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Unconditional Convergence in Manufacturing:
A Reassessment’

By BERTHOLD HERRENDORF, RICHARD ROGERSON, AND AKOS VALENTINYI*

The movement of labor out of agriculture is a central feature of the
development process. A long-held view is that successful develop-
ment requires that much of the labor released from agriculture be
allocated to manufacturing rather than services. Rodrik’s (2013)
finding of unconditional convergence for manufacturing productivity,
using data from UNIDO, provided empirical support for this view. We
argue that the UNIDO data are ill-suited for studying cross-country
productivity dynamics. Using recently released GGDC data designed
for this purpose, we revisit the issue and find no evidence of uncon-
ditional convergence in manufacturing productivity over 1990-2018.
(JEL D24, 124,160, 013, 014, 047, Q10)

A salient feature of the development process is the large-scale movement of labor
out of agriculture. The share of workers employed in agriculture in today’s advanced
economies has decreased from roughly 70 percent in 1800 to less than 5 percent
today, and today’s developing economies are in the midst of this same process.
An important issue is whether development success depends on where the labor
released from agriculture is allocated. Specifically, does it matter how this labor
is allocated between manufacturing and services? The answer to this question is
intimately related to the issue of whether the phenomenon of “premature deindustri-
alization” (Rodrik 2016; Felipe, Mehta, and Rhee 2019) has negative consequences
for development.

A long-standing belief is that successful development requires much of the labor
released from agriculture during the early stages of the development process to be
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allocated to manufacturing rather than services.'| Kaldor (1967) enshrined this belief
as the First Law of Growth, based on the notion that the manufacturing sector fea-
tured both high productivity and high productivity growth.” This notion gives rise to
two channels through which higher employment in manufacturing promotes aggre-
gate productivity growth: A high level of productivity in manufacturing represents
a static channel, while a high growth rate of productivity in manufacturing rep-
resents a dynamic channel. But what is the reality of sectoral productivity dynam-
ics in developing economies? And does it support a special role for manufacturing
employment in the early stages of development?

Evidence that speaks directly to these questions has been scarce. One important
exception is Rodrik (2013). He presented evidence of relatively strong unconditional
convergence of manufacturing labor productivity for a broad sample of countries
that included many developing economies. If manufacturing productivity exhibits
unconditional convergence, then a high employment share in manufacturing will
facilitate convergence at the aggregate level via the dynamic channel mentioned
above. Consistent with this, Rodrik concluded that “aggregate convergence fails due
to the small share of manufacturing employment in low-income countries and the
slow pace of industrialization” (p. 165).

Rodrik’s analysis of manufacturing labor productivity dynamics was based on
data from UNIDO (INDSTAT Rev2). In this paper, we argue that the limitations of
the UNIDO data make them ill-suited for productivity comparisons.® Newly avail-
able data from the Groningen Growth and Development Centre (GGDC) allow us
to create comparable measures of sectoral productivity for a broad sample of coun-
tries for the period 1990-2018. We use these data to investigate both the level and
changes in sectoral labor productivity gaps for agriculture, manufacturing, and mar-
ket services.” This dataset possesses three key features: (i) Data collection is harmo-
nized across countries and over time; (ii) the dataset is comprehensive in measuring
all activity within each sector, including self-employment and informal activity; and
(iii) the dataset includes purchasing power parities (PPPs) that allow one to reliably
compare sectoral labor productivity levels across countries.

Our analysis yields three main findings. First, 1990-2018 features a modest
amount of unconditional convergence in aggregate labor productivity.” Second,
the dynamic channel favors market services over manufacturing. Specifically, we
find no evidence for unconditional convergence in manufacturing productivity and
evidence of modest unconditional convergence in market services productivity. We
also find modest unconditional convergence in agricultural productivity. Our third
finding concerns sectoral productivity gaps between rich and poor economies, and

"In its April 2018 World Economic Outlook, the IMF wrote: “The declining share of manufacturing jobs in
overall employment has been a concern for policymakers and the broader public.... This concern stems from the
widely held belief that manufacturing plays a unique role as a catalyst for productivity growth and income conver-
gence...” (p. 129). Felipe, Mehta, and Rhee (2019) note that emerging market economies often target manufactur-
ing activity as part of their development initiatives and specifically mention initiatives in China, India, Indonesia,
and the Philippines. Brazil’s Nova Inddstria Brasil is another recent example.

2The idea that high and growing productivity are unique features of manufacturing dates back at least to
Smith (2012, first published in 1776). But see, for example, the sharp criticism of Kaldor’s views in Bhagwati (2010).

3 Additionally, because the UNIDO data only cover manufacturing, they cannot address whether there is some-
thing special about manufacturing.

+Market services is the composite of wholesale, retail, transport, business, financial, and other services.

SThis finding mirrors those in Patel, Sandefur, and Subramanian (2021) and Kremer, Willis, and You (2022).
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thus reflects the static channel. In 1990, productivity gaps in manufacturing and
market services were roughly equal and smaller than aggregate productivity gaps,
while agricultural productivity gaps were larger than aggregate productivity gaps.
As of 2018, productivity gaps in market services are smaller than productivity gaps
in manufacturing.

Why do our conclusions differ from those in Rodrik (2013)? Because conver-
gence properties may be specific to certain countries and time periods, one possi-
bility is that the different findings reflect the result of differences in time periods
and samples of countries. But we show that the starkly different results continue
to hold if we limit attention to the overlapping sample of 48 countries for the time
period 1995-2005.

We argue that a key reason for the different results is differences in coverage.
Whereas the GGDC seeks to provide a comprehensive measure of value added and
employment that takes into account the importance of self-employment and infor-
mal enterprises in poor countries, the UNIDO data are based on surveys that restrict
coverage based on firm size thresholds and whether firms are officially registered.
Acknowledging this, the last sentence of Rodrik’s abstract asserts that the finding of
unconditional convergence should “be viewed as applying to the organized, formal
parts of manufacturing” (p. 165).

Recent research on informality strongly cautions against the validity of this inter-
pretation. As highlighted by Ulyssea (2018), informal workers constitute a large
share of employment in formal sector firms in developing countries. Precisely
because formal firms hire informal workers in order to avoid payroll taxes and reg-
ulation, it is highly likely that formal firms do not include informal workers when
responding to surveys. It follows that reported employment may significantly under-
state actual employment, thus rendering measures of labor productivity unreliable.
Because informality varies across countries, cross-country productivity compari-
sons based on the UNIDO data are not reliable, and changes in informality over time
make measures of productivity growth rates unreliable.

We use the GGDC data to construct a measure of coverage for manufacturing
employment in the UNIDO data. This measure displays a strong positive correlation
with International Labor Organization (ILO) measures of formality for the manufac-
turing sector. Decreases in coverage are systematically associated with higher labor
productivity growth in the UNIDO data, thus raising the concern that measurement
issues affect the conclusion of unconditional convergence. In fact, the finding of
unconditional convergence disappears if one removes countries with large decreases
in coverage.

Our paper relates to a recent literature that studies convergence from a sec-
toral perspective. Like us, Dieppe and Matsuoka (2025) and Kinfemichael and
Morshed (2019) study sectoral productivity dynamics for a large sample of devel-
oping and advanced economies. A key limitation of their analyses is that they do
not have sectoral PPPs and instead assume that the law of one price holds for all
sectors. Inklaar and Marapin (2025) use the same data as us to provide a structural
change perspective on aggregate productivity convergence. Diao, McMillan, and
Rodrik (2019) study aggregate productivity dynamics from a structural change per-
spective but do not compare sectoral productivity across countries. Our finding that
selection effects have a large effect on measured productivity is consistent with the
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analysis in Diao, Ellis, McMillan, and Rodrik (2025). They study manufacturing
productivity dynamics in Ethiopia and Tanzania and highlight the different dynam-
ics of large and small firms.

I. Data and Measurement

In this section, we briefly describe the data used to construct sectoral labor pro-
ductivity for a broad sample of 68 countries over the period 1990-2018.

A. The Economic Transformation Database

The Economic Transformation Database (ETD) is a panel of 51 mostly poor
countries in Asia, Africa, and Latin America that covers the period 1990-2018 and
is administered by the Groningen Growth and Development Centre (GGDC). It con-
tains information on employment (persons engaged), sectoral nominal value added,
and sector value added in 2015 (domestic) prices for 12 sectors. In what follows,
we focus on agriculture, manufacturing, and a composite sector that we refer to as
market services, consisting of wholesale and retail trade, transportation, business
services, finance, and other services. We exclude two services sectors: real estate
and government, as the output of these sectors is largely imputed.” Including these
categories in our measure of services does not affect any of our findings.

The ETD is heavily skewed toward poor countries; in 1990, more than 40 percent
of the countries had GDP per worker less than 10 percent of the US level, roughly
60 percent had GDP per worker less than 20 percent of the US value, and only
one was higher than 75 percent of the US value.’ The large representation of poor
countries makes the ETD attractive for studying productivity patterns in developing
economies.

The ETD also features substantial heterogeneity in aggregate productivity growth
experiences. The distribution of average annual productivity growth rates features
19 countries below 2 percent, 27 between 2 and 4 percent, and 5 above 4 percent.
This heterogeneity remains large even if we focus on the 31 poorest countries, with
almost an even split between those growing faster and slower than 3 percent per
year.”

B. Construction of the ETD

This subsection provides more detail on the data collection underpinning the
ETD.” Data collection poses many challenges, especially in less developed coun-
tries. These challenges notwithstanding, the Penn World Table (PWT) is a standard
source for comparisons of aggregate labor productivity across countries. The ETD

SThe label of “government” in these data is somewhat misleading, as it includes education and health inde-
pendently of whether they are publicly provided.

7Table Al in the Supplemental Appendix reports the distribution of GDP per worker relative to the United
States.

8Table A2 in the Supplemental Appendix provides more detail on the distribution of growth rates.

9See Kruse, Mensah, Sen, and de Vries (2022) for a short and de Vries et al. (2021) for a long and detailed
description of the general methodology for how the ETD is constructed and how it is implemented for each country
in the ETD.
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and the PWT are both administered by the GGDC, and the ETD is based on the
same underlying data used to construct the PWT. The ETD essentially represents a
disaggregated version of the PWT data on employment and output-side real GDP.
In the Supplemental Appendix, we compare aggregate labor productivity levels as
reported in the ETD and the PWT. A log-linear regression yields an R* of 0.99.

On the output side, and like the PWT, the ETD relies on official national accounts
data for value added in both current and constant prices. Countries’ national
accounts follow the international System of National Accounts (SNA) framework,
which provides a coherent and consistent set of definitions and accounting rules
across countries. Importantly, national accounts aim to capture the entire production
boundary, including informal economic activity, so using them ensures broad cov-
erage and comparability of the data.'" The sectoral breakdown of ETD data follows
the International Standard Industrial Classification (ISIC) of economic activities,
which is the internationally agreed-upon reference classification used in national
accounts, enterprise registers, labor surveys, and other statistics.

On the employment side, and again like the PWT, the ETD constructs employ-
ment series using decennial population censuses and annual labor force and other
surveys. Decennial population censuses are used to estimate sectoral employment
levels in reference years, and growth rates from annual labor force and other sur-
veys are applied to estimate employment levels in nonreference years. Population
censuses are preferred to establishment surveys because of their more complete cov-
erage of the population, specifically of self-employed and informal workers. Labor
force surveys are sometimes skewed toward activity in urban areas. The use of pop-
ulation censuses to target levels distinguishes the GGDC data from the data reported
by the ILO, which relies only on labor force surveys.'! Because both the labor
statistics and the national accounts use ISIC classifications, sectoral employment
figures are conceptually consistent with the sectoral value added data and compara-
ble across countries.

Sectoral value added data are also available from the World Development
Indicators (WDI), and sectoral employment data are also available from the ILO.'?
WDI measures of value added are based on the same underlying national accounts
data used by both the PWT and the ETD, and as noted earlier, ILO employment
measures are based on labor force surveys.

Given our interest in productivity measures, we prefer to use value added and
employment data from a common source in order to maximize harmonization. An
additional argument in support of using the ETD measures is that the sectoral PPP
measures that we take from the PLD 2023 (described below) use sectoral value
added measures from the ETD as an input in their construction. Nonetheless, in
the Supplemental Appendix, we show that manufacturing productivity measures
generated by different combinations of value added and employment measures are
very highly correlated. Log-linear regressions yield R? in the range of 0.96 to 0.98.

10See OECD (2002) for more details about the measurement of the informal economy in national accounts data.

" Another distinction between ILO and ETD measures of employment is that as of 2013, the ILO no longer
counts individuals producing for their own use as employed. This mostly affects subsistence farming and so is not
of first-order importance for measures of manufacturing employment.

2 The WDI does not generate its own sectoral employment data, and the ILO does not generate sectoral value
added data.
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Moreover, our conclusions regarding unconditional convergence of manufacturing
productivity are also robust to using these alternative measures.

C. Expanding the ETD

To have greater representation of countries close to the aggregate productivity
frontier, we expand the ETD sample by adding four Western offshoots (Australia,
Canada, New Zealand, and the United States), 15 western European coun-
tries (Austria, Belgium, Denmark, Finland, France, Germany, Ireland, Italy, the
Netherlands, Spain, Sweden, and the United Kingdom), and Russia. The primary
data source for the Western offshoots is national accounts and employment data
from the OECD. Data for the western European countries are from Eurostat. In the
case of missing data, we used growth rates from EUKLEMS or WORLD KLEMS or
data from National Statistical agencies to extrapolate the last available observation.
Data for Russia are from the GGDC (see Hamilton and de Vries 2025). This expan-
sion of the ETD is built around the national accounts from the OECD and Eurostat
to ensure comprehensiveness, consistency, and comparability across countries.

D. The Productivity Level Database

One important limitation of the ETD is that it does not include sectoral PPPs that
are needed to create comparable measures of sectoral productivity across countries.
For this, we turn to the 2023 edition of the Productivity Level Database—henceforth,
PLD 2023—also maintained by the GGDC. This dataset provides sectoral PPPs for
the same 12 sectors in the ETD for a sample of 84 countries in three benchmark
years: 2005, 2011, and 2017."3 PPPs are normalized such that PPPs for the United
States for each year and sector are equal to one. We emphasize that whereas the
WDI and ILO provide alternative sources for sectoral employment and value added
in domestic units, neither of them provides measures of sectoral PPPs.

All but three of the countries in our expanded ETD sample are contained in the
PLD 2023: Burkina Faso, Lesotho, and Mozambique. In what follows, we focus
on the 68 countries that appear in both and, with some abuse of terminology, refer
to this sample as the Expanded Economic Transformation Database (EETD). For
completeness, the list of countries of the EETD is in Supplemental Appendix A.1.

The EETD maintains the advantages of the ETD while considerably expanding
coverage. As of 2018, the EETD represented more than 85 percent of the world’s
population and more than 88 percent of the world’s GDP at current PPP in 2018
(calculated from PWT 10.01). It includes the 15 most populous and the 15 largest
economies.

!3The underlying data come from the International Comparison Program. See Inklaar, Marapin, and Griler
(2024) for a detailed description of this dataset and the underlying methodology. It is important to note that the
methodology for constructing these PPPs uses nominal sector value added data from the ETD as an input, thereby
linking the ETD and the PLD 2023.
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E. Extending Productivity Measures to Nonbenchmark Years

To construct time series for sectoral value added in PPP covering the entire
1990-2018 period, we follow a variant of the method used in the construction of
PWT data since version 8.0. Specifically, assuming a single benchmark year #; for
which we have sectoral PPPs, we extrapolate the sectoral PPP for sector i in country
Jj to year ¢ using the formula

Piji/Pijy,
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)
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where P, ;, is the price index for sector i in country j in period 7. Since PPPs for the
benchmark year are normalized relative to the United States, this procedure effec-
tively extrapolates using a measure of sectoral inflation relative to the United States.

If there are multiple benchmark years with PPPs, the results of this procedure
for a given year will potentially vary with the choice of a benchmark year. To deal
with this issue, we proceed as follows. For years prior to the earliest benchmark,
we extrapolate backward using data from the earliest benchmark year, and for years
subsequent to the latest benchmark, we extrapolate forward using data from the lat-
est benchmark year. For a yeart € [t1:12) that lies between two consecutive bench-
mark years, #; and t,, we use the geometric average of the PPPs extrapolated from
the two benchmark years to construct a smooth time series of PPPs:
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where w, = (t — 1) /(, — 1;).

We also use these data to construct measures of aggregate productivity. The
PLD 2023 is based on the PPP construction method developed in Inklaar and
Diewert (2016), and we follow their procedure to construct aggregate PPPs.
Specifically, we aggregate the sector PPPs for each of the three benchmark years
in 2005, 2011, and 2017, then extrapolate these PPPs the same way as we extrapo-
lated the sector PPPs and normalize them to the US level in each year. This method
ensures that the value added in current PPPs is equal to the current dollar prices for
the United States.

II. Results
In this section, we document properties of labor productivity across countries at

the aggregate and sectoral levels in order to assess the static and dynamic channels
noted in the introduction.

4Differently than the PWT, which uses the arithmetic average, we use the geometric formula following the
recommendation of Rao, Inklaar, and Rambaldi (2018), as it preserves transitivity of the PPPs.
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TABLE 1—CONVERGENCE REGRESSIONS
Aggregate Agriculture Manufacturing ~ Market services
Panel A. 68 countries in EETD, 1990-2018
5 —0.0076 —0.0036 —0.0015 —0.0059
p-value {0.0000} {0.0029} {0.6638} {0.0044}
Number of observations 1,904 1,904 1,904 1,904
Units PPP PPP PPP PPP
Time fixed effects Yes Yes Yes Yes
Country fixed effects No No No No
Manufacturing
EETD EETD UNIDO
) 2 3)

Panel B. 48 countries in EETD N UNIDO, 1995-2005
I} 0.0100 0.0087 —0.0178
p-value {0.0486} {0.0640} {0.0023}
Number of observations 480 480 480
Units PPP USD USD
Time fixed effects Yes Yes Yes
Country fixed effects No No No

A. Productivity Convergence: The Dynamic Channel

We begin with an analysis of the convergence properties of aggregate and sectoral
labor productivity.

We focus on -convergence—that is, the tendency for countries with lower ini-
tial levels of productivity to have higher productivity growth rates.'> The standard
approach for assessing S-convergence is to regress the change in log productivity on
the initial level of log productivity:'®

(3) Alog(LP;) = a + Blog(LP;_;) + D, + €,

where the D, are time fixed effects and LP;, is a PPP measure of labor productivity
(at either the sectoral or aggregate level) in country j and period 7. If /3 is negative,
there is a tendency for low-productivity countries to catch up to high-productivity
countries.

The results presented in Panel A of Table 1 indicate no evidence of uncondi-
tional convergence for manufacturing productivity and a statistically significant
though economically very modest degree of unconditional convergence for each
of aggregate, agricultural, and market services productivity. Our finding of statisti-
cally significant unconditional convergence at the aggregate level is consistent with
the findings of Patel, Sandefur, and Subramanian (2021) and Kremer, Willis, and
You (2022)."” The magnitude of this estimated effect is very modest: The point

15 An alternative is o-convergence, which refers to a tendency for cross-sectional dispersion to decrease over
time. Results for o-convergence are in Supplemental Appendix A.3.2.

16See Barro and Sala-i-Martin (2003) for a discussion of convergence regressions.

17 Sample and time period vary across these studies. Our point estimate is closer to that of Kremer, Willis, and
You (2022), but the key point is that all three imply a very modest degree of unconditional convergence.
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estimate of —0.0076 implies that a country at 0.1 of the frontier in 1990 will only
be at 0.156 of the frontier in 2018.'¥ The coefficients for agriculture and market
services are even smaller in absolute value.

The Supplemental Appendix reports two sensitivity exercises. First, we rerun
these regressions but leave out one of the following groups each time: Sub-Saharan
Africa; South and East Asia; Latin America; Middle East and North Africa. Second,
we examine how the results for the manufacturing sector are affected by using
WDI measures of manufacturing value added and ILO measures of manufacturing
employment. In all cases, we find no evidence of unconditional convergence for
manufacturing.

B. Productivity Gaps: The Static Channel

Several papers have documented that less developed economies have larger pro-
ductivity gaps in agriculture than in the aggregate.'” The implication is that reallo-
cating labor from agriculture to nonagriculture will reduce aggregate productivity
gaps. If productivity gaps vary within the nonagricultural sector, then this effect will
depend on how workers are allocated within the nonagricultural sector.

To explore this, we compare sectoral and aggregate productivity gaps for agri-
culture, manufacturing, and market services. Though previous research has docu-
mented the relationship between agricultural and aggregate productivity gaps using
FAO data, we include them here both for completeness and because the FAO data
stop in 1985.

Results for 1990 are shown in Figure 1. We highlight two messages. First,
focusing on less developed economies, productivity gaps in agriculture are larger
than aggregate productivity gaps, whereas gaps in both manufacturing and mar-
ket services are smaller than aggregate productivity gaps. Second, the relative gaps
in manufacturing and market services are essentially uncorrelated with aggregate
productivity gaps. Specifically, the correlation of the log of the manufacturing pro-
ductivity gap less the log of the market services productivity gap with the log of the
aggregate productivity gap is essentially zero, equal to —0.084.7°

C. Manufacturing Employment and Aggregate Productivity Growth

Rodrik (2013) argued that unconditional convergence in manufacturing did not
translate into convergence at the aggregate level because low-income countries
either had too little employment in manufacturing or failed to expand employment
in manufacturing. Although we find no evidence for unconditional convergence,

18 To obtain this number, evaluate equation (3) for a country at the productivity frontier, subtract it from equa-
tion (3), and take the exponential function to yield:

LPi 3 28 LP 146)%*
PP = P (1 + B)*log LPf,,’,m. = 01097 ~ 0.159.

9Restuccia, Yang, and Zhu (2008) and Caselli (2005) document this using FAO data.

20 Consistent with our earlier finding of unconditional convergence in market services but not in manufacturing,
this correlation increases over time, rising to 0.085 in 2005 and 0.398 in 2018. As of 2018, productivity gaps in
manufacturing exceed those in market services for less developed countries.
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FIGURE 1. SECTOR PrRODUCTIVITY GAPS IN 1990

it is possible that manufacturing employment is related to aggregate productivity
growth. We examine this possibility using the EETD data.

To focus on countries in the early stage of development, we study the 31 coun-
tries in the EETD with GDP per worker in 1990 less than 20 percent of the US level.
We previously noted that this sample displays substantial heterogeneity in aggregate
productivity growth. Importantly, it also displays substantial variation in the manu-
facturing employment share in 1990. Even excluding China, which is an outlier at
the high end with a value above 0.20, the manufacturing employment share in 1990
ranges from 0.02 to 0.15. There is also substantial variation in the change in the
manufacturing employment share, ranging from —0.05 to +0.10.

Considering changes over the entire 1990-2018 period, the correlation between
aggregate labor productivity growth and the 1990 manufacturing employment share
is —0.01, and the correlation between aggregate labor productivity growth and the



VOL. 8 NO. 3 HERRENDORF ET AL.: UNCONDITIONAL CONVERGENCE IN MANUFACTURING 313

change in the manufacturing employment share is —0.14. Neither is significantly
different from zero.

D. Summary

Three key messages emerge from our analysis. First, consistent with the existing
literature, there are large static productivity gains associated with moving labor out
of agriculture. Second, as of 1990, the magnitude of this static effect was not depen-
dent on whether workers were moved into manufacturing or market services, while
as of 2018, it is larger when moving workers into market services. Third, dynamic
gains are larger for market services than manufacturing.

III. The Roles of Productivity Measures, Country Sample, and Time Period

Our results for convergence in manufacturing productivity differ markedly from
those in Rodrik (2013). This section examines some potential sources of these dif-
ferences: the method used to make productivity comparisons across countries, and
the role of time period and country sample.

A. The Role of Productivity Measurement

Rodrik did not have access to PPPs for manufacturing. Faced with this constraint,
he used exchange rates to convert each country’s manufacturing value added per
worker in domestic currency into US dollars (USD), implicitly assuming that the
law of one price holds to good approximation for the global manufacturing sector.

The PLD 2023 allows us to compare PPP and USD measures of relative manu-
facturing productivity for the three benchmark years in the PLD 2023. Supplemental
Appendix A.3.3 documents statistically significant departures from the law of one
price in each of the three benchmark years. To assess the significance of this for
convergence properties, we construct manufacturing productivity for our sample of
68 countries over the 1990-2018 period using the same procedure as Rodrik and
repeat our analysis of 3-convergence. !

We find no evidence for economically meaningful unconditional convergence.
The point estimate on lagged productivity is —0.0053 with a p-value of 0.0420.>°
Although the point estimate is statistically significant at the 5 percent level, it is
small and very modest economically, implying that a country at 0.1 of the frontier in
1990 will only be at 0.137 of the frontier in 2018.%

We conclude that Rodrik’s assumption that the law of one price holds does bias
in favor of finding unconditional convergence, though this effect is not first order in
terms of understanding the differences between his results and ours.

2IRodrik’s procedure generates time series for productivity in current US dollars. Time fixed effects control for
inflation in the US price level.

22 A full set of results are contained in Table A9 in Supplemental Appendix A.3.3.

23 As noted earlier, Dieppe and Matsuoka (2025) estimated a convergence regression for the period 19952018
without having sectoral PPPs. They assumed that the law of one price holds and obtained a result similar to ours.
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B. The Role of Sample Properties

Rodrik’s analysis covered four ten-year periods starting in 1965 and ending
in 2005, and considered samples of countries that varied over time depending on
data availability in UNIDO. Because convergence properties can vary over time
and across samples of countries, differences in the sample of countries and time
frame could explain the different results. To investigate this, we use the fact that the
two studies overlap in terms of countries and time periods. This yields a sample of
48 countries for the time period 1995-2005. A list of the 48 countries is provided in
Supplemental Appendix A.1.

Results are reported in Panel B of Table 1.”* The UNIDO data generate a point
estimate that is both economically and statistically significant at the 5 percent level,
though it is a bit smaller than the estimates in Rodrik (2013). His estimates were in
the range of 2 to 3 percent per year, and his baseline specification produced an esti-
mate of 2.9 percent per year. In stark contrast, the EETD data produce a coefficient
with the opposite sign, indicating divergence rather than convergence, regardless of
whether PPP or USD values are used. We conclude that the different results regard-
ing unconditional convergence become even starker when we focus on a common
set of countries and time period.

Panels A and B of Figure 2 display the convergence results diagrammatically.
Convergence regression results are potentially affected by the measurement of both
initial productivity levels and productivity growth rates, both of which may differ
between the EETD and UNIDO. Panels C and D in Figure 2 show large differences
in each of these measures between the two datasets. Productivity growth rates are
only modestly correlated between the two datasets, with a correlation of 0.26. While
the correlation in initial productivity levels for the overall sample is much higher, at
0.82, the correlation is much weaker in the lower part of the distribution. In particu-
lar, if we focus on the 22 countries with manufacturing productivity less than 20 per-
cent of the US level in 1995 (log manufacturing PPP productivity below 9.534), the
correlation between the two measures is only 0.34.

When we run the convergence regression using UNIDO data and substituting
EETD measures for initial productivity levels or productivity growth, the estimate
of 3 loses statistical significance.?

IV. Differences in Coverage

Whereas the GGDC seeks to provide a comprehensive measure of value added
and employment that takes into account the importance of self-employment and
informal enterprises in poor countries, the UNIDO data are based on surveys that
restrict coverage based on firm size thresholds and whether firms are officially reg-
istered. In this subsection, we study the role of differences in coverage.

24When using the EETD data, we calculate manufacturing labor productivity using both PPPs and Rodrik’s
method that relies on the law of one price. The results are essentially the same across these two specifications.

25When using EETD values for the initial level, the regression coefficient is —0.0058 with a p-value of 0.2537,
and when we use EETD values for productivity growth, the regression coefficient is 0.0088 with a p-value of
0.1615. In both cases, we converted the EETD values into USD.
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FIGURE 2. MANUFACTURING CONVERGENCE IN EETD AND UNIDO (48 CounTrIES IN EETD N UNIDO, 1995-2005)

A. Differences in Average Coverage across Countries

The survey coverage of advanced economies tends to be very complete in the
UNIDO data. To best focus on the set of poorer countries that are of greatest interest,
we restrict attention to the overlapping sample of 30 countries in both UNIDO and
the ETD for the period 1990-2018.7¢

For each year and country, we calculate the ratio of manufacturing employment
in the UNIDO data to manufacturing employment in the GGDC data and refer to
this ratio as coverage ratio.

More than 40 percent of the countries in this sample have average coverage ratios
less than 50 percent, and three-quarters of them have coverage less than 75 percent.
Variation in coverage is large even for countries at similar levels of development.

26Some countries in the UNIDO dataset have missing observations for some years in the period 1990-2018. We
include countries as long as they contain data for the majority of years and have observations at both the beginning
and the end of the sample. We impute missing observations using linear interpolation.
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FIGURE 3. MANUFACTURING EMPLOYMENT COVERAGE RaTios UNIDO/ETD

This raises the potential issue that selection of firms into the UNIDO surveys varies
across countries, making cross-country comparisons unreliable.

B. Changes in Coverage over Time within Countries

Many countries experience significant changes in the coverage ratio over time.
Figure 3, panel A shows a scatterplot of values in 1990 versus 2018. Although the
points tend to follow the 45-degree line (the correlation is 0.52), there are large
deviations, both up and down, for individual countries. To the extent that informal
activity tends to decrease with development, one might have expected that most
points in the figure would lie above the 45-degree line. From this perspective, the
points below the 45-degree line are of potential concern.
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This concern is validated when we examine the relationship between changes
in coverage and productivity growth as measured in the UNIDO data. Figure 3,
panel B shows a systematic negative relationship between productivity growth in
UNIDO and the change in our coverage ratio.”’

The pattern in Figure 3, panel B is consistent with two different mechanisms.
One is that changes in coverage ratios are associated with changes in the use of
informal workers in formal firms, a feature that we noted in the introduction.
Decreasing (increasing) the share of informal workers leads to higher (lower) mea-
sured employment and lower (higher) productivity. Another possibility is that lower
coverage reflects greater selection effects, with smaller and less productive firms
being excluded. In both cases, productivity comparisons are not reliable.

To examine the possibility that the convergence results in Rodrik (2013) might
reflect inconsistent measurement due to changes in coverage, we repeat our earlier
regression analysis using UNIDO data for our overlapping sample of 48 countries
over the 1995-2005 period, but eliminating those countries that had decreases in
their coverage rate that exceed some threshold. When this threshold is set to exclude
all countries with a decline in their coverage ratio of at least 9 percentage points,
the coefficient on lagged productivity loses statistical significance. This suggests
that the evidence for unconditional convergence may well be spurious, driven by
inconsistent data measurement.

C. Coverage and Informality

The ILO produces independent estimates of the informality rate in-the manufac-
turing sector that are available in various years for several countries.”® Panel C of
Figure 3 shows a scatterplot of the coverage ratio defined earlier versus the ILO for-
mality rate (i.e., 1—the informality rate) for the sample of 15 countries that appear
in each of the EETD, UNIDO, and ILO datasets, with 161 individual country-year
observations.*”

Two messages emerge. First, with the exception of Peru and Sri Lanka, which we
discuss in more detail below, there is a strong positive correlation between the ILO
measure of formality and our coverage ratio. Second, the ILO formality measure
tends to be higher than our coverage ratio. This is consistent with the UNIDO data
not capturing all formal employment, possibly because some formal employment
occurs at firms below the threshold used by the survey.

As mentioned above, the figure also indicates that Peru and Sri Lanka display
extremely large and variable gaps between our coverage ratio and the formality
measure from the ILO. These movements are driven by large and variable changes
in UNIDO employment, suggesting that UNIDO measures may not be consistent
over time within countries.’"

27Nepal does not appear in this figure. It experienced a decrease in its coverage ratio of roughly 75 percentage
points. Including it would require a scale that would obscure the overall pattern in the data. We also note that Nepal
has a coverage ratio that exceeds one in 1990.

28 These data are available at https://ilostat.ilo.org/topics/informality/.

29The countries are Bangladesh, Brazil, Chile, Colombia, Costa Rica, Ecuador, Egypt, Indonesia, India, Sri
Lanka, Mexico, Mauritius, Nepal, Peru, South Africa, Thailand, and Turkey.

391n Supplemental Appendix A2, we show that a comparison of the level of employment in UNIDO with the
level of formal employment in the ILO data supports the same messages. This same message emerges when we
study the relationship between changes in our coverage ratio and changes in the ILO formality rate.
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V. Conclusion

The early stages of development are associated with a large reallocation of labor
out of the agricultural sector. Does it matter how this labor is allocated between
manufacturing and services? Kaldor (1967) argued that it was important that this
labor move into manufacturing rather than services. Rodrik (2013) offered evidence
to support this conclusion: He found that manufacturing displays unconditional con-
vergence, implying that a high employment share in manufacturing promotes over-
all productivity convergence.

Using recently released data from the GGDC, we build a new dataset of compara-
ble labor productivity levels in manufacturing and market services for 68 countries
during 1990-2018, including many less developed countries. We use this dataset to
revisit the static and dynamic productivity gains associated with allocating agricul-
tural labor to manufacturing rather than services. We find no evidence for uncon-
ditional convergence in manufacturing and modest unconditional convergence in
market services. In 1990, the static gains were similar for the two sectors, but as of
2018 are now larger for market services.

An interesting direction for future work is to use the newly available data on sec-
toral productivity to study aggregate productivity convergence from the perspective
of structural change. Inklaar and Marapin (2025) take a step in this direction.

Another important direction for future research is to study how the joint distri-
bution of employment and productivity across establishments varies with develop-
ment. We note two recent papers of interest. Bento and Restuccia (2017) build a
structural model to understand how misallocation affects both the firm size distri-
bution and productivity. And Diao, Ellis, McMillan, and Rodrik (2025) document
properties of the joint distribution of firm size and productivity in manufacturing in
Ethiopia and Tanzania. The fact that many formal firms hire informal workers poses
important challenges for this sort of work.
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