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ABSTRACT 

Exporting firms are more productive, but they do not know initially where their productive 

capacity lies; overall productivity level increases as firms discover their productive potentials; and 

economic growth entails concentration in relatively high productive activities, but initial discovery 

process may require diversification of production structure. Given these evidences from empirical 

and theoretical analyses, we investigate the impact of export diversification on productivity by 

using four alternative measures of productivity and three measures of diversification and test 

whether diversification really helps discover productive capacities. We additionally introduce an 

index of within-diversification for empirical purposes. In general, we find no significant 

relationship between the structure of export and productivity. The results are robust to alternative 

measures of productivity, diversification, aggregation of the data, and estimation methods. 

Allowing for heterogeneity with respect to degree of development and sectoral classification, 

however, provides important insights. Low and lower middle income countries tend to suffer from 

within-diversification (or benefit from within-specialization) in manufacturing industries. Lower-

middle income countries benefit from higher specialization in chemicals and related products, 

mineral products and in sector classified as other manufacturing articles. These findings confirm 

the previous findings on the impact of specialization on productivity for lower income countries.  
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1.1 INTRODUCTION 

There are strong theoretical and empirical reasons to believe that structure of trade is important for 

economic growth and development. The existing trade and growth literature suggests a number of 

channels through which trade may affect an economy’s economic performance. Grossman and 

Helpman (1991), Rivera-Batiz and Romer (1991) emphasize the role of endogenous growth in the 

presence of R&D investments in examining the relationship between trade and growth, while Stokey 

(1991) studies the relationship between trade and human capital accumulation. Other most 

commonly referred channels include economies of scale, increased capacity utilization, efficiency 

gains due to competitive exposure in world markets, and learning-by-doing. Besides trade itself, some 

authors argue that composition of trade might also be important for economic performance. Young 

(1991) develops a model in which the effect of trade on technical progress and growth will depend 

upon whether static comparative advantage leads an economy to specialize in goods in which 

learning by doing has mostly exhausted or in goods in which learning by doing still proceeds. Recent 

empirical studies in this field confirm the argument that in which products economies specialize and 

what they export matters for economic performance (e.g., Hausmann, Hwang, and Rodrik 2007, 

Plümper and Graff 2001, Dalum et al. 1999, Crespo-Cuaresma and Würz 2005, Amable 2000, Lewer 

and Van den Berg 2003). 

Standard international trade theory suggests that economies should specialize in products in which 

they have comparative advantage. Through increasing returns to specialization, international trade 

may increase an economy’s growth rates, but as economies grow, patterns of comparative advantage 

will possibly change as well. However, Redding (1999) argues, parallel to Young (1991), that an 

economy may face a trade-off between specializing according to existing pattern of comparative 

advantage and entering in sectors where it lacks a comparative advantage, since in the second case a 

country may acquire an advantage as a result of the potential for productivity growth. Maximizing 

the benefits from trade specialization in an economy requires specialization pattern to be adjusted 

along the lines of the most dynamic sectors promising productivity growths, but not to stick on 

constant set of products in which productivity potentials steadily deteriorate. This in turn requires an 

economy to diversify its export structure so that to discover such sectors in certain stages of 

development.  

In this context, a robust relationship between trade and growth has been established, despite the 

dynamic structure of trade patterns. Countries tend to specialize in different products at different 

times and take advantage of increasing returns to specialization to benefit from productivity growth 

in future. In this perspective, this paper aims to investigate the potential productivity effects of 
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export structure by using a panel dataset covering 83 countries over 40 years. This paper is built on 

the presumption that economies potentially benefit more by diversifying their exports instead of 

specializing in a certain range of products and specialization is only beneficial if it happens in sectors 

in which there exists high potential for productivity growth. Since every country retains different 

level of economic and social development with diverse historical background, the sectors in which 

these countries specialize to get the highest productivity should not be necessarily the same across 

countries. In this framework, this paper tests whether countries discover their productive capacities 

through diversifying their export structure and whether specialization and diversification at certain 

stages of development play any significant role in productivity growth. The robustness of the initial 

findings is then examined with alternative productivity and diversification measures, aggregation 

levels and estimation methods.  

This chapter is organized as follows. We first provide a review of literature and some theoretical 

considerations. In section 3, we discuss the importance of export structure for economic 

development and alternative measures of diversification. We introduce an index of diversification in 

order to capture the recent evidence on within diversification in exports. In the following section, we 

describe how to measure the productivity and how to relate it to export structure. In section 5, we 

discuss the empirical methodology and data. Section 6 presents the main findings and subsequent 

robustness checks. To finish, we estimate the relationship for different sectors and income groups. 

Finally, section 8 concludes the chapter.  

1.2 REVIEW OF LITERATURE 

The traditional approach passed on from Smith/Ricardo emphasizes the role of specialization in 

international trade which increases operating efficiency and thus total productivity. In this approach, 

export is said to promote economic growth through higher specialization in sectors in which a 

country has a comparative advantage. This is due to the reallocation of resources from relatively 

inefficient sectors to more productive export sectors. Similarly, Helpman and Krugman (1985) argue 

that larger economies of scale due to increased exports can increase productivity. Despite the 

channels identified in classical approaches between trade and productivity, the impact of 

specialization on the long run growth remained dubious to many scholars. Sachs and Warner (1997), 

for instance, report a negative impact of a comparative advantage in raw materials on economic 

growth. 

In the new growth theory literature, some authors, including Rivera-Batiz and Romer (1991), stress 

the role of learning-by-doing and economies of scale by arguing that countries specialize in a range 

of products when they open up to trade and benefit from increasing returns to scale. Some others, 
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like Grossman and Helpman (1991), stress the importance of different rates of productivity growth 

in different industries. In these models, countries will perform better to achieve higher growth rates 

if they specialize in industries with high potential productivity growth. Though it remained 

ambiguous how to identify such industries, the implication was that the nature of the export 

specialization matters, which found supporting evidence in recent empirical studies, as stated earlier. 

With this implication in mind, the industrial policy and strategic trade policy literature widely 

defended the view that a government could increase the growth perspectives of the country by 

promoting technological change in the most promising industries. At the time when value of export 

structure was not recognized (or within specialization was not a widespread phenomenon), the so-

called export-led growth hypothesis attracted considerable attention in the seventies and eighties in 

testing the growth effects of exports and indeed many authors have found a positive relationship 

(e.g., Balassa 1978, Feder 1983, Michaely 1977, Levine and Renelt 1992, Jung and Marshall 1985).  

Specialization is a dynamic process and its effect on productivity depends on the circumstances in 

which industries operate. That is, similar specialization patterns may give rise to different 

productivity and growth rates at different points of time.1 In this regard, specialization (depending on 

the comparative advantage approach) is regarded as being endogenous and some authors (e.g., 

Grossman and Helpman 1991) defined this phenomenon as ‘dynamic comparative advantage’. As 

pointed out by Redding (1999), this may lead some countries to face a trade-off over which 

industries or products to specialize in. By focusing on comparative advantage, Bernard et al. (2007) 

developed a new theoretical model and found that intra- and inter-industry reallocations of resources 

following trade liberalization improve average industry productivity and sectoral firm output, but 

relatively more so in industries with a comparative advantage than those with comparative 

disadvantages. If countries successfully diversify within industries in which they have a comparative 

advantage, they will benefit more in terms of productivity and output.2  

The nature of diversification at different income levels may well be different and it is not required for 

economies to follow similar pattern over the path of development. Empirically, Imbs and Wacziarg 

(2003) study the change of sectoral concentration in relation to the level of per capita income by 

                                                 
1 As noted by Acemoglu and Zilibotti (2001), “many technologies used by the LDCs are developed in the OECD 
economies and are designed to make optimal use of the skills of these richer countries' workforces. Differences in 
the supply of skills create a mismatch between the requirements of these technologies and the skills of LDC 
workers, and lead to low productivity in the LDCs. Even when all countries have equal access to new technologies, 
this technology- skill mismatch can lead to sizable differences in total factor productivity and output per worker.” 
2 As noted by Schott (2004, p.), “the existence of within-product specialization is an important consideration for 
understanding the impact of globalization on firms and workers, the evolution of total factor productivity, and the 
likelihood of long-run income convergence”. 
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using a nonparametric approach. Their findings suggest a U-shaped pattern of sectoral concentration 

between export diversification and economic development. Countries first diversify and at some 

level of income they start specializing again and this level is found to be around $9,000.3 This finding 

provides some implications on the behavior of economies in determining the range of goods in 

which to specialize at different income groups. As also predicted in recent works in growth theory, 

specialization at low income levels can play an inhibiting role in per capital income convergence (e.g., 

Acemoglu and Ventura 2002). As an implication, sophistication of export structure should matter 

more than scaling up what countries have been producing. 

The distinction between specialization across goods (horizontal dimension) and within goods 

(vertical dimension) is well documented in empirical research. Vertical dimension represents the 

quality aspect of the goods exported. Schott (2004) finds no evidence of endowments-driven 

specialization across products but finds that capital- and skill-abundant countries use their 

endowment advantage to produce vertically superior varieties. This is also in line with the quality 

ladder model of Grossman and Helpman (1991), which has high-wage leader countries with an 

endowment driven comparative advantage in innovation continually developing improved varieties 

to replace those copied by low-wage followers. Among others, Hummels and Klenow (2005) and 

Khandelwal (2009) have also shown strong evidence of the importance of the quality dimension in 

characterizing current international trade. In line with this new evidence, Schott (2004, p.649) 

suggests that ‘our thinking about international specialization must shift away from industries and 

toward varieties within industries’. Empirical and theoretical studies, however, consider only one 

dimension of specialization. Recently, by building an integrated model, Alcalá (2009) combines the 

both dimensions and analyzes the connection between them. He finds that the country with the 

absolute advantage in an industry produces the highest quality in that industry. He also shows that 

the factors that create absolute and comparative advantages across goods can also play an important 

role in the vertical specialization within goods. 

Despite the voluminous literature on trade and growth, empirical studies on growth impacts of both 

trade specialization and export usually ignore the channels through which economic growth is 

spurred. Productivity increase is one of the most important channels through which economies grow 

and that is true for export specialization as well. Weinhold and Rauch (1999) is the first empirical 

paper that analyzes the relationship between openness, specialization, and productivity. By using a 

model associating openness and the level of specialization in a learning-by-doing framework, the 

                                                 
3 As specialization depends on the level of income, an analysis on the effects of specialization on growth or 
productivity would be subject to simultaneity bias. As described in section 4.5 in detail, it is another advantage of 
the empirical methodology used in this paper in dealing with endogeneity in left-hand-side variables. 
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authors find positive relationship between specialization and productivity for less developed 

countries. As being closely related empirical study to the present paper, Alcalá and Ciccone (2004) try 

to identify the productivity effects of trade by using cross-sectional data for the year 1985 and find 

positive effect of trade on productivity. Their theoretical approach is straightforward but not 

completely appropriate for the empirical analysis in this paper. By using a dynamic panel data model, 

instead of cross-sectional analysis, it will be possible to control for possibly correlated, time invariant 

heterogeneity without observing it. This procedure has also the advantage of taking into account the 

capacity of workers or firms to absorb technological and organizational knowledge.  

Apart from the considerations at macro level, following the theoretical works predicting higher 

productivity for exporters (e.g., Melitz 2003 and Bernard et al. 2003), it emerged a considerably large 

literature studying the productivity impacts of export at the firm level. It is now fairly established 

that, on average, exporting firms are more productive than non-exporting firms and high 

productivity firms self-select into export market. In a survey of literature with more than 40 studies, 

Wagner (2007) concludes that the effects of exporting on productivity are mixed and unclear. 

Although the exporters are more productive than non-exporters, exporting does not necessarily 

increase the productivity. Martins and Yang (2009) conduct a meta-analysis of more than 30 papers 

and find that the impact of exporting on productivity is higher at developing countries compared to 

the impact at developed countries. These findings indicate that developing countries have more 

absorptive capacity that learning-by-doing can promote with exporting. 

Similar to Redding (1999), Hausmann and Rodrik (2003) and Hausmann, Hwang, and Rodrik (2007, 

HHR hereafter) highlight the importance of discoveries of new productive sectors against the 

existing comparative advantage. Hausmann and Rodrik (2003) emphasize the role of entrepreneur in 

discovering new products, called cost discovery, when there is uncertainty about what a country is 

good at producing. Three important arguments cited in Hausmann and Rodrik are the followings: 

i. There is much randomness in the process of discovering what one can be good at. More likely, 

existing patterns of specialization are the consequence of historical accidents and serendipitous 

choices by entrepreneurs.  

ii. For most economies, industrial success entails concentration in a relatively narrow range of high-

productivity activities. However, the specific product lines that eventually prove to be the most 

productive are typically highly uncertain and unpredictable. 

iii. Enterprises may not be able to predict if, when, how, and at what cost they would learn enough 

to become fully competitive, even when the technology is well known and mature elsewhere 

(Lall, 2000, pp. 17). 
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The approach developed by HHR identifies a relationship between the type of goods that an 

economy specializes in and its rate of economic growth. In this framework “anything that pushes the 

economy to specialize in good(s) with higher productivity levels sets forth a dynamic (if temporary) 

process of economic growth.” HHR conclude that the type of goods in which a country specializes 

has direct implications for the economic performance of that country. Export of goods with higher 

productivity potentials bring about higher growth rates and this is achieved by transferring resources 

from low-productivity to the higher-productivity activities by the entrepreneurial cost-discovery 

process. In HHR model, each firm has two options, either produce own products with productivity 

level i  or imitate what others discovered at a fraction of the productivity level of the inventor, 

max
i . Firm will decide by comparing the respective productivity levels and stick to his own project 

if max
i i  , and imitate if otherwise. The productivity level at which the firms operate will range 

then from max
i  to max

i . max
i  shows the productivity level of the most productive goods that has 

been discovered. Their approach is, therefore, useful in understanding the role of export 

diversification in discovering the productive capacities in export markets. 

Altogether we know that exporting firms are more productive, but they do not know initially where 

their productive capacity lies; overall productivity level increases as firms discover their productive 

potentials; and economic growth entails concentration in relatively high productive activities, but 

initial discovery process may require diversification of production structure. Within this framework, 

what remains to be resolved is the appropriate level of specialization required in converging to the 

quality frontiers in those products and level of development at which countries should start 

diversifying or specializing to reach to the highest productivity level. Despite the fact that it is 

impossible to convey a precise pattern between level of specialization and productivity at every 

income level, this paper will attempt to provide some insightful observation on these issues. 

1.3 EXPORT STRUCTURE: DIVERSIFICATION VS. SPECIALIZATION 

Previous sections highlight some of the important findings on the importance of what countries 

export. In this section, we take a different route and provide deeper discussion of how diversification 

and specialization measured and under which circumstances they are thought to be contributing to 

development. In addition to existing measures of diversification, we propose a new index to measure 

the diversification within industries.  

There is no blueprint for the optimal export diversification path for an economy to develop faster. In 

general, countries may benefit from specialization due to its impact on economies of scale (Romer 
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1987), or from diversification due to its impact on technology spillover and discovery of productive 

and competitive sources. It is often argued that dependence on natural resource and primary goods 

based exports is not conducive to development. They are not only inapt to technological progress, 

but also vulnerable to terms of trade shocks. In the 1960s, two development economists, Prebisch 

and Singer, argued in their natural resource hypothesis that the overwhelming dominance of a natural 

resource was a curse for developing countries as it hindered technological change and dampened 

export and income growth. Empirically, Sachs and Warner (1995) found supportive evidence for this 

hypothesis. 

Early studies on trade structure and growth considered both export and import structure of an 

economy. Baldwin (1992) demonstrated how an increase in international trade increases the real 

value of production by combining Solow growth with the gains from comparative advantage. By 

critically examining Baldwin’s model, Mazumdar (1996) indicated that medium-run growth depends 

on the composition of trade. Mazumdar argued that if the consumption good is the import and the 

capital good is the export, then trade will not lead to growth, although there might be substantial 

income gains.4 Lee (1995) suggested similarly that capital-importing countries benefit from trade 

because trade causes the cost of capital to fall. Lewer and Van den Berg (1998) find supportive 

evidence for this hypothesis. Later studies, including Hausmann, Hwang, and Rodrik (2007), 

Plümper and Graff (2001), Dalum et al. (1999), Crespo-Cuaresma and Würz (2005), and Amable 

2000, concentrated mostly on export side of the issue and analyzed the importance of export 

structure for better economic performance. The outcome of these studies is that it matters what 

countries export. 

High-tech industries are usually the area of specialization of leading industrialized countries and low-

skill industries are the area of concentration of the least developed countries (see, e.g., Stokey 1991 

and Schott 2004). As they progress, developing countries usually diversify their production and 

export structure in order to attain higher economic growth. Successful diversifiers reap the benefits 

in terms of better economic performance and faster development. The countries that cannot 

diversify and are taken captive by limited infertile industries (those specialize in primary 

commodities) will not be able to jump to the era of higher economic growth.5 Therefore, as a policy 

                                                 
4 The reason is that the relative price of the investment good rises as a result of trade, thereby counteracting any 
effect trade might have had on savings or the rental price of capital. 
5 The question is that should the countries producing coffee-beans be the best coffee beans producer and ignore 
the other industries. The answer should not be that difficult, but what usually recommended to such countries is 
generally the opposite (see, e.g., Stockey 1988). 
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outcome, recommending least developing countries to specialize in what they currently doing best 

may not necessarily help them to achieve long run sustainable growth.6 

Questions like ‘what determines productivity, the comparative advantage, and productive advantage’ 

and ‘under which circumstances does convergence take place’ are beyond the scope of this paper. 

What matters in our context is how to know the right industries in which countries have these 

advantages. Even though we know that specialization patterns are determined in part by idiosyncratic 

elements and partly due to fundamentals, as suggested by HHR, we cannot ignore the intrinsic 

elements hidden within countries stemmed through historical events that can alter the formation of 

comparative advantages at present and future. Some countries may obtain comparative advantage in 

certain industries just because of being first-mover. Whenever other countries with potential 

‘productive advantage’ enter into the export markets, comparative advantage will potentially force 

the first movers to specialize within products instead of across products. 

Discovering productive advantage requires significant diversification. Successful discoveries will not 

only increase overall productivity levels but also number of products in which to have comparative 

advantage. Acemoglu and Zilibotti (2001), Hall and Jones (1999), Klenow and Rodríguez-Clare 

(1997), and Parente and Prescott (2000) have established that differences in total factor productivity 

(TFP) account for a large fraction of the variation in output per worker across countries. Therefore, 

higher productivity growth achieved by successful diversification may also reduce the income 

variations between the countries. In the same fashion, Hall and Jones (1999) conjecture that 

differences in observed TFP are driven by differences in the institutions and government policies 

they collectively refer to as ‘social infrastructure’. Better social infrastructure eases the process of 

discovering productive capacities and paves the way for higher productivity growth.  

When diversifying their export structure, a rather challenging task for countries is whether to 

diversify at both industry and product level or diversify at only product level while specializing at 

industry level. The recent evidence suggests that the importance of within-goods specialization 

increases in characterizing the current patterns of trade. By using US trade data, Schott (2004) 

provides the first empirical evidence on the nature of trade within and across industries. A major 

challenge is, however, how to measure the within diversification across industries. Below, we attempt 

to contribute to the literature by proposing a new index of diversification that can measure within 

diversification across industries. 

                                                 
6 For instance, though no one would regard India, a low-income developing country, to have comparative 
advantage in technology intensive industries, the country showed remarkable success in information technology 
sector. 
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1.3.1 A New Index of Diversification: Within Diversification Index 

In the literature, there are two commonly used diversification indices. First available index is used to 

be constructed by considering the reverse of a specialization index as diversification, such as the 

Herfindahl index, as they are thought to be complementary. The other one is obtained by using the 

differences in the export shares of particular goods in total country and world export.7 However, 

these approaches do not provide much information about the particular patterns of the 

diversification.8 The first one tells only that countries diversify by exporting from everything 

preferably at even shares, without paying attention to relative world demands. The second one does 

not provide any insights on the diversification of the countries within industries when matching the 

world demands and does not take into account the relative comparative advantages.  

As evidenced in recent studies, countries diversify within products instead of across products (see, 

e.g., Schott 2004). In this paper, we suggest a new index of diversification by taking within-industry 

dynamics into account. This index will be called Within Diversification Index (WDI) and defined for 

a country and year as follows: 

∑
∑

∑ ∑
∑ ∑

∑
∑

1
∑

 

 in general refers to export value. RCA is Balassa’s Revealed Comparative Advantage index, used 

intensively in the empirical literature and measured as 
∑

∑

∑ ∑
 for country  and 

product . Superscripts y and z indicate the relative disaggregation level, with .  indicates the 

total number of industries ( ) at level , and  and  indicate the number of products ( ) at 

subgroup  and cumulated over , respectively. Regarding the boundaries of the index, two 

corollaries follow: 

Corollary I: Complete within-diversification. In each , if   for every , then 

∑
∑

 for every  and 1. 

                                                 
7 Trade dissimilarity (or diversification) index (TDI) measures the similarity in an economy’s pattern of trade with 
world demand. It is defined as difference between the share of one particular industry ( ) in country’s exports and 

the share of that industry in total world export. It is constructed as: ∑ . Lower dissimilarity 

index indicates higher diversification. It also evaluates if a change in the exports behavior is oriented towards more 
dynamic products demanded by the rest of the world. 
8 Other alternative measures of diversification used in the literature include entropy, Gini, and RCA indexes. These 
indexes are also alone insufficient in measuring within diversification. 
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In this extreme case, a country diversifies its products in line with relative world demands so that it 

maintains the revealed comparative advantage it has at industry level. If a country has revealed 

comparative advantage only in a subset of goods within an industry but that does not contribute to 

get the same advantage in industry level, the index will give small values. The index will approach to 

one, as countries diversify their export commodities in line with relative world demands.9 Now it 

follows the second corollary. 

Corollary II: WDI is bounded with 1. That is, if  for any  in any , then 

∑
∑

 and 1. 

Proof: Let  and 
∑

, with  indicating required ratio to keep ∑

∑
 and  indicating the realization. If  for any , then . This 

requires for at least one  that  and , and also ∑ ∑ . This 

implies that ∑  and 1. 

For 2,  requires that , and also  and . It follows that 

∑ ∑ . This implies that ∑  and 1.   

Finally due to non-negativity constraint, it directly follows that the index ranges between 0 and 1. 

Therefore the WDI index ranges from zero to one, with higher values indicating higher degree of 

diversification. In order to account for potential misinterpretations, the index takes into account two 

fine-tunings. The second component in bracket corrects for possible inaccuracy at different 

aggregation levels in data dissemination. The final term takes into account the specialization across 

industries. Each of these terms is discussed below. 

A potential problem with this index may arise if countries report trade statistics at aggregated level 

but not at sufficiently disaggregated level. To correct for this problem, we estimate the discrepancy 

ratios between 2 and 4 digit trade data (these are respectively the corresponding values for  and ) 

for each country and calculated the corresponding weighted index values. To do this, we obtain the 

total export at four-digit and two-digit, and then take the ratio of the values. We find that the 

countries are relatively successful in reporting the data at disaggregated level; only in less than 4.7% 

of the cases, this ratio is less than 0.99 and in less than 2.5% of the cases, the ratio is less than 0.98.  

Moreover, without correcting specialization at industry level, the WDI index may yet again be 

misinterpreted. A country may well diversify within a particular industry but may be highly 

                                                 
9 The numerator can be regarded as average RCA at level , denominator as average RCA at level  through level 

. 
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specialized in that industry. In that case the index will generate very high values for such countries. In 

order to take into account the across industry specialization, we correct the index by multiplying it by 

the relative Herfindahl specialization index at two-digit level.10 

Naturally, the index has both strengths and weaknesses. A weakness of the index is that it provides 

no direct information whether the pattern of diversification materializes in a beneficial way. It only 

tells that, irrespective of the level of comparative advantage at industry level, whether countries 

diversify at product level in a way to maintain the current level of comparative advantage at industry 

level. As the shares of goods in total export changes from year to year for all countries, comparative 

advantages will change from year to year as well. If any country sticks to previous trade structure, the 

index value for that country will shrink. An advantage of the index is therefore to measure whether 

countries catch up the changes in world demands.  

Table 1: WDI index for countries with highest and lowest values 

Year Country WDI3 WDI2 WDI1 Country WDI3 WDI2 WDI1
1995 Germany 0.81102 0.85585 0.85589 Nepal 0.01359 0.02162 0.02162
1995 United States 0.76398 0.79840 0.79855 Zambia 0.03041 0.18969 0.18969
1995 France 0.73297 0.76370 0.76376 Niger 0.03625 0.14532 0.14532
1995 Japan 0.71920 0.78725 0.78727 Senegal 0.04355 0.06169 0.06169
1995 United Kingdom 0.68831 0.71576 0.71595 Gabon 0.07972 0.17927 0.17927
1995 Hong Kong 0.64046 0.71581 0.71646 Mongolia 0.09112 0.12519 0.12519
1995 Belgium 0.63779 0.67200 0.67206 Bolivia 0.09758 0.10683 0.10683
1995 Netherlands 0.62566 0.64717 0.64738 Cyprus 0.10468 0.12026 0.12108
1995 Italy 0.61499 0.64219 0.64237 Jamaica 0.10662 0.13980 0.13981
1995 Sweden 0.60348 0.64244 0.64248 Mali 0.10836 0.38027 0.38027
1995 China 0.59887 0.64571 0.64572 Malawi 0.11481 0.23030 0.23097
1995 Canada 0.58121 0.62302 0.62304 Ghana 0.11858 0.14826 0.14826
1995 Spain 0.55060 0.59863 0.59944 Madagascar 0.12055 0.14811 0.14811
1995 Taiwan 0.54366 0.58984 0.59002 Uganda 0.12183 0.46231 0.46231
1995 Switzerland 0.54318 0.57109 0.57125 Jordan 0.12453 0.16258 0.16267

Notes: WDI1 lists the countries with highest and lowest WDI index values, without correcting for data 
discrepancies at different aggregation levels and specialization at industry level. WDI2 and WDI3 reports the 
respective values after correcting for discrepancy and specialization at industry level. Countries with highest 
and lowest values are reported primarily for WDI3. 
 

The data we work with in this paper contain only four-digit level data from 1962 to 2000.11 We take 

2 and 4, aiming to measure the comparative advantage at industry level ( ) and product 

                                                 
10 Another approach in correcting for industry level specializations would be to use dispersions from average 
specialization index. That would require equal treatment for countries at equal distance but at different directions to 
average. As an experiment, we used the deviations as an alternative measure but obtained highly correlated 
outcomes. The correlation coefficient of two indexes obtained from alternative corrections for industry level 
specialization is 0,9997.  
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level ( ). It is certainly not sufficiently disaggregated to propagate that they are really at product level, 

but even at this aggregation level, we have around 1.5 million data points.12 Table 1 shows the list of 

countries with highest and lowest index values for the year 1995. It indicates that the developed 

countries not only exports more and diversified products, they also export in proportion to world 

demands at product level. The countries on the right panel are mostly the developing countries 

failing to match world demands. Matching relative world demands is, however, not necessarily done 

by developed countries. For instance, Uruguay had index values around 0.8 in early 1980’s, but it 

later shrank to around 0.3.  

In short, whatever the quantity produced, if the index value increases, the level of specialization 

decreases and diversification within products in proportion to world demand rises; but if it decreases 

over the time, then it indicates an increasing specialization within products. 

1.3.1.1 Income and Within Diversification 

As clearly observed from the table, higher income countries have higher diversification within 

products and low-income countries fail to diversify within products. Figure 1 displays the overall 

relationship between income and within diversification from 1962 to 2000. When all countries 

considered together, it emerges a slightly curved line. When the countries for different income levels 

considered separately, this relationship becomes more visible: countries tend to diversify at a 

decreasing rate, slightly specialize as they get out of low-income trap and then diversify again as they 

become richer.13 This descriptive evidence is markedly in contrary to the findings of Imbs and 

Wacziarg (2003) based on overall diversification instead of within-diversification. 

Figure 1 depicts the relationship between income and within diversification when we pool the 

countries over the whole period. The pattern at specific point in time is similar to the pooled data 

(Figure 2). In Figure 2, we randomly take the years 1980 and 1995 and check the cross-country 

relationship between per capital income and within diversification. Overall within diversification is 

always higher in richer countries. The line of fitted values is still slightly curved, confirming the 

previous results that we derived from pooled cross-country sample. 

 

                                                                                                                                                              
11 Martin and Mitra (2001) find that the rate of productivity growth in agriculture is higher than in manufacturing 
both on average and for groups of countries at different stages of development. Since productivity growth can take 
place in agricultural industries as well, we do not restrict the sample only to manufacturing sector. 
12 Data at higher disaggregation levels will surely make the calculation somewhat messy. When conducting only 
country-specific analysis, however, data at higher disaggregation levels can be easily used and the index will produce 
more appropriate values for measuring within-product diversification. 
13 We intuitively classified the countries with per capita income less than 5,000 USD as low-income countries, 
between 5,000-15,000 as middle-income countries and more than 15,000 USD as rich countries. 
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Figure 1: Income vs. Within Diversification (Pooled data) 

 

 

Figure 2: Income vs. Within Diversification (Cross-country data) 

1.3.1.2 Distinct Paths of Development in Comparison 

In order to be able to understand the role of within diversification, we compare the WDI index with 

standard diversification index TDI. We consider six countries in three groups: Spain and Netherlands 

from developed countries, Brazil and Malaysia from developing countries, and Bangladesh and Nepal 
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from low-income countries. The pattern of specialization that these countries follow provides 

important insights on the significance of indexes. The changes in per capital income and 

diversification indexes over time are given in Figure 3. We observe similar pictures brought by 

different indexes for Spain and Netherlands. In Malaysia and Brazil, two diversification indexes 

depict different patterns of diversification, at least until some point of time. Finally, a large 

discrepancy between the two indexes prevails for low-income countries. These differences facilitate 

to understand the underlying differences between the two indexes. 

Both indexes, WDI and TDI, measure the level of diversification by taking into account the relative 

shares of goods compared to relative world demands. However, WDI additionally takes into account 

the level of diversification at industry level through the distribution at product level. In practice, no 

country will completely diversify or specialize. There will be some sectors in which countries 

specialize and some others in which they diversify. If matching relative world demands at industry 

level and product level differs significantly, it will imply higher specialization in WDI index, but may 

have no implications for TDI index. That is the case for Malaysia and Brazil. These countries were 

diversified at product level compared to industry level during their early stages of development, then 

specialized quickly in some of these sectors and diversified again. That is not captured with standard 

diversification index of TDI. Only starting in 1980’s, they commence to diversify both within and 

across. We additionally consider two low-income countries, Bangladesh and Nepal. Although 

standard diversification index predicts higher diversification in these countries, they are in fact poorly 

diversified when it comes to within diversification of export products. 

On the other hand, Spain and Netherlands increased the level of diversification steadily over time, as 

indicated by both of the indexes. In effect, Spain continued to decrease the level of specialization 

both within and across industries. And that is the crucial difference between two groups of countries, 

and also between WDI and TDI indexes. First group of countries initially specialized within products 

but diversified across industries, but second group of countries diversified both within and across 

industries during the sample period. Therefore it is a clear advantage of WDI index in detecting the 

distinct paths of diversification and development compared to standard indexes. 
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Figure 3: Distinct Paths of Development and WDI in Comparison 

1.4 MEASURING PRODUCTIVITY AND LINKING TO EXPORT STRUCTURE 

The objective of productivity measurement is to identify output differences that cannot be explained 

by input differences. In trade theories, international productivity differences are used to explain the 

patterns of trade and specialization. The single factor Ricardian model of old trade theory implies 

product specialization as a result of international productivity differences (e.g., Dornbusch et al. 

1977). Productivity differences among producers within industries are also major components of 
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new trade theory, which is based additionally upon imperfect competition and consumers’ love for 

variety. Under these assumptions, price of a product is settled by a constant markup over 

productivity-adjusted marginal cost. A direct implication of new trade theory is that varieties from 

countries with high productivity should have a higher price than varieties from countries with low 

productivity, which is found to be inconsistent by Schott (2004).14 Finally, the recent studies with 

firm heterogeneity embark on productivity differences at firm level in explaining the entry into 

export markets (e.g., Melitz 2003 and Bernard et al. 2004). 

Since international and domestic productivity differences play such a significant role in international 

trade, at least theoretically, some part of the differences in trade structure of countries may be 

explained by international productivity differences. Additionally, trade is in itself a source of 

productivity improvement through learning-by-doing and technological spillover (e.g., Alcalá and 

Ciccone 2004). A subtle difference, however, avoids us to claim a mutual causality. Productivity 

differences might theoretically play a role in shaping trade structure, but it is the overall trade 

openness that is found to improve productivity, not trade structure. Since the measures of export 

structure in searching for the potential impacts of export composition on productivity changes are 

neutral to productivity differences, we do not confront causality problem for the moment.  

In general, two different productivity measures are considered: labor productivity (LP) and total 

factor productivity (TFP). LP is preferred in the literature (e.g., Alcalá and Ciccone 2004), as it relates 

to the most important factor of production and it is relatively easy to measure. LP is however only a 

partial productivity measure and measured simply dividing the total GDP to total labor force. A 

more appropriate option is to use total factor productivity (TFP) measure. Improvements in TFP 

have been recognized as an important source of economic growth and convergence, as the variation 

in incomes across the world is explained by differences in TFP (Klenow and Rodriguez-Clare 1997, 

Hall and Jones 1999). In contrary to LP, it is rather difficult to estimate accurate measures of TFP 

from available data. TFP is broadly calculated in two different ways. One way is to calculate 

econometrically as a Solow residual after accounting for the contributions of various factors of 

production. Klenow and Rodriguez-Clare, for instance, calculate TFP by decomposing the variance 

of income into that attributable to differences in factors of production and to differences in TFP. 

While this approach does not require any assumption on the extent of returns to scale, endogeneity 

                                                 
14 Schott (2004) also notes that in new trade theory, within-product specialization is horizontal: variety price varies 
inversely with producer productivity. In old trade theory, within-product specialization is vertical: varieties are 
related both to exporter endowments and to exporter production techniques. 
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of the input variables may become a real concern and require finding good instrumental variables.15 

The other way is to estimate TFP under some underlying assumptions about the production function 

and its parameters. In this approach it is common to assume constant returns to scale and perfect 

competition. Even though it appears implausible to assume constant returns to scale, we prefer the 

second approach in estimating TFP growth. However, we will check the robustness under different 

sets of assumptions about the production function and its parameters. In what follows, we largely 

draw on Hall and Jones (1999) and Ghosh and Kraay (2000) in estimating TFP growth. 

Assume the following Cobb-Douglas production function16 with two factors, physical capital ( ) and 

human capital-augmented labor ( ): 

(4.1)      , 

where  is TFP,  measures the share of capital in output and  measures the degree of returns to 

scale. Taking logarithms and differentiating the equation (1) with respect to time, we obtain the 

conventional growth accounting equation 1 , with  indicating the 

growth rate of each variable. Thus, we obtain the equation for TFP as: 

(4.2)       1  

In addition to data on the growth rates of output, physical capital and human capital, we need 

information on the parameters of the production function. The data on GDP growth rates is easy to 

access, but data on physical capital and human capital growth is difficult. The parameters of the 

production function are not directly observable and it is ordinary to make some assumptions. 

However, the estimates of TFP growth might be highly sensitive to these assumptions. 

The data on physical capital stock is usually obtained using the perpetual inventory method (e.g., Hall 

and Jones 1999). Knowing that the data can be very sensitive to the assumptions about initial capital-

output ratio and depreciation rate, we use the data generated by Nehru and Dhareshwar (1993) and 

extended by Mahajan (2002) through 2000. The capital stock is calculated using the perpetual 

inventory method as: 1 δ K I , with δ measuring geometric depreciation rate and I 

gross capital formation. It has been established a strong relationship between gross fixed capital 

formation and economic growth and that has led many authors (e.g., De Long and Summers 1991) 

to conclude that the rate of physical capital formation determines the rate of a country’s economic 

                                                 
15 Countries providing incentives for higher physical and human capital accumulation are likely to use their inputs 
more productively. 
16 Hall and Jones (1999) use Solow method instead of Cobb-Douglas production function, however, as they note, 
they produce similar results and Cobb-Douglas does not produce any significant bias. In Cobb-Douglas 
technology, factor shares are assumed to be the same for all countries.  
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growth. Similarly, Eaton and Kortum (2001) attribute part of cross-country difference in productivity 

to the access to capital goods as reflected by capital goods prices and barriers inhibiting trade in 

equipment. 

The data on human capital is constructed by adjusting the number of workers for their years of 

schooling (S) by assuming that each additional year increases productivity of workers by a given 

percentage. Human capital is then calculated as H L. e S , with  measuring the total labor force 

between the ages 15-64,  the return to education, and  is the average schooling per worker (a 

proxy for the stock of education in the economy). The derivative  measures the impact of 

additional year of schooling on a worker’s efficiency. Better education improves the production 

process in several ways. Educated, or skilled, workers are able to perform complex tasks and thereby 

contribute to producing more technologically sophisticated products. Especially in developing 

countries, skilled workers increase the absorptive capacity of the country by acquiring and 

implementing the foreign knowledge and technology, which is of crucial importance in successful 

diversification.  

Various estimates in the literature suggest different rates of return to education, usually between 7 

and 13 percent, due to the fact that the return to education may be nonlinear. With decreasing 

marginal return to human capital accumulation, the productivity impacts of basic education can be 

higher than that of advanced education. Psacharopoulos (1994) provides cross-country evidence on 

Mincerian rates of return17 consistent with decreasing marginal returns to education. Psacharopoulos 

reports that the average Mincerian rate of return is 13.4 per cent in Sub-Saharan Africa (with average 

number of years of schooling around four), 10.1 per cent for the world as a whole (with average 

number of years of schooling around eight) and 6.8 per cent for OECD countries. Then, the average 

Mincerian rates of return can be considered to be around 13.4 per cent for the first four years of 

education, 10.1 per cent on the next four years, and 6.8 per cent for the education above eight, as 

was also assumed by Hall and Jones (1999).18 Therefore, the return to education, , will be 

assumed to be piecewise linear. In the benchmark case, we consider it to be 10 per cent for 

simplicity. 

Regarding the parameters of the production function, it is common to assume constant returns to 

scale, 1, with the share of capital stock ( ) between 0.3 and 0.5. Higher income countries tend 

to have higher share of capital stock. Following Hall and Jones, we take 1/3 in our benchmark 

                                                 
17 Following famous labor economist Jacob Mincer, Mincerian returns measure the percentage increase in wages 
resulting from an additional year of education. 
18 See Coulombe and Tremblay (2008) for a survey of evidence on the return to education. 
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case. Estimates of TFP growth are again very sensitive to these assumptions. Ghosh and Kraay show 

that estimated TFP falls with increasing returns to scale, because part of the increase in output 

attributed to productivity growth is now attributed to scale economies. As they note, if there are 

increasing returns to scale at low levels of development and decreasing returns to scale at high levels 

of development, we would be better able to  identify how much of measured TFP growth is likely to 

be sustained over the long run.  

Taking into account the sensitivity of the estimation to the underlying assumptions, we define three 

alternative sets of assumption in estimating TFP growth.19 The first one will be used as the 

benchmark measure of TFP and the others will be used in checking the robustness.20 These are listed 

in Table 2. 

The literature records two major factors essential to productivity growth: human capital development 

(Wolff [2000]) and capital investments (Mankiw et al. [1992] and Romer [1986]).21 Additionally level 

of financial development and quality of institutions and infrastructure are also considered as 

important elements in productivity performance. In empirical studies, there are many other factors 

ranging from inflation (Fischer 1992) to demographic age structure (Kogel 2005) linked to 

productivity growths.  

 

Table 2: Sets of Assumptions for Alternative TFP Growth Estimations 

 Returns to Scale Returns to Education 
Share of Capital 
Stock Description 

TFP1 1 0.1 1/3 
Standard estimation with 
constant returns to scale 

TFP2 1 
0.134 4 

0.101 4 8 
0.068 8 

1/3 
Higher returns to 
education at lower levels 

                                                 
19 Instead of estimating TFP in levels, we estimate the growth rate of TFP. TFP in levels is in general less 
informative compared to growth in TFP. Hall and Jones also admit that they find relatively large residuals in levels, 
indicating the potential problems in interpretation of TFP in levels. We thereby avoid comparing numbers with 
huge differences. In longitudinal calculations, it additionally makes the interpretation of the results easier. 
20 More flexible cases could be constructed under different sets of assumptions, including different returns to scale 
and different share of capital stock at different income levels. Since it is not settled yet at which levels of income 
countries exploit increasing returns to scale and obtain higher shares of capital stock, we skip such flexible 
assumptions. 
21 Romer (1986) showed in a model of endogenous technological change that technological innovation and physical 
capital are such strong complements that an increase in the rate of growth of physical capital necessarily leads to an 
increase in the rate of technological change. In his later works (Romer 1990b), however, Romer found that an 
increase in the investment share has no long-run effect on the growth rate of the technology or output. 
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TFP3 1 
0.134 4 

0.101 4 8 
0.068 8 

0.4 
Higher share of capital 
stock and higher returns 
to education at low levels 

NOTES: In constructing the capital stock using perpetual inventory method, following Hall and Jones, we 
assume a depreciation rate of 6 per cent. 

 

The main factor that links export structure to productivity is reallocation of production factors, 

which has been considered mostly in economic growth literature. Young (1995), for instance, 

demonstrated that inter-sectoral reallocations of labor drove a large part of TFP growth in East Asia 

from the 1960s to the early 1990s. Depending on the relative performance of the firms in foreign 

markets, diversification of export structure lays the ground for potential reallocation of resources. If 

exporting firms successfully handle in foreign markets and maintain their competitive advantages, 

this will increase the investment in the sectors these firms operate by reallocating the production 

factors. Theoretical support for this line of reasoning can be found in Romer (1990a). Romer models 

an economy consisting of three sectors: a final goods sector, an intermediate goods sector, and a 

researcher sector. The research sector improves technological capacities for the intermediate goods 

sector and thus increases the variety of intermediate goods produced. This diversification of goods 

enhances the productivity of the final good sector. 

In linking productivity to export diversification, we also focus on the technological spillover potential 

of industries. Spillover potential of industries may vary significantly, with high-tech industries 

carrying more potential for technology spillover when countries trade in these industries. Relative 

importance of diversification comes from trading in as many industries as possible, because it may be 

a priori unobservable in which industries and products countries obtain the technology suitable to 

their absorptive capacity. Without exporting any quantity, countries will not be able to experience 

whether they are ready to utilize the knowledge generated elsewhere in a specific sector. That recalls 

again the cost-discovery process in industrial production. If certain industries fail to absorb and 

exploit the foreign technology, they will not survive in export markets. 

The strength of the impacts of common channels used in trade literature, such as technology 

spillover and learning-by-doing, on productivity depends, however, on the absorptive capacity of 

countries. Absorptive capacity in turn depends to a degree on the range of products produced in a 

country, because ability to produce more variety is an obvious sign of ability to learn quickly and 

adapt to new demand formations.22 Therefore, the degree of diversification should be considered one 

                                                 
22 The role of absorptive capacity can be understood with one of the best case studies in the field. In cotton textile 
industry, despite the transfer of same technology to the world from Britain in 1940s, the productivity and 
profitability in other countries, such as in India, remained a fraction of the levels in Britain. See Hausmann and 
Rodrik (2003) for more detailed discussion of the issue. As Evenson and Westphal (1995, pp.2214) put it: “A 
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of the major channels in improving the productivity. Since the form of diversification changes as 

countries develop, the necessity to use alternative measures of diversification to take into account 

diversification at various forms is present.  

1.5 EMPIRICAL METHODOLOGY 

Empirical approach of this paper is based on a dynamic panel data method. It is dynamic because the 

productivity at one period is necessarily related to the productivity at the next period. This is 

especially comprehensible if we think the process in a learning-by-doing framework: as workers gain 

knowledge of better production techniques at each period, they will be able to increase their 

productivity at the next period. The question is whether this learning process and the resulting 

productivity can be attributed partly to what these workers produce and export, namely to export 

structure.  

Apart from the dynamic nature of the model, several benefits are expected from using longitudinal 

data against time series or cross-sectional data. One of them is to be able to control for individual 

heterogeneity. Time series or cross-sectional studies may yield biased results when not controlled for 

this heterogeneity. To illustrate that, consider the fact that countries differ with respect to their work 

ethics, values, institutions, etc., which might affect the productivity invariant of time. This 

heterogeneity needs to be controlled in order to avoid any biased results. Another benefit is its 

superiority with respect to time series and cross-sectional data in indentifying and measuring the 

effects which are otherwise would not be detectable. In determining the productivity impacts of 

export diversification, observing changes in patterns of diversification by holding at the same time 

individual characteristics constant may improve the estimation results. A further benefit expected 

from panel data is to reach to more reliable parameter estimates as it provides more informative data, 

less collinearity, more degrees of freedom and more efficiency (Baltagi 2006). There are some 

limitations of panel data as well. An important limitation in empirical studies is short time span. In 

such cases, asymptotic arguments would crucially depend on the number of countries tending to 

infinity (Arellano 2003). Although the sampling period in this paper is sufficiently long (1962-2000), 

when it is averaged over several years it decreases drastically (for example with five years averages we 

have only 8 time spans) – as it is common in growth regressions to use time spans of around 5 years 

                                                                                                                                                              
stream of investments over time is typically required to overcome tacitness and thus achieve mastery. Not only is 
much technology tacit, so too is much knowledge about the specifics of local circumstances and about the ways 
that differences in circumstances affect the productivity of particular techniques. Tacit knowledge can only be 
acquired through investments in learning.” 
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averages.23 Other common problems attributed to panel data like self-selectivity and attrition are not 

expected to arise.  

 A standard approach in dynamic panel data estimation in much of the recent literature is to use 

GMM estimators. Especially to address the common problems in growth models like endogeneity, 

measurement error and omitted variables problems, the GMM estimator developed by Arellano and 

Bond (1991) considered to be suitable in panel data estimation. Arellano and Bond suggest an 

approach based on first differenced generalized method of moments estimator so that permanent 

unobserved heterogeneity can be removed and lagged levels of the series can be used as instruments 

for the endogenous or predetermined variables. A problem with the original “difference GMM” 

estimator is that lagged levels are often poor instruments for first differences (Blundell et al. 2000). 

Blundell and Bond (1998) show that first-differenced GMM estimators may also be subject to a large 

downward finite-sample bias when the number of time periods is small. Arellano and Bover (1995) 

and Blundell and Bond (1998) suggest later a “system GMM” estimator which exploits a further 

assumption on the initial conditions to obtain moments conditions. Blundell and Bond augment 

difference GMM estimator by assuming that first differences of instrumental variables are 

uncorrelated with the fixed effects. This allows introduction of additional instruments and can 

markedly improve efficiency. They articulate the necessary assumptions for this system estimator 

more precisely and test it with Monte Carlo simulations. More rigorous survey of these estimators 

can be found in Blundell, Bond and Windmeijer (2000).  

The GMM estimator is considered to be a distinctly strong approach to obtain consistent estimates 

even in the presence of measurement error and endogenous right-hand side variables (Bond et al. 

2001). From endogenous growth theory, some of the variables included as control variables, such as 

the investment ratio, are endogenous and the use of GMM estimators allows dealing with this 

endogeneity problem. Consequently, and by taking into consideration the recent developments in the 

field, the preferred GMM approach will be system GMM estimator. 

 In this regard, to inspect the association between productivity and export structure, following 

benchmark equation will be estimated: 

(4.3)       

Dependent variable  is the productivity growth. Among the right-hand-side variables,  is 

the lag of productivity growth and  is the diversification index for export structure, whose 

coefficient is of primary interest.  is a matrix of control variables with a column  of coefficients. 

                                                 
23 In some cases there might be once-and-for-all productivity shocks due to sudden shifts in trade structure or any 
other reason. Averaging the data controls for such movements and avoids any potential misleading estimation. 
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The unobserved country-specific time invariant effects  in the estimation reveal differences in the 

initial level of efficiency and the time-specific intercepts  reflect the productivity changes common 

to all countries, for whatever reason. As it is common in empirical growth literature, the time series 

are averaged over several time periods to avoid the short-run effects like short term business-cycle 

effects and provide enough time for dynamic adjustment. 

Although that is a straightforward extension of the specification used in Alcalá and Ciccone (2004), it 

differs from their model specification. Our specification is a dynamic estimation and it takes the 

dynamic adjustments into account and thus estimates the model by using panel data, contrary to 

cross-sectional estimation used in Alcalá and Ciccone (2004). Weinhold and Rauch (1999) also use 

dynamic panel estimation but their sample covers only 35 developing countries.24 Their productivity 

measure was based on labor productivity instead of total factor productivity. Harrigan (1997) also 

considers a dynamic specification in estimating the joint impacts of factor endowments and level of 

technology on international specialization.  

We use four different definitions of productivity growth and three different measures of export 

diversification. The alternative definitions of TFP are provided in section 4. These include one labor 

productivity and three TFP measures. Regarding the proxies for the export structure index, three 

different indexes to be used in estimating the impact of export diversification on productivity are as 

follows: The Herfindahl Specialization Index (HSI), Within Diversification Index (WDI), and Trade 

Diversification Index (TDI). The Herfindahl index will be used to measure the overall degree of 

international trade specialization. This index will help to study the effect of the degree of 

specialization on productivity. The Herfindahl index is defined as ∑ ∑ , 

where k
itx  is country i’s export of good k  in year t  and j  is the total number of industries in the 

country’s economy. The value ranges from zero to one with higher values indicating higher 

specialization. Two factors that can lead to a lower value of the Herfindahl index: an increase in the 

number of products or a more even distribution of the shares of the products being exported, or 

both. The definitions of other two indexes are provided in section 3.2. 

                                                 
24 However they use a LSDV approach instead of a GMM estimator. In a dynamic model, the least squares dummy 
variable (LSDV) estimator used by Weinhold and Rauch (1999) might still be problematic because estimates are 
obtained by OLS to a model expressed in deviations from time means may eliminate one possible source of 
inconsistency (correlation between explanatory variable(s) and unobserved individual effects) but there might be a 
correlation between demeaned variables (mean error contains observations which are correlated with lag dependent 
variable) and for small T estimator will be inconsistent. It is in turn the strength of system GMM with small T and 
large N to produce consistent estimates. 
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The main covariates take account of factor endowments and level of technology and include human 

capital development, capital investments, population in working age, level of infrastructure 

development,25 openness, 26 and an indicator for macroeconomic stability.27 Human capital 

development is captured by average schooling, capital investments by gross fixed capital investments, 

and level of infrastructure development by the number of telephone lines per hundred people. 

Moreover, inflation is considered as a measure of macroeconomic stability and openness is captured 

by the share of total trade to GDP. Finally, to control for potential impacts associated with higher 

income levels, we include a dummy variable for OECD countries. Descriptive statistics, correlation 

matrix and list of countries are given in appendix. 

Finally, concerning the dataset, diversification indexes are calculated by using trade flows on 4-digit 

standard international trade classifications (SITC) which is obtained from World Trade Flows (WTF, 

UN-NBER) dataset, prepared and updated by Feenstra et al. (2005).28 The dataset covers the period 

from 1962 to 2000 with 5-year time intervals, giving 8 time spans. The data for GDP, investment 

rates, total workforce, and other control variables are obtained from World Development Indicators 

(WDI) of the World Bank, if not otherwise indicated. Schooling data has been obtained from Barro 

and Lee (2000).  

1.6 FINDINGS  

In order to control for the impacts of short-term shocks and other factors contributing to cyclical 

movements, data has been averaged over 5 and 3-year periods from 1962 to 2000, giving totally 8 

and 13 time spans for 83 countries, respectively.29 We first present the initial findings and then check 

the robustness of these results by providing the findings obtained under different productivity 

measures and estimation techniques. In this section, we do not take into account the productivity 

differences due to levels of development and sectoral heterogeneity. In the next section, we will 

                                                 
25 Better infrastructure may increase productivity by reducing the costs of production. 
26 The underlying logic is that more open economies are more likely to benefit from technology diffusion (see, e.g., 
Edwards 1998).  
27 Harrigan (1997) estimates the neoclassical model of production and finds that technology level and factor 
endowments are important determinants of patterns of specialization. 
28 The original trade data of WTF covers more than 150 countries, but in order to minimize the impacts of unusual 
factors, major oil exporting countries, newly independent central Asian and some east European countries, 
countries having population less than 500,000, countries reporting on too few product groups in a given year (to 
avoid the aggregation bias), and countries having long-lasting fatal conflicts (such as Rwanda and Sudan) have been 
excluded from the dataset. 
29 For 5-year averaged data, the period between 1962 and 1965 is exceptionally averaged over four years in 
calculating diversification indexes.  
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allow for these impacts and seek to indentify productivity impacts applicable for different levels of 

development under various industrial classifications.  

1.6.1 Initial Findings 

The initial estimation results are presented in Table 3. They suggest that diversification of export 

structure has no statistically significant effect on productivity growth. That is true for within 

diversification, overall diversification and Herfindahl specialization indexes. Thus, neither 

diversification nor specialization is significantly associated with an improvement in total factor 

productivity in an economy. This result is contrary to what is originally postulated in this paper; that 

is, more diversified economies are potentially expected to benefit in terms of higher productivity 

growths. This proposition finds no empirical support at this stage and it seems that diversifying 

export structure does not help to discover industries with higher productivity potentials. 

A brief discussion on the role and significance of control variables is in order. Empirical studies of 

cross-sectional growth (e.g., Mankiw, Romer, and Weil 1992) report typically an important role for 

the investment. Therefore it is probably the most natural one to include into the system estimation. 

Its level of significance verifies this proposition. Concerning the human capital accumulation, we 

previously emphasized the role of absorptive capacity in linking the impact of diversification on 

productivity. This capacity to utilize new production techniques is built up over longer terms, as 

compared to other control variables; therefore we include the current and previous values of 

schooling variable to the estimation. The results confirm this approach: lag of schooling positively 

affects the overall productivity. Fischer (1992) reports robust relationship between inflation and 

productivity, so we included inflation to the model. An increase in the inflation rate by 100 per cent 

is associated with a decline in the rate of productivity growth of 0.2 per cent per annum. If the 

population is growing, then a portion of the economy’s investment is used to provide capital for new 

workers rather than to raise capital per worker. For this reason, a higher population growth rate 

would have a negative effect on capital per worker. This view has been also confirmed by the 

estimation results, where the coefficients are negative. Most of the other control variables enter only 

insignificantly to the system. Inclusion of openness does not seem to affect the findings significantly 

and this result is in line with the theoretical explanation of Alcalá and Ciccone (2004) where authors 

argue that higher openness is not necessarily associated with higher labor productivity.  

Table 3: Productivity Effects of Export Diversification – Initial Findings
5-Year Averages 3-Year Averages 

WDI TDI Herfindahl WDI TDI Herfindahl 

TFP (t-1) 0.280** 0.285** 0.274** 0.154 0.138 0.154 

(2.569) (2.451) (2.336) (1.520) (0.690) (0.830) 

Diversification 0.377 -3.089 -2.212 -0.811 8.082 0.938 

(0.064) (-0.336) (-0.900) (-0.189) (0.467) (0.482) 
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Investment 11.599*** 11.614+ 10.998+ 10.944*** 11.368* 11.223 

(3.125) (3.586) (3.519) (2.804) (1.770) (1.542) 

Schooling -0.262 -0.245 -0.255 -8.736** -8.808* -8.768 

(-1.347) (-1.214) (-1.283) (-2.346) (-1.920) (-1.469) 

Schooling (t-1) 0.396* 0.387* 0.374* 8.540+ 8.159** 8.716** 

(1.874) (1.793) (1.775) (3.568) (2.129) (2.373) 

Inflation -0.002** -0.002** -0.002** -0.004** -0.004** -0.004** 

(-2.175) (-2.031) (-2.025) (-2.379) (-2.492) (-2.552) 

Infrastructure -0.119 -0.123 -0.098 -0.022 -0.024 -0.018 

(-1.261) (-1.296) (-0.944) (-0.368) (-0.515) (-0.428) 

Population -14.809* -14.494* -15.538* -20.493** -20.129 -20.151 

(-1.774) (-1.728) (-1.897) (-2.385) (-1.353) (-1.424) 

Openness 0.121 0.122 0.122 0.116 0.118 0.115 

(1.581) (1.611) (1.596) (1.306) (0.646) (0.682) 

OECD dummy 7.230 6.461 5.867 11.222 8.418 8.546 

(0.641) (0.565) (0.450) (0.908) (0.617) (0.882) 

Constant 34.265 25.889 56.228 75.740 68.386 67.243 

(0.274) (0.201) (0.442) (0.820) (0.411) (0.477) 
AR2(p) 0.1811 0.1959 0.2076 0.7945 0.9145 0.8111 
Sargan 0.354 0.3386 0.3598 0.6275 0.738 0.6685 
Notes: Dependent variable is Total Productivity Growth (TFP1). Diversification is log of respective trade structure 
index, investment is log of gross fixed capital formation, schooling is percentage of secondary school complete in the 
total population, inflation is GDP deflator, infrastructure is number of phone subscribers per 100 people, population 
is log of working age population, openness is ratio of total trade to GDP, and OECD is a dummy for OECD 
countries. All equations include period dummies. Two-step system GMM estimation results. Windmeijer-corrected 
robust t-statistics are in parenthesis. The significance of coefficients are denoted by stars: *: p<.10, **: p<.05, ***: 
p<.01. Sargan provides the p values for the over-identifying test of Sargan with null hypothesis that the instruments 
are valid. AR2(p) shows p values for the Arellano-Bond second order autocorrelation test and it is required not to 
reject the test.  
 

At this stage, we additionally estimate the same by using non-overlapping 3-year averages of the data. 

The findings are reported in the last three columns of Table 3. The results do not change 

significantly. A diversified or specialized export structure again has no statistically significant impact 

on productivity growth. OECD dummy becomes significant in certain cases, which controls for 

productivity improvements associated with higher income levels. Initial results, therefore, suggest no 

significant relationship between export structure and productivity. We now check the robustness of 

these results to alternative productivity measures and estimation techniques. 

1.6.2 Robustness Checks 

At this stage, we continue estimating the significance of export diversification by using the 

aggregated data and neglect the potential impacts for countries at different income levels and for 

different industries. We test the robustness of the initial results across productivity measures and 

estimation techniques. Table 4 and 5 provide the results for alternative productivity measures and 
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Table 6 provides the results obtained from alternative estimation methods. Table 4 reports the 

outcomes under alternative productivity measures estimated with 5-year averages and Table 5 reports 

the outcomes estimated with 3-year averages. 

 

 Table 4: Impacts of Diversification on Productivity – Alternative Productivity Measures (5-Year Averages) 

Productivity: TFP2 TFP3 LP 
 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Productivity (t-1) 0.327*** 0.330*** 0.316*** 0.327*** 0.327*** 0.317*** 0.302** 0.302** 0.291** 

  (3.157) (3.059) (2.965) (3.015) (2.937) (2.845) (2.219) (2.270) (2.128) 

Diversification 0.718 0.715 -2.998 0.749 2.685 -3.032 0.005 0.111 -0.011 

  (0.120) (0.070) (-1.180) (0.121) (0.257) (-1.155) (0.101) (1.229) (-0.416) 

Investment 10.47*** 10.71*** 10.094+ 8.597** 8.812** 8.191** 0.162+ 0.159+ 0.159+ 

(2.806) (3.200) (3.343) (2.165) (2.434) (2.545) (5.172) (5.192) (5.255) 

Schooling -0.505*** -0.530*** -0.512*** -0.500** -0.522** -0.513*** -0.001 -0.001 -0.001 

  (-2.649) (-2.606) (-2.674) (-2.542) (-2.494) (-2.619) (-0.745) (-0.827) (-0.666) 

Schooling (t-1) 0.260 0.249 0.254 0.266 0.246 0.263 0.001 0.001 0.001 

  (0.953) (0.830) (0.912) (0.962) (0.829) (0.948) (0.921) (0.776) (0.935) 

Inflation -0.002** -0.003** -0.002*** -0.003*** -0.003*** -0.003*** -0.000 -0.000 -0.000 

  (-2.473) (-2.450) (-2.637) (-2.971) (-2.998) (-3.186) (-1.132) (-0.987) (-1.197) 

Infrastructure -0.039 -0.044 -0.025 -0.029 -0.031 -0.011 0.000 0.000 -0.000 

  (-0.403) (-0.445) (-0.255) (-0.281) (-0.302) (-0.108) (0.054) (0.137) (-0.062) 

Population -6.416 -6.612 -8.613 -5.547 -5.679 -7.731 -0.195** -0.189** -0.195***

  (-0.768) (-0.843) (-1.118) (-0.657) (-0.717) (-1.021) (-2.508) (-2.424) (-2.578) 

Openness 0.194*** 0.198*** 0.191*** 0.205*** 0.209*** 0.200*** 0.000 0.000 0.000 

  (2.876) (3.044) (2.921) (2.915) (3.042) (2.947) (0.483) (0.320) (0.352) 

OECD 11.228 11.759 8.533 10.046 10.684 7.542 -0.085 -0.057 -0.075 

  (1.011) (1.119) (0.677) (0.952) (1.069) (0.623) (-0.474) (-0.326) (-0.407) 

Constant -111.235 -113.149 -66.299 -88.968 -90.679 -43.795 0.468 0.457 0.493 

  (-0.846) (-0.897) (-0.511) (-0.700) (-0.744) (-0.357) (0.346) (0.345) (0.366) 

AR2(p) 0.3855 0.4065 0.4176 0.3729 0.3923 0.4168 0.4274 0.39 0.4321 

Sargan 0.6262 0.5767 0.7122 0.4062 0.372 0.4966 0.3581 0.3199 0.2805 

Notes: System GMM estimation results obtained from 5-years averages. Definitions of alternative productivity 
measures are provided in Table 2. All equations include period dummies. Two-step system GMM estimation results. 
Windmeijer-corrected robust t-statistics are in parenthesis. The significance of coefficients are denoted by stars: *: 
p<.10, **: p<.05, ***: p<.01. Sargan provides the p values for the over-identifying test of Sargan with null hypothesis 
that the instruments are valid. AR2(p) shows p values for the Arellano-Bond second order autocorrelation test and it 
is required not to reject the test. 

The findings reported in Table 4 confirm the previous results and we obtain no statistically 

significant outcome on the impact of export diversification on productivity growth. Only statistically 

significant result is reported in Table 5, under labor productivity measure; however, in this 

estimation, hypothesis of no second order autocorrelation is rejected. The GMM estimator is not 

consistent if there is second-order serial correlation in the error term of the first-differenced 
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equation. Thus, using alternative productivity measures does not alter the initial findings on the 

relationship between diversification and productivity. 

 

 Table 5: Impacts of Diversification on Productivity – Alternative Productivity Measures (3-Years Averages) 

Productivity: TFP2 TFP3 LP 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Productivity (t-1) 0.151** 0.158*** 0.162*** 0.144** 0.151** 0.142** 0.014** 0.014** 0.016** 

  (2.565) (2.580) (2.687) (2.491) (2.522) (2.096) (2.173) (2.060) (2.208) 

Diversification 0.876 4.454 0.416 0.927 6.070 0.485 -0.041 0.141* 0.002 

  (0.163) (0.496) (0.239) (0.128) (0.614) (0.336) (-1.128) (1.744) (0.157) 

Investment 8.330* 8.442* 6.370 7.804 7.980 8.253 0.123+ 0.114+ 0.110+ 

  (1.755) (1.883) (1.598) (1.123) (1.224) (1.128) (4.722) (4.494) (4.157) 

Schooling -6.880+ -7.193+ -7.092+ -6.404*** -6.725*** -6.619+ 0.000 -0.006 0.001 

  (-3.367) (-3.394) (-3.485) (-3.172) (-3.287) (-3.478) (0.012) (-0.239) (0.032) 

Schooling (t-1) 4.323* 4.621** 4.705* 3.990 4.264* 3.716 -0.032 -0.028 -0.032 

  (1.829) (2.075) (1.774) (1.511) (1.935) (1.485) (-1.384) (-1.228) (-1.285) 

Inflation -0.004* -0.004* -0.004* -0.004 -0.004 -0.004 -0.000** -0.000** -0.000**

  (-1.736) (-1.840) (-1.854) (-1.410) (-1.389) (-1.353) (-2.126) (-2.355) (-2.052) 

Infrastructure -0.058 -0.054 -0.048 -0.048 -0.046 -0.059 -0.000 0.000 0.000 

  (-0.817) (-0.960) (-0.839) (-0.766) (-0.820) (-0.961) (-0.260) (0.391) (0.125) 

Population -8.851 -9.522 -6.669 -8.735 -9.647 -9.143 -0.136+ -0.130*** -0.119***

  (-0.677) (-0.826) (-0.679) (-0.445) (-0.513) (-0.368) (-3.357) (-2.953) (-2.643) 

Openness 0.132 0.123 0.135* 0.128 0.117 0.124 0.001 0.000 0.000 

  (1.284) (1.289) (1.952) (0.968) (0.869) (0.888) (0.824) (0.391) (0.468) 

OECD 2.330 4.504 5.293 2.343 5.074 4.829 -0.067 -0.052 -0.082 

  (0.177) (0.639) (1.138) (0.151) (0.505) (0.361) (-0.864) (-0.975) (-1.184) 

Constant -34.396 -24.789 -27.242 -25.203 -11.985 -25.412 -0.545 -0.304 -0.454 

  (-0.274) (-0.229) (-0.287) (-0.142) (-0.067) (-0.099) (-1.187) (-0.569) (-1.016) 

AR2(p) 0.9223 0.9429 0.8325 0.9168 0.9515 0.9394 0.037 0.0369 0.0315 

Sargan 0.4703 0.483 0.6198 0.5012 0.5384 0.5792 0.745 0.6763 0.6554 

Notes: System GMM estimation results obtained from 3-years averages. Definitions of alternative productivity 
measures are provided in Table 2. All equations include period dummies. Two-step system GMM estimation results. 
Windmeijer WC-robust t-statistics are in parenthesis. The significance of coefficients are denoted by stars: *: p<.10, 
**: p<.05, ***: p<.01. Sargan provides the p values for the over-identifying test of Sargan with null hypothesis that 
the instruments are valid. AR2(p) shows p values for the Arellano-Bond second order autocorrelation test and it is 
required not to reject the test. 
 

In search of alternative estimation techniques, we conduct several specification tests, which include 

the Breusch and Pagan Lagrangian multiplier test for random effects and Wooldridge test for serial 

correlation in panel-data models. According to the test results, the null hypothesis of random effects 

and is no first-order autocorrelation are rejected. Under these outcomes, we implement fixed effect 

model with AR(1) disturbances. We additionally run the fixed effect regression and test the results 

for heteroscedasticity using the Wald test for groupwise heteroscedasticity, which rejects the null 
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hypothesis of constant variance. Therefore, we additionally adopted feasible generalized least squares 

(FGLS) estimation technique that can deal with heteroscedasticity and serial correlation in panels. 

 

 Table 6: Impacts of Diversification on Productivity – Alternative Estimation Methods (5-Years Averages) 

Est. Method: Difference GMM FE with AR(1) FGLS with AR(1) 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Productivity (t-1) 0.211* 0.218* 0.207*       

  (1.890) (1.819) (1.779)       

Diversification -0.138 -1.502 -2.263 -3.820 5.421 -0.438 0.068 4.730 -0.397 

  (-0.025) (-0.162) (-1.023) (-1.444) (0.636) (-0.271) (0.051) (1.270) (-0.495) 

Investment 13.630+ 13.623+ 13.345+ 8.333+ 7.526*** 7.469*** 1.230 1.274* 1.101 

  (3.486) (3.708) (3.753) (3.459) (3.193) (3.125) (1.425) (1.736) (1.360) 

Schooling -0.270 -0.253 -0.277 -0.317* -0.346* -0.333* -0.322** -0.337** -0.323**

  (-1.519) (-1.389) (-1.565) (-1.770) (-1.920) (-1.853) (-2.268) (-2.362) (-2.274) 

Schooling (t-1) 0.360* 0.356* 0.352* 0.138 0.125 0.138 0.343** 0.336** 0.341** 

  (1.743) (1.726) (1.741) (0.800) (0.717) (0.794) (2.251) (2.200) (2.238) 

Inflation -0.002** -0.002** -0.002** -0.003* -0.003* -0.003* -0.005*** -0.005*** -0.005***

  (-2.399) (-1.999) (-2.180) (-1.868) (-1.907) (-1.873) (-2.925) (-2.967) (-2.919) 

Infrastructure -0.097 -0.093 -0.060 -0.080 -0.052 -0.052 -0.091* -0.084* -0.089* 

  (-0.708) (-0.674) (-0.437) (-1.199) (-0.789) (-0.761) (-1.822) (-1.682) (-1.779) 

Population -17.715 -17.815 -18.372 -11.42*** -9.548*** -9.866*** 0.772 0.915 0.780 

  (-1.161) (-1.122) (-1.196) (-3.181) (-2.719) (-2.842) (0.841) (1.038) (0.876) 

Openness 0.106 0.105 0.108 0.099* 0.085 0.084 0.038 0.042* 0.037 

  (1.345) (1.345) (1.373) (1.731) (1.517) (1.496) (1.626) (1.792) (1.565) 

OECD 13.017* 13.319* 12.953* 0.785 1.195 0.517 1.165 2.397 0.913 

  (1.787) (1.751) (1.719) (0.137) (0.204) (0.090) (0.529) (1.011) (0.403) 

Constant 45.945 47.717 58.933 42.258 30.031 33.403 -39.86*** -41.818+ -38.18***

  (0.150) (0.152) (0.193) (0.891) (0.633) (0.708) (-2.954) (-3.626) (-3.093) 

AR2(p) 0.1151 0.1164 0.1276       

0.1297 0.1266 0.1564       

Notes: System GMM estimation results obtained from 5-years averages. Productivity measure is TFP1. Difference 
GMM is computed by the two step estimator. Fixed effect estimation with an AR(1) disturbance is estimated by 
using two step estimation of correlation. All equations include period dummies. T-statistics are in parenthesis. The 
significance of coefficients are denoted by stars: *: p<.10, **: p<.05, ***: p<.01. AR2(p) shows p values for the 
Arellano-Bond second order autocorrelation test and it is required not to reject the test. 
 

As a result, in order to test the sensitivity of the results to the estimation methodology, we 

alternatively use difference GMM, fixed effect estimation with an AR(1) disturbance and feasible 

generalized least square method in the presence of AR(1) autocorrelation within panels. Once again, 

using alternative estimation methods does not alter the initial findings: diversification has no 

statistically significant impact on productivity growth (Table 6). 
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1.7 EXTENSIONS  

Aggregation of sectors and countries with different income levels apparently provide no significant 

relationship between diversification and aggregate productivity growth. We explored the impacts for 

both agricultural and manufacturing industries together, without paying attention to diversities that 

these two sectors can contribute to aggregate productivity. It may be more instructive to examine the 

impacts of sectoral diversification separately. We also did not distinguish between income levels of 

countries and ignore the capacity to increase productivity under better economic circumstances. In 

this section, we investigate the linkage for different sectors and income levels. 

In what follows, we first categorize all industries into two groups: manufacturing and agricultural 

industries. Then we further disaggregate the data to provide the best possible evidence on the 

relationship between export structure and productivity growth. The details of classification are 

provided in Table 7. 

Table 7: Sectoral Disaggregation 

Industry Groups Sectoral Disaggregation SITC Codes

Agricultural and 
Mining 
Industries 

1. Food and Live Animals Chiefly for Food + Animal and Vegetable 
Oils, Fats and Waxes 

00-09, 40-49

2. Beverages And Tobacco 10-19 
3. Crude Materials, Inedible + Mineral Fuels, Lubricants and Related 
Materials 

20-39 

Manufacturing 
Industries 

4. Chemicals and Related Products 50-59 

5. Manufactured Goods Classified Chiefly by Material 60-69 

6. Machinery and Transport Equipment 70-79 
7. Miscellaneous Manufactured Articles (incl. scientific and optical 
goods, furniture etc.) 80-89 

 

Finally, in grouping the countries according to their income levels, we use the classification method 

of the World Bank. According to this method, countries with per capital income below $975 are 

considered as low income countries, with per capita income between $976 and $3,855 are lower-

middle income countries, with per capita income between $3,856 and $11,905 are upper-middle 

income countries and finally with per capita income more than $11,906 are considered high income 

countries. 

1.7.1 Sectoral Investigation 

By pooling agricultural and manufacturing industries, we failed to detect any significant relationship 

between diversification and productivity growth. However, the rate of productivity growth can be 

different in each sector and that may cancel out the aggregate impact, which can be an explanation 

for zero effect. In line with this proposition, Martin and Mitra (2001) find different the rate of 
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productivity growth in agricultural and manufacturing industries. In reporting the findings in this 

section, we ignore the control variables due to space limitations. 

Table 8 reports the findings for agricultural and mining industries. The silence of export structure 

persists for agricultural and mining industries. In these industries, export specialization and 

diversification have typically no impact on productivity growth. Only significant outcome is obtained 

from fixed effect estimation for the WDI and Herfindahl specialization index by using 3-years 

averages, according to which higher specialization spurs productivity growth in agricultural and 

mining industries, but higher within-diversification reduces productivity benefits. 

 

 Table 8: Impacts of Diversification on Productivity – Agricultural Industries (5-Years Averages) 

Productivity: TFP1 TFP2 TFP3 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification 1.299 2.763 -1.715 1.349 2.364 -2.264 1.382 2.038 -2.105 

(0.522) (0.586) (-0.777) (0.433) (0.403) (-0.963) (0.429) (0.346) (-0.887) 

AR2(p) 0.193 0.1693 0.2104 0.4022 0.3848 0.4186 0.389 0.3738 0.4137 

Est. Method: Difference GMM FE with AR(1) FGLS with AR(1) 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification 1.940 1.327 -2.453 -1.619 -2.450 -0.445 -0.002 -0.353 0.302 

(0.773) (0.287) (-1.097) (-0.575) (-0.420) (-0.220) (-0.002) (-0.105) (0.343) 

Impacts of Diversification on Productivity – Agricultural Industries (3-Years Averages) 

Productivity: TFP1 TFP2 TFP3 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification 0.405 6.873 1.756 2.799 3.734 0.494 2.476 3.977 0.699 

  (0.100) (1.031) (0.793) (0.728) (0.425) (0.176) (0.663) (0.427) (0.309) 

AR2(p) 0.8069 0.8344 0.8114 0.9167 0.9206 0.944 0.9001 0.9244 0.9415 

Est. Method: Difference GMM FE with AR(1) FGLS with AR(1) 

Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification -0.128 5.140 2.748 -2.672* -0.994 2.176* -1.029 0.423 0.760 

(-0.045) (1.100) (1.523) (-1.776) (-0.341) (1.914) (-1.545) (0.225) (1.486) 
Notes: System GMM estimation results obtained from 3 and 5-years averages. Definitions of alternative productivity 
measures are provided in Table 2. All equations include period dummies. Two-step system GMM estimation results. 
Windmeijer WC-robust t-statistics are in parenthesis. The significance of coefficients are denoted by stars: *: p<.10, 
**: p<.05, ***: p<.01. AR2(p) shows p values for the Arellano-Bond second order autocorrelation test and it is 
required not to reject the test. 
 

Regarding the manufacturing industries, we obtain relatively promising results (Table 9). While no 

particular significant impacts of TDI and Herfindahl indexes are found, impacts of WDI is found to 

be pretty significant. On average, within diversification is found to be negatively associated with 

productivity growth and this is confirmed by all estimators under different productivity measures. 

One per cent reduction in within-diversification in manufacturing industries boost the productivity 



33 
 

growth by about five per cent. These findings are largely verified by the data averaged over 3-years. 

The negative relationship between within-diversification and productivity growth apparently requires 

further investigation to understand why within diversification in fact reduces the productivity 

growth. Higher within-diversification seems to be not a source of successful discoveries and lower 

income countries may be involved in causing such an outcome. In what follows, we study the impact 

at sectoral level and for different income groups to get a better grasp of this impact. 

 

 Table 9: Impacts of Diversification on Productivity – Manufacturing Industries (5-Years Averages) 

Productivity: TFP1 TFP2 TFP3 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification -4.808** -1.082 -2.829 -4.724** 0.838 -3.054 -5.186** 3.202 -3.067 

(-2.200) (-0.106) (-1.449) (-2.072) (0.075) (-1.531) (-2.229) (0.301) (-1.406) 

AR2(p) 0.2045 0.192 0.2222 0.4036 0.4135 0.496 0.3962 0.3986 0.4749 

Est. Method: Difference GMM FE with AR(1) FGLS with AR(1) 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification -6.55*** -1.157 -3.005 -3.001** 8.863 -1.624 -1.691* 4.649* -0.613 

(-2.667) (-0.103) (-1.642) (-2.076) (1.244) (-1.162) (-1.926) (1.702) (-0.852) 

Impacts of Diversification on Productivity – Manufacturing Industries (3-Years Averages) 

Productivity: TFP1 TFP2 TFP3 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification -1.771 -3.569 0.831 -2.047** -1.333 0.667 -2.036** -1.583 0.777 

  (-1.208) (-1.096) (0.514) (-1.971) (-0.261) (0.333) (-2.051) (-0.347) (0.388) 

AR2(p) 0.9123 0.7811 0.817 0.9469 0.9669 0.9319 0.9554 0.9568 0.9304 

Est. Method: Difference GMM FE with AR(1) FGLS with AR(1) 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Diversification -1.162 -3.473 1.393 -1.232** 0.038 1.177 -0.801** -0.082 0.545 

(-1.475) (-1.389) (1.040) (-2.095) (0.021) (1.295) (-2.103) (-0.095) (1.197) 
Notes: System GMM estimation results obtained from 3 and 5-years averages. All equations include period dummies. 
Two-step system GMM estimation results. Windmeijer WC-robust t-statistics are in parenthesis. The significance of 
coefficients are denoted by stars: *: p<.10, **: p<.05, ***: p<.01. AR2(p) shows the p values for the Arellano-Bond 
second order autocorrelation test and it is required not to reject the test. 
 

Finally, Table 10 reports the findings for seven different sectoral classifications. Even in that case, 

system GMM estimation technique provides no significant results, except for sector 7. In sector 7, 

within-diversification appears to be negatively correlated with productivity growth. One per cent 

increase in WDI reduces the productivity growth more than 3%. It appears that the negative impact 

of within diversification on productivity growth in manufacturing industries comes to a large extent 

from sector 7. Under total factor productivity measure TFP3, SGMM estimation indicates that lower 

specialization in sector 7 might boost productivity growth. Fixed effect estimation yields additional 
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significant outcomes and it indicates that overall specialization improves productivity in sector 4. It 

additionally provides negative impact of within-diversification in sector 5.   

 

 Table 10: Impacts of Diversification on Productivity – Sectoral Disaggregation (5-Years Averages) 

Productivity - Est.: TFP1 - SGMM TFP3 - SGMM TFP1 - FEAR 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Sector 1 Food and Live Animals Chiefly for Food + Animal and Vegetable Oils, Fats and Waxes 

Diversification -1.189 -2.861 0.094 -0.416 1.161 -1.049 0.966 -2.506 -3.244 

  (-0.490) (-0.287) (0.038) (-0.139) (0.116) (-0.440) (0.524) (-0.307) (-1.401) 

Sector 2 Beverages And Tobacco 

Diversification -0.561 -1.354 2.630 -0.103 -1.404 2.683 -0.737 0.203 2.989 

(-0.697) (-0.301) (0.895) (-0.127) (-0.281) (0.847) (-1.034) (0.063) (1.551) 

Sector 3 Crude Materials, Inedible + Mineral Fuels, Lubricants and Related Materials 

Diversification -0.964 4.464 3.028 -1.143 4.050 2.957 -0.448 -0.247 2.070 

  (-0.581) (1.389) (1.569) (-0.649) (1.027) (1.612) (-0.279) (-0.071) (1.221) 

Sector 4 Chemicals and Related Products 

Diversification -1.295 5.004 0.359 -1.426 10.044 1.174 -1.827 5.622 3.067** 

(-0.576) (0.539) (0.174) (-0.673) (1.102) (0.496) (-1.650) (1.183) (1.999) 

Sector 5 Manufactured Goods Classified Chiefly by Material 

Diversification -2.092 -5.156 1.740 -1.564 1.799 1.844 -1.945 2.557 1.272 

  (-0.848) (-0.578) (0.879) (-0.509) (0.181) (0.799) (-1.371) (0.349) (0.796) 

Sector 6 Machinery and Transport Equipment 

Diversification -1.690 2.465 0.109 -1.062 3.112 -1.027 -1.368 5.653 0.258 

(-1.327) (0.384) (0.072) (-0.749) (0.465) (-0.758) (-1.379) (1.273) (0.225) 

Sector 7 Miscellaneous Manufactured Articles (incl. scientific and optical goods, furniture etc.) 

Diversification -3.108** 2.756 -3.361 -3.032* 2.527 -4.738** -1.985** 10.883** 0.172 

  (-1.998) (0.470) (-1.597) (-1.827) (0.416) (-2.144) (-2.136) (2.239) (0.118) 
Notes: System GMM (SGMM) and Fixed effect with AR(1) (FEAR) estimation results obtained from 5-years 
averages. All equations include period dummies. T-statistics are in parenthesis. The significance of coefficients are 
denoted by stars: *: p<.10, **: p<.05, ***: p<.01. The Arellano-Bond second order autocorrelation tests are not 
rejected in system GMM estimations, so not reported. 
 

1.7.2 Stages of Development 

Though on average diversification has no impact on productivity growth, the impact for groups of 

countries at different stages of development may be well different. In this section, we first reexamine 

the relationship with aggregated data, then for different industrial categories. We found in the 

previous section that in manufacturing industries, higher within-diversification may reduce overall 

productivity growth and that is likely to be the case especially for sector 7.  

In investigating the relationship between diversification and productivity for countries at different 

income levels, we first provide the findings for all industries, then for broadly categorized agricultural 
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and manufacturing industries and finally for seven different sectoral classifications. Due to space 

restriction, estimations obtained only from 5-years averages are presented. Table 11 presents the 

findings for all industries with data over 5-years averages.  

 

 Table 11: Impacts of Diversification on Productivity for Different Income Levels – All Industries  

Productivity: TFP1 TFP2 TFP3 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF

Low Income 1.109 0.801 -0.469 0.522 2.665 -1.095 0.667 3.305 -1.308 

  (0.394) (0.111) (-0.187) (0.210) (0.409) (-0.439) (0.251) (0.473) (-0.516) 

Lower Middle I. -3.646 -8.237 -1.775 -4.448 -6.084 -2.076 -3.839 -5.667 -2.062 

  (-0.907) (-0.730) (-0.802) (-1.317) (-0.601) (-0.944) (-1.076) (-0.541) (-0.892) 

Upper Middle I. 2.723 2.046 -0.726 -0.399 4.297 -1.390 0.431 4.214 -1.372 

(0.314) (0.227) (-0.455) (-0.052) (0.369) (-0.660) (0.054) (0.353) (-0.639) 

High Income -0.441 -3.485 -1.458 -5.271 -3.166 -2.559 -4.177 -3.015 -2.413 

(-0.069) (-0.592) (-1.133) (-0.802) (-0.413) (-1.488) (-0.623) (-0.389) (-1.438) 

AR2(p) 0.2123 0.2219 0.2757 0.4928 0.4317 0.4997 0.496 0.4344 0.506 

Productivity: Difference GMM FE with AR(1) FGLS with AR(1) 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF

Low Income 1.700 3.243 -0.776 -1.833 -0.400 0.168 0.719 -3.125 -1.254 

  (0.731) (0.508) (-0.331) (-0.950) (-0.060) (0.092) (0.598) (-0.613) (-1.401) 

Lower Middle I. -3.944 -3.427 -1.911 -6.348** 6.004 0.106 -0.280 5.085 -0.202 

  (-0.937) (-0.271) (-0.947) (-2.208) (0.773) (0.068) (-0.196) (1.042) (-0.248) 

Upper Middle I. 1.208 5.329 -1.139 -5.159 5.670 0.021 -0.623 6.980* 0.100 

(0.142) (0.615) (-0.655) (-1.430) (0.756) (0.014) (-0.323) (1.723) (0.129) 

High Income -2.027 -1.833 -1.882 -6.475 2.757 -0.392 -4.050 6.504* 0.209 

(-0.302) (-0.294) (-1.236) (-1.132) (0.376) (-0.249) (-1.051) (1.784) (0.240) 

AR2(p) 0.1593 0.1599 0.2131 
 

Notes: Table presents the estimation results obtained from 5-years averages for all industries. Definitions of 
alternative productivity measures are provided in Table 2. All equations include period dummies. T-statistics are in 
parenthesis. The significance of coefficients are denoted by stars: *: p<.10, **: p<.05, ***: p<.01. AR2(p) shows the p 
values for the Arellano-Bond second order autocorrelation test and it is required not to reject the test. 
 

Findings from system GMM estimation for all industries reveal no significant impact for any income 

group and that is true for alternative definitions of productivity (there are significant results under 

alternative estimation methods, but we ignore them as they are not verifies by at least another 

estimator). Irrespective of the degree of the development, aggregated data indicates that countries do 

not benefit in terms of productivity returns from overall diversification or specialization. Each sector 

naturally enjoys its own dynamics in generating productivity impact. This emphasizes the fact that 

different industries should be considered separately so that to understand the dynamics within each 

industry. Therefore, we now investigate the linkages for different industries and industry groups. 
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1.7.2.1 Agricultural Industries 

By broadly categorizing the industries under agricultural and manufacturing industries, we seek to 

identify the productivity impacts of export structure for countries with different income groups. Yet 

again, in agricultural and mining industries countries at different development stages seem to gain no 

productivity benefits from sophisticated or simplified trade structure (Table 12). None of the 

estimation techniques provide statistically significant results on the impact of export diversification 

on productivity growth. This result tempts us to argue that in agricultural industries, there is no 

productivity effect of export diversification but we will study the impact under further categorization 

of industries before making any conclusion. 

 

 Table 12: Impacts of Diversification on Productivity for Different Income Levels – Agricultural Industries 

Productivity: TFP1 TFP2 TFP3 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF

Low Income 1.027 1.694 -0.168 1.088 3.385 -1.628 1.180 3.612 -1.399 

  (0.561) (0.310) (-0.057) (0.605) (0.704) (-0.579) (0.603) (0.704) (-0.496) 

Lower Middle I. -1.036 -3.149 -1.647 -1.837 -2.821 -2.200 -1.258 -1.876 -1.718 

  (-0.419) (-0.444) (-0.763) (-0.774) (-0.407) (-0.918) (-0.511) (-0.261) (-0.703) 

Upper Middle I. 6.606 9.453 -0.625 5.877 9.012 -1.162 6.009 9.680 -1.010 

(1.428) (0.883) (-0.369) (1.183) (0.635) (-0.518) (1.176) (0.671) (-0.457) 

High Income 1.070 -2.227 -1.545 -0.234 -3.535 -2.508 0.060 -3.149 -2.273 

(0.357) (-0.531) (-1.059) (-0.073) (-0.550) (-1.259) (0.017) (-0.517) (-1.193) 

AR2(p) 0.1988 0.1914 0.2978 0.4051 0.3952 0.4967 0.404 0.3893 0.5127 

Productivity: Difference GMM FE with AR(1) FGLS with AR(1) 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF

Low Income 1.633 3.276 -1.579 -0.668 -2.608 0.041 0.154 -3.073 -0.607 

  (1.039) (0.678) (-0.536) (-0.351) (-0.467) (0.018) (0.148) (-0.814) (-0.558) 

Lower Middle I. -0.358 -0.107 -2.484 -3.332 -3.272 0.170 0.275 1.158 0.362 

  (-0.138) (-0.014) (-1.114) (-1.234) (-0.484) (0.082) (0.234) (0.296) (0.367) 

Upper Middle I. 6.710 10.162 -1.282 -1.429 0.470 0.304 1.090 4.575 0.574 

(1.429) (0.984) (-0.690) (-0.427) (0.060) (0.160) (0.607) (1.099) (0.620) 

High Income 1.131 -2.836 -2.216 -2.972 -2.967 -0.097 -0.042 3.079 0.843 

(0.419) (-0.590) (-1.294) (-0.760) (-0.370) (-0.053) (-0.015) (0.684) (0.794) 

AR2(p) 0.1443 0.1378 0.2236 

Notes: Table presents the estimation results obtained from 5-years averages for agricultural industries. All equations 
include period dummies. T-statistics are in parenthesis. The significance of coefficients are denoted by stars: *: p<.10, 
**: p<.05, ***: p<.01. AR2(p) shows p values for the Arellano-Bond second order autocorrelation test. 

As provided in Table 7, we defined three sectors under agricultural and mining industries. The 

estimation results for each of these sectors reveal finally significant outcomes (Table 13). System 

GMM estimation for two different TFP measures yields that lower-middle income countries suffer 

from higher within-diversification in sector 2 (beverages and tobacco). While 1% increase in WDI 
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index reduces the productivity growth in lower-middle income countries by about 2%, high income 

countries suffer productivity losses up to 3,3% with higher within-diversification. Fixed effect 

estimation additionally provides significant productivity gains for upper-middle income countries if 

they raise the level of specialization in sector 2. Regarding the sector 3, the impacts are all about 

lower-income countries. They tend to suffer from higher within diversification and benefit from 

higher specialization with around 3% increase in productivity in that sector. 

 

 Table 13: Impacts of Diversification on Productivity for Different Income Levels – Sectoral Disaggregation of 
Agricultural Industries 
Productivity: TFP1 - SGMM TFP3 - SGMM TFP1 - FEAR 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 

Sector 1 Food and Live Animals Chiefly for Food + Animal and Vegetable Oils, Fats and Waxes 

Low Income 0.813 0.564 -0.614 0.990 2.426 -0.894 0.489 -2.865 -2.122 

  (0.722) (0.098) (-0.333) (0.793) (0.438) (-0.450) (0.371) (-0.492) (-0.921) 

Lower Middle I. -3.294 -8.675 0.583 -3.067 -6.492 -0.026 -3.396 -3.835 -1.316 

  (-1.482) (-0.792) (0.228) (-1.318) (-0.612) (-0.010) (-1.580) (-0.499) (-0.579) 

Upper Middle I. 2.768 2.042 0.959 3.401 5.585 0.175 -1.861 0.931 -1.020 

(0.556) (0.141) (0.373) (0.575) (0.361) (0.062) (-0.617) (0.108) (-0.453) 

High Income -3.812 -0.150 -0.897 -1.252 0.061 -1.834 -2.664 0.725 -1.442 

(-0.742) (-0.019) (-0.464) (-0.204) (0.007) (-0.835) (-0.736) (0.088) (-0.634) 

Sector 2 Beverages and Tobacco 

Low Income -0.486 1.336 2.583 -0.446 2.187 3.454 -0.247 3.640 4.006 

  (-1.232) (0.362) (1.097) (-1.150) (0.495) (1.262) (-0.551) (1.102) (1.399) 

Lower Middle I. -1.871* -7.546 1.405 -1.807* -5.711 0.955 -1.116 -1.323 3.851 

  (-1.916) (-1.045) (0.377) (-1.727) (-0.824) (0.236) (-1.574) (-0.339) (1.586) 

Upper Middle I. -0.089 6.555 7.955 -0.907 6.946 9.140 0.047 -0.028 6.164* 

(-0.066) (0.514) (1.616) (-0.598) (0.516) (1.297) (0.043) (-0.006) (1.900) 

High Income -1.277 4.293 1.311 -3.259* 5.877 1.354 0.045 -0.268 -0.365 

(-0.913) (0.591) (0.386) (-1.871) (0.780) (0.378) (0.029) (-0.049) (-0.109) 

Sector 3 Crude Materials, Inedible + Mineral Fuels, Lubricants and Related Materials 

Low Income 0.820 2.999 2.232 0.928 4.446 1.750 0.406 -0.170 1.018 

  (0.543) (0.724) (0.754) (0.672) (1.123) (0.720) (0.286) (-0.040) (0.437) 

Lower Middle I. -3.549* 2.493 3.554* -2.525 3.043 3.223* -1.865 1.058 2.936 

  (-1.752) (0.464) (1.760) (-1.442) (0.528) (1.697) (-1.040) (0.218) (1.536) 

Upper Middle I. 0.656 8.145 2.861 1.308 10.142 2.775 -1.738 0.829 2.045 

(0.209) (1.241) (1.287) (0.278) (0.967) (1.326) (-0.755) (0.160) (1.055) 

High Income -1.286 -3.993 0.711 -1.779 -4.656 0.329 -3.547 -5.308 1.033 

(-0.549) (-1.374) (0.430) (-0.507) (-1.137) (0.194) (-1.333) (-0.833) (0.523) 

Notes: System GMM (SGMM) and Fixed effect with AR(1) (FEAR) estimation results obtained from 5-years 
averages. All equations include period dummies. T-statistics are in parenthesis. The significance of coefficients are 
denoted by stars: *: p<.10, **: p<.05, ***: p<.01. The Arellano-Bond second order autocorrelation tests  
 

1.7.2.2 Manufacturing Industries 

Manufacturing industries naturally preserve a better prospective in affecting the productivity growth. 

Much of the learning-by-doing, learning-by-exporting, or technological spillovers take place in 
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manufacturing industries, as they hold much capability to improve productivity through successful 

discoveries. The findings do not directly confirm this proposition (Table 14). Much of the impact 

takes place yet again with respect to the within-diversification of exports. The main result is that the 

low and lower-middle income countries suffer productivity impairments if they seek to within-

diversify their exports. 1% increase in the WDI index is associated with about 2.8% productivity 

losses in overall manufacturing industries of low income countries and more than 5% in that of 

lower-middle income countries. While not confirmed by other estimators, FGLS approach indicates 

that upper-middle income and high income countries may obtain productivity gains if they export 

more specialized goods. At the next step, we attempt to identify the sectors that may contribute to 

productivity changes in total manufacturing industries and investigate the same impact for four 

different sectoral classifications of manufacturing industries. 

 

 Table 14: Impacts of Diversification on Productivity for Different Income Levels – Manufacturing Industries 

Productivity: TFP1 TFP2 TFP3 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF

Low Income -2.878** 2.022 -0.881 -2.771** 2.387 -0.862 -2.858** 3.096 -1.031 

  (-2.013) (0.304) (-0.619) (-1.983) (0.385) (-0.576) (-1.993) (0.477) (-0.649) 

Lower Middle I. -5.976*** -8.959 -2.637 -5.353** -9.139 -2.797 -5.093** -9.450 -2.791 

  (-2.996) (-0.757) (-1.328) (-2.526) (-0.827) (-1.433) (-2.300) (-0.829) (-1.346) 

Upper Middle I. -1.075 1.272 -1.827 -1.930 1.224 -2.249 -1.525 1.356 -2.166 

(-0.190) (0.127) (-0.955) (-0.347) (0.107) (-0.998) (-0.265) (0.114) (-0.942) 

High Income -1.993 -2.877 -2.286 -5.337 -4.982 -2.911 -4.517 -4.627 -2.640 

(-0.485) (-0.373) (-1.349) (-1.090) (-0.596) (-1.430) (-0.920) (-0.540) (-1.310) 

AR2(p) 0.2633 0.2222 0.2776 0.4914 0.4566 0.5468 0.521 0.4597 0.5335 

Productivity: Difference GMM FE with AR(1) FGLS with AR(1) 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF

Low Income -3.462* 3.335 -0.706 -1.987 2.452 -0.232 -0.888 -1.569 -1.251 

  (-1.822) (0.563) (-0.515) (-1.501) (0.407) (-0.158) (-1.007) (-0.373) (-1.485) 

Lower Middle I. -6.526*** -6.831 -2.981 -4.751*** 5.671 -1.160 -1.988** 4.863 -0.371 

  (-2.983) (-0.550) (-1.595) (-2.859) (0.872) (-0.871) (-2.017) (1.249) (-0.529) 

Upper Middle I. -2.459 2.787 -2.603 -3.752 5.721 -1.405 -1.813 6.192* -0.041 

(-0.417) (0.294) (-1.306) (-1.336) (0.918) (-0.979) (-1.219) (1.931) (-0.052) 

High Income -3.622 -2.031 -3.149 -4.357 3.899 -1.689 -4.711 5.888** 0.035 

(-0.773) (-0.270) (-1.573) (-0.997) (0.625) (-1.048) (-1.576) (2.090) (0.039) 

AR2(p) 0.2276 0.1669 0.236 

Notes: Table presents the estimation results obtained from 5-years averages for manufacturing industries. Definitions 
of alternative productivity measures are provided in Table 2. All equations include period dummies. T-statistics are in 
parenthesis. The significance of coefficients are denoted by stars: *: p<.10, **: p<.05, ***: p<.01. AR2(p) shows p 
values for the Arellano-Bond second order autocorrelation test and it is required not to reject the test. 
 

 Table 15: Impacts of Diversification on Productivity for Different Income Levels – Sectoral Disaggregation of 
Manufacturing Industries 
Productivity: TFP1 - SGMM TFP3 - SGMM TFP1 - FEAR 

 Diversification: WDI TDI HRF WDI TDI HRF WDI TDI HRF 
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Sector 4 Chemicals and Related Products 
Low Income -0.522 4.310 1.742 -0.696 6.378 2.632 -1.258 2.741 3.628** 

  (-0.453) (0.629) (0.777) (-0.636) (1.066) (1.199) (-1.428) (0.618) (1.972) 

Lower Middle I. -4.506** -4.277 0.053 -4.650*** -1.872 0.802 -2.431* 3.358 2.747* 

  (-2.404) (-0.527) (0.023) (-2.699) (-0.243) (0.332) (-1.870) (0.724) (1.656) 

Upper Middle I. 3.769 0.461 0.938 3.956 1.934 1.519 0.902 1.874 2.033 

(0.911) (0.054) (0.524) (0.794) (0.198) (0.569) (0.348) (0.391) (1.152) 

High Income 0.721 -1.800 -0.431 -1.090 -1.341 0.008 -2.165 1.675 0.453 

(0.207) (-0.318) (-0.352) (-0.267) (-0.209) (0.005) (-0.600) (0.380) (0.251) 

Sector 5 Manufactured Goods Classified Chiefly by Material 
Low Income -0.597 -0.589 2.533 -0.111 1.444 1.798 -0.480 -1.625 1.428 

  (-0.375) (-0.111) (1.445) (-0.075) (0.270) (0.919) (-0.401) (-0.287) (0.766) 

Lower Middle I. -3.515** -8.835 0.981 -2.970* -6.285 0.891 -3.979*** 5.672 1.281 

  (-2.272) (-0.897) (0.498) (-1.658) (-0.595) (0.398) (-2.902) (0.903) (0.856) 

Upper Middle I. 1.083 -1.071 1.768 1.407 1.752 1.929 -2.309 5.352 1.168 

(0.411) (-0.112) (1.044) (0.506) (0.129) (0.758) (-0.907) (0.824) (0.721) 

High Income -1.461 -5.257 0.198 -2.807 -4.075 0.144 -3.289 2.873 0.337 

(-0.754) (-0.692) (0.157) (-0.904) (-0.392) (0.077) (-0.917) (0.483) (0.205) 

Sector 6 Machinery and Transport Equipment 
Low Income -1.272** 6.543 1.166 -0.896 3.246 0.018 -1.376 5.703 0.877 

  (-2.122) (0.977) (0.680) (-1.370) (0.583) (0.014) (-1.385) (1.209) (0.687) 

Lower Middle I. -2.916 -7.937 -0.600 -1.608 -8.712 -1.426 -1.254 1.197 -0.325 

  (-1.467) (-1.048) (-0.346) (-0.704) (-1.257) (-0.819) (-0.963) (0.233) (-0.236) 

Upper Middle I. 2.875 2.844 0.395 4.827 1.159 -0.394 0.935 3.719 -0.145 

(0.603) (0.377) (0.176) (0.916) (0.127) (-0.171) (0.391) (0.764) (-0.096) 

High Income -0.653 -2.154 -1.574 -3.154 -3.453 -1.796 -1.468 1.286 -1.322 

(-0.166) (-0.354) (-0.719) (-0.666) (-0.491) (-0.900) (-0.325) (0.245) (-0.718) 

Sector 7 Miscellaneous Manufactured Articles (incl. scientific and optical goods, furniture etc.) 
Low Income -3.363** 2.055 -2.842 -2.540* 2.967 -3.174 -3.296*** 4.411 -0.162 

  (-2.356) (0.473) (-1.640) (-1.769) (0.695) (-1.397) (-2.699) (0.994) (-0.098) 

Lower Middle I. -2.760 -6.684 -5.175*** -2.819 -7.155 -5.721*** -0.987 4.655 -0.385 

  (-1.405) (-0.937) (-2.729) (-1.455) (-1.037) (-2.898) (-0.925) (0.955) (-0.234) 

Upper Middle I. -1.225 5.459 -2.176 -4.698 4.593 -3.193 -0.527 9.252* 0.985 

(-0.499) (0.634) (-0.948) (-1.220) (0.479) (-1.108) (-0.236) (1.796) (0.572) 

High Income -3.906 2.095 -1.941 -7.952 -1.257 -3.094 -5.203 7.601 0.881 

(-1.175) (0.307) (-0.972) (-1.473) (-0.181) (-1.133) (-1.258) (1.419) (0.474) 

Notes: System GMM (SGMM) and Fixed effect with AR(1) (FEAR) estimation results obtained from 5-years 
averages. All equations include period dummies. T-statistics are in parenthesis. The significance of coefficients are 
denoted by stars: *: p<.10, **: p<.05, ***: p<.01. The Arellano-Bond second order autocorrelation tests. 
 

Table 15 provides the findings for four sectoral classifications under manufacturing industries. The 

findings in general confirm the previous findings in Table 14 and explain which sectors account for 

lower productivity growth with higher within-diversification. Regarding the sectors 4 and 5, we find 
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one major significant result. Compared to other countries, lower-middle income countries tend to 

suffer from within diversification by about 4.5% in sector 4 and around 3.5% in sector 5. Fixed 

effect estimation additionally provides evidence that lower income countries can benefit from higher 

specialization in sector 4.  

In sectors 6 and 7, the main impacts concentrate again on lower income (low income and lower-

middle income) countries. Low income countries experience productivity losses with higher within-

diversification in sector 6 and 7, while the impact is stronger in sector 7. Lower-middle income 

countries, on the other hand, benefit from lower specialization in sector 7. 1% reduction in 

specialization is associated with more than 5% increase in productivity growth. As estimated by 

FGLS with aggregated manufacturing data (Table 14), fixed effect estimation using sectoral data 

reveals that upper-middle income countries benefit from higher specialization in sector 7. 

1.8 CONCLUDING REMARKS  

The relationship between trade and growth is extensively analyzed in the literature and it is usually 

found to be positive. The role of productivity as a channel through which trade may affect a 

country’s economic performance is by and large acknowledged as well. In this context, a pertinent 

question is whether the trade structure matters for productivity. This paper analyzes the relationship 

between these two economic dynamics, productivity and export structure by arguing that a 

diversified export structure may potentially improve productivity in the presence of sufficient 

absorptive capacity. Moreover, recent studies emphasize the importance of within diversification in 

international trade. There exists, however, no adequate measure of within diversification in empirical 

studies. In this paper, we additionally introduce an index of diversification, called within-

diversification index (WDI), in order to take into account the diversification within industries. 

Standard diversification indexes measure only the diversification among the industries and are not 

able to consider the diversification within industries (or products). The differences of WDI from 

alternative diversification indexes are highlighted in comparison with several figures.  

More specifically, we speculated that export diversification and specialization may alternatively 

improve productivity in various ways under certain circumstances and aimed to distinguish the role 

of diversification from that of specialization with respect to their impact on productivity growth. In 

this perspective, we intended to identify whether export diversification provides a basis for potential 

discovery of productive capacities or further specialization on already active industries is the better 

option in promoting total factor productivity. By using four alternative measures of productivity and 

three measures of diversification, we estimated the impact of export diversification (and 

specialization) on productivity growth. We first estimated the impact without taking into account the 
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degree of development and heterogeneity of industries. Then in separate exercises, we estimated for 

countries with different income levels and for different industrial classifications. Finally we combined 

the both aspects of heterogeneity and provided conclusive evidence on the productivity impact of 

export structure.  

In the first step of estimation, we found no significant relationship between export structure and 

productivity growth. These results are robust to alternative measures of productivity, diversification, 

aggregation of the data, and estimation methods. We then examined the association for different 

sectors and country groups. Main findings from sectoral disaggregation indicate that agricultural 

industries in general produce no significant effect. Regarding the manufacturing industries, it is 

found that within-diversification is negatively linked to productivity growth, but further investigation 

reveals that this impact is in fact driven by low-income and lower-middle income countries.  

The second extension is done to account for countries with different income levels. System GMM 

estimation using aggregated data still provides no significant evidence on the impact of export 

sophistication on productivity growth. However, alternative estimators hint at potential positive 

impact of higher specialization for higher income (upper-middle income and high income) countries. 

At the final stage, we combined the two dimensions of the extensions and investigated the impact 

for different income groups under different sectoral classifications. With broad categorization of 

sectors under agricultural and manufacturing industries, we obtained significant results only for 

manufacturing industries. The main result is that the lower income countries suffer productivity 

impairments if they seek to within-diversify their exports in manufacturing industries. 1% increase in 

the WDI index is associated with about 2.8% productivity losses in overall manufacturing industries 

of low income countries and more than 5% in that of lower-middle income countries. 

Further disaggregation of the data provides significant results for both agricultural and 

manufacturing industries. System GMM estimation for two different TFP measures yields that lower-

middle income countries suffer from higher within-diversification in sector 2 (beverages and 

tobacco). While 1% increase in WDI index reduces the productivity growth in lower-middle income 

countries by about 2%, high income countries suffer productivity losses up to 3,3% with higher 

within-diversification. Fixed effect estimation additionally provides significant productivity gains for 

upper-middle income countries if they raise the level of specialization in sector 2. Regarding the 

sector 3, the impacts are all about lower-income countries. They tend to suffer from higher within 

diversification and benefit from higher specialization with around 3% increase in productivity in that 

sector. Lower-middle income countries tend to suffer from within diversification by about 4.5% in 

sector 4 and around 3.5% in sector 5. Low income countries experience productivity losses with 

higher within-diversification in sector 6 and 7, while the impact is stronger in sector 7. Lower-middle 
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income countries, on the other hand, benefit from lower specialization in sector 7. 1% reduction in 

specialization is associated with more than 5% increase in productivity growth. Finally, as estimated 

by FGLS with aggregated manufacturing data, fixed effect estimation using sectoral data reveals that 

upper-middle income countries benefit from higher specialization in sector 7. 

Table 16: Summary of the Findings 

 Low income 
countries 

Lower-middle 
income countries 

Upper-middle 
income countries 

High income 
countries 

 WDI TDI HRF WDI TDI HRF WDI TDI HRF WDI TDI HRF

Sector 2 . . . N . . . . P! N . . 

Sector 3 . . . N . P . . . . . . 

Sector 4 . . P! N . P! . . . . . . 

Sector 5 . . . N . . . . . . . . 

Sector 6 N . . . . . . N! . . . . 

Sector 7 N . . . . P . . . . . . 
Notes: N and P respectively indicate negative and positive impacts of within-diversification (WDI), overall 
trade diversification (TDI) and overall specialization (HRF) on productivity growth. Dot (.) indicates the 
insignificant outcome. Exclamation sign (!) indicates that the result is obtained from alternative estimation 
techniques and not verified by system GMM estimation. Sector 1 is dropped due to insignificant results. 

 

The summary of the main findings is given in Table 16. In general, it is fair to say that the 

productivity impact of export structure is only limited. Evidently much of the productivity impacts 

are associated with within-diversification, while overall specialization and diversification plays barely 

limited role in boosting productivity growth. Furthermore, much of the impact takes place in lower 

income countries. This is equivalent to say that within-specialization is an important factor in 

productivity improvements in lower income countries. Within-diversification is found to play no 

major role in productivity growth in higher income countries. Specialization, on the other hand, is 

found to be important for lower-middle income countries in certain industries. This finding is also in 

line with the findings of Weinhold and Rauch (1999), where authors identified a positive relationship 

between specialization and productivity for less developed countries. But we do not find any 

supportive evidence for the findings of Imbs and Wacziarg (2003), where authors find a U-shaped 

relationship between specialization and per capita income.30 Finally, it appears that the positive 

impact of diversification on economic growth found in the literature is not due to its impact on 

productivity and we need to search for alternative channels. Apparently, export diversification is not 

                                                 
30 Since the approach used in Imbs and Wacziarg (2003) depends on equal diversification across sectors, they do 
not take into account the relative world demands. However, it is hard to argue that the equal distribution of sectors 
in export rather than distribution according to relative world export shares is optimal for productivity.  
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a suitable way of successful discoveries. And we mostly confirm the theoretical findings on the role 

of specialization in economic development. 

This paper provides the first empirical evidence on the relationship between export structure and 

productivity for different country and industry classifications. In future studies, a rather interesting 

approach in this context would be to make use of finance literature. Is there an optimal portfolio in 

trade as in finance, a portfolio providing the maximum return for the lowest unit of risk? One can 

even try to apply an optimal portfolio analysis for export products since each product can be 

associated with certain risks and returns in international markets. Although some economic variables 

like demand elasticity would provide required tools to make such an analysis, it might be rather 

difficult to obtain these data for every product and country. 
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APPENDIX 

 

Table A.1: Correlation Matrix for selected variables 

TFP1 WDI TDI Herf. Invest. Schl. Infl. Infrastr. Pop. Open. 

WDI 0.1346 

TDI -0.0255 -0.636 

Herfindahl -0.156 -0.5055 0.2963 

Investment 0.2147 0.7924 -0.5114 -0.5987 

Schooling 0.0288 0.551 -0.3381 -0.3772 0.5172 

Inflation -0.2067 -0.049 0.0117 0.0179 -0.0642 -0.0701 

Infrastr. 0.052 0.6349 -0.515 -0.3865 0.5924 0.7032 -0.081 

Population 0.216 0.3623 -0.258 -0.2929 0.6904 0.0453 -0.025 0.0709 

Openness -0.0403 -0.0551 -0.0803 0.0294 -0.2446 0.1586 -0.0689 0.12 -0.4967 

OECD 0.1079 0.7179 -0.609 -0.442 0.6658 0.5944 -0.0915 0.723 0.1428 0.0246 

 

 

 

Table A.2: Descriptive statistics 

Variable Observation Mean Std. Dev. Min Max 

TFP1 558 .6007257 12.15965 -56.15302 37.1792 

TFP2 558 1.500647 12.69819 -54.76476 39.47508 

TFP3 558 .4460595 12.53219 -60.32834 36.42894 

LP 554 .092916 .1343079 -.3214281 .6690152 

WDI 642 .3072743 .1872058 .0099326 .8860568 

TDI 642 .6181546 .1140102 .2648969 .8666716

Herfindahl 642 .1215539 .1392685 .0053667 .8497908

Investment 510 22.63041 2.087981 18.46478 28.15421

Schooling 604 9.641225 9.439324 0 47.5 

Inflation 619 37.56391 254.5458 -4.905194 4828.708 

Infrastructure 623 14.08852 21.42395 .0521729 116.507 

Population 655 20.3742 1.436422 17.33545 25.14256 

Openness 611 55.30493 29.43884 5.314175 202.9804 

OECD 655 .2580153 .4378768 0 1 
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Table A.3: List of Countries 

1 Argentina 22 Finland 43 Malaysia 64 Singapore 

2 Australia 23 France 44 Mali 65 Slovakia 

3 Austria 24 Germany 45 Mauritius 66 South Africa 

4 Bangladesh 25 Ghana 46 Mexico 67 Spain 

5 Belgium 26 Greece 47 Morocco 68 Sri Lanka 

6 Benin 27 Guatemala 48 Mozambique 69 Sweden 

7 Bolivia 28 Haiti 49 Nepal 70 Switzerland 

8 Brazil 29 Honduras 50 Netherlands 71 Syria 

9 Bulgaria 30 Hungary 51 New Zealand 72 Tanzania 

10 Cameroon 31 India 52 Nicaragua 73 Thailand 

11 Canada 32 Indonesia 53 Niger 74 Togo 

12 Chile 33 Ireland 54 Norway 75 Trinidad Tobago 

13 China 34 Israel 55 Pakistan 76 Tunisia 

14 Colombia 35 Italy 56 Panama 77 Turkey 

15 Costa Rica 36 Jamaica 57 Papua N. Guinea 78 Uganda 

16 Cyprus 37 Japan 58 Paraguay 79 United Kingdom 

17 Denmark 38 Jordan 59 Peru 80 United States 

18 Ecuador 39 Kenya 60 Philippines 81 Uruguay 

19 Egypt 40 Korea Rep. 61 Portugal 82 Zambia 

20 El Salvador 41 Madagascar 62 Romania 83 Zimbabwe 

21 Ethiopia 42 Malawi 63 Senegal 
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