for clustering by country. The asterisks indicate the usual levels of 

significance: *** p<0.01, ** p<0.05, * p<0.1.  

The interaction term between dismissal cost and the benchmark layoff 

propensity is positive and significant for the standard deviations of both MPL 

and TFPR. This confirms that employment protection has a larger effect on 

misallocation in industries that have greater demand for labor adjustment. The 

marginal effect of employment protection on misallocation is also large when 

we compare industries with different layoff rate. The standard deviation of 

MPL is 25 percent higher relative to its mean when we compare an industry at 

the 90th percentile of layoff rate (ISIC code 31 with layoff rate of 8.1%) in a 



100  Chapter 3 

country at the 90th percentile of dismissal cost (Bangladesh with dismissal cost 

of 27 weeks) against another industry at the 10th percentile of layoff rate (ISIC 

code 24 with layoff rate of 3.1%) in a country at the 10th percentile of dismissal 

cost (Armenia with dismissal cost of 4.3 weeks). The equivalent increase for 

the standard deviation for TFPR is also a large 29 percent18. 

The last two regressions of the Table are based on Equation (3.5) in which 

industry-level sales growth rate is interacted with dismissal cost. As described 

earlier, dismissal cost is interacted with both sales growth rate and its squared 

term because labor adjustment demand is higher in expanding and shrinking 

industries19. Note that the number of observations declines significantly due to 

lack of sales growth data in many countries.  

The interaction term between dismissal cost and the square of sales 

growth is insignificant for the standard deviation of MPL, but it is positive and 

significant for the standard deviation of TFPR. The positive coefficient in the 

last regression implies that the marginal effect of dismissal cost is higher in 

industries experiencing sales expansion and decline. Since expanding or 

shrinking industries are expected to have greater labor adjustment demand, 

this is suggestive that dismissal cost reduces labor reallocation. However, the 

insignificant coefficient in regression (3) casts doubt on the reliability of this 

                                                           

18 For the standard deviation of MPL this is calculated as 0.102*100(0.081*27 – 

0.031*4.33)/0.828 = 25%. The calculation for TFPR is: 0.133*100(0.081*27 - 

0.031*4.33)/0.933 = 29%. 

19 Out of the 370 industries for which sales growth data is available, 54 industries 

(around 15 percent of the total) have negative sales growth rates. This is based on 

sales growth data averaged over the years 2001-2010 in order to roughly match the 

periods of data collection for the WBES dataset. 
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result. In the next section, I consider alternative measures of labor adjustment 

demand to check the sensitivity of this result.  

Overall, the results reported in this section attest that employment 

protection is associated with greater dispersion of the marginal product of 

labor and total factor productivity. The evidence shows that employment 

protection has the unintended consequence of inducing misallocation of 

resources, and thus lowering aggregate productivity. The effect of 

employment protection is also higher in industries that have greater demand 

for adjusting their labor inputs, implying that employment protection induces 

misallocation by affecting the process of labor reallocation.  

3.5   Sensitivity Tests 

3.5.1   Data quality and model specification  

In this subsection, I provide a number of sensitivity tests to check the 

robustness of the baseline regression results. More specifically, I consider 

alternative measures of labor adjustment demand and misallocation, and 

check for potential omitted variable problems. 

i) Alternative measures of labor adjustment demand  

The results for the interaction effects models could depend on the way 

labor adjustment demand is measured, which calls for sensitivity tests using 

alternative measures of labor adjustment demand. The baseline estimation for 

Equation (3.4) is based on benchmark layoff propensity data from US, which 

arguably has the most permissive labor market in the world. It is nonetheless 
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possible that this layoff rate data reflects institutional features of the US 

economy. In addition, the data could suffer from measurement error if there 

are mismatches in industry aggregation between the US and other countries.   

Therefore, I provide sensitivity tests using two alternative benchmarks of 

layoff propensity. The first is a binary form of US layoff rate that classifies 

industries into high- and low-layoff groups using the average value across 

industries as cut-off point. The advantage of this measure is that it captures 

broad qualitative differences in layoff propensity across industries using a 

binary classification that is less susceptible to measurement error (Bassanini et 

al., 2009). As an alternative benchmark of layoff propensity, I use industry-

level layoff rate data from the UK, another country with less constraining 

labor regulation. The data is again taken from Bassanini et al. (2009) who used 

it for measuring the same concept of labor adjustment demand. 

Table 3.5: Regression results using alternative measures of layoff propensity 

 (1) (2) (3) (4) 
  SD(MPL) SD(TFPR) SD(MPL) SD(TFPR) 
     
Dismissal cost X US layoff dummy 0.002** 0.002**   
 (0.001) (0.001)   
Dismissal cost X UK layoff rate   0.030 0.040 
   (0.025) (0.026) 
     
Constant 1.323*** 0.834*** 1.303*** 0.804*** 
 (0.024) (0.026) (0.029) (0.041) 
     
Observations 731 501 731 501 
R-squared 0.600 0.471 0.598 0.469 

Notes: The dependent variables are within-industry standard deviations of log-transformed 

values of MPL and TFPR. Country- and industry-effects and dummies showing year of data 

collection are included in all regressions. Standard errors given in parentheses are corrected 

for clustering by country. The asterisks indicate the usual levels of significance: *** p<0.01, ** 

p<0.05, * p<0.1. 
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Table (3.5) provides the regression results for the two alternative measures 

of layoff propensity. In the first two regressions, the interaction term between 

dismissal cost and the US layoff dummy is positive and significant. This result 

suggests that industries with qualitatively higher layoff rate are affected more 

by employment protection. The last two regressions show that the interaction 

term between dismissal cost and layoff rate from UK are not significant, 

suggesting that the results are sensitive to the source of the benchmark layoff 

propensity. The results thus appear to depend on the assumption that the US 

labor market is the most competitive, which is an assumption adopted by 

several studies (Hsieh and Klenow, 2009; Restuccia and Rogerson, 2008).  

Next, I turn to the interaction effect model with sales growth, which is the 

second measure of labor adjustment demand. The baseline regression for 

Equation (3.5) is based on sales growth data at country-industry level from 

UNIDO’s database. Due to the relatively low availability of industry-level 

sales data in this database, there is considerable decline in the number of 

observations in the baseline regressions. For this reason, I use alternative 

proxies for sales growth.  

Although the WBES dataset provides no information on sales growth 

rates, it includes information on whether or not the firm experienced sales 

growth in the past one year. As an alternative measure of sales growth, I use 

the proportion of firms that register sales growth within each country-industry 

group. An important advantage of this variable is that it refers to sales growth 

in the same industries for which we measure misallocation.  
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Table 3.6: Regression results using alternative measures for sales growth 

 (1) (2) (3) (4) 
  SD(MPL) SD(TFPR) SD(MPL) SD(TFPR) 
     
Dismissal cost X Growing plants 0.010** -0.003   
 (0.004) (0.006)   
Dismissal cost X Size    -0.003*** -0.002*** 
   (0.001) (0.001) 
Share of growing plants -0.168 -0.077   
 (0.132) (0.181)   
Size    0.101*** 0.054* 
   (0.025) (0.027) 
Constant 1.154*** 0.964*** 1.144*** 0.858*** 
 (0.108) (0.053) (0.071) (0.067) 
     
Observations 488 340 731 501 
R-squared 0.620 0.511 0.613 0.477 

Notes: The dependent variables are within-industry standard deviations of log-transformed 

values of MPL and TFPR. Country- and industry-effects and dummies showing year of data 

collection are included in all regressions. The standard errors given in parentheses are 

corrected for clustering by country. The asterisks indicate the usual levels of significance: *** 

p<0.01, ** p<0.05, * p<0.1.  

As a second alternative measure of sales growth among plants in the 

WBES dataset, I use the average size of plants in each country-industry. 

Generally, smaller businesses are more dynamic, in part because they tend to 

be young ventures and adjust their inputs through the process of learning-by-

doing (Dunne et al., 1989). As a result, the process of job reallocation has been 

found to be higher among smaller firms (Haltiwanger et al., 2008). Therefore, 

the average size of plants in an industry can be used as a proxy for the 

magnitude of demand for labor adjustment in the industry. For measuring 

firm size, I take the average number of permanent employees across plants 

within each country-industry group.  

Table (3.6) provides regression results using the proportion of plants that 

registered sales increase, and the average firm size in an industry. Unlike sales 
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growth rate, these variables have a linear relationship with labor adjustment 

demand and thus only a linear interaction term is included in the regressions. 

Since labor adjustment demand is expected to be higher when the proportion 

of growing plants is larger and the average plant size is lower, the interaction 

terms involving these variables are expected to be positive and negative 

respectively.  

From regression (1) in Table (3.6), the interaction term between dismissal 

cost and the proportion of growing plants is positive and significant. This 

implies that the marginal effect of employment protection is larger in 

industries where a bigger proportion of plants are growing. The interaction 

term, however, turns insignificant in regression (2) where the standard 

deviation of TFPR is considered. One possibility for this result could be the 

considerable decline in the number of observations in this regression 

compared to Table (3.3), due to lack of response for the survey question on 

sales growth.  

Regressions (3) & (4) show that the interaction term between dismissal 

cost and average firm size per industry is negative and significant as expected. 

The marginal effect of employment protection thus declines as the average 

firm size of the industry increases, confirming that industries dominated by 

smaller firms (and thus have greater labor adjustment demand) are more 

severely affected by employment protection. To sum up, these sensitivity tests 

for the most part show that the results are robust for different ways of 

measuring labor adjustment demand.  
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ii) Model specification 

The specifications given by Equations (3.4) & (3.5) are unlikely to suffer 

from omitted variable bias since country effects are included, removing any 

potential cross-country differences. However, the regression model of 

Equation (3.3) can suffer from omitted variable problems since several 

institutional factors can affect misallocation. In this subsection, I consider two 

potential misspecification problems.  

The first problem is that dismissal cost could capture the effects of other 

related aspects of employment protection that do not directly affect the cost of 

dismissal. Since dismissal cost is likely to be positively correlated with other 

aspects of employment protection such as procedural requirements, failing to 

control for these factors could bias the coefficients of dismissal cost upwards. 

Therefore, I re-estimate Equation (3.3) by including the two additional indices 

of dismissal and hiring procedures that are presented in Table (3.2). Secondly, 

the effect of employment protection on misallocation could be unequal across 

countries. Caballero et al. (2013) and Micco and Pagés (2006) find that the effect 

of employment protection on economic outcomes tends to be higher in 

countries where employment protection is more likely to be enforced. To 

account for this, I extend Equation (3.3) by including an interaction term 

between dismissal cost and regulatory quality. If differences in law 

enforcement are important, the interaction term should appear positive and 

significant.  
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Table 3.7: Regression results with additional controls 

 (1) (2) (3) (4) 
 SD(MPL) SD(TFPR) SD(MPL) SD(TFPR) 
     
Dismissal cost 0.004*** 0.004*** 0.004** 0.008*** 
 (0.001) (0.001) (0.002) (0.002) 
Dismissal cost x Regulatory quality   -0.000 0.002* 
   (0.001) (0.001) 
Dismissal procedures  0.005 0.009   
  (0.009) (0.008)   
Hiring procedures  -0.125 -0.107   
 (0.095) (0.091)   
Trade openness 0.006 -0.096 0.009 -0.124 
 (0.074) (0.068) (0.077) (0.076) 
Net FDI inflow -0.010 -0.008 -0.010 -0.007 
 (0.006) (0.007) (0.006) (0.007) 
Registration procedures  0.005 0.007 0.004 0.006 
 (0.007) (0.011) (0.006) (0.009) 
Private domestic credit -0.002*** -0.001 -0.002** -0.000 
 (0.001) (0.001) (0.001) (0.001) 
Regulatory quality 0.190*** 0.155*** 0.180*** 0.101** 
 (0.033) (0.036) (0.044) (0.050) 
Constant 1.366*** 1.264*** 1.355*** 1.222*** 
 (0.159) (0.197) (0.140) (0.166) 
     
Observations 731 501 731 501 
R-squared 0.374 0.231 0.368 0.234 

Notes: The dependent variables are within-industry standard deviations of the logs of MPL 

and TFPR. Country- and industry-effects and dummies showing year of data collection are 

included in all regressions. The standard errors given in parentheses are corrected for 

clustering by country. The asterisks indicate the usual levels of significance: *** p<0.01, ** 

p<0.05, * p<0.1. 

Table (3.7) provides the regression results for the two sensitivity tests. In 

the first two regressions, I control for the two indices measuring the stringency 

of dismissal and hiring procedures.  Dismissal cost remains significant in both 

regressions, whereas the other two indices are insignificant. Thus, the financial 

burden of dismissing redundant workers appears to be the most important 
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source of misallocation. This is consistent with theoretical results that confirm 

that dismissal cost has a strong effect on reallocation by reducing both job 

creation and job destruction (Lagos, 2006).  

The last two columns of the Table report the results for the regression 

model that includes an interaction term between dismissal cost and regulatory 

quality. The interaction term is insignificant in regression (3) and weakly 

significant in regression (4). Overall, there is no clear evidence that the effects 

of employment protection increase with law enforcement in our dataset20.   

iii) Alternative measures of misallocation  

In this subsection, I consider using the interquartile ranges of the logs of 

MPL and TFPR as alternative measures of dispersion. One potential problem 

of using the standard deviation is that it is sensitive to outlying observations, 

which are likely to be measured with error. The interquartile range has the 

advantage of not being affected by extreme values, although it could 

understate the extent of misallocation since it ignores the dispersion along the 

top and bottom quartiles of the distribution. 

The first result is presented in Table (3.A2) in the appendix, which is 

analogous to Table (3.3). Dismissal cost is positive and significant in both 

regressions, confirming the robustness of the results to alternative ways of 

measuring dispersions.  

                                                           

20 The results are unchanged when a more specific indicator measuring rule of law is 

used, again from the World Bank’s Governance Indicators database. When included 

directly, both dismissal cost and rule of law have positive coefficients, but their 

interaction terms are overall insignificant.  
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Table (3.8) reports the sensitivity check for the interaction effects models. 

The first two regressions include an interaction term between dismissal cost 

and US layoff rate. The interaction term appears only weakly significant for 

MPL, and insignificant for TFPR. The interaction terms with layoff propensity 

thus do not appear robust when the interquartile range is used for measuring 

dispersion. This is potentially because the interquartile range fails to capture 

misallocation along the top and bottom quartiles.  

Table 3.8: Interaction effect regression results using the interquartile range 

 (1) (2) (3) (4) 
 IQR(MPL) IQR(TFPR) IQR(MPL) IQR(TFPR) 
     
Dismissal cost X Layoff rate 0.085* 0.078   
 (0.050) (0.054)   
Dismissal cost X (Sales growth)2   0.145*** 0.197*** 
   (0.052) (0.057) 
Dismissal cost X (Sales growth)    -0.058** -0.045*** 
   (0.022) (0.013) 
Sales growth2   -2.046 -5.074*** 
   (1.277) (1.426) 
Sales growth    1.173 1.575*** 
   (0.704) (0.458) 
Constant 1.603*** 1.670*** 1.187*** 1.345*** 
 (0.059) (0.056) (0.061) (0.122) 
     
Observations 731 501 370 236 
R-squared 0.437 0.333 0.547 0.428 

Notes: Regressions (1) & (2) are based on Equation (3.4) and regressions (3) & (4) are based 

on Equation (3.5). The dependent variables are within-industry interquartile ranges (IQR) of 

log-transformed values of MPL and TFPR. Country- and industry-effects and dummies 

showing year of data collection are included in all regressions. The standard errors given in 

parentheses are corrected for clustering by country. The asterisks indicate the usual levels of 

significance: *** p<0.01, ** p<0.05, * p<0.1.  

The interaction term with the square of sales growth, however, appears 

strongly significant in both regressions. The large positive coefficients confirm 
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that the marginal effect of employment protection is much larger in industries 

with large positive and negative sales growth rates. At least for this measure of 

labor adjustment demand, the sensitivity test confirms that the results are 

robust to alternative ways of measuring misallocation that are less sensitive to 

outlying observations.  

iv) Estimation on a subset of countries 

Although the WBES is designed to be representative, around a quarter of 

the total observations are lost in the data cleaning process. To make sure that 

the results are not driven by data that is potentially unrepresentative, I 

conduct a robustness test by confining the analysis to a subset of countries 

with relatively high data coverage.  

For this purpose, I include only those countries in which the number of 

observations in the final dataset relative to the original dataset is at least 70 

percent (as opposed to the 40 percent requirement used so far). Since only few 

countries have sufficient coverage for TFPR, this sensitivity test is 

implemented only using MPL, for which data is more widely available. In this 

this subsample, the number of valid observations declines to 525 industries in 

60 countries (as opposed to 731 industries and 91 countries in the baseline 

regression). This significantly improves the average coverage to 85 percent 

and the number of observations per country to 422.   
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Table 3.9: Regression results using a subset of countries with higher coverage  

 (1) (2) (3) 
 SD(MPL) SD(MPL) SD(MPL) 
    
Dismissal cost  0.004***   
 (0.001)   
Dismissal cost X Layoff rate  0.114***  
  (0.031)  
Dismissal cost X (Sales growth)2   0.058* 
   (0.030) 
Dismissal cost X (Sales growth)    -0.018** 
   (0.009) 
Sales growth2   -0.842 
   (0.695) 
Sales growth    0.436 
   (0.337) 
Trade openness 0.047   
 (0.086)   
Net FDI inflow -0.017*   
 (0.009)   
Registration procedures  0.007   
 (0.007)   
Private domestic credit -0.002***   
 (0.001)   
Regulatory quality 0.243***   
 (0.039)   
Constant 1.338*** 1.204*** 1.759*** 
 (0.176) (0.034) (0.048) 
    
Observations 525 525 230 
R-squared 0.411 0.662 0.742 

Notes: The regressions are, respectively, based on Equations (3.3), (3.4) & (3.5). The 

dependent variable is the within-industry standard deviation of the log of MPL. Country- 

and industry-effects and dummies showing year of data collection are included in all 

regressions. The standard errors given in parentheses are corrected for clustering by country. 

The asterisks indicate the usual levels of significance: *** p<0.01, ** p<0.05, * p<0.1.  

Table (3.9) provides three regression results, all using the standard 

deviation of MPL. Dismissal cost has a significant positive effect on the 

standard deviation of MPL, with an equal coefficient as in the baseline result 
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of Table (3.3). The interaction term between dismissal cost and layoff rate also 

remains positive and significant. The interaction term of dismissal cost and the 

square of sales growth is positive and weakly significant. Compared to the 

baseline regression (3) of Table (3.4), the interaction term has a much larger 

coefficient. Overall, this test shows that the baseline regression results are not 

unduly driven by observations from countries with potentially low data 

quality.   

3.5.2   Instrumental variable estimation 

Regression analysis involving institutional variables is often subject to 

endogeneity problems because institutional design could be responsive to 

economic outcomes. One plausible source of endogeneity in our analysis is 

that trade unions might have more political clout in developing countries 

relative to business owners, leading to stringent employment protection in 

these countries. Since low income is likely to be associated with higher 

misallocation, our regression estimates could overstate the effect of 

employment protection. 

For sensitivity test, I conduct instrumental variable (IV) estimation by 

instrumenting employment protection with three historical variables. In an 

influential paper, Botero et al. (2004) argue that a country’s legal origin and the 

historical control of government power by leftist parties are important 

predictors of the level of employment protection in a country. They find that 

left power has a strong positive effect on employment protection and that civil 

law countries have significantly higher employment protection than common 

law countries.  
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Our first two instrumental variables are thus a set of dummy variables 

showing legal origin, and a variable measuring the proportion of recent years 

during which leftist parties held government power. However, leftist 

governments are more likely to succeed in adopting pro-labor laws in 

authoritarian countries than in democratic countries with multi-party systems 

of government.  For this reason, I use a third instrumental variable that 

measures the level of electoral competitiveness in a country. The IV 

regressions are estimated using the three instruments as well as an interaction 

term of electoral competitiveness and left power to capture the likely non-

linear effect of left power on labor law legislation21. 

The use of these instruments is based on the assumption that they are 

historical variables and their introduction is not likely to have been motivated 

by economic factors. Previous studies have similarly used these variables to 

instrument employment protection among OECD economies (e.g. Bassanini et 

al., 2009). However, one potential source of endogeneity is that these 

instruments could also be predictors of other aggregate institutions which 

might be correlated with misallocation. While this can be a problem in the 

regressions where employment protection is directly included, it is less likely 

                                                           
21 Left power and electoral competitiveness are calculated using data for the years 1975-2000 

using data from the Database of Political Institutions (Beck et al., 2001). Electoral 

competitiveness is calculated using average values of two related variables that measure the 

competitiveness of elections in the legislative and executive branches of government between 

one (no legislation and elections) and 7 (at least 25 percent seats taken are by opposition). 

The final indicator of electoral competitiveness is the average of the two variables. Botero et 

al. (2004) argue that the introduction of legal traditions is unlikely to correlate with economic 

performance since most countries inherited them through exogenous forces of conquest and 

colonization. 
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to cause concern when we apply IV on the difference-in-difference mode of 

Equation (3.4) by instrumenting the interaction between layoff rates and 

dismissal cost with the interaction between layoff rates and the instrumental 

variables. An important advantage of this approach is that it is possible to 

directly include country (and industry) dummies, thus accounting for 

aggregate confounding factors including unobserved institutional differences. 

This identification strategy allows us to capture the effect of predicted 

(instrumented) employment protection that varies across industries with 

different layoff propensities. The results from this analysis can be doubted 

only if the instruments pick the effect of another unobserved variable whose 

effect also varies across industries with different labor adjustment demand. It 

is, however, difficult to think of such variables that can be predicted by our 

instruments.  

The first stage regression of the IV estimation is reported in Table (3.A3) of 

the appendix. The interaction term between left power and electoral 

competitiveness is negative and significant, revealing that the effect of left 

power on employment protection declines with electoral competitiveness. 

However, countries with English legal origin appear to have higher dismissal 

cost once other controls are taken into account.  
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Table 3.10: Instrumental variable regression results: main effect analysis 

 (1) (2) (3) (4) 
 SD(MPL) SD(TFPR) SD(MPL) SD(TFPR) 
     
Dismissal cost 0.005*** 0.005*** 0.009** 0.006** 
 (0.001) (0.001) (0.004) (0.003) 
Trade openness -0.011 0.011 0.017 0.017 
 (0.098) (0.093) (0.095) (0.081) 
Net FDI inflow -0.012* -0.015 -0.012* -0.015 
 (0.007) (0.012) (0.007) (0.010) 
Registration procedures  0.014 0.030* 0.015* 0.033** 
 (0.009) (0.016) (0.008) (0.013) 
Private domestic credit -0.002 -0.001 -0.002* -0.001 
 (0.001) (0.001) (0.001) (0.001) 
Regulatory quality 0.244*** 0.205*** 0.269*** 0.213*** 
 (0.046) (0.048) (0.048) (0.053) 
Constant 1.334*** 1.192*** 1.250*** 1.138*** 
 (0.164) (0.257) (0.151) (0.219) 
     
Observations 91 61 90 60 
R-squared 0.585 0.587 0.551 0.587 
     
Chi2 overid. test: P-value   0.986 0.768 
Chi-sq  exogeneity test: P-
value 

  0.166 0.665 

     
Estimator OLS OLS IV IV 

Notes: All regressions are based on Equation (3.3). The standard deviations are calculated 

across the whole economy after MPL and TFPR are log-differenced from their industry 

averages. For example, SD(MPL) is calculated using log(MPLsi/MPLs) where MPLsi is firm-

level MPL and MPLs is its industry average.  The instruments in the IV regressions are left 

power, electoral competitiveness, the interaction term of the two, and legal origin dummies. 

Dummies showing year of data collection are included in all regressions. Analytic weights 

are used in all regressions, using the relevant country-level coverage rate as a weight. 

Estimation is based on 2-stage least square and robust standard errors are given in 

parentheses. The asterisks indicate the usual levels of significance: *** p<0.01, ** p<0.05, * 

p<0.1.  
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Table (3.10) reports the two-stage least squares IV estimates for Equation 

(3.3). For this specification, the regressions are estimated using a cross-country 

dataset since all of the variables in the first stage regression vary only across 

countries. The standard deviations are calculated across all firms within a 

country after MPL and TFPR are log-differenced from their industry averages 

in order to account for heterogeneity across industries.  

For comparison, the standard least square results using country-level data 

are reported in the first two columns of the Table. These regressions show that 

dismissal cost has positive and significant effect on the standard deviations of 

MPL and TFPR. The IV results are reported in the last two columns, along 

with results for overidentifying restrictions and exogeneity tests at the bottom 

rows. Importantly, the overidentifying restrictions tests do not reject the null 

hypotheses that the instruments are valid, confirming the instruments to be 

exogenous. The IV regressions also show that dismissal cost has significant 

positive effect on the standard deviations of both MPL and TFPR. Compared 

to the standard least square results, IV gives larger coefficients for dismissal 

cost, revealing that the baseline results are not biased upwards. If anything, 

the IV results suggest that that the baseline regressions might have 

understated the effect of employment protection. However, the standard 

errors for the coefficients of dismissal cost are also much larger in the IV 

regressions. This is in line with the results of the exogeneity tests that do not 

reject the exogeneity of dismissal cost, suggesting that OLS is a more efficient 

estimator. 

Next, I present the IV results for Equation (3.4), which includes an 

interaction term between dismissal cost and layoff propensity. Since layoff 

rates are taken from exogenous sources, they can be used as instruments for 
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themselves. Unfortunately, sales growth is likely to be correlated with any 

potentially omitted variables that affect both misallocation and employment 

protection. Given the difficulty of getting instruments for sales growth, I 

conduct IV estimation only for the interaction effects model involving layoff 

propensity.  

Table 3.11: Instrumental variable regression results: interaction effects model 

 (1) (2) (3) (4) 
 SD(MPL) SD(TFPR) SD(MPL) SD(TFPR) 
     
Dismissal cost X US layoff rate 0.233*** 0.149**   
 (0.083) (0.067)   
Dismissal cost X UK layoff rate   0.146** 0.049 
   (0.065) (0.052) 
Constant 1.124*** 1.224*** 1.151*** 1.287*** 
 (0.098) (0.075) (0.100) (0.077) 
     
Observations 722 494 722 494 
R-squared 0.598 0.484 0.591 0.475 
Chi2 overid. test: P-value 0.603 0.514 0.735 0.464 
Chi-sq  exogeneity test: P-value 0.089 0.661 0.067 0.813 

Notes: The regressions are based on Equation (3.4). The instrumental variables are the 

interaction terms between the respective layoff rate variable and the instrumental variables, 

namely left power, electoral competitiveness, the interaction term of the two, and legal origin 

dummies. Country- and industry-effects and dummies showing year of data collection are 

included in all regressions. Estimation is based on 2-stage least square and robust standard 

errors are given in parentheses. The asterisks indicate the usual levels of significance: *** 

p<0.01, ** p<0.05, * p<0.1. 

Table (3.11) reports the IV results using two alternative layoff rate 

measures from the US and UK. In these regressions, the interaction terms 

between dismissal cost and layoff rate are instrumented with the interaction of 

the respective layoff rate and the instrumental variables (i.e. legal origin 

dummies, left power, electoral competitiveness, and the interaction term of the 
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last two).  Although none of the instrumental variables vary across industries, 

their interaction terms with layoff rate vary across industries, allowing us to 

conduct regression analysis using country-industry data (for a similar IV 

application see Bassanini et al., 2009).  

The overidentifying restrictions tests at the bottom of Table (3.11) again do 

not reject the validity of the instruments. In addition, the exogeneity tests 

uphold that dismissal cost is exogenous. The IV results show that the 

interaction term between dismissal cost and US layoff rate is positive and 

significant. Compared to the baseline regression results in Table (3.4), the IV 

estimates of the coefficient are in general larger. The last two columns provide 

additional IV estimates using UK layoff rate data. The interaction term 

appears significant for the standard deviation of MPL, although it remains 

insignificant for TFPR. To sum up, results from IV estimation suggest that the 

baseline regression results are robust for potential endogeneity problems.  

3.6   Conclusion 

An emerging literature reveals that misallocation is an important determinant 

of aggregate productivity (Hsieh and Klenow, 2009; Restuccia and Rogerson, 

2008; Bartelsman et al., 2013). Hence, understanding the sources of 

misallocation can give useful insights regarding the drivers of cross-country 

differences in productivity. However, there is little evidence on how 

institutional factors such as employment protection affect misallocation. 

Existing studies that analyze the effect of employment protection on aggregate 

productivity (Bassanini et al., 2009; Besley and Burgess, 2004) do not 

distinguish the separate effects of employment protection on misallocation 

since they rely on aggregate productivity data.  
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This study investigates the effect of employment protection on 

misallocation of resources across manufacturing plants. To my knowledge, 

this is the first study to closely study the effects of employment protection on 

resource misallocation across heterogeneous plants. The advantage of looking 

into the effect of employment protection on misallocation is that there is a 

clear theoretical prediction that employment protection induces greater 

misallocation (Hopenhayn and Rogerson, 1993; Lagos, 2006).  

Following the recent literature on misallocation (Hsieh and Klenow, 2009), 

I rely on the within-industry dispersions of the marginal product of labor and 

total factor productivity as measures of misallocation. Firm-level data from the 

WBES dataset that covers more than 90 countries is used for this purpose.  The 

results show that dismissal cost is associated with greater dispersion of the 

marginal product of labor and revenue productivity, indicating that it induces 

greater misallocation, thus reducing aggregate productivity and income. 

Further, the analysis shows that the effect of employment protection is 

larger in industries with greater labor adjustment demand. More specifically, 

employment protection has significantly larger effect in industries with 

inherently larger layoff rate and in expanding and shrinking industries in 

terms of sales growth. Since high layoff rate and sales expansion/shrinking 

imply greater labor adjustment demand, these results demonstrate that 

employment protection induces misallocation by constraining the adjustment 

of labor.  

A limitation of this study is that, due to the nature of the data it uses, it 

exclusively focuses on misallocation along the intensive margin. Previous 
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theoretical and empirical studies have shown that employment protection can 

also lower aggregate productivity by reducing the entry of new firms and by 

serving as an exit tax, thus keeping unproductive firms in operation 

(Hopenhayn and Rogerson, 1993). Assessing the effect of employment 

protection on misallocation due to entry and exit dynamics can add further 

insight beyond those documented here. 
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3.A Appendix Tables 

Table 3.A1: Data coverage and other summary statistics by country 

  (1) (2) (3) (4) (5) (6) (7) (8) 
 Country Year Obs Cover

age 
LP, 

median 
Wages, 
Median 

GDP pc, 
2005 

LP-GDP 
pc ratio 

Wage-GDP 
pc ratio 

1 Afghanistan 2008 65 53 3,582 995 210 17.09 4.75 
2 Algeria 2002 257 61 3,936 2,120 3,112 1.26 0.68 
3 Angola 2006 195 92 4,742 2,688 1,857 2.55 1.45 
4 Argentina 2010 616 77 22,586 11,578 4,736 4.77 2.44 
5 Armenia 2009 51 45 4,259 1,201 1,598 2.66 0.75 
6 Azerbaijan 2009 80 67 3,325 1,424 1,578 2.11 0.90 
7 Bangladesh 2007 1,242 96 1,171 500 429 2.73 1.17 
8 Belarus 2008 49 47 7,263 2,340 3,090 2.35 0.76 
9 Belize 2010 50 69 20,351 7,299 3,821 5.33 1.91 
10 Benin 2004 127 87 3,155 972 562 5.62 1.73 
11 Botswana 2006 81 71 4,441 1,866 5,468 0.81 0.34 
12 Brazil 2003 1,476 90 4,826 2,480 4,743 1.02 0.52 
13 Bulgaria 2007 562 88 7,990 2,519 3,733 2.14 0.67 
14 Burkina Faso 2009 59 62 7,896 1,040 385 20.52 2.70 
15 Burundi 2006 93 91 1,513 583 154 9.82 3.79 
16 Chile 2010 604 77 23,110 9,686 7,631 3.03 1.27 
17 China 2003 1,290 80 14,353 1,330 1,731 8.29 0.77 
18 Colombia 2010 598 84 13,855 6,228 3,404 4.07 1.83 
19 Congo, DR 2006 134 90 1,878 832 125 14.99 6.64 
20 Costa Rica 2005 252 73 9,866 6,855 4,633 2.13 1.48 
21 Cote d'Ivoire 2009 158 76 2,686 995 908 2.96 1.10 
22 Croatia 2007 343 83 30,572 11,547 10,090 3.03 1.14 
23 Dominican 

Rep. 
2010 83 68 10,093 4,086 3,670 2.75 1.11 

24 Ecuador 2006 291 74 12,403 3,833 2,751 4.51 1.39 
25 Egypt 2004 776 79 1,424 640 1,209 1.18 0.53 
26 El Salvador 2003 414 89 3,980 2,870 2,825 1.41 1.02 
27 Eritrea 2009 42 45 4,906 504 245 20.04 2.06 
28 Estonia 2009 54 59 30,271 12,785 10,330 2.93 1.24 
29 Ethiopia 2002 199 47 940 500 165 5.68 3.02 
30 Georgia 2008 50 41 3,104 1,297 1,470 2.11 0.88 
31 Ghana 2007 284 97 1,138 610 496 2.29 1.23 
32 Guatemala 2003 364 84 3,896 2,699 2,140 1.82 1.26 
33 Guinea 2006 124 92 820 331 325 2.53 1.02 
34 Guyana 2004 144 88 4,150 2,082 1,105 3.75 1.88 
35 Honduras 2003 371 82 2,561 1,965 1,412 1.81 1.39 
36 Hungary 2009 68 59 22,745 7,688 10,937 2.08 0.70 
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  (1) (2) (3) (4) (5) (6) (7) (8) 
 Country Year Obs Cover

age 
LP, 

median 
Wages, 
Median 

GDP pc, 
2005 

LP-GDP 
pc ratio 

Wage-GDP 
pc ratio 

37 India 2002 1,609 88 3,477 865 732 4.75 1.18 
38 Indonesia 2009 802 68 1,806 857 1,258 1.44 0.68 
39 Iraq 2011 422 89 12,229 3,885 1,135 10.78 3.42 
40 Ireland 2005 119 68 75,334 31,095 48,866 1.53 0.64 
41 Jamaica 2010 91 75 11,201 4,915 4,179 2.68 1.18 
42 Kazakhstan 2009 121 66 5,462 2,470 3,771 1.45 0.66 
43 Kenya 2007 381 96 8,770 2,211 526 16.67 4.20 
44 Kyrgyz 

Republic 
2003 85 83 772 394 476 1.62 0.83 

45 Lao PDR 2009 98 67 1,856 873 475 3.90 1.84 
46 Latvia 2009 64 70 16,200 6,583 6,973 2.32 0.94 
47 Lithuania 2009 51 50 15,312 6,580 7,604 2.01 0.87 
48 Macedonia, 

FYR 
2009 67 53 7,520 3,349 2,937 2.56 1.14 

49 Madagascar 2009 141 69 2,093 767 282 7.43 2.72 
50 Malawi 2005 124 79 2,600 590 215 12.10 2.75 
51 Malaysia 2002 632 70 14,308 4,311 5,499 2.60 0.78 
52 Mali 2007 279 93 1,790 898 403 4.45 2.23 
53 Mauritania 2006 61 76 2,426 1,601 717 3.38 2.23 
54 Mauritius 2009 180 83 7,372 2,501 5,054 1.46 0.49 
55 Mexico 2010 1,002 86 13,190 5,345 7,973 1.65 0.67 
56 Moldova 2003 93 90 1,330 661 831 1.60 0.80 
57 Mongolia 2009 104 80 2,041 1,045 991 2.06 1.05 
58 Morocco 2004 724 86 4,935 3,313 1,931 2.56 1.72 
59 Mozambique 2007 304 90 1,676 836 317 5.29 2.64 
60 Namibia 2006 76 72 12,128 3,531 3,491 3.47 1.01 
61 Nepal 2009 95 69 1,486 774 298 4.99 2.60 
62 Nicaragua 2003 400 88 1,853 1,307 1,166 1.59 1.12 
63 Nigeria 2007 920 97 2,472 973 803 3.08 1.21 
64 Pakistan 2002 707 81 3,238 936 691 4.69 1.35 
65 Panama 2006 152 63 12,652 4,231 4,776 2.65 0.89 
66 Paraguay 2010 86 51 12,642 4,309 1,267 9.98 3.40 
67 Peru 2010 586 77 14,145 4,869 2,881 4.91 1.69 
68 Philippines 2009 697 71 6,269 1,525 1,205 5.20 1.27 
69 Poland 2009 58 42 20,328 6,644 7,963 2.55 0.83 
70 Romania 2009 78 41 7,010 3,486 4,572 1.53 0.76 
71 Russia 2009 358 51 12,748 4,771 5,337 2.39 0.89 
72 Rwanda 2006 46 78 1,797 966 281 6.40 3.44 
73 Senegal 2007 247 95 2,782 1,502 800 3.48 1.88 
74 Serbia 2009 92 68 14,598 5,449 3,391 4.30 1.61 
75 Slovenia 2009 69 66 49,813 23,118 17,855 2.79 1.29 
76 South Africa 2007 647 95 16,768 7,747 5,234 3.20 1.48 
77 Spain 2005 106 79 54,531 22,873 26,056 2.09 0.88 
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  (1) (2) (3) (4) (5) (6) (7) (8) 
 Country Year Obs Cover

age 
LP, 

median 
Wages, 
Median 

GDP pc, 
2005 

LP-GDP 
pc ratio 

Wage-GDP 
pc ratio 

78 Sri Lanka 2004 324 72 1,267 624 1,242 1.02 0.50 
79 St. Lucia 2010 48 76 11,306 6,944 5,529 2.04 1.26 
80 Suriname 2010 65 87 13,009 8,928 3,593 3.62 2.48 
81 Swaziland 2006 58 83 6,720 1,954 2,540 2.65 0.77 
82 Tajikistan 2003 89 93 802 343 358 2.24 0.96 
83 Tanzania 2006 246 90 2,883 845 375 7.69 2.25 
84 Thailand 2004 1,309 95 5,857 1,795 2,644 2.22 0.68 
85 Trinidad & 

Tobago 
2010 83 71 16,992 8,567 12,231 1.39 0.70 

86 Turkey 2008 523 58 30,581 7,683 7,088 4.31 1.08 
87 Uganda 2006 278 91 1,542 838 325 4.75 2.58 
88 Uruguay 2010 210 55 19,883 7,992 5,252 3.79 1.52 
89 Vietnam 2005 1,088 95 1,608 811 642 2.50 1.26 
90 Zambia 2007 289 95 3,826 1,517 626 6.11 2.42 
91 Zimbabwe 2011 359 95 . . 458 . . 
          
 Minimum  42 41 772 331 125 0.81 0.34 

 Maximum  1,609 97 75,334 31,095 48,866 20.52 6.64 

 Median  158 77 4,921 2,101 1,731 2.74 1.22 

 Mean  325 76 9,737 3,920 3,705 4.27 1.55 

Note: Labor productivity (LP), GDP per capita, and wages are all expressed in USD. 
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Table 3.A2: The effect of dismissal cost on alternative measures of 

misallocation 

 (1) (2) 
 IQR(MPL) IQR(TFPR) 
   
Dismissal cost 0.002** 0.004** 
 (0.001) (0.002) 
Trade openness -0.083 -0.125 
 (0.079) (0.080) 
Net FDI inflow -0.009 -0.008 
 (0.009) (0.009) 
Registration procedures  0.006 0.005 
 (0.011) (0.015) 
Domestic sector credit  -0.003*** -0.001 
 (0.001) (0.001) 
Regulatory quality 0.188*** 0.105* 
 (0.046) (0.053) 
Constant 1.479*** 1.569*** 
 (0.192) (0.236) 
   
Observations 731 501 
R-squared 0.211 0.149 

Notes: The regressions are based on Equation (3.3). The dependent variables are the within-

industry interquartile ranges (IQR) of log-transformed values of MPL and TFPR. Industry- 

and country- effects and dummies showing year of data collection are included in all 

regressions. The standard errors are given in parentheses are corrected for clustering by 

country. The asterisks indicate the usual levels of significance: *** p<0.01, ** p<0.05, * p<0.1. 
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Table 3.A3: First stage regression results for the indicators of employment 

protection 

 (1) 
 Dismissal cost 
  
Left Power X Electoral 
competitiveness  

-0.075*** 

 (0.023) 
Left Power  0.401*** 
 (0.132) 
Electoral competitiveness 4.103* 
 (2.080) 
English legal origin 11.067** 
 (4.439) 
French legal origin 5.692 
 (3.482) 
Trade openness -0.034 
 (0.040) 
Net FDI inflow -0.453* 
 (0.272) 
Registration procedures  0.096 
 (0.522) 
Private domestic credit 0.019 
 (0.069) 
Regulatory quality -4.227 
 (3.902) 
Constant -16.757 
 (11.336) 
  
Observations 90 
R-squared 0.348 

Notes: Data for left power and electoral competitiveness, is taken from the Database of 

Political Institutions compiled by Beck et al. (2001), and are based on the years 1975-2000. 

Robust standard errors are given in parenthesis. The asterisks indicate the usual levels of 

significance: *** p<0.01, ** p<0.05, * p<0.1. 
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3.B   Measuring Employment Protection 

The dismissal and hiring procedures indices are calculated using country-level 

data from the ‘Employing Workers’ project of the Doing Business Indicators 

program conducted by the World Bank. The methodology used for calculating 

the indices follows closely the official methodology of calculating employment 

protection indicators22. Separate indices are calculated for the years 2010 and 

2011 which are the only years for which detailed data is available. The final 

analysis is conducted using the average value of the indices over the two 

years.  

Dismissal procedures index: Higher values of this index indicate heavier 

regulatory burden for dismissing redundant workers. The index is calculated 

using responses for the following eight questions. (1) Is it legal for an 

employer to terminate the employment contract of a worker on the basis of 

redundancy? (2) Must the employer notify a third party before dismissing one 

redundant worker? (3) Does the employer need the approval of a third party 

in order to dismiss one redundant worker? (4) Must the employer notify or 

consult a third party prior to a collective dismissal (at least 9 employees)? (5) 

Must the employer obtain prior approval from a third party before a collective 

dismissal (at least 9 employees)? (6) Is there a re-training or re-assignment 

obligation before an employer can make a worker redundant? (7) Are there 

priority rules that apply to redundancy dismissals or layoffs? (8) Are there 

priority rules applying to re-employment?  

                                                           

22 http://www.doingbusiness.org/methodology/employing-workers 
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The responses for these questions are coded as follows. If the response for 

question 1 is no, dismissal due to redundancy is illegal implying the highest 

level of dismissal restriction. In this special case the final dismissal procedures 

index is assigned the maximum possible value of 10 and all the other questions 

are not used. For every other question except question (4), if the answer is yes, 

a score of 1 is assigned; otherwise a score of 0 is given. An answer of yes to 

question (4) is given a score of 2, thus giving a greater weight for this response. 

The final index is calculated as the sum of responses for questions (2)-(8) 

except for the case where the response of question 1 is no (in which case it 

takes a value of 10). 

Hiring procedures index: Higher values of this index indicate heavier 

burden of employment regulation. The index is calculated using responses for 

the following five questions. (1) Are fixed-term contracts prohibited for 

permanent tasks? (2) What is the maximum allowed cumulative duration of a 

fixed-term employment contracts (in months), including all renewals? (3) Can 

the workweek for a single worker extend to 50 hours per week (including 

overtime) for 2 months each year to respond to a seasonal increase in 

production? (4) Are there restrictions on night work? (5) Are there restrictions 

on "weekly holiday" work?  

A response of yes for question (1) is assigned a value of 1, whereas a 

response of no is assigned 0. For question (2) a score of 1 is assigned if the 

maximum cumulative duration of fixed term contracts is less than 3 years; 0.5 

if it is 3 years or more but less than 5 years; and 0 if fixed-term contracts can 

last 5 years or more. For questions (3)-(5) a response of yes is assigned a score 
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of 0, whereas a score of 1 is assigned if the answer is no. The final hiring 

procedures index is calculated as the average of the five variables.  

  



 

Chapter Four 

The Effect of Political Connections on 

Credit Access: Does the Level of 

Financial Development Matter?*   

 

4.1   Introduction 

Growing evidence indicates that firms actively develop political connections in 

order to get preferential treatment from politicians. The role of political 

connection is especially prominent in developing and transition economies 

where informal relationships serve as a substitute for poorly functioning 

formal institutions (Du and Girma, 2010; Kali, 1999). The benefits of these 

symbiotic relationships for politicians include financial and political backing 

that allows them to consolidate their official positions (Frye and Iwasaki, 

2011). Businesses benefit from political ties in the form of preferential credit 

access from state-affiliated financial institutions, better access to government 

contracts and subsidies, and favorable regulatory treatment (Faccio, 2006). In 

countries where property rights are not secure, such as China, political ties 

also reduce the (perceived) risk of expropriation (Li et al., 2006).  

                                                           

* This chapter is based on an article published in Kyklos (Lashitew, 2014). 
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The focus of this study is the effect of political connections on credit 

access. Since credit financing is expensive and inaccessible in most developing 

countries (Banerjee and Duflo, 2005), getting preferential credit access is one of 

the key motivations for building up political ties (Li et al., 2008; Khwaja and 

Mian, 2005). The state often commands significant control over economic 

resources and political power, which allows it to direct the allocation of credit 

towards favored firms (Li et al., 2006). In countries where government banks 

are the norm, political connections can be used to get favorable credit from 

these banks (Khwaja and Mian, 2005; Li et al., 2008; Firth et al., 2009; Brandt 

and Li, 2003). Even where private financial institutions are dominant, 

government officials can facilitate allocation of credit to favored firms through 

regulation or persuasion (La Porta et al., 2002). Directed credit is commonplace 

throughout the developing world, including in large countries such as India 

and China (Banerjee and Duflo, 2005; Firth et al., 2009). This induces allocation 

of capital towards firms with the strongest political connection rather than to 

firms with the highest productivity, potentially leading to lower allocative 

efficiency and aggregate productivity at macro level (Hsieh and Klenow, 2009; 

Lambsdorff, 2003). 

The first aim of this study is to provide international evidence on the role 

of political connections on credit access. In spite of growing evidence on the 

importance of political connections, there is limited international evidence 

regarding their effect on credit access1. The majority of current studies on the 

                                                           
1 The link between political connections and financial performance is relatively more 

explored in an international setting for the smaller subset of publicly listed firms. For 

example, Faccio (2006) studies the link between political connections and stock valuation, 

and Boubakri et al. (2012) show that politically connected firms have lower cost of equity 

capital. 
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relationship between political connections and credit access are based on a few 

emerging countries, mainly China (Li et al., 2008; Firth et al., 2009; Brandt and 

Li, 2003). However, it is not clear to what extent this evidence can be 

generalized to a wider set of countries.  

Secondly, the article aims to empirically test if financial development 

reduces the effect of political connections on credit access. Financial 

development can increase the role of economic factors vis-à-vis political 

factors in the process of credit allocation for at least three reasons. Firstly, the 

ability of government officials to coordinate directed credit policies is reduced 

when the banking sector is more competitive and less concentrated. This is 

especially the case in several countries that liberalized their financial sectors by 

privatizing public banks, and by allowing entry of foreign banks (Megginson, 

2005). Second, financial development increases competitive pressure that 

induces banks, private or public, to lend based on economic criteria. In other 

words, banks have greater incentive to lend based on economic criteria that 

maximize return on loans and probability of repayment. Finally, credit 

information sharing mechanisms that grow with financial development reduce 

information asymmetry problems associated with identifying the 

creditworthiness of loan applicants (Brown et al., 2009). This lowers the cost of 

screening and monitoring, thereby increasing the ability of banks to lend based 

on economic criteria. For these reasons, the amount of credit provided to 

politically connected firms is expected to fall with financial development.   

The analysis in this study is based on the World Bank’s Enterprises Survey 

(WBES) dataset, which provides large, comparable, international dataset of 
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firms (plants) in 68 countries. The WBES dataset has several unique features 

that make it suitable for studying this topic. Firstly, it covers several transition 

and developing economies where the role of political connections is 

potentially more important. Second, it largely covers small and medium sized 

firms, which are more prone to financing constraints (Schiantarelli, 1995). 

Previous studies that investigate the effect of political connections on credit 

access (e.g. Claessens et al., 2008), rely on data of publicly listed firms that are 

typically large, and face lower financial constraints. Third, the WBES dataset 

contains comparable measures of credit access and political connections at the 

firm level that are collected using standardized instruments across countries.  

The main measure of political connections in this study is the percentage 

of time in a week that the firm’s senior managers (or owners) spend meeting 

government officials dealing with regulatory issues. This indicator measures 

the proximity between the firm’s senior managers and government officials 

who could influence credit access directly or indirectly. An important 

advantage of this variable is that it is a standardized indicator that is 

comparable across countries. I also use the availability of government stake in 

the ownership of the firm as an alternative indicator of political connection. 

Although public ownership is a commonly used proxy of political connections 

(Firth et al., 2009; Brandt and Li, 2003), I use it only for comparison purposes 

since the coverage of publicly owned firms in the WBES dataset is small.   

Credit access is measured by the share of external financing in working 

capital expenses and, alternatively, in investment expenditure. To test the 

effect of political connections on credit access in a regression analysis, I control 

for profitability, size, foreign ownership and other factors that induce 

differences in demand and supply of credit. In addition, I use country fixed 
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effects to remove any potential cross-country differences that could affect the 

demand and supply of credit.    

The results show that political connections have a strong positive effect on 

credit access. An increase in the amount of time that firm managers spend 

with government officials by one standard deviation is associated with a 6% 

increase in credit access relative to the mean. This result indicates that political 

connections have a sizeable effect on credit access.  

Next, I turn to test if financial development reduces the effect of political 

connections on credit access. Since the banking sector is the most important 

source of external financing in developing countries, I focus on indicators that 

measure various aspects of development in the banking sector. Specifically, I 

use the following three indicators: (i) net interest margin, (ii) bank 

concentration, and (iii) a binary variable showing availability of credit 

information sharing. These indicators measure the competitiveness and 

efficiency of the banking sector, and its ability to measure borrowers’ 

creditworthiness through credit information sharing (Brown et al., 2009).  

The results show that a competitive and efficient financial intermediary 

sector reduces the effect of political connections on credit access. A reduction 

in net interest margin or bank concentration from the 75th percentile to the 25th 

percentile is associated with a fall in the marginal effect of political 

connections by more than 35%. Similarly, the availability of credit information 

sharing reduces the marginal effect of political connections by half. The results 

remain robust when different estimators are applied, and when the data is 

restricted to a subsample of countries with high coverage. Moreover, the 
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results are not sensitive to using alternative data sources for the indicators of 

financial development.   

The rest of the paper is organized as follows. Section 4.2 briefly reviews 

the related literature. Section 4.3 presents the empirical strategy for the 

regression analysis. Section 4.4 describes data sources, discusses the 

measurement of variables, and provides descriptive results. Section 4.5 

presents the main results, and section 4.6 concludes.    

4.2   Related Literature 

The subject of this study is related to two important strands of the micro and 

macro literature. Firstly, the analysis is related to the literature that 

investigates the effect of political connections on firm performance. Faccio 

(2006) finds that political participation by firm managers leads to a significant 

rise in the stock value of the firm. Using firm-level data from China, Du and 

Girma (2010) show that politically connected firms have higher survival 

prospects and register higher employment growth, although they perform 

significantly less in terms of productivity growth. 

A number of studies in this literature document that political connections 

increase credit access in emerging economies. Khwaja and Mian (2005) report 

that firms in Pakistan that have politicians in their boards of directors use 

significantly larger amounts of bank loan. Claessens et al. (2008) find that the 

amount of campaign contribution to (elected) candidates has a significant 

positive effect on credit access and stock returns in Brazil. Public ownership of 

firms and party membership in China are also found to have significant effect 

on credit access (Li et al., 2008; Firth et al., 2009; Brandt and Li, 2003).    
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Secondly, this study is related to the branch of literature that examines the 

effects of financial development and other institutions on resource allocation. 

Although the importance of financial development on productivity and output 

growth is widely recognized, there is limited evidence on the reallocation 

effects of financial development, also called ‘the quality effect’ (Abiad et al., 

2008). Two notable exceptions that provide evidence that financial 

development improves allocative efficiency are Wurgler (2000) and Abiad et al. 

(2008). A related strand of literature explores the role of financial and other 

institutional variables on the allocation of resources using macro- and 

industry-level data (see La Porta et al., 2002; González-Páramo and Cos, 2005).   

4.3   Empirical Strategy 

This section introduces the empirical strategy of the chapter. Observed credit 

use, measured here as the share of external financing in total expenditure, is an 

equilibrium outcome that depends on demand and supply forces. Some of 

these factors, such as the level of financial development, are common for all 

firms within a country, whereas others, such as creditworthiness, could vary 

across individual firms. To disentangle the effect of political connections on 

credit access in a regression framework, it is thus important to control for 

major demand and supply shifters of credit use.   

I use the following cross-sectional empirical methodology to test the effect 

of political connections on credit access: 

(4.1)				J
�@� = 4��J�@�� + O�\�@�� + 	9� @̂� + 	]( �̂) + _�@� 			,										 
where _ is the error term, and i, j and c index respectively the firm, the 
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industry and the country of location. CA is credit access and PC refers to 

political connections, measured by the amount of time firm managers spend 

with officials (management time). Since political connections are expected to 

increase credit access, the coefficient (4) is expected to be positive. The vector 

X includes a set of firm-level control variables that induce heterogeneity in the 

demand and supply schedules of firms. Dj and Dc denote industry and country 

dummies that capture differences in demand and supply of credit across 

industries and countries. The dummies also remove any possible differences 

that do not vary across firms including macroeconomic shocks and 

measurement differences.  

Two firm-level controls are included in X to account for differences in 

demand for capital, namely the profit rate, and foreign ownership dummy. The 

profit rate, calculated as gross profit divided by sales, can increase demand for 

financial capital since every dollar borrowed generates high return. However, 

profitable firms could also substitute away from borrowing since external 

financing could be more expensive due to information asymmetries 

(Schiantarelli, 1995; Hubbard, 1998). In addition, the profit rate is expected to 

increase credit supply since high profitability increases creditworthiness in the 

eyes of lenders. Therefore, profitability captures both supply- and demand-

side effects that can have either positive or negative net effect. A foreign 

ownership dummy showing presence of at least 10% foreign stake in ownership 

is included to capture potential lower credit demand among multinational 

firms due to their ability to pool and allocate finance with their subsidiaries 

(Schiantarelli, 1995).  

Due to information asymmetries, firms in the same market with varying 

characteristics can have different levels of creditworthiness (Hubbard, 1998). 
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The control vector X thus includes three additional variables that account for 

differences in credit supply due to variations in creditworthiness. These are 

the log of sales volume, and dummy variables indicating if the firm releases 

audited financial statements and if the firm is listed in stock markets. Sales volume is 

controlled as a proxy for size because small firms with limited collateralizable 

assets could face higher borrowing constraints (Schiantarelli, 1995). Moreover, 

banks could find lending for small firms expensive because they typically 

borrow in small amounts, thus raising the cost of monitoring, enforcement and 

other transaction costs per dollar borrowed2. Releasing audited financial 

statements can lower the cost of monitoring and contract enforcement for 

lenders, thus increasing credit access. Similarly, stock market listed firms are 

likely to have higher credit access either because they have more choices of 

financing sources, or because they are more transparent due to availability of 

public financial information.  

Next, I extend the previous equation to account for the moderating role of 

financial development:  

(4.2)			J
�@� = 4��J�@�� + O�\�@�� + B��J�@� ∗ � �̂� + 	9� @̂� + 	]( �̂) + _�@� 		,								       
where FD refers to an indicator of financial development, and all other 

variables are as defined earlier.  

The coefficient of the interaction term between PC and FD (B) measures 

the extent to which financial development moderates the effects of political 

                                                           

2 Another reason for controlling for size is to avoid omitted variable bias since larger 

firms are more likely to have stronger political connections (Li et al., 2006; Faccio, 

2006).  
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connections on credit access. The variable PC is included to capture the main 

effect of political connections, whereas the main effect of financial 

development is indirectly captured by the country dummies Dc.  

Among the three indicators of financial development considered, net 

interest margin and bank concentration are inversely related to the 

competitiveness of the banking sector. Therefore, the coefficient of the 

interaction term between PC and these variables (B) is expected to be positive. 

In other words, we expect that political connections will have a larger effect on 

credit access in countries where the banking sector is less competitive. The 

interaction term with the third variable, availability of credit information 

sharing, is predicted to be negative since information sharing is expected to 

lower the role of political connections. 

The indicators of credit access are expressed as a percentage of total 

expenditure; so they are by construction bounded by zero and 100. It has been 

shown that OLS will lead to inconsistent estimates when the dependent 

variable is censored because it fails to account for differences in the 

conditional probability of borrowing for limit observations with zero or 100% 

of credit access (Amemiya, 1984). Therefore, estimation for both regression 

models (1) and (2) is conducted using the two-limit Tobit regression model 

that accounts for the censoring of credit access on both sides.  

The Tobit regression model assumes an unbounded latent credit access 

variable that is a linear function of the independent variables. Therefore, CA in 

Equations (4.1) and (4.2) refers to the unobserved underlying latent variable of 

credit access rather than the observed, bounded variable. The observed credit 
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access, CA*, is censored whenever the latent variable takes values smaller than 

the lower limit and larger than the upper limit:  

(4.3)			J
�@�∗ = l J
�@� 																if		0 < 	J
�@� < 100																																							0																						if		J
�@� ≤ 0																																																		100																			if		J
�@� ≥ 100.																																											  

The Tobit model assumes that the error term in Equations (4.1) and (4.2) 

follows a normal distribution, leading to a non-linear relationship between 

observed credit access (CA*) and the explanatory variables (Amemiya, 1984). 

There are, thus, two relevant marginal effects for the explanatory variables; 

one measuring the marginal effects of the independent variables on the latent 

credit access (CA) and another on the observed credit access (CA*). In the 

results section, I report the marginal effects on the latent credit access (CA) 

since they have the appealing feature of being constant across observations. 

However, for some variables of interest I also indicate the marginal effects on 

the censored, observed credit access (CA*), which have a more direct economic 

interpretation. Due to the non-linear relationship between observed credit 

access and the independent variables, the marginal effects on the observed 

credit access differ across observations depending on the value the 

independent variables take. The marginal effects reported in this study are 

hence average values across all observations.  

Due to the interaction term in Equation (4.2), the marginal effect of 

political connections on credit access depends on the level of financial 

development. The marginal effect of political connections (PC) on the 

conditional expectation of the observed credit access (CA*) given the vector of 

independent variables (r) is: 
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(4.4)   Marginal effect  =	 Qs(tu∗|r)QRt = �4 + B(�^)� w� ��xx$ryz;  − � �$ryz;  {      ,        

where F(.) donates the normal cumulative distribution function so that the last 

term in brackets is the probability that credit access is not censored 

(0<CA*<100).  Because of the last term, the marginal effect of political 

connections on observed credit access varies not only with financial 

development but also with the values of other independent variables3. 

Therefore, I calculate the marginal effect for each observation allowing all of 

its independent variables to vary. For each level of financial development, I 

then report the average marginal effect across all observations and the relevant 

standard errors. The results are presented by plotting the average marginal 

effects and their 95% confidence bands against the level of financial 

development.  

As indicated by Ai and Norton (2003), the significance of an interaction 

term in non-linear models is difficult to interpret since it does not measure the 

change in the dependent variable resulting from a unit change in both 

interacted variables. As Greene (2010) highlighted, a useful approach in this 

case is building the model based on appropriate statistical principles. I thus 

report additional likelihood ratio tests that compare the likelihood functions of 

the models with and without an interaction term. Significant difference 

                                                           

3 The expected value of observed credit access that is censored at 0 and 100 in the 

Tobit model is given by: [(J
∗||) = 100� �}yX$�xx;  + w� ��xx$}yX;  − � �$}yX;  {|~O +
1 wd �$}yX;  − d ��xx$}yX;  {	,	where |~O is the right hand side of Equation (5.2) and σ is 

the standard error of the regression. F(.) and f(.) respectively donate the normal 

cumulative distribution and probability functions.   
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between the two models would suggest that the inclusion of the interaction 

term improves the model’s fit.  

A potential concern in these regressions is reverse causality from credit 

access to management time if firm managers could start to meet public officials 

more often after acquiring credit. For example, a firm with more credit access 

would be more leveraged and thus more sensitive to risks stemming from 

changing regulations. This could be a good motive for more regular meetings 

with public officials who decide on those regulations. In the current empirical 

setting such reverse causality cannot be ruled out, potentially inducing an 

upward bias in the coefficient of management time. However, structural 

differences across industries in dependence on external finance (and hence 

potential differences in  time spent with officials) are controlled for through 

the industry dummies, which can alleviate the bias. Reverse causation is likely 

less of a problem, though, in identifying the differential effect of political 

connections at different levels of financial development. The bias would have 

to systemically vary with the level of financial development for the main result 

to be invalid and arguments for such systematic variation in the bias are not 

immediately apparent. Therefore, I report direct estimates given the difficulty 

to obtain panel data or exogenous instruments that would be necessary to 

statistically test and/or resolve the potential bias.  

Since observations within the same country and industry share several 

uncontrolled characteristics, estimation for both equations is conducted by 

taking into account the potential clustering of error terms within country-

industry groups. This will account for any arbitrary correlation that remains 
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among the standard errors after country-industry effects are removed. Since 

there are more than 560 country-industry groups within the dataset, the 

number of clusters will be large enough to ensure that the t-statistics is 

normally distributed. 

4.4   Data and Measurement 

4.4.1   The WBES dataset  

The World Bank’s Enterprises Survey is an ongoing project that collects firm-

level data worldwide. The survey covers extensive topics and provides 

balance sheet and additional data on sales volume, labor and other operating 

costs, employment and capital stock. Furthermore, the dataset includes 

responses by senior managers for several questions related to access to finance, 

business-government relations, and regulatory constraints.  

The major advantage of the WBES survey is that data collection is 

conducted systematically using standardized survey instruments. The dataset 

thus provides comparable data that is unique for its extensive country 

coverage. Sampling for the WBES is conducted using stratified sampling 

procedure to ensure representation. First, the number of industry groups to be 

covered across each major sector (services, manufacturing and non-agriculture 

primary activities) is determined. For manufacturing, industry grouping is 

based on 2-digit ISIC classification. The number of industry groups to be 

covered in each country is determined according to the size of the total 

economy. Once the number of industries is decided, industry groups that 

contribute relatively more to the total economy in terms of total production or 

employment are selected. In the second stage, a sampling equation is used to 

determine a representative sample size per industry group. Finally, further 
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stratification is made based on firm size and geographical location to choose 

the firms covered by the survey. This systematic and standardized sampling 

strategy is essential for making the data coverage representative within 

countries and reasonably comparable across countries.4 

Analysis in this study is based on the version of the WBES dataset released 

as of 2010. Data collection started in 2002 and different countries have been 

covered in subsequent years. Although panel data is available for some 

countries, the country coverage of the panel dataset is very limited. To make 

the most use of the available data, I use a cross-section dataset that combines 

data from different years for all countries to maximize total available data. 

When multiple years of data are available for a country, I choose the year that 

has the largest number of observations. This will not have an effect on the 

estimation since I include country dummies that also pick year effects.  

I started compiling the data by removing repeated (panel) observations 

and non- manufacturing establishments. The original dataset compiled thus 

covers about 22,000 observations in 11 manufacturing industries, most of 

which are defined in two-digit ISIC groups. However, credit access data is 

missing for several observations. After excluding observations with no 

information for credit access, the dataset has 19,697 establishments in 68 

countries.  

The list of countries covered and summary statistics for key variables by 

country is provided in Table (4.A1) in the appendix. There is a large difference 
                                                           

4 A full description of the sampling procedure can be accessed from the website of 

the dataset: http://www.enterprisesurveys.org/methodology/ 



144  Chapter 4 

in sample size across countries; large countries such as India, Brazil and China 

have well above a thousand observations, whereas smaller ones such as Niger 

and Burkina Faso have just above 30 observations. The dataset covers mostly 

low- and middle-income countries with an average per capita GDP (in PPP) of 

USD 5,142 in 2005. However, its coverage is extensive in terms of income 

differences, ranging from Oman, which has the highest GDP per capita in the 

dataset (USD 22,693), to Congo DR, which has the lowest level of GDP per 

capita (USD 360). The mean and median levels of employment are respectively 

180 and 40, and around 70 % of the observations are small- and medium-sized 

enterprises with 100 or fewer employees.  

4.4.2   Indicators of credit access   

The WBES dataset contains data on sources of financing working capital and 

investment expenditures. Credit access in this paper is measured by the 

percentage contribution of external financing in the firm’s working capital 

expenses. For sensitivity test, I also use the percentage contribution of external 

financing in total investment expenditure. However, I do not rely on it for the 

main part of the analysis since financing for investment expenditure mainly 

reflects unobserved differences in investment demand. Credit use for working 

capital, on the other hand, is less likely to reflect demand differences since all 

firms need working capital for their operations. Moreover, data for credit use 

in investment is missing for a larger number of observations potentially 

because of  non-response among firms with zero investment expenditure.   

Both indicators of credit access are calculated as 100 minus the percentage 

contribution of internal funds and financing from informal (social) sources. 

The indicators thus include the contributions of all types of external financing, 

namely bank loans, lease financing, trade credits, and equity financing. A 
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closer look at the less complete data for disaggregated sources of financing 

reveals that bank loans are the most important sources of external financing, 

followed by trade credit5. Table (4.A2) in the appendix provides pairwise 

Pearson correlation results between the indicators of credit access and other 

relevant variables. The Appendix shows that the two indicators of credit 

access have a significant positive correlation of 0.58.  

4.4.3   Indicators of political connections 

The major indicator of political connections in this study is the percentage of 

time senior managers of the firm spend in a typical week meeting government 

officials dealing with government regulations (henceforth called management 

time). This measure can indicate the closeness between managers and public 

officials. Managers can take advantage of long and frequent contacts with 

government officials to increase credit access in many ways, for example by 

lobbying for participation in directed credit schemes. Even when such 

programs are not present, a closer link with government officials can be used 

to facilitate borrowing from state banks or private banks that are prone to 

external pressure.  

Publicly owned establishments are considered politically connected for 

many reasons, including having important government officials in their 

                                                           

5 I use the broader measures of external financing rather than more specific sources 

mainly because of data limitations since detailed sources of financing are missing for 

most observations. Using the smaller data of detailed financing sources can also lead 

to selection bias since the missing observations are most likely non-random. For 

example, smaller and younger firms that do not have financial accounts are less 

probable to provide detailed data.  
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boards of directors (Frye and Iwasaki, 2011; Firth et al., 2009). Although the 

WBES dataset excludes fully government owned enterprises, it contains 

partially publicly owned firms which constitute around 4% of the total sample 

(820 firms). As shown in Table (4.A2), management time and public ownership 

also have a significant positive correlation, indicating that publicly owned 

firms are closer to government officials. However, I do not rely on this variable 

in most parts of the analysis since the majority of publicly owned firms are 

concentrated in a few transition economies such as China and Vietnam. 

4.4.4   Indicators of financial development     

The banking sector is the most dominant form of financial intermediation in 

most low- and middle-income countries since stock markets are 

underdeveloped or even absent. Therefore, bank credit is the most important 

source of external finance for developing country firms that are predominantly 

represented in the WBES dataset. This study hence focuses on indicators of 

financial development related to the competitiveness of the banking sector, 

namely: i) the net interest margin, (ii) the level of bank concentration, and (iii) 

a binary variable showing availability of credit information sharing. It is 

expected that higher competition and information sharing in the banking 

sector increases the incentives and ability of banks to lend based on economic 

criteria, while reducing the ability of government officials to coordinate 

politically motivated lending. 

The net interest margin is calculated as interest income minus interest 

expenses as a percentage of interest-bearing assets, and thus measures the 

wedge between deposit and lending interest rates. Since it is a proxy of the 

cost of financial intermediation, it is inversely correlated with the efficiency of 

the banking system. As opposed to size-based indicators of financial 
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development which assume that a larger financial intermediary sector is more 

developed, this indicator is more precise since it is based on the ex-post 

efficiency of the financial sector (Beck et al., 2010). The net interest margin is 

thus often used as an indicator of intermediation efficiency (Cetorelli, 2001; 

Barth et al., 2008). 

The level of bank concentration is measured by the asset share of the three 

largest commercial banks in the banking sector. Higher bank concentration is 

usually associated with lack of competition and monopoly power due to 

regulatory and other entry barriers. However, high bank concentration could 

also result in when more efficient banks capture greater market share in a 

competitive market (Cetorelli, 2001). Nonetheless, studies find that high bank 

concentration is associated with lower efficiency and higher financing 

constraints (Beck et al., 2004). In light of this, bank concentration in this study 

is taken as an indicator of (lack of) competition in the banking sector. 

Finally, a dummy variable is used for measuring availability of credit 

information for lenders, either in the form of public registries or private 

bureaus. The purported aim of credit information sharing is to improve the 

ability of lenders to measure the creditworthiness of their borrowers by 

reducing screening and monitoring costs. Information sharing mechanisms 

can be formalized either on a voluntary basis through credit bureaus, or on a 

mandatory basis through public credit registers operated by central banks. 

Previous studies have shown that the availability of credit registries facilitates 

information sharing and reduces credit constraints (Brown et al., 2009).   
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The data for credit information is taken from Djankov et al. (2007) who 

compile detailed credit information data for a large number of countries as of 

2003. Data for net interest margin and bank concentration for the year 2005 is 

taken from a database described and compiled by Beck et al. (2010). The 

original data source for these variables is the bank-level Bankscope database 

that provides detailed financial statement data for banks around the world. 

The Bankscope database has a relatively high representation since it includes 

banks that constitute on average 90% of the total banking sector assets across 

countries (Beck et al., 2010). Table (4.A1) in the appendix provides the detailed 

data of financial development indicators for all countries in the dataset.  

4.4.5   Summary statistics  

The first panel of Table (4.1) provides summary statistics for the two measures 

of credit access. On average, firms use external financing to cover 37% of their 

working capital expenses and investment expenditure. However, credit access 

in investment has about 30% fewer observations than credit for working 

capital. Since most of these missing observations might be zero due to lack of 

investment, the average values reported in the Table could overstate the 

contribution of external financing for investment expenditure6.   

 

 

 

 
                                                           

6 For credit use in working capital, around 36% of the observations report zero credit 

use, and 13% report 100% credit use. The large number of limit cases justifies the 

need for accounting for censoring in the regression analysis using the two-limit Tobit 

estimator.  
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Table 4.1: Descriptive statistics of key variables 

 

Notes: The two indicators of credit access measure the share of external financing in total 

working capital and investment expenditure. Management time measures the percentage of 

time senior manger’s of the firm spend dealing with government officials. Public dummy 

indicates the presence of government stake in ownership. Net interest margin measures the 

average gap between lending and borrowing interest rates. Bank concentration is measured 

with the asset share of the largest three banks. Credit information dummy indicates the 

presence of private or public credit information sharing mechanisms. For full description of 

the variables see Section 4.4. Descriptive statistics for financial development variables is 

calculated across observations so that the reported average indicates weighted average by 

number of observations.  

Panel II presents the two indicators of political connections: the amount of 

time firm managers spend meeting government officials and dealing with 

regulatory issues, and the public ownership dummy. Firm managers on 

average spend 9% of their time meeting government officials dealing with 

regulatory issues. About 4% of the observations in the dataset (820 plants) are 

also partially publicly owned.    

Panel III of Table (4.1) provides summary statistics for the three indicators 

of financial development. The average value of net interest margin reveals that 

 Obs. Mean Median Std. Dev. Min Max 

I. Credit access indicators        

Ext. finance in working capital (%) 19,697 36.79 25 37.59 0 100 

Ext. finance in investment (%) 13,397 37.48 10 42.55 0 100 

II. Political connection indicators        

Management time (%)  17,329 9.27 5 12.44 0 82 

Public dummy 19,473 0.04 0 0.20 0 1 

III. Financial development        

Net interest margin 18,158 3.78 3.34 1.68 1.56 9.39 
Bank concentration 

19,315 56.98 54.90 17.32 
30.7

6 100 
Credit information dummy 19,167 0.91 1 0.29 0 1 
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lending interest rates are on average 3.8 percentage points higher than deposit 

interest rates. The variable varies between 1.56% in Egypt and 9.39% in 

Gambia. The average value of bank concentration indicates that 57% of total 

assets in the banking industry in the average country is owned by the three 

largest banks. Finally, the Table shows that 91% of the observations are from 

countries with credit information sharing mechanisms (i.e. 49 out of the 61 

countries for which data is available have credit information). Pairwise 

correlation between the three indicators shows that net interest margin and 

bank concentration are not significantly correlated with each other, but both 

have significant negative correlations with the credit information dummy 

(with coefficients of -0.23 and -0.27 respectively).   

4.5   Results 

4.5.1   Baseline regression results 

This subsection presents the baseline results for the regression models 

introduced earlier. Table (4.2) reports six regression results in which credit 

access for working capital expenses is used as a dependent variable. The 

results are based on the two-limit Tobit estimator that accounts for the 

censoring of credit access from zero and 100. The coefficients reported show 

the marginal effects of the independent variables on the latent credit access.  

The first three regressions test if political connections affect credit access 

based on Equation (4.1). The coefficients of management time are positive and 

strongly significant in regressions (1) and (3), indicating that firms whose 

managers spend more time with government officials have significantly 

higher credit access.   
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Regression (3), which is our preferred specification, shows that a one 

percentage point increase in the amount of time managers spend with officials 

leads to an increase of the latent credit access by 0.37 percentage point. For ease 

of interpretation, it is more informative to report the marginal effect of 

political connection on observed values of credit access. Although not shown in 

the Table, the marginal effect of management time on observed credit access is 

0.19. This indicates that an increase in management time by one standard 

deviation is associated with a raise of credit access by 2.4 percentage points 

(0.19*12.4). Compared to the average credit access of 37%, this implies a 

relatively large increase of 6.4% in credit access. 

Regressions (2) shows that (partially) publicly owned firms have 

significantly higher credit access7. However, the public ownership dummy 

becomes insignificant once other covariates are controlled in regression (3). 

This result is mainly driven by the inclusion of the log of sales in the 

regression, indicating that the high credit access among public firms is 

attributable to their large size. In a study of credit access among Chinese firms, 

Firth et al. (2009) also find that the effect of public ownership disappears once 

size is controlled.  

 

 

                                                           

7 Mean comparisons by ownership type shows that credit in working capital and 

investment expenditure is respectively higher by about 17 and 11 percentage points 

among public firms. In addition to being statistically significant, the difference is 

very large relative to the average credit access, which is 37%. 
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Table 4.2: The effect of political connections on credit access, and the 

moderating effect of financial development 

 (1) (2) (3) (4) (5) (6) 
       

Management time (%) 0.414***  0.367*** 0.088 0.021 0.699*** 
 (0.050)  (0.050) (0.108) (0.173) (0.166) 
Public dummy  8.248** -1.779 -1.447 -1.649 -1.562 
  (3.836) (3.876) (3.898) (3.903) (3.928) 
Management time X  
Net interest margin 

   0.066** 
 

 

    (0.026) 
 

 
Management time X  
Bank concentration 

    0.006**  

     (0.003)  
Management time X  
Credit information 

     -0.373** 

      (0.174) 
Profit rate   -11.856*** -11.856*** -12.058*** -12.021*** 
   (2.517) (2.583) (2.512) (2.558) 
Log(sales)   4.773*** 4.709*** 4.799*** 4.888*** 
   (0.473) (0.486) (0.477) (0.481) 
Audited dummy   7.645*** 8.322*** 7.515*** 7.339*** 
   (1.551) (1.630) (1.562) (1.578) 
Foreign dummy     -3.598** -3.846** -3.320* -3.702** 
   (1.744) (1.763) (1.762) (1.785) 
Listed dummy   -0.131 0.297 -0.160 -2.421 
   (3.297) (3.384) (3.316) (3.025) 
Constant -10.741 -1.948 -37.645*** -36.637*** -41.823*** -44.915*** 
 (8.655) (7.570) (6.600) (6.723) (7.105) (7.648) 
       
Observations 17,329 19,473 16,711 15,271 16,518 16,208 
       
LR chi2(1) - - - 7.05*** 4.88** 5.09** 

Notes: The dependent variable in all regressions is the percentage of external financing in 

working capital expenses. Country and industry dummies are included in all regressions. 

Estimation is based on the two-limit Tobit model, and the coefficients indicate the marginal 

effect of the independent variables on the latent credit access. Standard errors given in 

parentheses are corrected for clustering by country-industry. The likelihood-ratio test 

statistics reported in the last row compare the likelihood functions of the model with the 

interaction term against the model without it. The asterisks represent significance at the 

levels of 0.1, 0.05 and 0.01. Definition and source of all variables in the regression is described 

in Section 4.4. 
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Among the control variables, the profit rate appears with a significant 

negative coefficient. This suggests that profitable firms with high internal cash 

reserve substitute away from more expensive external financing.  Sales 

volume has positive and significant effect on credit access, indicating that size 

indeed boosts creditworthiness. Similarly, releasing audited financial 

statements appears to increase credit access significantly. Foreign owned firms 

use significantly lower credit, confirming that they internalize their capital 

allocation, either by borrowing from other subsidiaries or by using internally 

generated funds. Stock market listing, on the other hand, appears to have no 

significant effect credit access.  

The last three regressions of Table (4.2) present the results for the 

interaction model which aims to test the moderating role of financial 

development. Regression (4) shows that the interaction term between 

management time and net interest margin is positive and significant. The 

effect of management time thus increases with the net interest margin, 

indicating that the role of political connections is higher in countries with less 

efficient banking sectors. Similarly, the positive, significant coefficient of the 

interaction term between management time and bank concentration confirms that 

the effect of management time is larger when the banking sector is more 

concentrated. The last regression includes an interaction term between 

management time and the dummy variable showing availability of credit 

information sharing. The interaction term is negative and significant, indicating 

that the effect of political connections is lower when credit information sharing 

is available.  
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Since the significance of interaction terms in non-linear models are 

difficult to interpret (Ai and Norton, 2003), it is essential to justify their 

inclusion using alternative model specification tests (Greene, 2010). The last 

row of Table (4.2) provides likelihood ratios for testing the hypothesis that 

including the interaction terms improves the fit of the model. The tests show 

that the equality of the log-likelihood values between the restricted and the 

unrestricted models is rejected, confirming that the interaction terms improve 

the model’s fit. The likelihood ratio tests thus confirm that financial 

development plays an important moderating role8.  

Due to the interaction terms, the effect of management time on credit access 

depends on the level of financial development. A graphical presentation of the 

marginal effects against the level of financial development would thus be 

more informative. This approach is especially important for highlighting 

model implications in non-linear models where marginal effects are not 

constant (Greene, 2010). Therefore, I provide results that show the marginal 

effect of management time on observed credit access as indicated in Equation 

(4.1).  

Figure (4.1) depicts three graphs that plot the marginal effects and their 

95% confidence bands against the respective measures of financial 

                                                           

8 In a robustness test not reported, I consider accounting for institutional differences 

by including an interaction term between institutional quality and management time. 

Institutional quality is measured using a composite indicator that measures of 

bureaucratic quality, corruption, law and order, and democratic accountability from 

the ICRG dataset. The interaction term with financial development remain 

significant, whereas the interaction term for institutional quality is insignificant, 

indicating that financial development is not capturing the effect of institutional 

differences.  
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development. The top-left graph of Figure (4.1) shows the marginal effect of 

management time on observed credit access at different levels of net interest 

margin using results from regression (4) of Table (4.2). The graph shows that 

the marginal effect of political connections increases with the net interest 

margin. The slope of the marginal effect line is 0.036, indicating that one 

percentage point increase in the net interest margin raises the effect of political 

connections by 0.036 percentage point. In Mali, which has a net interest margin 

of 5.29% (75th percentile), the marginal effect of management time is 0.24 (0.048 

+0.036*5.29). In Croatia, which has a net interest margin of 2.86% (25th 

percentile), the effect is 0.15 (0.048 +0.036*2.86). This indicates that moving 

from the 75th to the 25th percentile of net interest margin would reduce the 

marginal effect of political connections on credit access by 38%. The marginal 

effect of management time is positive and significant at nearly all levels of net 

interest margin, reflecting the importance of political connections in the 

sample of countries.  

The top-right graph of Figure (4.1) plots the marginal effects of 

management time against bank concentration using results of regression (5) 

from Table (4.2). The slope of the marginal effect line shows that one 

percentage point increase in bank concentration raises the marginal effect of 

management time by 0.003. Lowering bank concentration from 80 % in 

Kyrgyzstan (the 75th percentile) to 50% in Bolivia (the 25th percentile) would 

thus reduce the marginal effect of political connections by more than 36% from 

0.25 to 0.16. The marginal effect of management time is virtually significant at all 
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levels of bank concentration, reflecting the strong effect of political connections 

and relatively high bank concentration in the sample.  

Figure 4.1: The marginal effect of political connections on observed credit 

access, along with 95% confidence bands  

 

Note: The marginal effects of political connections are calculated as shown in Equation (4.1) 

using coefficients from regressions (4)-(6) of Table (4.2).  

Finally, the bar graph with spikes at the bottom of Figure (4.1) depicts the 

marginal effect of management time and its confidence interval using regression 

(6) of Table (4.2). The graph shows that a 1-percentage point increase in 

management time raises observed credit access by 0.17% when credit information 

sharing is available and by 0.37% when credit information sharing is not 

available. Availability of credit information sharing hence reduces the effect of 

management time by more than half. However, the marginal effect of 
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management time is significant across all countries, regardless of availability of 

credit information sharing.  

4.5.2   Sensitivity tests 

I conduct a number of sensitivity tests to check the robustness of the baseline 

regression results. The first test involves comparing the results from the two-

limit Tobit model with those from the OLS estimator. Secondly, I check the 

sensitivity of the results for using alternative indicators of credit access and 

financial development. Finally, I conduct additional tests to check if the results 

dependent of the country sample. 

Although OLS is an inconsistent estimator when the dependent variable is 

censored, it can serve as useful benchmark for comparison with the Tobit 

model. Firstly, R-square values from OLS can be informative since similar 

measures of goodness of fit are lacking in non-linear models such as the Tobit 

model. In addition, the linear OLS approximation has the appealing feature of 

simplifying the calculation and interpretation of interaction effects.  

The OLS estimates are reported in Table (4.A3) in the appendix. The first 

three regressions are based on Equation (4.1), and the last three are based on 

the interaction effects model. The bottom row shows that the R-square values 

are around 0.20 in most regressions, indicating a reasonable goodness of fit. 

Management time is significant in the regressions (1) and (3), showing that 

political connections have a positive effect on credit access. Interestingly, its 

coefficient in the third regression (0.18) is very close to the marginal effect of 

management time on observed credit access in the baseline regressions (0.19). The 

interaction terms in regressions (3)-(6) are also generally significant and with 
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the expected sign. In addition, the coefficients of the interaction terms for net 

interest margin and bank concentration are very close to their respective 

slopes in Figure (4.1). The OLS estimator thus confirms the baseline results 

that are based on the two-limit Tobit model.  

To test if the baseline results hold with an alternative indicator of credit 

access, I run additional regressions using credit use in investment. The result, 

reported in Table (4.A4), show that management time has positive and 

significant effect on credit access. The effect on the latent credit access appears 

much bigger for credit in investment than for working capital, reflecting the 

presence of greater censoring for credit use in investment. However, the 

marginal effects of management time on observed credit in investment in 

regression (3) is 0.18, which is very close to the value of 0.19 reported earlier 

for credit use in working capital. The interaction terms with financial 

development included in the last three regressions are generally insignificant. 

This, however, is most likely caused by the 30% reduction in the number of 

observations due to missing values for credit use in investment. 

The baseline results indicate that financial development significantly 

reduces the role of political connections. An important question is if these 

results are specific for the measures of financial development used here. As 

indicated earlier, the data for net interest margin and bank concentration is 

sourced from a detailed bank-level database (Beck et al., 2010). Fortunately, 

alternative measures of net interest margin and bank concentration from a 

very different source are available for checking the robustness of the results. 

For this purpose, I use the database described by Barth et al. (2008) which 

contains indicators of financial development that are collected through 

questionnaires and interviews with regulatory authorities at central banks.   
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Table (4.A5) in the appendix provides three regression results using these 

alternative indicators of financial development. The alternative measure of net 

interest margin from Barth et al. (2008) has the same definition as the original 

variable from Beck et al. (2010). For bank concentration, I use two alternative 

indicators that have slightly different definitions. The first indicator is based 

on the asset share of the five largest banks, whereas the second indicator is 

based on the deposit share of the five largest banks in the country. All the three 

alternative indicators are significantly correlated with their respective 

counterparts form Beck et al. (2010) with coefficients ranging from 0.66 - 0.78. 

The results from Table (4.A5) show that the interaction term between 

management time and the alternative indicators for net interest margin and 

bank concentration are positive and significant. The coefficient of the 

interaction terms are also comparable to those reported in Table (4.2), 

confirming that the results are not sensitive to alternate measures of net 

interest margin and bank concentration.   

The last sensitivity test is conducted to check if the baseline results depend 

on the sample of countries included in the regressions. In order to maximize 

the variation in financial development and other variables, the data for the 

baseline analysis includes countries with as few as 30 observations. An 

important concern is if the results are driven by data from countries with 

relatively low sample coverage. I thus re-estimate the baseline regressions 

using a subsample that includes only countries that have at least 100 

observations. While this reduces the number of available countries from 68 in 

the baseline to 40, the average observation per country rises from 290 to 407. 
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Table 4.3: Results from a subsample of countries  

 (1) (2) (3) (4) (5) (6) 
       
Management time (%) 0.422***  0.379*** -0.001 -0.207 0.927*** 
 (0.053)  (0.054) (0.107) (0.185) (0.185) 
Public dummy  8.984** -1.008 -0.868 -1.094 -0.836 
  (4.018) (4.097) (4.091) (4.076) (4.094) 
Management time X 
Net interest margin 

   0.095***   

    (0.026)   
Management time X 
Bank concentration 

    0.011***  

     (0.003)  
Management time X  
Credit information 

     -0.595*** 

      (0.192) 
Profit rate   -11.616*** -11.358*** -11.610*** -11.613*** 
   (2.638) (2.712) (2.634) (2.660) 
Log(sales)   4.700*** 4.598*** 4.694*** 4.744*** 
   (0.500) (0.510) (0.501) (0.502) 
Audited dummy   7.076*** 7.963*** 7.107*** 6.926*** 
   (1.641) (1.718) (1.646) (1.651) 
Foreign dummy    -3.523* -4.076** -3.452* -3.920** 
   (1.880) (1.882) (1.875) (1.877) 
Listed dummy   0.869 1.421 0.816 -1.581 
   (3.474) (3.567) (3.490) (3.139) 
Constant -17.243*** 4.794 -38.755*** -37.619*** -40.126*** -12.008*** 
 (3.222) (3.437) (3.823) (4.027) (3.858) (4.278) 
       
Observations 16,056 18,103 15,450 14,259 15,442 15,208 
LR chi2(1) - - - 12.16*** 12.16*** 9.09*** 

Notes: All regressions are based on a subsample of the dataset that includes countries with at 

least 100 observations. The dependent variable in all regressions is the percentage of external 

financing in working capital expenses. Country and industry dummies are included in all 

regressions. Estimation is based on the two-limit Tobit model, and the coefficients indicate 

the marginal effect of the independent variables on the latent credit access. Standard errors 

given in parentheses are corrected for clustering by country-industry. The likelihood-ratio 

test statistics reported in the last row compare the likelihood functions of the model with the 

interaction term against the model without it. The asterisks represent significance at the 

levels of 0.1, 0.05 and 0.01. Definition and source of all variables in the regression is described 

in Section 4.4.   
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These results are reported in Table (4.3), which is analogous to Table (4.2). 

Management time is positive and significant in regressions (1) and (3) with 

coefficients that are close to those are reported in Table (4.2). The last three 

regressions reveal that the coefficients of the interaction terms are significant 

and with the expected sign for all of the three indicators of financial 

development. The baseline results, therefore, do not appear to be driven by 

data from countries with small coverage.  

Another issue related to country coverage is if the baseline results reflect 

relationships observed in countries with a certain income group. In order to 

check if the results differ across country samples with different income levels, I 

estimate additional regressions by dividing the sample of countries into high 

and low income groups. I use the median GDP per capita (which was 3,660 in 

PPP prices as of 2005), for dividing the sample into two equal subsamples of 

‘high’ and ‘low’ income countries. Six regression results are reported in Table 

(4.A6) of the appendix, where the first three are based on the subsample of 

‘low’ income countries and the last three are based on ‘high’ income countries. 

The interaction term with credit information dummy is not reported since 

most countries without credit information are within the low-income group, 

and its effect is thus significant only within that subsample. 

Regressions (1) and (4) show that management time has significant positive 

effect on credit access in both subsamples. Although the effect is somewhat 

larger in the ‘low’ income subsample, it is large and significant in both 

subsamples, indicating that the relevance of political connections is not 

confined to countries within a certain income range. The interaction terms for 
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net interest margin and bank concentration, however, are significant only in 

the high-income subsample. These results appear to suggest that the 

moderating role of bank efficiency and competition is more important in 

countries with relatively higher income.    

4.6   Conclusion 

In the absence of well-developed formal institutions, firms in developing and 

transition economies rely on informal networks for facilitating their 

operations. A growing literature confirms that firms get preferential treatment 

from politicians, for example in the form of higher credit access (Khwaja and 

Mian, 2005; Li et al., 2008; Firth et al., 2009; Brandt and Li, 2003). However, 

there is lack of empirical evidence on how institutional arrangements affect the 

relevance of political connections.  

This study investigates if the role of political connections declines with 

financial development using the World Bank’s Enterprises Survey (WBES) 

dataset, which covers close to 20,000 manufacturing establishments across 68 

mostly countries. Using the amount of time that firm managers spend with 

government officials as a proxy for political connections, the article shows that 

political connections have a strong positive effect on credit access. The effect is 

large and significant after various firm-level demand- and supply-side 

determinants of credit as well as country-industry effects are controlled for.  

The results also show that an efficient and competitive financial 

intermediary sector reduces the effect of political connections on credit access. 

Lower net interest margin, lower bank concentration and availability of credit 

information sharing significantly reduce the effect of political connections on 

credit access. Lowering a country’s net interest margin or bank concentration 
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from the 75th percentile to the 25th percentile in the sample reduces the effect of 

political connections by more than 35%. Likewise, availability of credit 

information sharing mechanisms more than halves the marginal effect of 

political connections.     

The evidence presented here underscores the reallocation benefits of well-

developed financial institutions, which is also called ‘the quality effect’ (Abiad 

et al., 2008). Well-developed financial markets are capable at identifying and 

allocating capital towards more productive firms, thus raising allocative 

efficiency. The evidence in this research highlights that the reduction of 

politically motivated lending can be an important mechanism in this 

reallocation process.   
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4.A   Appendix Tables 

Table 4.A1: Descriptive statistics by country 

Country Obs 
Credit in 

work. cap. 
Credit in 

invest. 
Managem
ent time 

Public 
dummy 

Net int. 
margin 

Bank 
concent. 

Credit 
info. 

1. Albania 40 18.15 37.93 18.87 0.00 3.60 91.88 0 

2. Algeria 146 26.75 28.36 . 0.16 4.11 83.80 0 

3. Angola 173 12.39 3.98 6.29 0.01 2.58 74.60 1 

4. Argentina 468 31.65 4.84 15.41 0.00 1.66 43.21 1 

5. Bangladesh 890 38.94 35.46 4.23 0.01 2.06 42.81 1 

6. Benin 55 31.40 25.45 6.19 0.00 4.38 85.37 1 

7. Bolivia 237 30.61 25.48 15.13 0.00 4.00 50.25 1 

8. Botswana 132 36.85 21.44 6.30 0.02 1.65 74.39 1 

9. Brazil 1425 49.12 39.02 7.77 0.00 4.23 30.76 1 

10. Bulgaria 442 19.88 27.96 17.62 0.01 3.71 41.08 1 

11. Burkina Faso 35 32.43 56.97 8.27 0.00 5.99 54.74 1 

12. Burundi 91 27.42 20.00 7.29 0.02 5.73 100.00 1 

13. Cameroon 101 36.66 30.22 13.68 0.03 4.46 53.92 1 

14. Cape Verde 39 30.31 51.49 13.12 0.03 . . . 

15. Chile 555 41.60 45.63 6.92 0.01 . 54.90 1 

16. China 1021 44.56 37.27 23.89 0.20 2.08 61.24 1 

17. Colombia 550 47.70 44.00 13.92 0.00 3.27 41.39 1 

18. Congo, DR 154 22.14 14.78 8.87 0.00 8.61 61.59 0 

19. Cote d'Ivoire 43 18.23 20.79 8.97 0.00 4.54 57.48 1 

20. Croatia 267 42.98 50.57 12.60 0.06 2.86 62.98 0 

21. Ecuador 290 43.58 45.65 13.10 0.00 2.73 48.10 1 

22. Egypt 621 11.28 10.91 . 0.02 1.56 51.54 1 

23. El Salvador 445 48.00 47.22 7.91 0.01 4.98 67.50 1 

24. Ethiopia 229 28.45 22.71 2.53 0.16 3.56 86.27 0 

25. Gambia 45 43.33 17.08 8.07 0.04 9.39 90.42 . 

26. Ghana 158 30.68 18.33 5.19 0.02 3.75 93.60 1 

27. Guatemala 415 36.02 33.71 12.67 0.00 5.39 48.03 1 

28. Guinea 56 28.41 7.50 5.19 0.04 . . 1 
29. Guinea-

Bissau 56 16.09 10.69 3.67 0.02 . . . 

30. Guyana 143 24.72 29.40 3.02 0.00 2.83 100.00 . 

31. Honduras 346 45.51 38.74 10.80 0.00 6.12 40.75 1 

32. Indonesia 423 25.61 26.75 5.96 0.02 5.37 42.55 1 

33. Jordan 97 18.67 11.07 11.53 0.01 2.29 78.47 1 

34. Kenya 58 46.88 37.79 13.11 0.09 7.68 43.58 1 

35. Kyrgyzstan  84 13.96 57.68 9.12 0.01 3.36 80.27 0 

36. Lao PDR 186 8.00 6.17 5.79 1.00 2.40 . 1 
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Country Obs 
Credit in 

work. cap. 
Credit in 

invest. 
Managem
ent time 

Public 
dummy 

Net int. 
margin 

Bank 
concent. 

Credit 
info. 

37. Liberia 45 19.89 15.88 8.00 0.02 . . . 

38. Lithuania 72 31.94 47.07 28.32 0.00 . 78.26 1 

39. Madagascar 147 21.70 18.82 21.37 0.03 6.73 87.46 1 

40. Malawi 123 26.08 34.75 6.79 0.02 6.51 76.25 0 

41. Mali 45 16.22 10.86 3.47 0.13 5.29 72.12 1 

42. Mauritania 101 30.45 10.00 6.60 0.00 3.37 66.89 1 

43. Mauritius 111 39.56 39.38 10.91 0.04 2.94 64.76 . 

44. Mexico 836 17.71 18.18 12.92 0.00 6.70 59.03 1 

45. Morocco 716 12.13 30.07 7.93 0.00 . 58.58 1 

46. Namibia 138 44.45 27.53 5.73 0.01 5.16 88.70 1 

47. Nepal 74 36.76 42.24 10.64 0.00 4.44 53.33 1 

48. Nicaragua 389 36.21 27.33 13.24 0.02 3.16 84.00 1 

49. Niger 33 19.03 26.32 20.74 0.09 4.07 80.64 1 

50. Oman 40 57.62 44.55 . 0.00 3.74 65.81 0 

51. Pakistan 743 26.25 29.79 9.65 0.00 4.44 43.22 1 

52. Panama 142 32.66 42.04 10.62 0.00 3.72 48.84 1 

53. Paraguay 156 24.08 21.70 10.27 0.00 8.49 47.77 1 

54. Peru 269 50.26 49.70 13.80 0.00 4.00 76.51 1 

55. Philippines 456 25.91 28.57 8.86 0.00 2.91 38.56 1 

56. Poland 65 27.35 60.48 11.08 0.02 2.87 62.44 1 

57. Rwanda 54 41.76 32.86 5.31 0.04 3.76 87.01 1 

58. Senegal 201 18.65 12.13 4.32 0.00 3.34 62.10 1 

59. South Africa 633 32.82 30.62 6.97 0.00 2.82 94.19 1 

60. Sri Lanka 350 50.13 27.68 3.79 0.12 4.25 59.45 1 

61. Swaziland 91 36.74 20.04 4.87 0.02 6.45 67.67 . 

62. Syria 53 9.62 12.48 6.53 0.00 2.20 97.53 0 

63. Tanzania 219 27.74 15.96 5.29 0.05 4.61 55.50 0 

64. Thailand 1280 71.09 76.00 1.83 0.00 2.78 43.69 1 

65. Uganda 271 25.64 16.95 4.72 0.00 7.94 62.99 0 

66. Uruguay 203 21.69 18.63 9.95 0.00 2.21 57.57 1 

67. Vietnam 1026 64.01 61.44 6.39 0.35 2.52 73.62 1 

68. Zambia 99 33.33 32.17 12.77 0.03 9.15 57.20 0 
 

Note: Description of all variables is provided in Section 4.4. 
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Table 4.A2: Correlation results  

 
1 2 3 4 5 6 7 8 9 

1. Credit in working cap. 1 
        

 
         

2. Credit in invest. 0.576 1 
       

 
0 

        
3. Manag. time (%) 0.014 -0.024 1 

      
 

0.071 0.010 
       

4. Public dummy 0.093 0.053 0.034 1 
     

 
0 0 0 

      
5. Profit rate 0.009 -0.056 0.120 0.001 1 

    
 

0.188 0 0 0.888 
     

6. Log(sales) 0.218 0.184 0.067 0.129 0.158 1 
   

 
0 0 0 0 0 

    
7. Audited dummy 0.134 0.105 0.029 0.056 -0.001 0.388 1 

  
 

0 0 0 0 0.915 0 
   

8. Foreign dummy   0.033 0.014 0.025 -0.019 0.043 0.284 0.208 1 
 

 
0 0.110 0.001 0.010 0 0 0 

  
9. Listed dummy 0.008 0.021 -0.010 0.074 0.001 0.130 0.102 0.063 1 

 
0.271 0.015 0.184 0 0.910 0 0 0 

 
 

Note: Description of all variables is provided in Section 4.4.  
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Table 4.A3: OLS regression results 

 (1) (2) (3) (4) (5) (6) 
       
Management time (%) 0.210***  0.184*** 0.065 0.032 0.355*** 
 (0.026)  (0.027) (0.059) (0.088) (0.085) 
Public dummy  5.134** 0.100 0.300 0.192 0.249 
  (2.233) (2.305) (2.335) (2.317) (2.335) 
Management time X 
Net interest margin 

   0.029**   

    (0.014)   
Management time X 
Bank concentration 

    0.003*  

     (0.001)  
Management time X  
Credit information 

     -0.193** 

      (0.089) 
Profit rate -2.512* -1.856 -6.242*** -6.376*** -6.390*** -6.394*** 
 (1.338) (1.255) (1.350) (1.417) (1.352) (1.376) 
Log(sales)   2.522*** 2.544*** 2.539*** 2.598*** 
   (0.253) (0.265) (0.255) (0.257) 
Audited dummy   4.010*** 4.390*** 3.945*** 3.856*** 
   (0.817) (0.878) (0.822) (0.831) 
Foreign dummy     -2.157** -2.370** -2.038** -2.249** 
   (0.912) (0.959) (0.922) (0.930) 
Listed dummy   -0.520 -0.406 -0.532 -1.643 
   (1.757) (1.828) (1.765) (1.626) 
Constant 15.370*** 19.319*** -0.076 -0.142 -1.938 -3.934 
 (3.707) (3.107) (3.390) (3.458) (3.707) (4.090) 
       
Observations 17,329 19,473 16,711 15,271 16,518 16,208 
R-squared 0.193 0.185 0.209 0.203 0.208 0.211 

Notes: The dependent variable in all regressions is the percentage of external financing in 

working capital. Country and industry dummies are included in all regressions. Standard 

errors given in parentheses are corrected for clustering by country-industry. The asterisks 

represent significance at the usual levels of 0.1, 0.05 and 0.01.    
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Table 4.A4: Results based on credit access for investment purposes 

 (1) (2) (3) (4) (5) (6) 
       
Management time (%) 0.698***  0.633*** 0.129 0.843* 0.571** 
 (0.133)  (0.134) (0.297) (0.438) (0.266) 
Public dummy  1.440 -14.914* -13.763* -14.306* -12.982 
  (7.957) (8.607) (8.221) (8.188) (8.216) 
Management time X  
Net interest margin 

   0.133*   

    (0.072)   
Management time X  
Bank concentration 

    -0.004  

     (0.007)  
Management time X  
Credit information 

     0.002 

      (0.296) 
Profit rate   -15.570** -18.209*** -17.395*** -19.409*** 
   (6.053) (5.548) (5.468) (5.588) 
Log(sales)   7.009*** 6.257*** 6.720*** 6.976*** 
   (1.116) (1.041) (1.031) (1.048) 
Audited dummy   11.447*** 13.026*** 10.332*** 9.674*** 
   (3.872) (3.629) (3.509) (3.556) 
Foreign dummy     -13.065*** -13.356*** -12.164*** -12.695*** 
   (4.296) (4.110) (3.976) (4.045) 
Listed dummy   4.740 1.173 0.479 -5.219 
   (8.081) (7.167) (6.963) (7.300) 
Constant -6.012 7.731 -50.238** -42.208* -42.460* -45.697* 
 (22.311) (21.763) (23.752) (23.089) (23.717) (23.588) 
       
Observations 11,735 13,204 11,225 11,275 12,304 11,936 
       
LR chi2(1) - - - 4.58** 0.55 0.01 

Notes: The dependent variable in all regressions is the percentage of external financing in 

investment expenditure. Country and industry dummies are included in all regressions. 

Estimation is based on the two-limit Tobit model, and the coefficients indicate the marginal 

effect of the independent variables on the latent credit access. Standard errors given in 

parentheses are corrected for clustering by country-industry. The likelihood-ratio test 

statistics reported in the last row compare the likelihood functions of the model with the 

interaction term against the model without it. The asterisks represent significance at the 

usual levels of 0.1, 0.05 and 0.01.    
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Table 4.A5: The moderating effect of financial development using alternative 

measures 

 (1) (2) (3) 
    
Management time X Net interest margin, 
Barth et al. (2008) 

0.050**   

 (0.024)   
Management time X Bank concentration by 
asset, Barth et al. (2008) 

 0.007***  

  (0.002)  
Management time X Bank concentration by 
deposit, Barth et al. (2008) 

  0.007*** 

   (0.002) 
Management time (%) 0.155 -0.100 -0.096 
 (0.096) (0.170) (0.157) 
Partially public dummy  -8.806 -6.399 -6.419 
 (7.017) (6.511) (6.510) 
Profit rate -13.707*** -12.585*** -12.593*** 
 (2.967) (2.949) (2.948) 
Log(sales) 4.629*** 4.678*** 4.679*** 
 (0.571) (0.555) (0.554) 
Audited dummy 8.228*** 8.455*** 8.463*** 
 (1.845) (1.827) (1.828) 
Foreign dummy   -5.172** -5.528*** -5.541*** 
 (2.100) (2.063) (2.063) 
Listed dummy -0.738 0.446 0.464 
 (3.834) (3.603) (3.603) 
Constant -37.684*** -38.434*** -38.515*** 

 (4.293) (4.141) (4.138) 
    
Observations 13,361 13,754 13,754 
LR chi2(1) 4.89** 6.89*** 7.73*** 

Notes: The dependent variable in all regressions is the percentage of external financing in 

working capital expenses. The three indicators of financial development are taken from Barth 

et al. (2008). Bank concentration 2 and 3 are respectively based on the asset and deposit 

shares the five largest commercial banks. Country and industry dummies are included in all 

regressions. The coefficients indicate the marginal effect of the independent variables on the 

latent credit access from two-limit Tobit estimation. Standard errors given in parentheses are 

corrected for clustering by country-industry. The likelihood-ratio test statistics reported in 

the last row compare the likelihood functions of the model with the interaction term against 

the model without it. The asterisks represent significance at levels of 0.1, 0.05 and 0.01.  
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Table 4.A6: Results for subsamples of countries by income group   

 GDP per capita < 3,660 GDP per capita >= 3,660 
 (1) (2) (3) (4) (5) (6) 
       
Management time (%) 0.406*** 0.247 0.192 0.346*** 0.070 0.005 
 (0.101) (0.271) (0.421) (0.057) (0.121) (0.181) 
Management time X Net 
interest margin 

 0.035   0.068**  

  (0.050)   (0.031)  
Management time X 
Bank concentration 

  0.003   0.006** 

   (0.006)   (0.003) 
Partially public dummy 3.571 3.615 3.530 -10.908 -10.154 -10.527 
 (3.202) (3.258) (3.257) (7.868) (7.839) (7.873) 
Profit rate -9.488** -10.080** -9.933** -13.394*** -13.004*** -13.370*** 
 (4.099) (4.095) (4.102) (3.150) (3.266) (3.143) 
Log(sales) 4.075*** 4.150*** 4.169*** 5.052*** 4.956*** 5.036*** 
 (0.582) (0.596) (0.596) (0.651) (0.674) (0.652) 
Audited dummy 10.891*** 10.939*** 10.898*** 5.140*** 5.957*** 4.967*** 
 (2.757) (2.814) (2.803) (1.827) (1.960) (1.827) 
Foreign dummy   -0.080 0.061 0.272 -5.133** -5.730*** -4.853** 
 (2.857) (2.962) (2.969) (2.184) (2.183) (2.177) 
Listed dummy 8.748 8.809 8.702 -4.119 -3.702 -4.098 
 (5.422) (5.473) (5.504) (3.860) (3.988) (3.855) 
Constant -5.581 -5.679 -5.863 -38.446*** -37.840*** -42.617*** 
 (5.516) (5.768) (5.655) (7.542) (7.733) (7.858) 
       
Observations 5,571 5,425 5,417 11,140 9,846 11,101 
LR chi2(1) - 0.77 0.69 - 3.88** 2.68** 

Notes: Regressions (1)-(3) are based on a subsample of countries whose 2005 GDP per capita 

(in PPP) was less than 3,660, whereas regressions (4)-(6) are based on countries whose 

income was greater than that. The dependent variable in all regressions is the percentage of 

external financing in working capital expenses. Country and industry dummies are included 

in all regressions. Estimation is based on the two-limit Tobit model, and the coefficients 

indicate the marginal effect of the independent variables on the latent credit access. Standard 

errors given in parentheses are corrected for clustering by country-industry. The likelihood-

ratio test statistics reported in the last row compare the likelihood functions of the model 

with the interaction term against the model without it. The asterisks represent significance at 

the levels of 0.1, 0.05 and 0.01. 

 

  



 

Chapter Five 

Which Firms Are Financially 

Constrained? Evidence from Investment 

Analysis of Ethiopian Data 

 

5.1   Introduction  

Severe financial constraints are one of the most critical obstacles for firm 

investment in developing countries (Dinh et al., 2010; Banerjee and Dufflo, 

2008). Shortage of external financing could reduce the ability of firms to grow 

by investing in physical capital, with a potential adverse effect on economic 

performance at the aggregate level (Beck and Demirguc-Kunt, 2006). However, 

exposure to financial constraints is not uniform across firms for several 

reasons. Firstly, it is widely recognized that information asymmetry problems 

that raise the cost of external financing affect firms differently (Greenwald et 

al., 1984). Small firms, which are also generally younger, are considered risky 

borrowers because they lack established credit history, and because they have 

limited net worth to use as collateral (Beck et al., 2007; Carpenter and Petersen, 

2002). Furthermore, transaction costs such as costs of monitoring, screening, 

and contract enforcement per dollar borrowed tend to be higher for small 

firms, making external financing more expensive (Schiantarelli, 1995). As a 
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result, financial constraints are expected to have greater effect on the 

performance of small firms.  

Secondly, financial constraints could vary among firms due to unequal 

levels of political connections. In transition and developing economies such as 

Ethiopia, political connections are important factors in determining a firm’s 

credit access (Lashitew, 2014). For example, public (state owned) firms are less 

likely to face financial constraints since they could benefit from facilitated 

credit access from state-affiliated or private banks (Guariglia et al., 2011). 

Similarly, exporting firms could benefit from government-facilitated credit 

schemes aimed at promoting export performance. Finally, the level of financial 

constraint a firm faces could also depend on its demand for external finance. 

Plants belonging to multi-unit business groups are generally less likely to be 

affected by financial constraints since they have internal mechanisms of 

allocating and pooling capital (Becker and Sivadasan, 2010; Schiantarelli, 

1995). 

This study investigates the extent to which the role of financial constraints 

varies by firm type among Ethiopian manufacturing firms. Specifically, it 

looks into how differences in size, ownership, business group membership 

and export status are associated with credit constraints. Moving beyond 

measuring the presence of an ‘average’ effect of financial constraints on 

investment, and showing how it varies across firm groups is important for a 

number of reasons. Primarily, it offers evidence on the specific channel 

through which financial markets affect firm investment. Although a large 

literature points to the importance of financial development for the real 

economy (Fazzari et al., 1988; Hubbard, 1998; Devereux and Schiantarelli, 

1990), the heterogeneous effect of financial constraints among firms is 
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relatively less documented. This study attempts to provide new evidence in a 

developing country setting where financial constraints are most likely to be 

binding.  

Analyzing the extent to which financial constraints differ across firms can 

also shed light on a number of aggregate economic phenomena. For example, 

research has shown that the size distribution on firms in developing countries 

tends to be dominated by microenterprises and large firms rather than small- 

and medium-sized firms, an outcome called “the missing middle” puzzle in 

the literature (Ayyagari et al., 2007; Sleuwaegen and Goedhuys, 2002). A 

greater role of financial constraints among small firms would suggest that 

poorly functioning financial markets contribute to this puzzle by reducing the 

growth of small firms and microenterprises. Finally, differences in financial 

constraints among firm groups indicate the presence of factor-market 

segmentation that hinders the allocation of capital across firms. Evidence for 

market segmentation, in return, would support the view that poorly 

functioning financial markets lead to inefficient allocation of capital, thereby 

lowering aggregate productivity in developing countries (Hsieh and Klenow, 

2009; Buera and Shin, 2010). Research in this direction can thus enrich our 

understanding of the origins of low aggregate productivity in developing 

countries (Tybout, 2000). 

The great majority of existing studies on investment analysis generally use 

data for large, stock-listed firms that are unrepresentative for the rest of the 

population of firms. In contrast, this study uses a census-based panel dataset 

of manufacturing plants in Ethiopia covering the 15 years between 1996 and 
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2010. Collected by the Central Statistics Agency of Ethiopia, the dataset 

includes the whole universe of firms that have at least 10 employees, allowing 

us to make economy-wide conclusions for the formal manufacturing sector in 

the country. Another unique feature of this dataset is its extensive coverage of 

small and medium-sized manufacturing firms that are most likely to be 

affected by financial constraints. More than 60% of the plants in the dataset are 

small-sized plants that employ less than 50 workers.  

Although Ethiopia is one of the five largest economies of Sub-Saharan 

Africa, it has one of the smallest manufacturing sectors in the continent. As of 

2010, the contribution of manufacturing in GDP was slightly less than 5%, 

which is meager even by African standards where the share of manufacturing 

averages about 10%. The picture is equally grim in terms of employment, 

highlighting the low level of development in the sector. Like the rest of the 

economy, Ethiopia’s manufacturing sector suffered from stifling government 

intervention during the era of socialist command economy from 1974-1991. 

Only after extensive liberalization that included steady privatization did the 

sector eventually set off on a path to recovery. In the past decade the sector has 

expanded significantly, growing at an impressive rate of around 10% on 

average1. Nonetheless, the mediocre export performance of the sector and its 

inability to cope with stiff import competition point to the need for dramatic 

improvements in competitiveness.  

Unfortunately the financial sector in Ethiopia is not in the best position to 

promote the growth of the fledgling manufacturing sector. Although the sector 

registered significant progress recently, it remains highly underdeveloped and 
                                                           
1 This growth is visible in our dataset where the number of observations grew by almost 

threefold from 700 in 1996 to nearly 2000 in 2010.  
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lacking supporting institutions such as credit bureaus and registries. The 

country does not have a stock market or other forms of secondary financial 

markets, and the banking sector is off-limits for foreign investors. While 

private banks have flourished since the liberalization of the sector in 1994, 

large public banks remain dominant, with the asset share of the three largest 

government banks standing at 70% as of 2006 (Bezabeh and Desta, 2014). 

Banks are extremely risk-averse with strict, collateral-based underwriting 

which is particularly likely to harm small firms with limited net worth. Not 

surprisingly, shortage of external finance is rated as the most important 

operational problem in managerial surveys (World Bank, 2011). Moreover, 

credit shortage is likely to be a more serious problem for private firms that 

have to compete for with a politically connected and extensive public sector2.  

The importance of financial constraints in Ethiopia and the potential 

variation of their role among different firm groups make the country an 

interesting case for our study. The analysis in this paper is based on Vector 

Autoregressive (VAR) technique, which explicitly represents the dynamic 

relationship between investment and its fundamental and financial 

determinants - i.e. the marginal product of capital and cash flow respectively. 

Panel VARs offer the unique advantage of combining the strengths of both 
                                                           
2 Private banks are subjected to strict and often arbitrary policy interventions that skew the 

playing field in favor of public banks. An example of this is the introduction of a legislation 

in 2011 that requires private banks to buy and hold low-yield government bonds that are 

worth at least 27 percent of their gross loan disbursement. While this legislation is prompted 

by the goals of fending off inflation and providing finance for large public projects, the 

contentious issue is that public banks are exempted from it. Given that private banks are 

important sources of financing for private firms, this and similar preceding directives 

systematically restrict credit access among private firms.   
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time series and panel techniques. Like time series methods, panel VARs 

provide a complete representation of the dynamic relationship between a set 

of variables (Holtz-Eakin et al., 1988). In investment analysis, panel VARs can 

be used to conduct impulse response analysis that captures the direct effect of 

cash flow shocks on investment, as well as their indirect feedback effect 

through (future) marginal profitability of capital and investment. Like other 

panel techniques, panel VARs give the additional flexibility of addressing 

cross-sectional heterogeneity by including firm-specific fixed effects. 

Combined with the ability to control for industry and time fixed effects, this 

substantially reduces the risk of omitted variable and other endogeneity 

problems.   

Using impulse response analysis, I test if shocks of cash flow elicit 

significant response from investment. A significant response for cash flow 

would indicate that financial variables affect firm investment, which 

contradicts the assertion of the neoclassical model that only fundamentals (i.e. 

the marginal product of capital) are relevant for investment (Hayashi, 1982). I 

use a three-variable structural VAR with the following recursive ordering 

among the variables: 1) the marginal product of capital (MPK) 2) cash flow to 

capital ratio (CFK) and 3) the investment rate (IK)3. This recursive structure 

ensures that the standard errors are orthogonalized so that the effects of a 

contemporaneous shock on one variable can be studied while keeping other 

variables constant. In our case, this leads to clearer identification of the effects 

                                                           
3 Assuming recursive structure with theory- and evidence-based ordering of variables is 

standard practice in the structural VAR literature (see e.g. Juessen and Linnemann, 2012). 

This specific recursive ordering among MPK, CFK and IK is also adopted by past studies 

(Gilchrist and Himmelberg, 1995; 1998; Love and Zicchino, 2006). 
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of financial and fundamental factors on investment since contemporaneous 

CFK shocks by construction carry no information about current MPK.  

The results from the impulse response analysis show that cash flow shocks 

elicit relatively large investment responses in the subsample of small firms, 

whereas their effect is almost zero in the subsample of large firms. This 

indicates the presence of financial constraints that make investment response 

among small firms contingent upon availability of internal cash flow. In 

contrast, the marginal product of capital has greater effect on investment 

among large firms, revealing that financial constraints do not limit large firms 

from responding to profitable opportunities. The large observed difference in 

investment rate between small and large firms thus appears to be at least 

partly caused by differences in financial constraints. The results remain robust 

when alternative approaches are used for classifying size groups using capital 

stock and employment data.  

While the relationship between size and financial constraints has been 

previously explored in the investment literature, less attention has been paid 

to the role of state ownership4. Given the importance of public firms in 

Ethiopia, this paper also looks into differences between private and public 

firms5. The results show that both MPK and CFK shocks elicit significant 

                                                           

4 A recent exception is Guariglia et al. (2011) who find that investment is sensitive to 

the availability of cash flow among privately-owned Chinese firms whereas this is 

not so among publicly-owned firms, confirming that public firms have better 

financial access due to their political connections.  

5 There has been significant privatization of public firms in Ethiopia. The percentage 

of public firms in our dataset constituted 25% of all observations in 1996; but this fell 
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response from investment among private as well as public firms. Moreover, 

the response for both types of shocks is greater among public firms. Although 

the significant role of cash flow shocks among public firms is difficult to 

interpret, the considerably larger response for MPK shocks among public 

firms, combined with their relatively higher investment rate, suggests that 

public firms face lower financial constraints.  

Finally, I compare the role of financial and fundamental factors between 

the subsample of exporting or multi-unit firms on the one hand, and between 

single-unit, non-exporting firms on the other. Exporting and multi-unit firms 

are expected to be less credit constrained since they either have internal means 

of allocating capital, or because they benefit from government-facilitated 

credit. As expected, cash flow shocks induce greater investment response 

among single-unit and non-exporting firms, while the response for MPK 

shocks is greater among multi-unit or exporting firms. Taken together, the 

results indicate that firms are not affected uniformly by financial constraints. 

Especially small, single-unit and non-exporting firms are found to be more 

affected by financial constraints.  

The rest of the chapter is organized as follows. Section 5.2 provides a brief 

overview of the theoretical approach for studying investment along with a 

discussion of the literature. Section 5.3 sketches the VAR methodology used in 

this paper and discusses the estimation approach. Section 5.4 describes the 

data and presents summary statistics. Section 5.5 provides results and the last 

section concludes.  

                                                                                                                                                                                     

to less than 6% of the sample in 2010, driven partly by privatization and partly by the 

high entry rate of private firms.  
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5.2   Theory and Related Literature   

The empirical approach for identifying the role of financial constraints on firm 

investment often involves testing for departures from the standard 

neoclassical investment model. The neoclassical model predicts that economic 

fundamentals, generally proxied with a measure of the marginal profitability 

of capital such as Tobin’s Q, is a sufficient statistics for explaining investment 

(Hayashi, 1982)6. However, a large literature reveals that augmenting the 

model by including proxies of net worth such as cash flow considerably 

improves the model’s fit (Fazzari et al., 1988; Hubbard, 1998). This literature 

also finds that financial variables such as cash flow have larger effect in 

subsamples of firms that are considered more likely to face financing 

constraints.  

However, there is widespread skepticism on the plausibility of using 

financial variables such as cash flow to capture the effect of financial 

constraints (Hubbard, 1998; Gilchrist and Himmelberg, 1998). A central 

critique on this approach is that cash flow can carry substantial information 

about future profitability, and its positive effect on investment could be 

merely reflecting the unmeasured effect of future profitability. Given the 

                                                           
6 In general, the Q-theoretic model has been found unsatisfactory because the average Q has 

poor explanatory power on the rate of investment. Another strand of this literature employs 

the Euler equation investment model which relies on an alternative formulation of the 

solutions for the investment optimization problem. The presence of financial constraints in 

this framework is also tested by looking at the significance of financial variables that can 

proxy net worth. The null hypothesis of perfect capital markets is rejected if these variables 

appear with significant coefficients, and if the coefficients appear larger in subsamples that 

are a priori classified as financially constrained. 
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difficulty to accurately measure future profitability, this criticism raises a 

serious issue on the reliability of this method of analysis.   

This paper uses an alternative approach of panel Vector Autoregressive 

(VAR) modeling that explicitly represents the dynamic relationship between 

investment, the marginal product of capital and cash flow. This approach has 

a number of advantages over the standard approach of estimating the reduced 

model for investment. By assuming a structural ordering among the variables, 

we are able to isolate the effect of financial and fundamental factors separately. 

Moreover, estimating the full VAR model enables us to check if cash flow has 

predictive power on the marginal profitability of capital. This allows us to 

determine if the effect of cash flow on investment is merely the result of its 

proximity with fundamentals rather than an independent, separate effect 

reflecting financial constraints. Alternatively, it is possible to estimate the 

model for different firm groups to check if contemporaneous cash flow shocks 

affect investment differently among them given their levels of marginal 

profitability. 

Since the pioneer work by Abel and Blanchard (1986), panel VARs have 

been employed for overcoming identification problems in investment analysis 

by a number of studies. Gilchrist and Himmelberg (1995; 1998) study the 

relationship between cash flow, the marginal product of capital and 

investment among US manufacturing firms. They find that cash flow shocks 

elicit significant response from investment, suggesting that cash flow matters 

above and beyond its ability to predict fundamentals. Love and Zicchino 

(2006) use firm-level data across several countries to test if financial 

development reduces the sensitivity of investment for cash flow shocks in a 

panel VAR setting. They conclude that the impact of financial factors on 
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investment is significantly larger in countries with less developed financial 

systems. Panel VAR techniques have also gained traction as preferred 

methods of analyzing dynamic relationships in a number of other research 

areas7. 

More broadly, this study is related to a number of important strands of 

literature. Primarily, the analysis is related to the vast literature that examines 

the importance of financial constraints on firm growth and investment. This 

includes the literature that looks into the sensitivity of investment to cash flow 

(Fazzari et al., 1988; Hubbard, 1998; Carpenter and Petersen, 2002). More 

recent studies use controlled or natural experimental settings in order to 

identify the role of financial constraints on firm investment and growth (De 

Mel et al., 2008; Banerjee and Duflo, 2008; Honjo and Harada, 2006). In a cross-

country setting, a number of studies investigate if financial development 

mitigates the adverse effect of financial constraints on firm investment 

                                                           

7 At the micro level, panel VARs have been used for studying the relationship 

between firm productivity and growth (Coad and Broekel, 2012) and entry/exit 

dynamics (Kangasharju and Moisio, 1998). At macro level, the technique has been 

adopted for studying the relationship between output growth and macroeconomic 

factors such as sovereign debt (Lof and Malinen, 2014; Schumacher, 2014), fiscal 

spending (Beetsma et al., 2008; Juessen and Linnemann, 2012), institutional changes 

(Canova et al., 2012) and financial development (Calderon and Liu, 2003). Panel 

VARs are also used for assessing the economic effects of environmental factors such 

as energy consumption (Huang et al., 2008) and oil price shocks (Davis and 

Haltiwanger, 2001). Among others, Holtz-Eakin et al. (1988) outline the estimation 

approach for Panel VARs. A recent review of the panel VAR literature along with 

advances in methodology is provided by Canova and Ciccarelli (2013). 
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(Hutchinson and Xavier, 2006; Love and Zicchino, 2006; and Becker and 

Sivadasan, 2010; Beck et al., 2007).  

Furthermore, this study is related to the branch of literature that studies 

the size distribution of firms across countries. A number of studies in this 

literature analyze how the size distribution of firms changes with economic 

development, and what underlying forces drive it (Ayyagari et al., 2007; Beck 

et al., 2005). Among other, past studies have looked into the role of financial 

factors in the evolution of firm size distributions (Angelini and Generale, 2008; 

Beck and Demirguc-Kunt, 2006). Finally, this study is related to the literature 

on the role of financial markets on the allocation of capital. Both theoretical 

studies (Buera and Shin, 2010; Greenwood et al., 2013), and empirical research 

(Calderon and Liu, 2003; Love and Zicchino, 2006) in this literature show that 

efficient financial markets can improve allocative efficiency and aggregate 

productivity by reallocating capital towards more efficient firms.  

5.3   Methodology  

5.3.1   The VAR model  

This section briefly introduces the VAR methodology used in the paper. I 

consider the following VAR(1) process in which firm, industry and time effects 

are explicitly included: 

						(5.1)				
x �6�!�@�J�!�@�Y!�@� � = 
� �6�!�@�$�J�!�@�$�Y!�@�$� � + �9��9�j9��� + �]@�]@j]@�� + �e��e�je��� +	��������j���� �	,    
where the subscripts i, j and t denote respectively firm, industry and time. 

MPK is the marginal (revenue) product of capital, CFK is cash flow to capital 

stock ratio, and IK is the rate of investment. The vectors 9�,  ]@ and e� indicate 
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firm, industry and year fixed effects, and ��� are error terms that are 

uncorrelated across equations. 
x and 
� are 3x3 coefficient matrices that 

show, respectively, the contemporaneous and (one year) lag effects of the three 

variables on one another. 

Some restrictions on the matrix A0 are necessary in order to ensure 

identification. I assume that A0 is lower-triangular, which is equivalent to 

imposing a recursive ordering among the variables in the VAR:   

 
x = � 1 0 0−4j� 1 0−4�� −4�j 1�		.  
The structure of matrix A0 implies that some variables depend on the 

current values of others, but not vice versa8. The recursive structure indicates 

the following ordering among the variables: 1) the marginal product of capital, 

2) cash flow and 3) investment rate. The ordering is based on the assumption 

that the variables that appear earlier in the system are more exogenous, 

whereas those appearing later are endogenous to the system. Therefore, both 

cash flow and the marginal product of capital affect the rate of investment 

contemporaneously, but investment does not affect them contemporaneously. 

The assumption that investment affects the marginal product of capital and 

cash flow with a lag follows from the long-established view that new 

investments take time to be operational due to the time needed to acquire, 

                                                           

8 The causality implied by theory-based specification of instantaneous “causal” 

ordering among the variables is also referred to as Wold-causality (Lütkepohl, 2005). 

The results section includes a brief discussion on the robustness of the recursive 

ordering outlined here.  
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install and commission physical assets (Kydland and Prescott, 1982). Similarly, 

current values of the marginal product of capital affect cash flow, but not vice 

versa. The marginal product of capital affects cash flow contemporaneously 

because marginal productivity is likely to immediately translate into cash 

flow. The marginal product of capital, on the other hand, is not 

contemporaneously affected by any of the other two variables. This can be 

justified by the fact that sales revenue, from which MPK is derived, is largely 

demand driven and thus less likely to be affected by variables within the 

system.   

The recursive structure ensures that contemporaneous shocks in any of 

the variables are orthogonal, and can hence be studied in isolation from other 

shocks. In our case, the effect of CFK shocks on investment can be isolated 

from the effects of MPK since CFK is by construction contemporaneously 

uncorrelated with MPK. The inclusion of firm specific fixed effects will also 

help to better identify the effect of CFK and MPK by removing any 

unobserved cross-sectional heterogeneity.  

5.3.2   Estimation  

I proceed by estimating the reduced form of Equation (5.1) and then use the 

Cholesky decomposition of the variance-covariance matrix of the error terms 

to find matrix A0. The decomposition ensures that the error term ��� in 

Equation (5.1) will be uncorrelated across equations, so that innovation of one 

variable does not affect others. Time, firm and industry fixed effects are 

removed prior to estimation. Since all explanatory variables are potentially 

correlated with the unobserved firm fixed effect 9�, a consistent estimator for 

the coefficients can be found only by using deviations from means.  
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It is well known that the fixed effects estimator introduces endogeneity in 

dynamic models. The standard solution for this is first-differencing all 

variables and then using instrumental variable estimation; however, this 

approach has been found to have poor precision when cross-sectional 

heterogeneity is large (Blundell and Bond, 1998). In this study, I remove firm 

effects using forward-mean differencing, also called ‘Helmert transformation’ 

(Arellano and Bover, 1995). This procedure depends on the assumption that 

the variables in the model are pre-determined so that a shock in error terms ��� 
cannot affect current (and past) values of the variables, although it could affect 

their future values (i.e. [(���b�� , 9� , ]@ , e� , ���� = 0). This allows us to apply 

Helmert transformation which removes the firm effects from data at time t by 

deducting the firm average for all subsequent periods t+1, t+2… T.  

If ��� are serially uncorrelated and have constant variance, the Helmert 

transformed error terms will also have the same properties, thus keeping the 

orthogonality condition intact9. In dynamic models like Equation (5.1), 

however, the transformation leads to correlation between the error terms and 

the lagged dependent variables, thus requiring instrumental variable 

estimation10.   

                                                           

9 Specifically, Helmert transformation produces deviations from forward means as 

follows:	y��∗ = y� − c� : ��$� (y��� +⋯+ b�)< for t = 1, 2, … , T-1. This transformation 

cannot be calculated for the last year of data for each firm since forward means are 

not available for them. The weighting term c� = �(� − h) (� − h + 1)⁄  corrects for 

differences in variances introduced by using different number of observations for 

calculating forward means in different time periods. 

10 Note that the transformed dependent variable b��∗  is forward differenced using 
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Following the standard approach in the investment literature (Gilchrist 

and Himmelberg, 1995; Gelos and Werner, 2002; Love and Zicchino, 2006), I 

assume that all variables in the model are pre-determined so that Helmert 

transformed explanatory variables are instrumented with their own 

untransformed values in levels11. Although the lags of the levels could also be 

used as additional instruments, I use only current levels since they have strong 

correlation with the Helmert transformed explanatory variables. (The R-square 

values of the first stage regressions range between 30-80%, showing that the 

instruments explain a large portion of the total variation). Since the error terms 

of the reduced model are correlated with each other when the structural VAR 

is recursive as in Equation (5.1), the model is estimated using system GMM to 

get more efficient estimates (Arellano and Bover, 1995). However, equation-

by-equation estimation would also yield the same coefficients since, with three 

explanatory variables and three instruments, the model is just identified.  

To test the significance of the impulse responses, 90% confidence interval 

bands are generated for the coefficients using Monte-Carlo simulations (see 

Love and Zicchino, 2006). The simulations are conducted using repeated, 

random draws of the coefficients of the VAR model with replacement, which 

are used to re-calculate the impulse responses. The 5th and 95th percentiles of 

                                                                                                                                                                                     

averages of b����… b�� and its lag using averages ofb��, b����, … b��. Since b����… b�� 

are used for transforming both the dependent variable and its lag, the error term ���∗  

will be correlated with the transformed lag variable b��$�∗ .  

11 That is, I use the moment condition that  E(v��∗ |b��) = 0 to use b��$� as an instrument 

for its transformed value	y��$�
∗ . The model could also be estimated under a less 

restrictive assumption that all variables are endogenous so that they are correlated 

with current error terms. In this case, we can use all lags of b�� as instruments using 

the moment conditions that  E(v��
∗ |b��$�) = 0 for s > 0. However, the lags of b�� often 

have low correlation with the transformed value, leading to a poor IV estimation.  
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the generated impulse responses from 1000 draws are then used to construct 

the confidence interval bands.  

5.4   Data and Measurement 

5.4.1   Data description  

The analysis in this study is based on the Ethiopian Manufacturing Industries 

Survey dataset, which is a census-based survey dataset that covers all 

manufacturing plants with at least 10 employees. The dataset is collected by 

the Central Statistics Agency of Ethiopia using standardized survey 

instruments, and it covers all industrial groups classified under manufacturing 

in the 3rd revision of ISIC classification. The dataset contains detailed data on 

production, sales and other variables that are consistently measured across 

years.    

Data is available for 15 years from 1996-2010, and the number of 

observations ranges from below 700 in earlier years to around 2000 in the last 

year. After dropping observations with missing data as well as the top and 

bottom two percentiles of MPK, CFK and IK, which are likely to have been 

measured with error, 12,542 valid observations remain in the dataset. Since 

some observations appear only for one year, panel data is available only for 

10,674 observations (consisting of 2,041 firms, each appearing for an average of 

5.2 years). The descriptive statistics presented in Table (5.1) are based on this 

sample. Estimation of the VAR(1) model, however, leads to additional loss of 

data. First, the need for at least one year of lag means that each firm’s initial 

data point cannot be used for analysis, reducing the number of valid 
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observations to 7,543. Helmert transformation for removing firm fixed effects 

leads to further loss of the last year’s observation for each firm, since forward 

means are not available for those observations. As a result, the number of 

observations that are used in the VAR model is somewhat less than 6000.      

5.4.2   Measurement of variables   

The three key variables for the analysis in this study are the Investment rate 

(IK), the cash flow to capital stock ratio (CFK) and the marginal product of 

capital (MPK). IK is calculated as net investment, defined as total expenditure 

on capital items less sale of capital items, divided by the beginning-year 

capital stock. CFK is calculated as cash flow, defined as profits after interest 

and tax payments plus benefits and subsidies, divided by beginning-year 

capital stock.   

A significant challenge in investment analysis is measuring the marginal 

profitability of capital that would indicate the returns for invested capital. 

Gilchrist and Himmelberg (1998) propose that the marginal product of capital 

calculated from Cobb-Douglas technology can provide a reasonable measure 

of the marginal profitability of capital. Following the approach adopted by the 

related literature (Love and Zicchino, 2006), I measure the marginal product of 

capital (MPK) using the sales to capital stock ratio: 

						(5.2)					6�!�@� ≈
(Eb)�@�

F�@�$�
		, 

where Eb is sales revenue and F is the capital stock. The relationship in 

Equation (5.2) is an approximation because the sales to capital stock ratio 

needs to be adjusted by an industry-specific parameter that accounts for the 

proportion of sales revenue that accrues as profit for capital owners. However, 
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this correction is irrelevant for our analysis since, as shown in Equation (5.1), 

industry effects are directly included to account for any profitability 

differences across industries12. 

Capital stock in constant prices is used in Equation (5.2).  Perpetual 

inventory method is used for calculating capital stock data from detailed 

investment series by asset type as detailed in Appendix 5.A. 

5.4.3   Descriptive statistics  

Table (5.1) provides summary statistics of key variables for the whole sample 

as well as for subsamples of different firm groups. The first row shows that the 

average employment is 144 (full time equivalent) workers, while the median 

employment is much lower at 34 workers. More than 60% of the plants in the 

dataset employ 50 or fewer workers, showing that our dataset is dominated by 

small firms, as is typical for other developing countries (Sleuwaegen and 

Goedhuys, 2002). The average rate of investment for the whole sample is 9.2%, 

while the median investment rate is zero since slightly more than half of the 

observations report zero investment. The average of MPK indicates that sales 

is on average about four times as large as capital stock, and its median 

indicates sales to capital stock ratio of about two. Although not apparent from 

Table (5.1), about 20% of all observations also report negative net profit. The 

                                                           

12 In a robustness analysis that is not reported here, I also consider directly measuring 

the marginal revenue product of capital taking into account industry-specific 

differences in the elasticity of capital, markups and profit taxes. The results reported 

in this paper are robust when this measure of MPK is used rather than more 

generally accounting for industry effects in the VAR.  
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average cash flow to capital stock ratio of 0.46 thus masks the large disparity 

among firms, as can be seen from the much lower median value of 0.21.   

Table 5.1: Summary statistics 

 Obs Employ. Capital Stock MPK CFK IK 
       

All 9,534 144(34) 8,893 (965) 3.976(2.176) 0.462(0.211) 0.092(0) 
       
Small  3,798 23(16) 166 (122) 5.372(3.233) 0.645(0.323) 0.061(0) 
Large 5,703 224(74) 14,700 (3,783) 3.045(1.703) 0.340(0.164) 0.113(0.013) 
       

Private 8,027 74(27) 6,040 (622) 3.752(2.009) 0.443(0.192) 0.088(0) 
Public  1,507 512(282) 24,100 (6,368) 5.168(3.144) 0.563(0.380) 0.115(0.028) 
       

Domestic 8,392 110(29) 6,792 (723) 3.982(2.133) 0.466(0.210) 0.088(0) 
Foreign 1,142 392(129) 24,300 (6,058) 3.931(2.606) 0.434(0.224) 0.118(0.017) 

Notes: Description statistics are reported for all firms with at least three years of observations 

after data cleaning. The values outside brackets are averages and those in brackets are 

median values. Capital is measured in thousands of Birr in 1996 prices (see Appendix 5.A). 

MPK, CFK and IK are calculated as ratios of, respectively, sales revenue, net profits, and net 

investment to beginning of year capital stock. The subsample of ‘foreign’ firms includes 

plants that are either parts of multi-unit firms or exporters, whereas the ‘domestic’ 

subsample includes single plant, non-exporting firms. 

The next two rows give the summary statistics for the subsample of small 

and large firms. Firms are classified as small or large based on the level of 

capital stock, since size in our context is taken as a proxy for net worth. I 

classify plants as small when their capital stock in 1996 prices is less than 

500,000 Birr (equivalent to 79,000 USD at the exchange rate of that year). 

Accordingly, 40% of all observations are classified small. As shown in the 

Table, small firms have average (median) employment of just 23 (16) workers 

which is much smaller than the average (median) employment of 224 (74) 

workers among large firms. The difference between the two subsamples seems 

even more pronounced when we compare their capital stock since the median 

capital stock of large firms is 31 times larger than that of small firms.  
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The two subsamples also differ substantially in terms of their marginal 

product of capital (MPK), their cash flow to capital ratio (CFK) and investment 

rates (IK). Small firms appear to have much larger marginal product of capital 

and cash flow to capital ratios, but lower investment rates. Previous studies 

also reported that small and young firms have higher marginal products and 

cash flow to capital ratios.13 The high marginal product could suggest inability 

to invest and lower their marginal products. Given the strong correlation 

between them (coefficient = 0.56), the high cash flow ratio of these firms could 

also reflect their high MPK.  

Table (5.1) also provides summary statistics by type of ownership. With 

1,507 observations (190 firms), public (state owned) firms constitute 15% of the 

sample. The Table reveals that public firms are much larger in size than 

private plants. Private firms have much lower values of MPK, CFK and 

investment rate than public firms, clearly indicating that ownership is 

associated with economic performance.  

The last rows of Table (5.1) are based on subsamples classified based on 

membership to business groups and export status. Studies suggest that firms 

that are parts of business groups can be less financially constrained because, 

among other reasons, they could have an internal mechanism of pooling and 

                                                           

13 Devereux and Schiantarelli (1990) and Guariglia et al. (2011) find that firms that are 

likely to be financially constrained (younger and smaller firms in the first case, 

private firms in the second case) seemed to have higher cash flow to capital ratios 

and marginal products. Similarly, Schaller (1993) reports that younger firms, 

although more financially constrained, have higher values of cash flow and larger 

values of Tobin’s Q.   
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allocating funds across plants (Becker and Sivadasan, 2010; Schiantarelli, 

1995)14. Moreover, membership to business groups could boost 

creditworthiness, thus increasing bank financing. Therefore, I classify together 

foreign owned firms, which are subsidiaries of large multinationals, and 

domestic plants that are parts of business groups within one subsample. I also 

include in this category exporting firms, which are less likely to be financially 

constrained since they could benefit from government-led credit facilities that 

seek to promote exporting15. Further, exporting firms are likely to have better 

internal financial resources since they are generally more productive, larger, 

and with access to larger external markets. Henceforth, I identify firms that are 

either parts of business groups or exporters as ‘foreign-oriented’ (or simply 

‘foreign’) since more than 80% of them are either foreign-owned or exporting. 

On the other hand, I use the term ‘domestic-oriented’ (or ‘domestic’) to refer to 

single plant, non-exporting firms. 

The Table shows that ‘foreign’ firms constitute only around 12% of the 

sample (with 1,142 observations or 316 firms). These firms generally tend to be 

larger in size than ‘domestic’ firms that are single-plant and non-exporting. 

While the two groups of firms do not exhibit large differences with respect to 

                                                           

14 A more commonly studied aspect of business groups in the literature is the 

financing advantage firms belonging to business groups gain in certain Asian 

countries such as Keiretsu membership in Japan, and Chaebol membership in Korea 

(Koo and Maeng, 2005).  

15 In developing countries like Ethiopia, shortage of foreign currency is a pressing 

challenge which makes facilitating export performance an important policy priority. 

The number of exporting firms in our dataset, however, is very small, covering only 

5.5% of the sample. That is why I combine export status with membership to 

business groups to form as a single grouping criterion with relatively larger sample 

coverage. 
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MPK and CFK, the data shows that ‘foreign’ firms have a much larger average 

investment rate16.  

5.5   Results  

5.5.1   Full sample results  

I estimate a VAR model of order one because it has been shown that it 

sufficiently represents the data in investment models estimated on short panel 

datasets (Love and Zicchino, 2006). Given the large discontinuity in the 

Ethiopian dataset, a VAR(1) model also makes maximum use of available data 

while providing reasonably robust results.  

Table (5.2) provides the regression results for the reduced VAR using the 

full sample dataset. Each row presents the results for the three equations in the 

system, with each column indicating the coefficients for the lags of the three 

variables in the system. The first row shows that the lag of MPK is an 

important predictor of its current value, with a strong positive effect. Lagged 

cash flow has significant negative effect on MPK, indicating that cash flow is 

not actually a positive predictor of fundamentals. This negative relationship is 

interesting since it implies that the effect of cash flow on investment is not 

likely to be confounded with its predictive role on MPK. Finally, the lag of 

investment has a negative effect on MPK, which is in line with the law of 

diminishing returns. The second row shows that the lags of MPK and CFK 
                                                           

16 It is important to note that there is considerable overlap between size, ownership 

type, and ‘domestic/foreign’ orientation. The dummies indicating small size, private 

ownership and ‘domestic’ orientation are positively and significantly correlated with 

coefficients ranging between 0.13 and 0.27.  



194  Chapter 5 

have positive effect on current CFK, whereas the lag of investment is 

insignificant.  

The last row of Table (5.2) gives the results for the investment equation. 

The lag of MPK has a positive and significant effect on the rate of investment, 

which is in line with the neoclassical investment model which emphasizes the 

importance of economic fundamentals. However, the positive effect of cash 

flow, although only weakly significant, suggests a potential role for financial 

variables. Given the negative effect of CFK on future values of MPK, this 

positive effect cannot be attributed to the fact that cash flow is a predictor of 

future profitability. Finally, investment exhibits strong path dependence, with 

past shocks inducing a large positive effect on current investment. The 

importance of investment lags as predictors of current investment has also 

been documented by previous studies (Eberly et al., 2011; Love and Zicchino, 

2006).  

Table 5.2: Three equation VAR(1) regression results for the full sample 

 MPK(t-1) CFK(t-1) IK(t-1) Obs 
     

MPK(t) 0.531*** -0.306*** -1.437*** 5,836 
 (0.048) (0.101) (0.238)  
CFK(t) 0.033*** 0.098*** -0.077 5,836 
 (0.009) (0.026) (0.055)  
IK(t) 0.006*** 0.008* 0.076*** 5,836 
 (0.002) (0.005) (0.018)  

Notes: The rows give the regression results for each of the three equations in the VAR, where 

the dependent variables are MPK, CFK and IK respectively. Robust standard errors are given 

in parentheses. The asterisks indicate significance at the levels of 0.1, 0.05 and 0.01. The 

number of observations is smaller than those reported in Table (5.1) because first and last 

year observations that are not used for analysis since they do not have lags and forward 

means. 
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Although regression results from the reduced VAR are useful for 

summarizing the dynamic relationship between the variables in the system, 

they do not reflect the full effect of a change in one variable on others. 

Therefore, I provide results of impulse response analysis that capture both the 

direct and indirect feedback effect of a change in one variable upon others. As 

indicated earlier, the recursive structure of the VAR orthogonalizes the error 

shocks, so that a contemporaneous shock of only one variable can be studied 

while keeping others constant. Moreover, the impulse responses results are 

easier to compare and interpret since they represent responses for an increase 

of one standard deviation in the error terms of a variable17. Figure (5.1) 

presents two graphs showing the response of investment to one standard 

deviation shock in the errors of MPK and CFK, along with bootstrap 

confidence intervals. These graphs are useful for comparing the importance of 

fundamental and financial factors on investment. Figure (5.B1) in the appendix 

provides the complete set of impulse response graphs from the VAR model. 

 

 

                                                           

17 More specifically, if y is the vector of variables in the VAR and v is vector of the 

error terms, Θ�, the matrix of impulse responses at time l , gives responses after time l 

for one standard deviations (sd) shock at time t ( Θ�� Mb��� M�D(��)⁄  ).   In the case of a 

VAR(1) model with the structure given by Equation (5.1), the impulse responses are 

calculated as Θ��
�� ∗ ((Ax)$� ∗ ^), where D is a scaling diagonal matrix with the 

standard deviation of the error terms (��) along its diagonal. Contemporaneously, the 

impulse responses are just given by the product of the inverse of the  Ax matrix and 

the scaling matrix – i.e. Θx = (Ax)$� ∗ ^.  
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Figure 5.1: Impulse responses of investment rate (IK) for marginal product 

(MPK) and cash flow (CFK) shocks  

 

Note: The dashed lines indicate 5% error bands generated from Monte Carlo simulation with 

1000 repetitions. 

The first graph shows that investment responds positively to MPK shocks, 

confirming the importance of fundamental factors. The second graph shows 

that investment responds positively and significantly to cash flow shocks, 

suggesting that financial factors play a role in investment, as opposed to the 

prediction of the neoclassical model. Given the negative effect of CFK on MPK 

reported in Table (5.2) (and confirmed by Figure (5.B1) in the appendix), the 

positive IK response for CFK shocks cannot be attributed to profitability 

expectations. In fact, if cash flow shocks were capturing the effect of future 

MPK on investment, they would have induced a fall in investment given the 

negative relationship between CFK and MPK. This counterfactually shows 

that cash flow shocks have a positive effect on investment independent of 

profitability expectations. 
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The graphs show that an MPK shock elicits more persistent and larger 

investment responses than a cash flow shock. While the response for MPK 

trails to zero slowly, the response for a CFK shock lasts just one period. The 

cumulative effect of a one-time, one standard deviation shock of MPK on 

investment is 6 percentage points, which is very large compared to the average 

level of investment rate which is only 9%. In contrast, the cumulative effect of 

one standard deviation shock of CFK is barely greater than zero. Economic 

fundamentals thus appear to be more important for investment than financial 

factors, which have a small but detectable effect. This average effect, however, 

could mask heterogeneous responses among firm groups with different levels 

of financial constraints. In the next subsection, we turn to testing potential 

differences in financial constraints among firm groups. 

5.5.2   Results by firm groups  

This subsection provides results by subsample in order to test if some groups 

of firms are more financially constrained than others. As indicated earlier, I 

consider firm groups based on size, ownership, and ‘foreign orientation’ 

(which is based on membership to business groups and export status). I then 

compare the response of investment for CFK and MPK shocks between 

subsamples classified using these criteria. Small firms are expected to suffer 

from financial constraints due to their greater exposure to information 

asymmetry problems that make external financing more expensive. On the 

other hand, private firms are likely to be more financially constrained than 

public firms that could have higher credit access due to their political 

connections. Firms classified as ‘foreign’ are less likely to face financing 
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constraints since exporters or parts of (multinational) firm groups have greater 

ability to generate internal funds.  

Table 5.3: Regression results for the investment equation for subsamples 

classified by size and ownership 

 
MPK(t-1) CFK(t-1) IK(t-1) Obs 

     Small -0.002 0.016*** 0.031 1,941 

 
(0.002) (0.006) (0.025) 

 Large 0.014*** -0.003 0.092*** 3,680 

 
(0.003) (0.009) (0.024) 

      
Private 0.003 0.009* 0.087*** 4,647 

 
(0.002) (0.005) (0.019) 

 Public 0.011*** 0.021* 0.047 1,110 

 
(0.004) (0.012) (0.055) 

      
Domestic 0.005** 0.013** 0.074*** 4,842 

 
(0.002) (0.005) (0.019) 

 Foreign  0.015*** -0.019 0.150* 542 

 
(0.005) (0.018) (0.078) 

 Notes: The rows give the regression results for the investment equation using a different 

subsample. The VAR is estimated separately for each subsample. Robust standard errors are 

given in parentheses. The asterisks indicate significance at the levels of 0.1, 0.05 and 0.01. The 

subsample of ‘foreign’ firms includes plants that are either parts of multi-unit business 

groups or are exporters, whereas the ‘domestic’ subsample includes single plant, non-

exporting firms. 

Table (5.3) reports the VAR(1) regression results by subsample using the 

three grouping criteria. Only the regression results for the investment equation 

are reported to conserve space. The results indicate divergent roles of MPK 

and CFK on investment across different size groups. The effect of MPK is 

insignificant among small firms, but its effect is large and positive among large 

firms. In contrast, CFK has a significant positive effect on investment only 

among small firms, although it has a negligible, insignificant effect among 

large firms. This result shows that small firms suffer significantly from 
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financial constraints, which makes investment sensitive to availability of 

internally generated cash.  

Comparison of results between private and public firms shows that MPK 

has a significant positive effect on investment only among public firms. On the 

other hand, CFK has a weakly significant and positive effect on investment in 

both subsamples, although the effect is relatively larger among public firms.  

The last rows provide results based on subsamples of ‘domestic’ and 

‘foreign’ firms. In both subsamples, MPK has a positive and significant effect 

on investment. However, the effect is much larger for the subsample of 

‘foreign’ firms. Cash flow, on the other hand, has a positive and significant 

effect only among the subsample of ‘domestic’ firms. The larger effect of cash 

flow and smaller effect of MPK on investment among ‘domestic’ firms that are 

single unit and non-exporting confirms that these firms suffer more from 

financial constraints. These results echo the results for small and large 

subsamples of firms. 

Figure (5.2) gives the impulse responses for investment using subsamples 

of small and large firms. The responses of investment for MPK and CFK 

shocks are starkly different between small and large firms. MPK shocks elicit 

large and persistent investment response among large firms, whereas their 

effect is short-lived and minor among small firms. Among small firms, a one-

off MPK shock of one standard deviation elicits a cumulative investment 

response of around 2.0 percentage points. The equivalent investment response 

among large firms is a considerably larger 7.9 percentage points.  
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In contrast, cash flow shocks induce significant investment response 

among small firms, although the effect is relatively small and lasts only for one 

period. The cumulative investment response for one standard deviation CFK 

shock among small firms is only 0.9 percentage points. Relative to the low 

investment rate of 6.4% among small firms, however, the response represents 

a relatively large 15% increase in investment. In contrast, the overall effect of a 

cash flow shock among large firms is practically zero.  

Figure 5.2: Impulse responses of investment for subsamples of small and large 

firms 

 

The importance of MPK among large firms indicates that these firms 

successfully respond to profitable opportunities, implying the absence of 

financial constraints. In contrast, the relatively large role of internally 

generated cash among small firms suggests lack of alternative sources of 

external financing for investment. Taken together, the results indicate the 

strong correlation between size and financial constraints. 
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Figure (5.3) presents the impulse responses of investment among 

subsamples of private and public firms. MPK shocks elicit large investment 

responses in both subsamples. However, the response of investment for MPK 

shocks is more persistent and of larger magnitude among public firms. Among 

private firms, one standard deviation shock of MPK leads to a cumulative rise 

of investment rate by 4.1 percentage points. By comparison the cumulative 

response among public firms is almost twice as large, with a value of 10.8 

percentage points. This indicates that public firms are in a better position to 

invest in response to profitable opportunities. 

Figure 5.3: Impulse responses of investment for subsamples of private and 

public firms 
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For both subsamples, the responses of IK for CFK shocks resemble the 

result for the whole sample. An instantaneous CFK shock elicits a relatively 

large and significant investment response after one period, but the response 

falls to zero immediately after that. However, the effect of CFK shocks is 

relatively larger among public firms than private firms. The cumulative 

investment response to one standard deviation shock of CFK is 0.2 and 0.4 

percentage points among private and public firms respectively. Although the 

positive investment response for CFK shocks by public firms is difficult to 

interpret, their relatively larger responsiveness for MPK shocks coupled with 

the large difference in investment rate between public and private firms 

reported in Table (5.1) (11.4% vs. 8.8%), points toward slackened financial 

constraints among them.  

Figure (5.4) presents the impulse response results for the subsamples of 

‘domestic’ and ‘foreign’ firms. The graphs on the top panel are based on the 

subsample of ‘domestic’ firms that are single-unit and non-exporting firms. 

The graphs at the bottom panel are for the subsample of ‘foreign’ firms that 

are either parts of (multinational) business groups or exporters. Again, the 

graphs show that MPK has a positive significant effect on investment in both 

subsamples. The effect of one standard deviation MPK shock is, however, 

much larger among ‘foreign’ than ‘domestic’ firms, with cumulative effects of 

10.6 and 5.6 percentage points respectively. 
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Figure 5.4: Impulse responses of investment for subsamples of ‘domestic’ and 

‘foreign’ firms 

  

In contrast, cash flow shocks induce significant investment response only 

among ‘domestic’ firms. For this subsample, the cumulative effect of one 

standard deviation CFK shock is 0.12 percentage points, whereas the effect is 

negative among ‘foreign’ firms. These results indicate that financial constraints 

have a greater role on investment among single-unit, non-exporting firms.   
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follow theoretical arguments outlined in the previous literature for adopting a 

specific recursive structure for the VAR analysis.  

The assumption that investment affects cash flow and the marginal 

product of capital only after a time lag is less contentious since it is supported 

by the widely accepted time-to-build argument. However, the ordering 

between CFK and MPK might appear questionable. The baseline analysis 

assumes that MPK, being driven by exogenous demand forces, is exogenous 

so that it is not contemporaneously affected by CFK and IK. However, given 

the strong correlation between CFK and MPK, the same argument might be 

used to consider CFK as the most exogenous variable in the system. Given the 

difficulty to establish a clear ordering between the two variables, it is 

important to check if the baseline results are dependent upon this assumption. 

Therefore, I re-estimate the baseline results by changing the ordering between 

CFK and MPK so that CFK now affects MPK contemporaneously, but not vice 

versa. The analysis is thus conducted using a recursive VAR with the 

following ordering among the variables: 1) CFK, 2) MPK and 3) IK.  

Appendix 5.C presents the impulse response graphs for this VAR using 

results for the whole sample dataset as well as for subsamples of different firm 

groups. With a couple of exception, the general picture remains unchanged. 

One visible difference is that the effect of CFK shocks becomes larger for the 

full sample dataset. Although statistically significant, the cumulative response 

for CFK shocks was practically zero in the baseline analysis (Figure (5.1)) 

whereas presently it is a large value of 2.6 percentage points. However, MPK 

still has the strongest effect on investment, with a cumulative response of 5.4 

percentage points. The second visible difference, shown in Figure (5.C2), is 

that CFK shocks now elicit significant response among both small and large 
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firm groups. The alternative ordering thus generally seems to induce greater 

importance for financial factors. However, MPK shocks still elicit considerably 

greater investment response among large firms, which is consistent with the 

baseline results. (The cumulative response for one standard deviation MPK 

shock is 7.5 percentage points among large firms and only 1.4 percentage 

points among small firms). The results between public and private firms and 

between ‘domestic’ and ‘foreign’ firms remain similar to the baseline results. 

On the whole, the basleine results thus seem to hold under this alternative 

ordering between the variables in the VAR. 

The second sensitivity test is concerned with the way firm size groups are 

formed. Whereas grouping criteria such as ownership, membership to 

business groups and export status lead to distinct firm groups, classifications 

based on size are less clear-cut since size can be measured in many ways. For 

the baseline analysis, the sample is divided into subsamples of ‘small’ and 

‘large’ firms using capital stock data. The purpose of this subsection is to 

provide additional robustness tests using alternative classifications of size. 

This is important to confirm that the baseline results are not driven by the 

specific method used for creating size groups. 

I consider two alternative ways of classifying size. Firstly, I divide the 

sample into subsamples of small and large firms using employment data. 

Employment of 50 workers is often taken as a threshold for dividing small 

firms from (medium or) large firms in the literature (Sleuwaegen and 

Goedhuys, 2002). Using this level of employment leads to a grouping whereby 

62% of the observations are classified small, with the remaining 38% classified 



206  Chapter 5 

large. Alternatively, I consider dividing the sample into three subsamples of 

small, medium and large firms. Since capital stock is the most relevant 

variable in our context due to its proximity to net worth, I conduct this 

grouping based on capital stock data. This classification leads to three 

subsamples of around 3700 observations, including those that are not used in 

the final analysis due to lack of lags and forward means.  

Table 5.4: Regression results for the investment equation by subsample using 

alternative classifications of size 

 MPK(t-1) CFK(t-1) IK(t-1) Obs 
By employment    
Small   0.001 0.013** 0.034* 3,014 
 (0.002) (0.006) (0.02)  
Large   0.013*** 0.006 0.104*** 2,452 
 (0.003) (0.01) (0.033)  
By capital stock       
Small  0.001 0.014** 0.011 1,151 
 (0.003) (0.006) (0.03)  
Medium  0.006* 0.020** 0.048 1,972 
 (0.003) (0.009) (0.032)  
Large  0.015*** -0.014 0.103*** 2,379 
 (0.004) (0.012) (0.03)  

Notes: The rows give the regression results for the investment equation for each subsample. 

Employment (in full time equivalent) level of 50 is used as threshold for classifying small 

and large firms. In the second classification, small firms are those whose capital stock is less 

than Birr 190,657, and large firms are those whose capital stock is valued greater than Birr 

2,124,416 (both in 1996 prices). 

Table (5.4) presents the regression results for the investment equation 

using the alternative grouping criteria. The top rows, in which size groups are 

made on the basis of employment, mirror the baseline results reported in 

Table (5.2). They indicate that the lag of MPK has a significant effect on 

investment only among large firms whereas CFK has a significant effect only 

among small firms. The impulse response graphs, given by Figure (5.5a), 

similarly confirm that investment is driven by fundamental factors among 
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larger firms while, in contrast, financial factors are relatively more important 

among smaller firms. This is more evident from the cumulative investment 

response for one standard deviation MPK shock, which is only 3.2 percentage 

points among small firms, but a much larger 10.2 percentage points among 

large firms.  

Figure 5.5a: Impulse responses of investment for subsamples of small and 

large firms by employment (L) 

 

This result remains robust when three size groups are used, as shown in 

the regressions at the bottom of Table (5.4). The coefficient of MPK is small 

and insignificant among small firms, relatively large and weakly significant 

among medium-sized firms, and large and strongly significant among large 

firms. In contrast, the coefficients of CFK are large and significant only among 
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(5.5b) also indicate that the response for MPK shocks increases with size, 

whereas the response for cash flow shocks declines and becomes insignificant 

with size. Although the responses for MPK shocks are significant across all 

size groups, the cumulative effect rises steadily with size, from 2.8 percentage 

points among small firms, to 6.4 among medium firms and 7.1 among large 

firms. Taken together, the results confirm that as size increases fundamental 

factors become more important vis–à–vis financial factors, regardless of how 

size is measured.  

Figure 5.5b: Impulse responses of investment for subsamples of small, 

medium and large firms by capital stock. 
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5.6   Conclusion 

Severe financial constraints could limit the ability of firms to grow by 

investing in physical capital. Moreover, the effect of financial constraints could 

differ across firms, depending on their exposure to information asymmetry 

problems or level of political connections.  

This study investigates the role of financial constraints on investment 

using a census dataset of manufacturing plants from Ethiopia. It tests whether 

the role of financial constraints on investment differs among firm groups that 

vary by size, ownership, membership to business groups, and export status. 

The analysis is based on a panel VAR technique which allows us to take into 

account the dynamic relationship between investment, cash flow, and the 

marginal product of capital. Impulse responses are used to measure the direct 

as wells indirect feedback effect of an orthogonalized shock in the error terms 

of cash flow and the marginal product of capital on investment.  

The results show that shocks in the marginal product of capital have 

greater effect on investment among large firms, whereas cash flow shocks 

elicit relatively larger response among small firms. This suggests that 

investment among small firms is dependent on availability of internally 

generated funds, limiting their ability to respond to profitable investment 

opportunities. Results based on ownership are less conclusive since 

investment responds for cash flow shocks among public firms. However, I 

find that public firms also exhibit greater responsiveness for shocks in the 

marginal product of capital, suggesting relative slackening of financial 
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constraints. Finally, I find that financial constraints are more important among 

single-plant, non-exporting firms compared to multi-unit or exporting firms 

that have greater access to internally generated cash flow. 

These results confirm that financial constraints affect firms differently, 

with small, single-plant, and non-exporting plants bearing the brunt to a 

greater degree. The results have several implications for economic 

performance at the aggregate level. Firstly, they suggest that the relatively 

small role of small and medium-sized firms in developing countries (Ayyagari 

et al., 2007; Sleuwaegen and Goedhuys, 2002) could be, at least partly, the 

result of limited financing sources that inhibit the growth of small firms. 

Moreover, the results suggest that financial constraints limit the ability of 

firms with high marginal product from growing through investment. This 

appears to support the view that the efficient allocation of capital is 

compromised by poorly functioning financial markets in developing countries 

(Hsieh and Klenow, 2009). Policies targeted at alleviating financial constraints 

would thus be most fruitful when targeted to small, single-plant and private 

firms whose investment response is constrained by lack of finance. 
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5.A   Calculation of Capital Stock 

Perpetual inventory method is used to construct capital stock data from 

investment series by asset type. Initial capital stock data and investment data 

for five groups of capital goods are used for constructing capital stock and 

capital services. The asset types are i) residential buildings; ii) non-residential 

and other construction works; iii) machinery & equipment; iv) transportation 

vehicles; and v) others capital goods such as office furniture and fixture.  

At firm-level, capital stock, K, for each of the five asset groups is 

constructed using the perpetual inventory method (PIM) with geometric 

depreciation rate: 

(5. A1)	K�� = K��$�(1 − δ�) + NI��PI��  
where Kst is capital stock of asset type s at time t, B� is asset-specific rate of 

depreciation, NI is net investment calculated as purchase of new assets less 

any sales of existing assets, and PI is the investment price. Since there is no 

official data on investment price series for Ethiopia, a Fisher Price Index is 

calculated for all asset types using the import price of capital goods18. The 

import price data gives a reasonable investment price series since virtually all 

capital goods used in the country are imported.   

                                                           

18 The price for capital goods is taken from official customs data available on the 

website of the Ethiopian Customs Authority:  

 http://www.erca.gov.et/index.jsp?id=import_export_info 
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The depreciation rate values used for constructing the EU-KLEMS dataset 

(O’Mahony and Timmer, 2009) are used for calculating capital stock. These 

rates of depreciation are originally calculated using micro evidence from the 

US. For residential buildings, an identical annual rate of depreciation of 0.011 

is used across all industries. For non-residential buildings, transportation 

vehicles, and machinery and equipment the rates of depreciation vary across 

industries, but have average values of 0.03, 0.18 and 0.11 respectively. For 

furniture and fixtures a rate of depreciation of 0.14 is assumed across all firms. 

Around half of the firms in our dataset existed before the year 1996, which is 

the first year the survey covers. For those firms, the beginning of year book 

value capital stock is taken as the initial capital stock.  Total capital stock at 

firm level is calculated as the sum of capital stock by asset type in constant 

(1996) prices.  
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5.B   Full Set of Impulse Response Results 

Figure 5.B1: Impulse-responses for VAR(1) using the full sample 

  

Note: The dashed lines indicate 5% error bands generated from Monte Carlo simulation with 

1000 repetitions. 
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5.C   Impulse Responses under Alternative Ordering between 

MPK and CFK 

Figure (5.C1) reports the full set of impulse response graphs for the whole 

sample dataset using the alternative ordering between CFK and MPK. Overall, 

the graphs are similar to the baseline results reported in Appendix 5.B. 

Focusing on the investment responses given at the bottom row, the first 

graphs indicate a significant response of IK both for CFK and MPK shocks. As 

in the baseline analysis, the investment response is much greater for MPK 

shock than that of CFK shock (the cumulative investment response of one 

standard deviation shock of MPK and CFK being 5.36 and 2.62 percentage 

points). The response for CFK shocks thus appears much larger in this setting 

than in the baseline analysis where, though statistically significant, the 

magnitude of the cumulative response for CFKs was almost zero. 

Impulse responses by subsamples of size, reported in Figure (5.C2), are 

somewhat different than the baseline results since in this case CFK shocks 

have significant effect on investment both among small and large firms. 

However, the role of MPK shocks is considerably greater among large firms, 

which is consistent with the baseline results. (The cumulative response for one 

standard deviation MPK shock is 7.5 percentage points among large firms and 

only 1.4 percentage points among small firms). This confirms that larger firms 

are less financially constrained to respond to profitable opportunities. Results 

for private and public firms, reported in Figure (5.C3), are similar to the 

baseline results, with investment by public firms showing greater response 

both for CFK and MPK shocks. 
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Finally, results for subsamples of firms with ‘domestic’ and ‘foreign’ 

orientation remain robust for changes in the ordering of the variables. As 

shown in Figure (5.C4), CFK shocks elicit significant and large response only 

among domestic (single unit, non-exporting) firms than for foreign (multi-unit 

or exporting) firms. Moreover, MPK shocks induce much larger investment 

response among foreign firms, confirming that these firms are less financially 

constrained.  
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Figure 5.C1: Impulse-responses using the full sample dataset 

 
Notes: The dashed lines indicate 5% error bands generated from Monte Carlo simulation 

with 1000 repetitions. The analysis is based on the following ordering among the variables in 

the VAR: 1) CFK, 2) MPK, 3) IK. 
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Figure 5.C2: Impulse responses of investment for subsamples of small and 

large firms  
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Figure 5.C3: Impulse responses of investment for subsamples of private and 

public firms  
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Figure 5.C4: Impulse responses of investment for subsamples of firms with 

‘domestic’ and ‘foreign’ orientation  
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Samenvatting (Summary in Dutch) 

 

Internationale inkomensverschillen worden grotendeels veroorzaakt door 

verschillen in productiviteit. Tientallen jaren van onderzoek op het gebied van 

ontwikkelingsrekeningen laten zien dat de TFP (totale factor productiviteit, de 

verschillen in productie nadat rekening is gehouden met verschillend gebruik 

van productiefactoren) zeker zoveel bijdraagt aan de verklaring van inkomen 

per capita als verschillen in productiefactoren (Hsieh en Klenow, 2010; Caselli, 

2005). Een belangrijke uitdaging voor onderzoek is het vaststellen van de 

oorzaken van deze grote verschillen in geaggregeerde productiviteit.  

Het concept van geaggregeerde productiviteit maskeert grote 

heterogeniteit in productiviteit. Er is ondertussen ruim bewijs beschikbaar dat 

bedrijven in zeer precies gespecificeerde bedrijfstakken grote en aanhoudende 

heterogeniteit in productiviteit vertonen (Syverson, 2011). Onderzoek wijst 

ook uit dat de reallocatie van productiefactorentussen bedrijven tot 

aanzienlijke groei in geaggregeerde productiviteit kan leiden (Foster et al., 

2001). Om deze reden zou de lage productiviteit in ontwikkelingslanden wel 

eens het gevolg kunnen zijn van het onvermogen om productiefactoren te 

verschuiven van minder efficiënte naar efficiëntere bedrijven en sectoren. 

Inefficiënte allocatie, of ‘misallocatie van productiefactoren, zoals het in dit 

proefschrift wordt genoemd, kan mogelijk een belangrijke oorzaak zijn van het 

grote verschil in TFP tussen verschillende landen (Hsieh en Klenow, 2009; 

Bartelsman et al., 2013).  
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Deze redenering volgend, wordt in dit proefschrift geprobeerd inzicht te 

verschaffen in geaggregeerde productiviteitsverschillen, door verder te kijken 

dan de standaardverklaring van technologische verschillen. De recente 

literatuur waarin de invloed wordt beschreven van misallocatie van 

productiefactoren op de geaggregeerde productiviteit, vertoont een aantal 

lacunes die tot verder onderzoek uitnodigen. Het doel van dit proefschrift is 

om bij te dragen aan de literatuur door twee belangrijke kwesties te 

bestuderen die tot nog toe onderbelicht zijn gebleven. 

Allereerst was er nog weinig gedaan om internationale verschillen in 

misallocatie op grote schaal te meten en te vergelijken. Door het gebrek aan 

internationaal vergelijkbare data op bedrijfsniveau, richten de meeste 

empirische studies zich op het meten van misallocatie in een relatief klein 

aantal landen. Bovendien wordt er vaak weinig moeite gedaan om de 

inzichten uit de literatuur over misallocatie te integreren met de resultaten van 

eerder onderzoek naar ontwikkelingsrekeningen. Het eerste doel van dit 

proefschrift is daarom om uitvoeriger bewijs te leveren voor de invloed van 

misallocatie op geaggregeerde productiviteit. 

Daarnaast is er slechts beperkt bewijs beschikbaar voor internationale 

verschillen in misallocatie. Er is vooral weinig bekend over hoe verstoringen 

die tot misallocatie leiden, worden beïnvloed door institutionele factoren 

omdat deze factoren doorgaans als exogeen worden beschouwd (Syverson, 

2011). Hoewel een aantal studies het mechanisme waardoor specifieke 

institutionele factoren misallocatie stimuleren theoretisch verkennen 

(Restuccia en Rogerson, 2013), is er groot gebrek aan empirisch bewijs. Het 

tweede doel van dit proefschrift is daarom om nieuw bewijs te leveren voor de 

onderliggende markt- en institutionele factoren die misallocatie in de hand 
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werken. In dit proefschrift worden de specifieke mechanismen bestudeerd die 

misallocatie stimuleren, in de vorm van institutionele drempels en 

marktimperfecties. 

Om deze doelen te bereiken, maak ik gebruik van recente ontwikkelingen 

in zowel methodologie als beschikbare data voor het meten, verklaren en 

vergelijken van de misallocatie in een groot aantal landen. De gevolgde 

methodologie bestaat uit het toepassen van nieuwe modellen van 

monopolistische concurrentie, die een verklaring kunnen bieden voor 

bedrijfsheterogeniteit en imperfecte concurrentie. Er wordt gebruik gemaakt 

van twee datasets, die elk hun unieke voordelen hebben. De eerste dataset is 

de World Bank’s Enterprise Survey (WBES), die tienduizenden bedrijven in 

meer dan 90 landen bevat. De tweede bron is de census-gebaseerde dataset 

van de Ethiopian Manufacturing Establishments Survey, die alle Ethiopische 

productiebedrijven met meer dan 10 werknemers beslaat, gemeten over een 

periode van 15 jaar (1996-2010). Beide datasets zijn verzameld binnen een 

gedegen statistisch raamwerk en bieden gedetailleerde, gestructureerde 

gegevens voor een aantal variabelen die nodig zijn voor de analyse. 

Het proefschrift bestaat uit vier originele studies, waarvan drie gebaseerd 

zijn op de WBES dataset en één op de panel-dataset voor productiebedrijven 

in Ethiopië. In Hoofdstuk Twee wordt de eerste studie beschreven, die zich 

richt op de rol die misallocatie speelt in de verklaring van internationale 

verschillen in productiviteit. Het doel hierbij is om te onderzoeken in welke 

mate de grote internationale verschillen in TFP, zoals gedocumenteerd in de 

literatuur over ontwikkelingsrekeningen (Caselli, 2005), kunnen worden 
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verklaard door misallocatie van productiefactoren tussen bedrijven. De studie 

berekent de industriële TFP in 52 van de landen uit de WBES en Penn World 

Table datasets, en ontleedt dit vervolgens in de bijdrage van misallocatie en 

een restcomponent.  

Om misallocatie te meten, wordt het monopolistische concurrentiemodel 

van Hsieh en Klenow (2009) toegepast, dat variaties in de marginale  

productiviteit van arbeid en kapitaal gebruikt voor de verklaring van 

impliciete prijsverstoringen die de allocatie van productiefactoren kunnen 

beïnvloeden. Op basis hiervan wordt vervolgens de geaggregeerde industriële 

TFP ontleed in de bijdrage van misallocatien een restcomponent. De resultaten 

wijzen uit dat misallocatie leidt tot substantiële verlaging van de industriële 

TFP. Het gemiddelde land in de dataset zou zijn TFP in de industrie kunnen 

verhogen met 62% als de efficiëntie van allocatie van factoren verbeterd zou 

worden tot het relatief efficiëntere niveau van de Amerikaanse economie. De 

resultaten laten echter ook zien dat misallocatie slechts zwak correleert met 

productiviteitsniveaus, wat impliceert dat andere factoren dan misallocatie 

een rol spelen in de verklaring voor de variatie in productiviteit tussen landen. 

In Hoofdstuk Drie wordt de tweede studie beschreven, die zich richt op 

de invloed van ontslagbescherming op misallocatie. Het vorige hoofdstuk liet 

zien dat misallocatie doorgaans van een hoog niveau is, en varieert tussen 

landen. Dit hoofdstuk bouwt hierop voort en probeert empirisch te toetsen of 

het niveau van misallocatie in sommige landen hoger is als gevolg van 

strengere wetten voor ontslagbescherming. Strenge arbeidswetgeving 

verhoogt de financiële en procedurele last van het inhuren en ontslaan van 

arbeidskrachten, en heeft een potentieel remmend effect op het aanpassen van 

het aantal arbeidsplaatsen in reactie op veranderingen in de vraag en 



Samenvatting  243 

 
 
 
 
 
 
 

technologische ontwikkelingen. Hoewel er veel theoretisch onderzoek is 

verricht dat de verstorende invloed van arbeidswetgeving laat zien 

(Hopenhayn en Rogerson, 1993; Lagos, 2006), is er tot nog toe weinig 

empirisch onderzoek gedaan om het effect van arbeidsbescherming op 

misallocatie te meten. 

In dit hoofdstuk onderzoek ik hoe hogere ontslagkosten misallocatie 

kunnen beïnvloeden. Ik meet dit aan de hand van de verdeling van marginale 

productiviteit van arbeid over industriële bedrijven in dezelfde bedrijfstak. Op 

basis van data van een versie van de WBES-dataset, die bijna 30.000 bedrijven 

in 91 landen beslaat, laat ik zien dat de kosten van het ontslaan van 

overbodige werknemers een positief verband vertonen met misallocatie. Het 

effect van ontslagkosten is vooral groot in bedrijfstakken met een grotere 

vraag naar arbeidsaanpassing. Bedrijfstakken met een intrinsiek lager 

ontslagpercentage, en bedrijfstakken met hoge positieve of negatieve 

groeipercentages, lijden meer onder strenge wetten voor ontslagbescherming. 

In Hoofdstuk Vier wordt nader onderzoek gedaan naar de allocatie van 

financieel kapitaal, om zo het effect te bestuderen van politieke connecties op 

de toegang tot krediet. De focus op politieke connecties is interessant, omdat 

er steeds meer bewijs komt dat dit een belangrijk kanaal is voor de allocatie 

van productiefactoren in transitie- en ontwikkelingseconomieën (Li et al., 2008; 

Khwaja en Mian, 2005).  

De analyse in dit hoofdstuk is gebaseerd op een versie van de WBES-

dataset die bijna 20.000 bedrijven in 68 transitie- en ontwikkelingslanden 

beslaat. De resultaten laten zien dat goede politieke connecties, gemeten als de 
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hoeveelheid tijd die het hogere management van een bedrijf doorbrengt met 

overheidsfunctionarissen, een significant positief effect hebben op de toegang 

tot krediet. Door gebruik te maken van de internationale dimensie van de 

dataset, toon ik vervolgens aan dat het effect van politieke connecties groter is 

in landen met een meer geconcentreerde banksector en een hogere netto 

rentemarge. Het effect van politieke connecties is geringer in landen met 

systemen voor de uitwisseling van informatie over krediet. De resultaten 

suggereren dat een competitieve banksector de efficiëntie van kredietallocatie 

verbetert, omdat politiek gemotiveerd lenen in een dergelijk systeem minder 

voorkomt. 

In Hoofdstuk Vijf, het laatste deel van dit proefschrift, verschuift de focus 

naar de allocatie van kapitaal tussen bedrijven door bedrijfsinvesteringen in 

Ethiopië te bestuderen. In tegenstelling tot de drie voorgaande hoofdstukken, 

die gebaseerd zijn op crosssectie data uit de WBES, maakt dit hoofdstuk 

gebruik van paneldata uit Ethiopië, een van grootste economieën in Afrika. 

Het effect wordt onderzocht van beperkte toegang tot krediet op 

bedrijfsinvesteringen, en hoe dit varieert naar bedrijfsgrootte, bedrijfsvorm, 

aantal vestigingen en exportstatus. 

Door middel van een panel-VAR-analyse worden de effecten vergeleken 

van financiële en fundamentele factoren op investeringen in verschillende 

bedrijfsgroepen. Als financiële markten in staat zijn om kapitaal efficiënt toe te 

wijzen aan het meest productieve bedrijf, zou de marginale productiviteit van 

kapitaal de enige verklarende factor voor investeringen moeten zijn (Hayashi, 

1982). Aan de andere kant wijst een positief effect van financiële factoren op 

investeringen op beperkte toegang tot krediet. Investeringen zijn dan 
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afhankelijk van de beschikbaarheid van intern gegenereerde kasstromen 

(Fazzari et al., 1988; Hubbard, 1998).  

Impuls-responsanalyse laat zien dat schokken in de kasstroom een relatief 

hoge investeringsrespons teweegbrengen bij kleinere bedrijven en bij niet-

exporterende bedrijven met slechts één vestiging. Schokken in de marginale 

productiviteit van kapitaal hebben een groter effect in grotere bedrijven, in 

exporterende bedrijven en in bedrijven met meerdere vestigingen. Deze 

resultaten tonen aan dat investeringen binnen kleine bedrijven met slechts één 

vestiging afhankelijk zijn van intern gegenereerde financiële middelen, wat 

wijst op het bestaan van beperkte toegang tot krediet. De financiële sector in 

Ethiopië lijkt er dus niet te slagen om kapitaal bij de meest productieve 

bedrijven terecht te laten komen.  

Het is belangrijk de reikwijdte van dit proefschrift af te bakenen. Het 

voornaamste punt hierbij is dat het huidige onderzoek gebaseerd is op data op 

bedrijfsniveau in de industriële sector. Misallocatie van productiefactoren is in 

dit geval dus misallocatie tussen heterogene producenten in de industriële 

sector. Hoewel dit buiten het kader van het huidige onderzoek valt, zijn er ook 

studies die zich richten op de misallocatie tussen verschillende sectoren. Ook 

is dit proefschrift uitsluitend gebaseerd op data voor de formele industriële 

sector, vanwege beperkingen in de beschikbare data en de noodzaak het 

onderzoek in te perken. Toekomstig onderzoek zou licht kunnen werpen op 

het belang van misallocatie tussen sectoren en het verschil tussen de formele 

en informele sector. 


