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Abstract: This paper examines the income inequality implications of a ‘premature 
deindustrialization’ trend in middle-income countries. To identify the premature 
deindustrialization phase, we arrive at five conditions based on the trends in employment and 
value-added share of manufacture. Among these five conditions, the first and second examine the 
deindustrialization pattern in economies. The last three classify the identified deindustrialization 
phase as premature or not. We apply panel fixed-effects and bootstrap-corrected dynamic fixed-
effects models to empirically examine the relationship between premature deindustrialization and 
income inequality. Our findings suggest that income inequality rises with premature 
deindustrialization if the displaced workers are absorbed into low-productivity and informal 
market services (especially with employment increase in non-business market services such as 
trade, transport, hotels, and accommodation activities). In contrast, if high-productivity non-
market services are the dominant employment provider, this helps to reduce income inequality 
even in the presence of premature deindustrialization. 
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1 Introduction 

Structural transformation is capable of enhancing growth when the labour transition occurs from 
low-productivity to high-productivity sectors.1 During the process of structural transformation, 
economies often have to face a trade-off between economic growth and income inequality 
(Kuznets 1955). However, recent literature on structural transformation highlights that labour 
transition to non-agriculture sectors increases income inequality only if the dominant employment 
provider is the service sector and not the manufacturing sector (Baymul and Sen 2020; Jaumotte 
et al. 2013; Sarma et al. 2017; Sumner and London 2017). This finding generates concern for 
middle-income economies, as many of them are experiencing labour transition towards the service 
sector along with a fall in manufacturing employment.2 This shift in labour towards services before 
experiencing industrialization is known as ‘premature deindustrialization’ (Dasgupta and Singh 
2006; Rodrik 2016; UNCTAD 2003).3 In this study, we analyse how this premature 
deindustrialization trend, coupled with a service-driven labour transition, alters the level of income 
inequality in middle-income economies. 

To identify the premature deindustrialization episodes in middle-income countries, we arrive at a 
set of five conditions. Among the five conditions, the first and second filter out cases of 
deindustrialization by considering the trends in both employment and value-added share of 
manufacture. The last three conditions distinguish ‘premature’ cases from general cases of 
deindustrialization. According to Rodrik (2016), the ‘premature’ aspect to deindustrialization 
occurs in two senses. First, developing economies experience deindustrialization at considerably 
lower levels of income compared with advanced economies. Second, the process of 
deindustrialization in the initial stages of development is premature, as the economy might thereby 
lose a channel via which it could have gained rapid economic growth through the manufacturing 
sector. Moreover, Felipe et al. (2019) specify that the inability to meet a historically derived 
threshold for the manufacturing share (in employment) gives early deindustrialization its 
‘premature’ character. Following these arguments, to capture the ‘premature’ factor of 
deindustrialization in the last three conditions, we define threshold levels in terms of income, 
manufacturing employment share, and manufacturing value-added share. 

We apply panel fixed-effects and bootstrap-corrected dynamic fixed-effects techniques to analyse 
the relationship between premature deindustrialization and inequality in middle-income countries. 
For income inequality data, we depend on the World Income Inequality Database (WIID; UNU-
WIDER 2020). The International Labour Organization (ILO; ILOSTAT 2020) and the United 
Nations Statistic Division (UNSD 2020) National Aggregates database provide the sectoral 
employment and value-added data, respectively. We also use the World Bank’s (2020) World 

 

1 Structural transformation implies the movement of labour and other resources from one sector to another during 
the process of economic development (McMillan et al. 2014). In the traditional pattern of structural transformation, 
labour movement occurs from agriculture to industry in the initial phase of economic growth. Later, as the economy 
reaches higher stages of development, the shift in labour occurs from industry to the service sector. Generally, 
advanced economies experience this pattern of structural transformation. 
2 The World Bank country classification (fiscal year 2021) specifies that middle-income countries are those with GNI 
(gross national income) per capita of between US$1,036 and $12,535 in 2019. High-income countries are those with 
GNI per capita of $12,536 or more. Low-income countries are those with GNI per capita of $1,035 or less. 
3 Deindustrialization generally implies a fall in the manufacturing employment (or value-added) share in total 
employment (or total output) after reaching a peak. Hence, it follows a hump-shaped relationship with income level. 
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Development Indicator (WDI) database for the empirical analysis. For the analysis, we group 
service activities into market services (International Standard Industry Classification/ISIC Rev. 4 
G-M) and non-market services (ISIC Rev. 4 N-S). Non-market services include activities such as 
public administration, defence, education, health, and other service activities. We further classify 
market services into non-business market services (ISIC Rev. 4 G-J) and business market services 
(ISIC Rev. 4 K-M).4 Non-business market services include more informal and low-productivity 
activities such as trade, transport, food, and accommodation. Business market services consist of 
more formal and high-productivity activities such as banking, finance, and administrative and other 
professional service activities. Our empirical findings suggest that if premature deindustrialization 
leads to labour absorption in non-business market services, it increases overall income inequality. 
In contrast, if the employment increase is in non-market services, it reduces income inequality in 
the economy. Thus, if high-productivity service activities are the dominant labour-absorbing sector 
in the economy, structural transformation (especially an early deindustrialization trend) need not 
generate a trade-off between growth and inequality. 

The rest of the paper consists of the following sections. Section 2 proposes a method to detect 
premature deindustrialization. Section 3 provides some stylized facts about the relationship 
between structural transformation and inequality in middle-income countries. Section 4 describes 
the empirical strategy and data. Section 5 documents the empirical findings and discussion, and 
Section 6 concludes the paper. 

2 Premature deindustrialization: identification method 

In this section, we attempt to identify economies that are experiencing a phase of premature 
deindustrialization. Traditionally, the fall in either manufacturing employment share (in total 
employment) or manufacturing value-added share (in total output) represents the measure for 
deindustrialization (for example, see Palma 2014; Rowthorn and Ramaswamy 1999; Tregenna 
2009). Tregenna (2013) suggests that an economy might experience a fall in manufacturing 
employment due to the rise in labour productivity (caused by an increase in skills and technology 
or labour-displacing capital intensification). Hence, a falling employment share of manufacturing, 
along with a similar trend in value-added share, is necessary to identify a deindustrialization phase. 
For instance, China has experienced a steep fall in manufacturing employment in decade to 2020, 
whereas its value-added share of manufacturing is still on the rise (see Appendix Figure A1). In 
this case, if we considered only the fall in manufacturing employment share we might classify China 
as among those economies facing premature deindustrialization. However, Rodrik (2016) notes 
that deindustrialization is more evident in terms of manufacturing employment share than in terms 
of value-added share (due to reliance on value-added measures at current prices rather than 
constant prices). Similarly, Felipe et al. (2019) find that output shares are poor performers relative 
to employment shares in tracing peak industrialization periods in economies. Considering these 
facts, we define deindustrialization in two ways—first, by considering the fall in both the 
employment share and the value-added share of manufacturing (conditions 1 and 2) and second 
by considering only the fall in the employment share of manufacturing (condition 1). 

Next, we need to distinguish the deindustrialization phase as premature or not. The description of 
deindustrialization as premature implies that the economy is at lower income levels and is yet to 
exploit the possibilities of manufacturing-driven economic growth (Felipe et al. 2019; Rodrik 

 

4 Appendix Tables A1 and A2 provides the aggregation of activities into sectors based on the ISIC of all economic 
activities, Revision 4 (Rev. 4). 
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2016). Hence, to identify the ‘premature’ element in economies, we specify threshold levels of 
income and share of manufacturing (in employment and value-added). These thresholds 
(conditions 3–5) imply that a deindustrialization phase is premature if the economy is at lower 
income levels and the manufacturing sector is yet to achieve dominant status in terms of both 
employment and value-added share. 

The proposed method to detect premature deindustrialization consists of the following five 
conditions: 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡−𝑛𝑛,𝑡𝑡 ≥ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑡𝑡+𝑛𝑛             (1) 

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑡𝑡−𝑛𝑛,𝑡𝑡 ≥ 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑡𝑡,𝑡𝑡+𝑛𝑛           (2) 

𝑦𝑦𝑡𝑡 ≤ $11,750                      (3) 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡 ≤ 0.18            (4) 

𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑡𝑡 ≤ 0.18                (5) 

where time period 𝑡𝑡 =  1, 2, … ,𝑇𝑇 and 𝑇𝑇 is the most recent period for which the data are available. 
𝑦𝑦𝑡𝑡 is the GDP per capita (in 2015 constant US dollars) in the year 𝑡𝑡. 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡−𝑛𝑛,𝑡𝑡 (or 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑡𝑡−𝑛𝑛,𝑡𝑡) 
represents the average share of manufacturing employment (or value-added) between year 𝑡𝑡 − 𝑛𝑛 
and 𝑡𝑡. Similarly, 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑡𝑡+𝑛𝑛 (or 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑡𝑡,𝑡𝑡+𝑛𝑛) indicates an average manufacturing employment (or 
value-added) share between year 𝑡𝑡 and 𝑡𝑡 + 𝑛𝑛. 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑡𝑡 and 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡  are the share of manufacturing 
value-added and employment in year 𝑡𝑡, respectively. We use manufacturing value-added share at 
constant prices (2015 US$) to capture 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉.5 This study considers 𝑛𝑛 as seven years, following 
Eichengreen et al. (2012) and Hausmann et al., (2005).6 Felipe et al. (2019) also consider a seven-
year moving average of industrial employment and output to track industrialization in the 
economy. 

Data on manufacturing value-added share and GDP per capita are from UNSD (2020). The data 
for manufacturing employment share are from ILOSTAT (2020). Our sample consists of 54 
middle-income countries for the period 1992 to 2017. The sectoral employment data act as a major 
binding constraint for selecting the sample countries and time periods. 

The first and second conditions trace the deindustrialization trend in economies in terms of 
employment and value-added share of manufacturing, respectively. The first (second) condition 
implies that if the seven-year average manufacturing employment (value-added) share in the 
current period (𝑡𝑡 to 𝑡𝑡 + 𝑛𝑛) is lower than in the previous period (𝑡𝑡 − 𝑛𝑛 to 𝑡𝑡), the economy is 
experiencing a deindustrialisation phase in period 𝑡𝑡 to 𝑡𝑡 + 𝑛𝑛.7 Hence, for deindustrialization to 

 

5 Rodrik (2016) specifies that value-added share at constant prices is a better measure of deindustrialization than value-
added at current prices. 
6 While Hausmann et al. (2005) use 𝑛𝑛 equal to seven year to capture growth acceleration periods, Eichengreen et al. 
(2012) set 𝑛𝑛 as seven years to identify economies facing growth slow-down episodes. Since structural transformation 
is associated with growth episodes and is a long-run phenomenon, we assume that 𝑛𝑛 equals seven years to capture a 
deindustrialization period. 
7 Eichengreen et al. (2012) specify similar conditions in terms of growth rate for identifying growth slow-downs in the 
economy. 
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occur, the current period’s average manufacturing share (in employment or value-added) should 
be lower than that of the previous period. 

The third condition states that 𝑦𝑦𝑡𝑡 (GDP per capita in 2015 constant US$) is less than $11,750. 
According to Felipe et al. (2017), this is the upper threshold level of the classification of an 
economy as a middle-income country. If an economy achieves an income higher than this 
threshold, then that economy has reached the high-income category. Hence, if deindustrialization 
occurs below this income level, it signals the ‘premature’ element in the shrinking manufacturing 
share. 

The fourth and fifth conditions specify that the economy in the year 𝑡𝑡 should not have 
employment and value-added shares of manufacturing greater than 18 per cent. Felipe et al. (2019) 
show that the probability of graduating into rich-country status increases if an economy has an 
manufacturing employment share of above 18 per cent. The authors also highlight that if an 
economy fails to reach this threshold level in manufacturing share (especially in employment), this 
signals premature deindustrialization. We adopt this 18 per cent threshold in both the employment 
and the value-added share of manufacturing to represent economies experiencing premature 
deindustrialisation.8 This threshold implies that the manufacturing sector is not the dominant 
sector in the economy. 

If all the five conditions are satisfied, we consider an economy to be experiencing premature 
deindustrialization. This method identifies that 32 economies have faced a premature 
deindustrialization phase at various periods. We also use an alternative definition to identify 
premature deindustrialization. In this alternative definition, we detect an deindustrialization phase 
by excluding condition 2 (i.e., excluding a fall in the manufacturing value-added share) and 
considering only condition 1 (the fall in manufacturing employment share). Then, countries such 
as Albania, India, Iran, and Turkey are added to the list of economies facing premature 
deindustrialization. Appendix Table A4 provides details of the premature deindustrialization cases 
identified through both approaches. 

3 Structural transformation and income inequality: trends and patterns in middle-
income countries 

In this section, we explore trends in income inequality and how these are associated with the 
premature deindustrialization pattern in middle-income economies. Figure 1 reveals that countries 
with premature deindustrialization have faced high levels of inequality over the past two decades. 
The net income per capita Gini (Gini based on income after taxes and transfers) is at or above 
40 per cent in the majority of these economies. Among them, South Africa, Namibia, and 
Botswana have exceptionally high and persisting inequality levels. Even though some economies, 
such as Algeria, Bolivia, Brazil, Ecuador, and Peru, depict a falling trend, the income inequality 
level is still high in these economies. Another interesting fact is that these economies are mainly in 
Africa, Latin America, and Asia, where the level of income inequality continues to be very high 
compared with developed countries. 

 

8 Felipe et al. (2019) also consider a threshold of 18% for employment and output shares to define rich-country status. 
The authors find that having an employment share above 18% matters in defining a country as a rich country, whereas 
this is not the case for the value-added share. 
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Figure 1 depicts that in countries with premature deindustrialization, both the employment and 
the value-added share of manufacturing have experienced a continuous fall for the past two 
decades. In contrast, if we observe the sectoral labour productivity of the sample of 54 middle-
income countries, except for seven economies, all others have industry as the highest-productivity 
sector in the economy (See Appendix Table A3). Furthermore, in none of these 54 economies 
does industry emerge as the dominant employment provider. In most cases, it is services that 
contributes the largest share in total employment. Thus, middle-income economies have mostly 
experienced services-driven structural transformation along with a deindustrialization trend. 

Figure 2 plots the path of income inequality with a rise in service employment share in countries 
facing premature deindustrialization (left-hand graph). There is a negative relationship between 
inequality and the services employment share. The right-hand graph in Figure 2 reveals that this 
relationship changes when we consider the different subsectors of the services sector—namely, 
business market services, non-business market services, and non-market services. An increase in 
both business market services and non-market services leads to a fall in income inequality, whereas 
an increase in non-business market services results in a hump-shaped relationship with income 
inequality.
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Figure 1: The trend in the share of manufacturing employment, manufacturing value-added, and net Gini in middle-income countries facing premature deindustrialization 
 

 
Source: authors’ illustration based on ILOSTAT (2020); UNU-WIDER (2020); UNSD (2020).



 

7 

 

Figure 2: Relationship between income inequality and services employment share (left-hand graph) and services 
subsectors (right-hand graph) in countries facing premature deindustrialization 

 

Note: in the right-hand graph, the service subsectors include business market services, non-business market 
services, and non-market services. 

Source: authors’ illustration based on ILOSTAT (2020); UNU-WIDER (2020). 

4 The relationship between premature deindustrialization and income inequality 

4.1 Empirical strategy 

This paper primarily examines the implications of an early deindustrialization trend (coupled with 
a service-driven labour transition) for the income inequality levels of middle-income countries. To 
capture this relationship, we estimate the marginal effect on net Gini (net income per capita Gini) 
when service sector employment increases in the presence of premature deindustrialization 
(Equation 6). 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 = 𝛽𝛽1𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 + 𝛽𝛽2𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖2 + 𝛽𝛽3𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 + 𝛽𝛽4𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑡𝑡 + 𝛽𝛽5𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖
+ 𝛽𝛽6𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖2 + 𝛽𝛽7𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑋𝑋𝑋𝑋𝑖𝑖𝑖𝑖 + 𝜎𝜎𝑡𝑡 + 𝜇𝜇𝑖𝑖 + 𝑒𝑒𝑖𝑖𝑖𝑖 

(6) 

where 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 represent the employment share of these sectors in total 
employment. 𝑃𝑃𝑃𝑃𝑃𝑃 denotes the dummy variable, which takes the value 1 for those years for which 
we detect a premature deindustrialization pattern in the economy. The main explanatory variables 
are the dummy (𝑃𝑃𝑃𝑃𝑃𝑃) interaction terms with employment shares of services. To estimate the 
differential effects of the service subsectors on income inequality, in the empirical estimation we 
replace 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 in Equation 6 with these subsectors. In this case, the main variables of interest 
are the interaction terms of premature deindustrialization (𝑃𝑃𝑃𝑃𝑃𝑃) and the employment share of 
service subsectors—namely, business market services, non-business market services, and non-
market services. 
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𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 is the dependent variable to capture the income inequality level in an economy. Following 
Baymul and Sen (2020), we consider the net Gini coefficient as the dependent variable (based on 
income after taxes and transfers). The variable 𝑋𝑋 represents the set of control variables, which 
includes GDP per capita, trade openness, government capital expenditure, population growth rate, 
and educational attainment. We use panel fixed-effects (FE), and bootstrap-corrected dynamic 
fixed-effects (BCFE) models to analyse the influence of deindustrialization on income inequality. 

4.2 Data 

The paper makes use of annual data spanning the period 1992–2017 across 54 middle-income 
countries. The availability of sectoral employment data constrains the selection of the sample 
period and countries. The sample includes middle-income countries from different regions of the 
world, including Asia, Latin America and the Caribbean (LAC), Sub-Saharan Africa (SSA), and 
Europe. In most of these economies, the services sector holds the largest share of employment, 
whereas industry has the largest share in terms of productivity (see Table A3 in the Appendix). 

This study depends upon four primary sources for data assimilation—namely, WIID, ILO, UNSD, 
and WDI. To capture income inequality, we consider net Gini (net income per capita Gini 
coefficient) from WIID, Revision 4. The data for sectoral employment shares are from the 
database of the ILO. The ILO employment dataset consists of subsectoral employment data based 
on the fourth revision of the ISIC of all economic activities (ISIC Rev. 4). However, these data are 
available mostly from 1992 to 2017, which acts as a binding constraint for our sample selection. 
Data on manufacturing value-added share and GDP per capita are from UNSD (2020). The data 
source for control variables—trade openness, government final consumption expenditure, the 
annual growth rate of the population, and educational attainment—is World Bank (2020). 

We employ an unbalanced panel dataset for empirical estimation. Table 1 reports the key summary 
statistics of variables used in the empirical analysis. The minimum value for net Gini is 23 per cent 
and the maximum is 62.4 percent, while the mean is 41.52 per cent. These values indicate the 
presence of a high level of income inequality among the countries in our sample. The minimum 
agriculture employment share is below 1 per cent, and the maximum is at 85 per cent. The 
maximum and minimum values of manufacturing employment are 30 and 0.4 per cent, 
respectively. In contrast, the maximum employment share of the services sector is around 85 per 
cent, the minimum share 12 per cent. The difference in the range of employment share in these 
sectors signals that the services sector is the dominant employment provider in our sample 
economies (see also Appendix Table A3). For instance, while the mean share of services 
employment is around 49 per cent, that of agriculture is only about 31 per cent and that of 
manufacturing 11 per cent. Within the services sector, if we compare the mean values, market 
services have a higher share in employment compared with non-market services. Within market 
services, non-business market services have an average contribution of 22 per cent of total 
employment, whereas the average share of business market services is only around 5 per cent. 
Thus, non-business market services such as trade, transport, food, and accommodation are the 
dominant employment providers in our sample relative to other service activities. 
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Table 1: Summary statistics  

Variable  Obs.  Mean  Std Dev.  Min.  Max. 
Net Gini 1,227 41.522 7.786 23 62.4 
EMAN 1,383 11.434 6.139 0.446 30.134 
ESRV 1,384 49.195 18.098 12.644 85.027 
EAGR 1,384 31.526 23.958 0.059 85.651 
Emkt_srv 1,383 27.983 9.442 9.417 45.58 
Enonmkt_srv 1,383 21.195 11.22 2.602 70.632 
Ebus_srv 1,383 5.021 4.172 0.158 18.784 
Enonbus_srv 1,383 22.962 6.341 9.093 36.358 
PDI 1,404 0.117 0.321 0 1 
PDI_SRV 1,383 6.467 18.249 0 78.797 
PDI_AGR 1,383 3 10.004 0 73.863 
PDI_mktsrv 1,383 3.552 10.144 0 44.595 
PDI_nonmktsrv 1,383 2.915 8.358 0 40.314 
PDI_bus_srv 1,383 0.692 2.345 0 14.989 
PDI_nonbus_srv 1,383 2.86 8.046 0 35.975 
GDP_pc 1,350 8.008 0.77 6.061 9.551 
TROP 1,404 76.5 36.835 14.731 274.973 
GOV 1,403 13.836 4.692 0.911 30.14 
PPL 1,404 1.477 1.129 −2.39 6.568 
Education 1,300 7.6 18.545 0 96.308 

Note: Net Gini is the net income per capita Gini after taxes and transfers. EMAN, ESRV, EAGR, Emkt_srv, 
Enonmkt_srv, Ebus_srv, and Enonbus_srv are the employment shares of manufacturing, services, agriculture, 
market services, non-market services, business market services, and non-business market services in total 
employment, respectively. PDI represents the dummy, which takes the value 1 if the country is experiencing 
premature deindustrialization, zero otherwise, following the criteria outlined in Section 2. When this dummy 
variable interacts with employment share of services, agriculture, market services, non-market services, business 
market services, and non-business market services, we obtain the variables PDI_SRV, PDI_AGR, PDI_mktsrv, 
PDI_nonmktsrv, PDI_bus_srv, and PDI_nonbus_srv, respectively. GDP_pc represents the variable GDP per 
capita in log form. TROP indicates the variable trade openness as a percentage of GDP. GOV is the annual 
percentage growth rate of government final consumption expenditure. PPL is the annual population growth rate. 
Education is the percentage of the population that has at least completed upper secondary education. 

Source: authors’ construction based on ILOSTAT (2020); UNSD (2020); UNU-WIDER (2020); World Bank 
(2020). 

5 Results and discussion 

This section presents the regression results examining the implications of premature 
deindustrialization for income inequality. In Table 2, Column I reports the panel FE estimation 
results of Equation 6. Column II presents regression results when we substitute employment in 
services with its components—employment share of market services and non-market services—
in Equation 6. Column III is similar to Column II, except for the fact that in Column III we 
replace market services with its components—employment share of business market services and 
non-business market services. The Hausman specification test supports the FE model over the 
random-effects model; hence, in Table 2 we report panel FE estimation results in Columns I–III. 

The findings in Table 2 indicate that in middle-income countries, a services-driven structural 
transformation initially results in an increase in inequality and then in a decreases. The linear and 
quadratic terms of service employment share (in Column I) are significant at the 1 per cent level 
and depict an inverted-U-shaped relationship with net Gini. Baymul and Sen (2020) document a 
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similar relationship between service employment share and income inequality. In Column II, the 
employment share of market services significantly (at the 1 per cent level) affects income inequality, 
with the linear and square terms depicting positive and negative relationships. Similarly, the 
employment share of both non-business market services and business market services (the 
components of market services) show an inverted-U-shaped relationship with inequality 
(Column III). The linear and quadratic coefficients of business market services employment share 
are significant at the 5 per cent level, and those of non-business market services are significant at 
the 1 per cent level. However, non-market services’ employment share has no significant influence 
on income inequality (in either Column II or Column III). Thus in the middle-income economies 
the services sector has an inverted-U-shaped relationship with income inequality, and this 
relationship results primarily from an increase in the employment share of market services (both 
business and non-business market services) rather than non-market services. Concerning 
agricultural employment, we find that its coefficient is positive and significantly (at the 1 per cent 
level) affects income inequality. This result indicates that a labour shift away from agriculture 
through structural transformation is beneficial for economies in reducing income inequality. 

Table 2: Regression results 
 

(I)  (II)  (III) (IV)  (IV) 
 

FE FE FE BCFE BCFE 

Dep. Var. Net Gini Net Gini Net Gini Net Gini Net Gini 

L. Net Gini 
  

 1.034*** 1.024*** 

    (0.012) (0.014) 

ESRV 0.522*** 
 

 
 

 

 (0.111)     

ESRV2 −0.003*** 
 

 
 

 

 (0.001)     

Emkt_srv 
 

0.5***  −0.044  

  (0.118)  (0.055)  

Emkt_srv2 
 

−0.006***  0.001  

  (0.001)  (0.0007)  

 Ebus_srv   0.305**  −0.03 

   (0.151)  (0.078) 

 Ebus_srv2   −0.016**  0.003 

   (0.007)  (0.003) 

Enonbus_srv   0.624***  -0.007 

   (0.159)  (0.095) 

Enonbus_srv2   −0.01***  0.0001 

   (0.003)  (0.001) 

Enonmkt_srv 0.145 0.128 −0.021 −0.025 

 (0.089) (0.091) (0.046) (0.038) 

Enonmkt_srv2 −0.001 −0.0004 0.0001 0.0001 
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 (0.001)   (0.001) (0.001) (0.0004) 

EAGR 0.178*** 0.115*** 0.115*** −0.024 −0.025 

 (0.043) (0.037) (0.036) (0.021) (0.016) 

PDI 0.274 0.323 0.323 −0.023 −0.03 

 (0.229) (0.231) (0.231) (0.053) (0.042) 

PDI_SRV −0.089** 
 

 
 

 

 (0.042)     

PDI_SRV2 0.001** 
 

 
 

 

 (0.001)     

PDI_mktsrv 0.149  0.108**  

 (0.116)  (0.042)  

PDI_mktsrv2 −0.001  −0.001**  

 (0.002)  (0.001)  

PDI_bus_srv  0.283  0.085 

  (0.271)  (0.087) 

PDI_bus_srv2  −0.016  −0.005 

  (0.014)  (0.004) 

PDI_nonbus_srv  0.085  0.136** 

  (0.199)  (0.06) 

PDI_nonbus_srv2  −0.001  −0.002** 

  (0.004)  (0.001) 

PDI_nonmktsrv −0.288*** −0.302*** −0.12*** −0.129*** 

 (0.1) (0.109) (0.032) (0.034) 

PDI_nonmktsrv2 0.005*** 0.006*** 0.002*** 0.002*** 

 (0.002) (0.002) (0.001) (0.001) 

PDI_AGR 0.027* 0.006 0.014 −0.007 −0.008 

 (0.016) (0.018) (0.024) (0.005) (0.007) 

GDP_pc  3.202*** 3.264*** 3.22*** 0.016 0.039 

 (0.373) (0.375) (0.381) (0.247) (0.325) 

TROP −0.006* −0.005 −0.006 −0.001 −0.001 

 (0.003) (0.003) (0.003) (0.001) (0.002) 

GOV −0.004 −0.003 −0.014 0.001 0.004 

 (0.023) (0.023) (0.023) (0.007) (0.007) 

PPL −0.224** −0.252** −0.271** 0.004 0.006 

 (0.108) (0.11) (0.111) (0.045) (0.044) 

Education −0.01*** −0.009*** −0.008** 0.0003 0.0001 
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 (0.003) (0.003) (0.003) (0.001) (0.001) 

Year dummy Yes Yes Yes Yes Yes 

Constant −4.18 1.165 1.115 
 

 

Numbers of obs. 1,123 1,123 1,123 1,045 1,045 

R-squared 0.25 0.27 0.27     

Note: this table reports the relationship between structural transformation and income inequality. All explanatory 
variables except for the dummy variable, PDI, are in their one-period lag terms. ***, **, and * imply p<0.01, 
p<0.05, and p<0.1, respectively. Standard errors are in parentheses. The employment shares of services and its 
subsectors in total employment are in both linear and quadratic terms. 

Source: authors’ construction based on own results. 

We now consider the influence of premature deindustrialization on inequality, which is the primary 
focus of this paper. With an increase in services employment in premature deindustrialization 
cases, inequality reduces in the initial stage and increases at higher levels of services employment 
share (Column I). Though this finding contradicts our earlier results (without considering 
premature deindustrialization), the subsectoral analysis implies that this contradiction primarily 
arises from the influence of non-market services. When economies experience premature 
deindustrialization, the employment shares of market services (Column II) and its components—
both business and non-business services (Column III)—do not significantly affect the income 
inequality level. However, in premature deindustrialization episodes, the coefficient of non-market 
services is negative and significant at the 1 per cent level (in both Columns II and III). The 
coefficient of agriculture employment in deindustrialization cases is positive and significant at the 
10 per cent level in Column I and not significant in Columns II and III). Concerning the control 
variables in Columns I to III, GDP per capita has a positive and significant effect, while population 
growth rate and education have a negative and significant effect, on net Gini. Both trade openness 
and government expenditure have no discernible impact on the level of inequality. 

5.1 Robustness check 

The literature on income inequality often reports that inequality has dynamic effects, i.e. the level 
of past income inequality affects the current state of inequality (Calderón and Chong 2001; Chong 
2004). We capture this dynamic relationship by adding lagged dependent variables to the 
individual-effect panel model specification. Thus, to check the robustness of our results, we are 
using iterative bootstrap-based bias correction for the FE estimator in dynamic panels, based on 
Everaert and Pozzi (2007). 

From BCFE estimation (Columns IV and V in Table 2), we can confirm that with premature 
deindustrialization, an increase in non-market services reduces income inequality initially and 
increases it at a higher level of employment share. The coefficients of both the linear and quadratic 
terms of non-market services are significant at the 1 per cent level. In contrast, market services 
have a hump-shaped relationship with inequality under premature deindustrialization 
(Column IV). The linear coefficient of market services is positive and significant at the 5 per cent 
level, and the coefficient of the square term is negative with a 5 per cent significance level. When 
we consider the components of market services (Column V), the coefficient of business services’ 
employment share has no significant effect on net Gini. However, as the employment share of 
non-business market services rises, the level of income inequality follows an inverted-U-shaped 
relationship. The coefficient of the linear and quadratic terms of non-business market services are 
positive and negative (at the 5 per cent level of significance), respectively. 
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We also check whether our results (as in Table 2) hold when we use the alternative definition for 
premature deindustrialization. In this alternative definition, we use only the trend in manufacturing 
employment share (and not value-added share, i.e. excluding condition 2 as described in Section 2) 
while identifying deindustrialization phases.9 In this case, we apply both the FE and BCFE models 
to estimate the inequality–structural transformation relationship. Table 3 provides the empirical 
results. In this method, the dummy variable indicating premature deindustrialization significantly 
(at 1 per cent level) and positively affects income inequality (Columns I–III). This result 
emphasizes that a premature deindustrialization pattern can increase income inequality in middle-
income economies. The findings are consistent with the earlier results (in Table 2), with the 
employment share of non-market services having a U-shaped relationship and that of market 
services having a positive linear relationship with income inequality. 

Table 3: Regression results with alternative identification of premature deindustrialization 
 

(I) (II) (III) (IV) (IV) 
 

FE FE FE BCFE BCFE 

Dep. Var. Net Gini Net Gini Net Gini Net Gini Net Gini 

L. Net Gini 
  

 1.028*** 1.028*** 

    (0.013) (0.013) 

ESRV 0.535*** 
 

 
 

 

 (0.111)     

ESRV2 −0.003*** 
 

 
 

 

 (0.001)     

Emkt_srv 
 

0.54***  −0.041  

  (0.117)  (0.055)  

Emkt_srv2 
 

−0.007***  0.001  

  (0.001)  (0.0007)  

 Ebus_srv   0.324**  −0.014 

   (0.155)  (0.066) 

 Ebus_srv2   −0.168**  0.002 

   (0.007)  (0.003) 

Enonbus_srv   0.668***  −0.013 

   (0.161)  (0.077) 

Enonbus_srv2   −0.011***  0.0002 

   (0.003)  (0.001) 

Enonmkt_srv 0.162* 0.132 −0.02 −0.023 

 (0.088) (0.09) (0.041) (0.05) 

Enonmkt_srv2 −0.001 −0.0005 −0.0001 0.0001 

 

9 In this alternative definition for premature deindustrialization, we use conditions 1, 3, 4, and 5 as described in 
Section 2. 
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 (0.001)   (0.001) (0.001) (0.001) 

EAGR 0.182*** 0.124*** 0.12*** −0.023 −0.023 

 (0.043) (0.036) (0.036) (0.02) (0.018) 

PDI 0.471** 0.568*** 0.571*** 0.031 0.026 

 (0.214) (0.214) (0.214) (0.038) (0.045) 

PDI_SRV −0.067* 
 

 
 

 

 (0.036)     

PDI_SRV2 0.001* 
 

 
 

 

 (0.0005)     

PDI_mktsrv 0.174*  0.062  

 (0.093)  (0.039)  

PDI_mktsrv2 −0.002  −0.001  

 (0.002)  (0.001)  

PDI_bus_srv  0.288  0.094 

  (0.189)  (0.07) 

PDI_bus_srv2  −0.015  −0.005 

  (0.01)  (0.004) 

PDI_nonbus_srv  0.105  0.087 

  (0.147)  (0.053) 

PDI_nonbus_srv2  −0.001  −0.0018 

  (0.003)  (0.001) 

PDI_nonmktsrv −0.314*** −0.336*** −0.095*** −0.111*** 

 (0.075) (0.084) (0.035) (0.038) 

PDI_nonmktsrv2 0.005*** 0.006*** 0.002*** 0.002*** 

 (0.001) (0.001) (0.001) (0.001) 

PDI_AGR 0.031** 0.010 0.022 −0.002 −0.003 

 (0.014) (0.016) (0.019) (0.005) (0.01) 

GDP_pc  3.245*** 3.265*** 3.26*** −0.016 0.02 

 (0.372) (0.371) (0.382) (0.251) (0.31) 

TROP −0.005 −0.006 −0.006* −0.001 −0.001 

 (0.003) (0.004) (0.003) (0.001) (0.002) 

GOV 0.003 −0.003 −0.012 0.001 0.003 

 (0.023) (0.023) (0.023) (0.006) (0.005) 

PPL −0.223** −0.251** −0.281** −0.001 −0.004 

 (0.108) (0.11) (0.112) (0.052) (0.051) 

Education −0.01*** −0.009*** −0.007** 0.0003 0.0001 
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 (0.003) (0.003) (0.003) (0.001) (0.001) 

Year dummy Yes Yes Yes Yes Yes 

Constant −5.203 1.165 1.115 
 

 

Numbers of obs. 1,123 1,123 1,123 1,045 1,045 

R-squared 0.25 0.27 0.27     

Note: this table reports the relationship between income inequality and structural transformation when we 
consider an alternative identification method for premature deindustrialization. To identify premature 
deindustrialization, we exclude condition 2 and include conditions 1,3,4, and 5 as described in Section 2. Thus, 
we consider only trends in manufacturing employment share in this table to define the variable PDI. All 
explanatory variables except for the dummy variable, PDI, are in their one-period lag terms. Standard errors are 
in parentheses. ***,**, and * imply p<0.01, p<0.05, and p<0.1, respectively. 

Source: authors’ construction based on own results. 

To sum up, the empirical findings suggest that income inequality rises with premature 
deindustrialization if the displaced workers are absorbed into market services (especially with 
employment increase in non-business market services such as trade, transport, hotels, and 
accommodation activities). In contrast to this relationship, if the employment share of high-
productivity non-market services increases, this helps in reducing income inequality when an 
economy faces premature deindustrialization. 

6 Conclusion 

Structural transformation (labour transition from one sector to another) is one of the central 
channels for economic development. Nevertheless, it often brings with it a trade-off between 
economic growth and income inequality, known as the ‘developer’s dilemma’ (Sumner and 
London 2017). A recent study by Baymul and Sen (2020) shows that this dilemma (i.e. economic 
growth results in higher income inequality) occurs when the labour movement is services-driven 
rather than when it is manufacturing-driven. These findings imply that besides manufacturing 
being an engine of growth, developing economies can rely on it to resolve income inequality issues. 

Nevertheless, middle-income economies are deviating from the traditional path of industry-driven 
structural transformation. After some initial industrialization experience, most of these economies 
are turning towards the services sector, leading to early deindustrialization. Developed economies 
experienced the deindustrialization phase (a fall in manufacturing employment or output) after 
they achieved higher per capita income. In contrast, in developing economies, the contraction in 
the manufacturing employment (or output) share is occurring at lower levels of income, known as 
‘premature deindustrialization’. Given this background, we empirically examine the implications 
of early deindustrialization for income inequality as the services employment share increases in 
countries that face premature deindustrialization. 

To identify economies which are facing premature deindustrialization, we propose a novel method 
which consists of five conditions. Through this method, we attempt to solve some of the 
ambiguities that exist in defining premature deindustrialization cases. The first and second 
conditions detect a deindustrialization trend in economies if there is a fall in the manufacturing 
employment and value-added shares, respectively. The last three conditions check whether a 
deindustrialization phase is ‘premature’ by providing thresholds in terms of income and the shares 
of manufacturing employment and value-added. Among the 54 middle-income countries, 32 
satisfy these criteria. These economies are mainly in the LAC, SSA, and South Asian regions. 
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The empirical results suggest that for middle-income countries in general, the inequality level rises 
in the initial stage of structural transformation with an increase in services sector employment. 
However, in the presence of premature deindustrialization, this relationship depends on which 
services subsector acts as the dominant player in labour absorption. If the premature 
deindustrialization trend causes the displaced manufacturing sector workers to be absorbed into 
non-business market services, income inequality will rise . In contrast to this relationship, if non-
market services are the dominant employment provider, this helps to reduce income inequality in 
economies facing premature deindustrialization. 

For developing economies facing premature deindustrialization, reviving the industrial sector 
might be an uphill task. Furthermore, Newfarmer and Page (2018) suggest that in the case of 
Africa, structural transformation relies on a new set of activities known as ‘industries without 
smokestacks’ (high-value agriculture, horticulture, tourism, business services, and other tradeable 
services). The advantage is that, as in the manufacturing sector, these activities have both high 
productivity and high employment generation capacity. To resolve the developer’s dilemma, the 
challenge before policy-makers is to enhance the scope of services activities in generating more 
productive employment opportunities for both skilled and unskilled labourers. 
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Appendix 

Table A1: Data aggregation by ISIC Rev. 4 

Section Description   

A Agriculture, forestry and fishing    

B Mining and quarrying    

C Manufacturing    

D Electricity, gas, steam and air conditioning supply  
  

E Water supply; sewerage, waste management and remediation activities  
 

F Construction  
  

G Wholesale and retail trade; repair of motor vehicles and motorcycles  
 

H Transportation and storage  
  

I Accommodation and food service activities  
  

J Information and communication  
  

K Financial and insurance activities  
  

L Real estate activities  
  

M Professional, scientific and technical activities  
  

N Administrative and support service activities  
  

O Public administration and defence; compulsory social security  
 

P Education  
  

Q Human health and social work activities  
  

R Arts, entertainment and recreation  
  

S  Other service activities  
  

T Activities of households as employers; undifferentiated goods- and services-producing activities of 
households for own use  

U Activities of extraterritorial organisations and bodies 
  

Source: authors’ construction based on UNSD (2008). 
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Table A2: Aggregation of activities into sectors based on ISIC Rev. 4 

Sectors      Sections 

Agriculture A 

Industry B–F 

Service G–S 

Market services G–M 

Non-business market services G–J 

Business market services K–M 

Non-market services N–S 

Note: this table represents the aggregation of activities used in the analysis of this paper. 

Source: authors’ construction based on UNSD (2008). 

Figure A1: Trends in employment and value-added share of manufacturing in China 

 

Source: authors’ illustration based on ILOSTAT (2020); UNSD (2020). 
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Table A3: Trends in employment and labour productivity 
  

Labour 
productivity 

gap 

Highest labour 
productivity 

Lowest labour 
productivity 

Highest 
employment 

share 

Lowest 
employment 

share 

Asia 
      

 
Bangladesh 3,671.963 ind agr agr ind 

 
China 18,656.47 ind agr srv agr 

 
India# 6,480.544 srv agr agr ind 

 
Indonesia 10,394.37 ind agr srv ind 

 
Iran# 10,729.33 ind agr srv agr 

 
Jordan 5,922.951 ind srv srv agr 

 
Kazakhstan* 27,367.81 ind agr srv agr 

 
Kyrgyzstan* 1,918.998 ind agr srv ind 

 
Lebanon* 20,257.95 srv agr srv agr 

 
Malaysia 15,729.14 ind agr srv agr 

 
Mongolia* 13,990.89 ind agr srv ind 

 
Pakistan* 4,044.175 srv agr agr ind 

 
Philippines 10,739.91 ind agr srv ind 

 
Sri Lanka 10,331.49 srv agr srv agr 

 
Thailand 14,421.15 ind agr srv ind 

 
Viet Nam 3,675.438 ind agr agr ind 

Europe 
      

 
Albania# 7,084.305 ind agr srv ind 

 
Armenia* 9,310.866 ind agr srv ind 

 
Azerbaijan* 28,997.81 ind agr srv ind 

 
Belarus 4,547.638 ind agr srv agr 

 
Bulgaria 3,951.08 srv agr srv agr 

 
Romania 21,977.15 srv agr srv agr 

 
Turkey# 25,028.33 ind agr srv agr 

 
Ukraine* 694.9001 ind agr srv agr 

LAC 
      

 
Argentina* 2,983.494 agr srv srv agr 

 
Belize* 4,528.811 srv agr srv ind 

 
Bolivia* 6,502.74 ind agr srv ind 

 
Brazil* 8,108.011 ind agr srv agr 

 
Colombia* 13,271.81 ind agr srv agr 
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Costa Rica* 17,940.52 ind agr srv agr 

 
Dominican Republic* 12,959.66 ind agr srv agr 

 
Ecuador* 16,074.14 ind agr srv ind 

 
Guatemala 10,265.09 ind agr srv ind 

 
Guyana* 3,891.705 ind srv srv agr 

 
Jamaica* 9,055.285 ind agr srv ind 

 Mexico* 19,592.77 ind agr srv agr 
 

Paraguay 14,434.3 ind agr srv ind 
 

Peru* 19,671.71 ind agr srv ind 

Middle East 
and North 
Africa (MENA) 

      

 
Algeria* 5,262.261 ind srv srv agr 

 
Egypt* 11,390.47 ind agr srv agr 

 
Morocco* 8,655.688 ind agr srv ind 

 Tunisia 6,719.802 srv agr srv agr 

SSA 
      

 
Botswana* 19,522.09 ind agr srv ind 

 
Cameroon* 4,364.468 ind agr agr ind 

 
Congo 12,180.12 ind agr srv ind 

 
Côte d’Ivoire 6,420.172 ind agr srv ind 

 
Gabon* 61,428.64 ind agr srv ind 

 
Ghana* 4,969.76 ind agr srv ind 

 
Kenya* 6,440.827 ind agr agr ind 

 
Mauritania 13,389.21 ind agr agr ind 

 
Namibia* 28,680.39 ind agr srv ind 

 
Nigeria* 8,672.065 ind agr srv ind 

 
South Africa* 13,225.93 ind agr srv agr 

 
Zimbabwe* 11,178.03 ind agr agr ind 

Note: agr, ind, and srv denote the sectors agriculture, industry, and services, respectively. There are 54 middle-
income countries on this list. * denotes countries that face premature deindustrialization through the approach 
discussed in Section 2 (with conditions 1 to 5). # represents countries added to the premature deindustrialization 
list in addition to those defined by * when we change the definition for deindustrialization by considering only 
employment share of manufacturing, excluding value-added share (i.e. conditions 1,3,4, and 5 as discussed in 
Section 2). 

Source: authors’ construction based on ILOSTAT (2020); UNSD (2020). 
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Table A4: List of countries facing premature deindustrialization (considering both employment and value-added 
share of manufacture for deindustrialization) 

Country 
 
 
  

Year 
(t)  

Employment 
share of 

manufacturing 
(t−n, t) 

  

Employment 
share of 

manufacturing 
(t, t+n) 

  

Value-added 
share of 

manufacturing 
(t–-n, t) 

  

Value-added 
share of 

manufacturing 
(t, t+n) 

  

GDP per capita 
(2015 constant 

US$) 

Albania# 1999 0.083 0.075 0.037 0.048 1,813.76 

 2000 0.081 0.074 0.037 0.051 1935.69 

 2001 0.08 0.073 0.037 0.052 2,095.91 

 2002 0.079 0.074 0.039 0.054 2,193.46 

 2003 0.078 0.075 0.041 0.056 2,320.79 

 2004 0.077 0.075 0.043 0.058 2,459.13 

 2005 0.076 0.075 0.046 0.059 2,610.24 

Algeria 2002 0.185 0.153 0.049 0.045 3,297.60 
 

2004 0.179 0.145 0.047 0.044 3,592.60 
 

2005 0.175 0.141 0.047 0.045 3,752.10 
 

2006 0.17 0.136 0.046 0.045 3,760.20 

Argentina 2000 0.176 0.14 0.18 0.173 11,635.50 
 

2001 0.166 0.14 0.178 0.174 11,001.70 
 

2002 0.156 0.139 0.176 0.176 9,697.50 

Armenia 1999 0.082 0.074 0.134 0.107 1,191.70 
 

2000 0.081 0.073 0.126 0.105 1,270.00 
 

2001 0.079 0.071 0.111 0.102 1,400.00 
 

2002 0.078 0.07 0.109 0.101 1,619.50 
 

2003 0.077 0.067 0.108 0.1 1,856.70 
 

2004 0.076 0.067 0.108 0.1 2,062.90 
 

2005 0.075 0.067 0.108 0.098 2,364.20 
 

2006 0.074 0.069 0.107 0.098 2,697.00 
 

2007 0.073 0.071 0.105 0.099 3,094.70 

Azerbaijan 1999 0.049 0.046 0.104 0.089 1,353.50 
 

2000 0.049 0.046 0.102 0.085 1,491.00 
 

2001 0.048 0.046 0.098 0.08 1,623.70 
 

2002 0.047 0.047 0.096 0.075 1,759.80 
 

2003 0.047 0.047 0.094 0.069 1919.90 
 

2004 0.047 0.047 0.094 0.064 2,075.80 
 

2005 0.047 0.047 0.092 0.059 2,628.40 

Belize 1999 0.108 0.095 0.121 0.112 3,928.70 
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2000 0.106 0.096 0.12 0.115 4,290.70 

 
2001 0.104 0.096 0.118 0.117 4,355.10 

 
2009 0.096 0.086 0.124 0.119 4,718.90 

 
2010 0.095 0.083 0.129 0.107 4,742.90 

Bolivia 1999 0.117 0.108 0.126 0.126 2,048.00 
 

2008 0.109 0.106 0.127 0.127 2,415.00 
 

2009 0.113 0.104 0.128 0.127 2,454.80 

Botswana 1999 0.092 0.091 0.057 0.056 4,657.10 
 

2000 0.092 0.088 0.058 0.056 4,654.10 
 

2001 0.093 0.086 0.059 0.055 4,578.40 
 

2002 0.094 0.082 0.06 0.056 4,770.90 
 

2003 0.095 0.079 0.06 0.057 4,906.00 
 

2004 0.096 0.075 0.059 0.059 4,949.90 

Brazil 1999 0.148 0.139 0.161 0.156 6,639.00 
 

2000 0.146 0.14 0.161 0.157 6,827.00 
 

2001 0.144 0.14 0.16 0.157 6,822.70 
 

2002 0.142 0.14 0.158 0.156 6,912.70 
 

2003 0.141 0.14 0.157 0.154 6,904.60 
 

2004 0.139 0.139 0.156 0.153 7,206.30 
 

2005 0.139 0.138 0.156 0.149 7,352.30 
 

2006 0.139 0.136 0.156 0.146 7,560.70 
 

2007 0.14 0.134 0.157 0.143 7,936.80 
 

2008 0.14 0.132 0.157 0.139 8,258.60 
 

2009 0.14 0.128 0.156 0.134 8,169.30 
 

2010 0.14 0.125 0.154 0.131 8,702.30 

Cameroon 1999 0.082 0.082 0.169 0.168 1,045.70 
 

2003 0.082 0.082 0.164 0.164 1,108.10 
 

2004 0.082 0.082 0.163 0.163 1,151.80 
 

2005 0.082 0.081 0.166 0.166 1,143.70 
 

2006 0.082 0.081 0.168 0.167 1,151.40 
 

2007 0.082 0.08 0.17 0.166 1,175.20 
 

2008 0.082 0.078 0.168 0.164 1,183.20 
 

2009 0.082 0.075 0.167 0.164 1,176.40 
 

2010 0.082 0.072 0.164 0.164 1,183.60 

Colombia 1999 0.037 0.035 0.055 0.046 3,911.60 

Costa Rica 2006 0.081 0.081 0.089 0.055 8,934.40 
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2007 0.081 0.081 0.085 0.053 9,534.20 

Dominican 
Republic 

2001 0.045 0.045 0.118 0.117 3,949.60 
 

2009 0.045 0.044 0.124 0.119 5,180.90 
 

2010 0.045 0.044 0.129 0.107 5,544.40 

Ecuador 1999 0.185 0.155 0.126 0.126 4,243.90 
 

2009 0.141 0.104 0.128 0.127 5,224.80 
 

2010 0.136 0.103 0.129 0.127 5,323.70 

Egypt 1999 0.111 0.102 0.057 0.056 2,419.00 
 

2000 0.109 0.103 0.058 0.056 2,500.50 
 

2001 0.108 0.103 0.059 0.055 2,539.80 
 

2002 0.107 0.105 0.06 0.056 2,571.90 

Gabon 2008 0.185 0.147 0.147 0.147 6,857.70 
 

2009 0.18 0.143 0.148 0.147 6,629.70 

Ghana 2006 0.024 0.024 0.168 0.167 1,212.80 
 

2007 0.024 0.024 0.17 0.166 1,233.30 
 

2008 0.024 0.024 0.168 0.164 1,311.90 
 

2009 0.024 0.023 0.167 0.164 1,340.90 
 

2010 0.024 0.023 0.164 0.164 1,411.30 

Guyana 1999 0.15 0.135 0.121 0.081 2,694.10 
 

2000 0.148 0.133 0.118 0.074 2,667.50 
 

2001 0.146 0.13 0.116 0.068 2,733.10 
 

2002 0.144 0.127 0.108 0.062 2,763.30 
 

2003 0.142 0.123 0.1 0.062 2,734.30 
 

2004 0.14 0.119 0.093 0.062 2,822.10 
 

2005 0.138 0.114 0.086 0.062 2,765.30 
 

2006 0.135 0.11 0.081 0.061 2,906.40 
 

2007 0.133 0.105 0.074 0.061 3,114.90 
 

2008 0.13 0.101 0.068 0.061 3,168.10 
 

2009 0.127 0.098 0.062 0.06 3,278.60 
 

2010 0.123 0.096 0.062 0.06 3,406.40 

India# 1999 0.069 0.067 0.143 0.147 757.90 

 2000 0.069 0.067 0.145 0.149 773.22 

 2001 0.069 0.067 0.146 0.151 796.63 

 2002 0.069 0.067 0.147 0.154 813.08 

 2003 0.068 0.067 0.146 0.157 862.62 

 2004 0.067 0.066 0.145 0.159 916.05 
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 2005 0.067 0.066 0.145 0.161 973.14 

 2006 0.067 0.065 0.147 0.163 1,035.45 

 2007 0.067 0.065 0.149 0.163 1,098.08 

 2008 0.067 0.064 0.151 0.165 1,115.51 

 2009 0.067 0.064 0.154 0.166 1,186.36 

 2010 0.067 0.064 0.157 0.166 1,269.90 

Iran# 2001 0.127 0.126 0.077 0.104 3,982.13 

 2002 0.127 0.124 0.081 0.106 4,247.16 

 2003 0.127 0.123 0.086 0.109 4,547.52 

 2004 0.126 0.124 0.09 0.112 4,643.73 

 2006 0.127 0.127 0.094 0.115 4,917.09 

Jamaica 1999 0.168 0.14 0.135 0.106 4,917.74 
 

2000 0.166 0.134 0.13 0.103 4,910.66 
 

2001 0.164 0.129 0.125 0.101 4,936.40 
 

2002 0.16 0.124 0.12 0.099 4,936.20 
 

2003 0.155 0.12 0.116 0.097 5,085.80 
 

2004 0.153 0.117 0.112 0.095 5,123.70 
 

2005 0.148 0.114 0.109 0.094 5,141.20 
 

2006 0.14 0.112 0.106 0.093 5,262.60 
 

2007 0.134 0.111 0.103 0.092 5,312.00 
 

2008 0.129 0.11 0.101 0.092 5,243.00 
 

2009 0.124 0.109 0.099 0.091 4,990.10 
 

2010 0.12 0.108 0.097 0.091 4,891.80 

Kazakhstan 2000 0.096 0.068 0.126 0.126 4,380.40 
 

2001 0.091 0.067 0.127 0.123 4,978.00 
 

2002 0.087 0.066 0.128 0.12 5,439.30 
 

2003 0.082 0.066 0.128 0.119 5,898.00 
 

2004 0.077 0.066 0.129 0.118 6,399.90 
 

2005 0.074 0.066 0.128 0.116 6,951.00 
 

2006 0.071 0.066 0.127 0.115 7,621.70 
 

2007 0.068 0.066 0.126 0.113 8,219.50 
 

2008 0.067 0.066 0.123 0.112 8,403.90 

Kenya 2008 0.137 0.135 0.117 0.108 1,097.80 
 

2009 0.138 0.133 0.117 0.106 1,103.30 
 

2010 0.139 0.133 0.116 0.103 1,163.90 

Kyrgyzstan 2009 0.186 0.17 0.205 0.168 991.30 
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Lebanon 2008 0.185 0.169 0.103 0.1 8,105.20 
 

2009 0.181 0.169 0.103 0.096 8,830.70 
 

2010 0.178 0.17 0.104 0.093 9,270.70 

Mexico 2009 0.117 0.107 0.191 0.182 8,563.30 

Mongolia 2009 0.05 0.048 0.109 0.091 2,543.00 
 

2010 0.05 0.046 0.106 0.09 2,659.00 

Morocco 2004 0.182 0.169 0.187 0.171 1,973.20 
 

2005 0.181 0.166 0.184 0.17 2,009.30 
 

2006 0.179 0.163 0.181 0.168 2,140.70 
 

2007 0.179 0.159 0.179 0.169 2,173.30 
 

2008 0.178 0.157 0.176 0.17 2,274.80 
 

2009 0.175 0.155 0.172 0.172 2,448.30 

Namibia 1999 0.068 0.067 0.129 0.129 3,095.80 
 

2007 0.067 0.066 0.13 0.13 4,042.60 
 

2008 0.067 0.065 0.131 0.126 4,074.80 
 

2009 0.067 0.065 0.132 0.123 4,012.90 
 

2010 0.066 0.065 0.133 0.12 4,179.30 

Nigeria 2009 0.197 0.17 0.085 0.083 2,322.30 

Pakistan 2010 0.111 0.088 0.134 0.134 1,222.80 

Peru 2007 0.146 0.118 0.169 0.168 4,437.30 
 

2008 0.142 0.116 0.172 0.164 4,803.40 
 

2009 0.137 0.112 0.173 0.16 4,817.20 
 

2010 0.132 0.11 0.173 0.157 5,176.30 

South Africa 1999 0.156 0.146 0.152 0.152 4,384.60 
 

2000 0.155 0.144 0.153 0.153 4,502.90 
 

2001 0.154 0.142 0.153 0.152 4,564.80 
 

2002 0.153 0.14 0.154 0.15 4,672.70 
 

2003 0.151 0.138 0.153 0.148 4,752.00 
 

2004 0.149 0.137 0.153 0.147 4,908.30 
 

2005 0.148 0.136 0.152 0.146 5,103.80 
 

2006 0.146 0.134 0.152 0.144 5,322.10 
 

2007 0.144 0.133 0.153 0.142 5,535.40 
 

2008 0.142 0.131 0.152 0.14 5,636.40 
 

2009 0.14 0.13 0.15 0.138 5,473.00 
 

2010 0.138 0.128 0.148 0.137 5,557.90 

Turkey# 1999 0.155 0.151 0.164 0.169 6,198.53 
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 2000 0.154 0.151 0.166 0.171 6,510.52 

 2001 0.154 0.151 0.166 0.173 6,031.54 

 2002 0.154 0.151 0.167 0.174 6,325.47 

 2003 0.153 0.15 0.167 0.177 6,584.80 

 2004 0.152 0.15 0.168 0.18 7,120.57 

 2005 0.151 0.15 0.168 0.182 7,660.09 

 2009 0.151 0.15 0.169 0.183 7,884.57 

 2010 0.15 0.15 0.171 0.184 8,434.84 

Ukraine 2009 0.033 0.032 0.193 0.16 2,216.10 
 

2010 0.033 0.032 0.192 0.157 2,230.80 

Zimbabwe 1999 0.11 0.106 0.183 0.151 953.80 
 

2000 0.11 0.105 0.177 0.15 871.60 
 

2001 0.109 0.104 0.171 0.149 866.80 
 

2002 0.109 0.103 0.165 0.145 813.20 
 

2003 0.108 0.102 0.161 0.148 750.80 
 

2004 0.108 0.101 0.156 0.15 721.20 
 

2005 0.107 0.1 0.153 0.151 688.60 
 

2006 0.106 0.099 0.151 0.15 659.40 
 

2007 0.105 0.098 0.15 0.147 632.60 
 

2008 0.104 0.096 0.149 0.145 596.60 
 

2009 0.103 0.095 0.145 0.143 940.50 
 

2010 0.102 0.094 0.148 0.144 1,110.40 

Note: this table presents the countries facing premature deindustrialization. # represents countries that are 
experiencing deindustrialization in terms of employment share of manufacturing and not in terms of value-added 
share of manufacturing. 

Source: authors’ construction based on own results. 
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