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Abstract

Is an industrial revolution necessary for sustained long-run growth?
This paper builds a unified growth model of the development process fea-
turing structural change and endogenous fertility in order to explore the
implications of bypassing manufacturing in today’s developing countries.
The model is able to replicate several stylized facts including: (i) fertility
is higher (lower) in countries which have a larger (smaller) services share
of non-farm labor, (ii) countries with lower manufacturing employment
shares have lower levels of education and (iii) countries with higher peak
employment shares in manufacturing grow faster even after their transi-
tion to services. Through the lens of the model, 33% of current GDP per
capita gaps are explained by countries having lower peak manufacturing
employment shares. Cross-country income inequality is projected to in-
crease over time as countries which bypass industrialization land on bal-
anced growth paths with lower productivity growth.
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1 Introduction

Developing countries today have more workers in services and fewer in man-
ufacturing than advanced economies did at similar income levels—a shift of-
ten labeled "premature deindustrialization" (Rodrik, 2016). Although this fact
has been known for almost a decade, we still have scarce evidence on (i) what
causes countries to move out of industrial activities toward services and (ii)
what are the implications of bypassing a manufacturing boom on long-term
development. The latter point is especially salient given that very few ad-
vanced economies have achieved sustained growth without experiencing an
industrialization boom at some point in their history (Kuznets, 1973; Chang,
2003; Murphy et al., 1989). In this paper, I build a unified growth model which
captures the transition from stagnation to growth with a key role played by the
manufacturing sector. Calibrating the model to the US economy over the past
200 years and simulating a transition from stagnation to growth with different
peak employment shares in manufacturing reveals that both current levels of
GDP per capita and growth rates are proportional to the peak employment share
in manufacturing. The results are not only consistent with the cross country
evidence, but also quantitatively significant: reducing the peak employment
share of manufacturing by 50% reduces current GDP per capita by 10% and
the growth rate of GDP per capita by 6.5%. The mechanism generating this re-
sult is straightforward: productivity growth in the services sector is bounded
due to physical and technological constraints (Baumol, 1967; Vollrath, 2020).
Hence, a transition out of agriculture which bypasses the manufacturing sec-
tor not only mechanically lowers the aggregate growth rate, by allocating more
resources to the least productive sector, but also lowers the return to invest-
ments in education, which further lowers the productivity growth rate of all
sectors. Integrating structural transformation to the benchmark unified growth
model of Galor and Weil (2000) adds several testable predictions which can be
used to discipline the model’s parameters, including the relationship between
structural change within the non-agricultural sector (movement of labor from
manufacturing to services and vice-versa) and total fertility rates. Using both
microdata and cross-country aggregates, I show that fertility rates and struc-
tural change are related in a way which, to the best of my knowledge, has



not been previously documented in the literature. More specifically, countries
with higher shares of manufacturing employment within the non-farm sector
have lower fertility rates, a relationship which holds at all levels of develop-
ment and within almost all countries in the IPUMS microdata when comparing
women in different sectors and controlling for a wide array of demographic
characteristics. The model is able to rationalize this given that a lower aggre-
gate growth rate relaxes the quantity-quality tradeoff by lowering the value of
educational investment, a feature present in most models of endogenous fer-
tility and growth since Becker et al. (1990).! Further counterfactual exercises
will explore the dynamic effects of international trade, which is a known fac-
tor influencing the premature exit from manufacturing activities in emerging
economies (Sposi et al., 2021), but also an increase in the productivity of estab-
lishments within manufacturing (Melitz, 2003).

To investigate the drivers of premature de-industrialization, I construct regional
trade shocks using IPUMS microdata from 31 high-, middle-, and low-income
countries, following the approach of Autor et al. (2013). This allows me to ex-
amine how rising international trade exposure influences the sectoral compo-
sition of employment across a broad range of national income levels. In a fu-
ture version of the paper, I will integrate these reduced form results in a model
with trade and firm heterogeneity, in the form of distortions and productivity
investment, which can be used to explore the impact of industrial and trade pol-
icy to understand whether countries should (i) reduce trade exposure to foster
the manufacturing sector, (ii) increase trade exposure to make the manufactur-
ing sector more productive and less distorted or (iii) pursue a combination of
both objectives through targeted industrial policy and increasing trade open-
ness. These counterfactual results are not yet available in this version of the
paper. Appendix B however documents a pervasive negative effect of increas-
ing trade exposure on the manufacturing employment share, across all low and

1. The assumption that returns to human capital are positively affected by the economy’s
growth rate has been widespread in the literature modeling endogenous fertility (see for in-
stance Tamura, 1996; Galor and Weil, 2000; Galor and Moav, 2002; Hansen and Prescott, 2002;
Doepke, 2004; Strulik and Weisdorf, 2008; Cervellati and Sunde, 2015). This assumption reflects
the well-known fact that aggregate productivity growth has an erosion effect on human capital,
raising the return to educational investment (Nunn, 2014).



middle income countries, and a positive effect on the employment shares of low-
skill services in reduced form regressions of the type run by Autor et al. (2013)
for the United States.

This paper contributes to several strands of literature on structural change, the
demographic transition and unified growth. Economists have long been in-
terested in the movement of labor out of the agricultural sector, dating back
to the seminal contributions of Kuznets (1966, 1973), Lewis (1954), and Rostow
(1959). This literature saw a revival with formal models linking structural trans-
formation and growth (e.g. Matsuyama, 1992b; Kongsamut et al., 2001; Ngai
and Pissarides, 2007), which sought to reconcile sectoral changes with balanced
growth. Theoretical work in this literature formalized the well known conjec-
ture that structural change and balanced growth are fundamentally incompat-
ible - unless output is deflated using a fixed quantity price index -(Boppart,
2014). This occurs because sectors have different rates of productivity growth
due to exogenous forces and as the economy moves toward services — where
productivity growth is the lowest — aggregate growth goes down, a dynamic
known as Baumol’s cost disease Baumol (1967). This paper explores to what
extent the "premature” move into the service sector, first highlighted by Rodrik
(2016), constrains future growth opportunities. A growing body of research
seeks to explain the causes, rather than the consequences, of the "premature de-
industrialization" phenomenon. Matsuyama (1992a) and Galor and Mountford
(2006, 2008) were among the first to argue that international trade could delay
industrialization in countries with high relative agricultural productivity. More
recently Sposi et al. (2021) shows that trade exposure accounts not only for the
lower peak of manufacturing employment observed in many developing coun-
tries, but also the increasing variance of manufacturing employment shares
as comparative advantage fosters industrial growth in some countries and re-
trenchment in others. Huneeus and Rogerson (2024) offer a complementary ex-
planation for the differential peak employment shares of manufacturing rooted
in differing productivity growth rates of the service sector across countries. On
the issue of whether bypassing manufacturing can constrain growth, and hence
affect welfare, Fan et al. (2023); Herrendorf et al. (2022) and Juhasz et al. (2023)



offer tentatively reassuring answers indicating that services lead growth is pos-
sible (albeit potentially slower), however formal models that study this question
remain limited. Other papers which explore demography and industrialization
include reduced form exercises by Ager et al. (2020) and Wanamaker (2012),
which study the role of industrial expansion in triggering the fertility reduction
in quasi-experimental settings in the post-bellum US South. More theoretical
contributions include the work of Doepke (2004), Bar and Leukhina (2010) and,
more recently, Cheung (2023) who build models of endogenous fertility (but ex-
ogenous growth) to investigate the determinants of the demographic transition.

The rest of this paper is structured as follows: Section 2 presents cross-country
evidence relating manufacturing booms and income gaps, the differences in
structural change patterns between late and early starters and the relationship
between structural change and fertility. Section 3 presents the baseline model
environment. Section 4 presents the calibration strategy. Section 5 brings the
model to the data with counterfactual exercises on the US economy and in a
cross-country setting. Section 6 concludes.

2 Stylized Facts

This section presents three stylized facts concerning structural change and the
demographic transition. Data on sectoral employment shares in developing
countries is from Gapminder,> whereas the corresponding historical values for
the US are from the 19th century censuses compiled and cleaned by Haines
(2001) and the Federal Reserve Economic Data for the post 1940 period.3 Data
on GDP per capita is from the 2023 release of the Maddison Project Database.
Using this data, I document the following stylized facts.

FACT 1: Countries with higher peak employment shares in manufacturing over 1960-
2018 are richer in 2018 and have larger GDP per capita growth rates.

2. Gapminder harmonizes and the corresponding ILO data.

3. I complement the Gapminder data with the Groningen Growth and Development Center’s
10-sector data on employment to capture peak employment shares for advanced economies
which occurred prior to 1990, which is the first year in the Gapminder data.
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Figure 1: Scatterplot of 2018 GDP p.c. against peak employment share in manufacturing (left)
and 10 year average growth rates over 1800-2010 for above and below median peak manufac-
turing countries (right). Data Sources: Groningen Growth and Development Center, 10-Sector
Database, Economic Transformation Database, and Maddison Project 2023 release.

In Panel (a) of Figure 1, I show 2018 levels of GDP per capita across the 171
countries in my sample against their peak level of employment in the manu-
facturing sector as a percentage of total employment. The positive relationship
between these two variables is robust to adding several controls including re-
gional fixed effects, the employment share of the service sector in 2018, income
decile fixed effects and time in years since the peak. In Panel (b) of Figure 1,
I show the 10 year average growth rate of GDP per capita in countries which
have above and below median values of the peak manufacturing employment
share. This figure shows that, not only are countries which have had larger in-
dustrial sectors in the past richer, but also growing faster. This challenges the
view that GDP per capita will converge across countries in future years.

FACT 2: Countries with higher shares of manufacturing (services) employment over
1990-2018 in the non-farm sector have lower (higher) total fertility rates. Using IPUMS
microdata this relationship is shown to be driven by differential fertility rates within
countries: women working in the manufacturing sector have lower fertility rates than
those in the — low productivity — services sector.

Figures 2 shows that there is a strong relationship between the direction of the
structural change process and the pace of a country along the demographic
transition. Previous literature has documented how exit from the agricultural
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Figure 2: Panel (a) shows a scatterplot of total fertility rates (TFR) against the share of manu-
facturing. Panel (b) shows the residual fertility rate in multi-country repeated cross-sections
after controlling for country-year-age, country-year-education, country-year-urban, country-
year-urban and country-year-employment fixed effects.

sector is associated with lower fertility due to a decrease in the value of child
labor, an increase in the returns to education, and the opportunity cost of par-
ents’ time (Ager et al., 2020). However, there is little work on the heterogeneity
in fertility patterns within the non-farm sector. Heterogeneity within the non-
agricultural sector is a strong predictor of a country’s fertility rates as countries
where the non-farm sector is primarily service based tend to have higher fer-
tility rates. These relationships are statistically significant at the 5% level in
the cross-sectional averages over 1990-2018, as well as in panel data regressions
with country and year fixed effects as shown in Table 2 in Appendix B.

FACT 3 (Quantity-Quality): Countries with higher levels of human capital have, on
average, higher peak-manufacturing employment shares and lower levels of fertility.

Figure 3 sheds some light on the relationship between structural change and fer-
tility documented in Figure 2. In particular, Figure 3 suggests that the negative
relationship between the manufacturing share of non-farm labor and fertility
rates may in part be driven by a higher share of workers engaged in the man-
ufacturing sector raising the return to educational investment. Human capital
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Figure 3: Scatterplot of average total fertility rates (TFR) against the average human capital
quality index (right) and peak employment share in manufacturing against average human
capital quality (left). Sample includes 65 countries from the Barro and Lee (2013) dataset over
the period 1990-2018.

quality* correlates positively with the size of the manufacturing sector at its
peak, Panel (a), and negatively with average fertility rates, Panel (b). This will
play a key role in the model, as educational investment will provide a mecha-
nism linking industrialization with demographic change. This also allows in-
dustrialization, through persistent educational investment, to affect the produc-
tivity growth of other sectors, thereby helping the model replicate the pattern
in Panel (b) of Figure 1 where we see that countries with high manufacturing
peaks have persistently higher productivity growth rates, even as they enter a
de-industrialization phase.

FACT 4 (Premature De-industrialization, Rodrik (2016)): Developing countries over
1990-2018 have lower shares of manufacturing employment compared to the US at
similar levels of GDP per capita.

Panel (a) of Figure 4 compares the evolution of sectoral employment shares in
the developing countries covered by the GGDC to those of the US at the turn
of the century, starting in 1900 when it had a similar level of the manufacturing
employment share as that in developing countries in 1990. This exercise shows
two striking patterns. Firstly, the transition out of agricultural labor is much

4. Human capital quality is taken from Barro and Lee (2013) and reflects a combination of test
scores and other factors. One would obtain the same using years of schooling.
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Figure 4: Scatter plot of manufacturing employment shares over development by decade (right)
and time series plot of the average of the three employment shares weighted by population
compared to the corresponding values for the US one century before (dashed lines) in 45 low
and middle income countries (left). Source: GGDC Economic Transformation Database and US
Censuses of Population 1880-1930 and FRED.

faster in today’s developing countries than it was for the US: over a thirty year
period when the US agricultural share declined by 18pp, the agricultural share
in developing countries declined by almost 30pp. Secondly, Figure 4 shows
that virtually all labor exiting agriculture over 1990-2018 in developing coun-
tries has been absorbed by the service sector, contrary to the experience of the
US where the growth of the service sector follows a manufacturing boom. Panel
(b) of Figure 4 plots this relationship over levels of GDP per capita instead of
time. Virtually all countries in the period between 2010 and 2020 had lower lev-
els of manufacturing employment shares when compared to the US at a similar
level of development.® We can also see that this relationship is relatively recent,
in the period spanning 1990-2000 developing countries had, on average, simi-
lar levels of manufacturing employment shares, albeit higher services employ-
ment shares. This was first noted by Rodrik (2016) and has not showed signs
of abating.® Given the timing of this de-industrialization coinciding with some

5. A minor caveat here is that there is no data from when the US was at a level of GDP below
8000%.

6. Kruse et al. (2022) show that manufacturing has increased in its importance in a small
number of countries in the past decade, although the extent of this is limited as we can see in
Figure 4.



of the largest trade liberalization phases, many have speculated that compara-
tive advantage in non-treadeable sectors along with a reduction in trade barri-
ers has been in part responsible for these patterns. This view finds support in
the work of Sposi et al. (2021) who showed that international trade through an
import competition mechanism is an important driver of the downward trend
in the manufacturing employment share’s relationship with GDP per capita.
In Section B.3 I estimate the effect of increasing trade exposure on the sectoral
employment shares finding that trade shocks have not only lowered manufac-
turing shares of employment, but also raised those of non-tradeable low-skill
services.

3 Model

This section presents a general equilibrium model of structural change and the
demographic transition. The baseline structure borrows from Galor and Weil
(2000) and Lagerlof (2006) to which I add sectoral and firm heterogeneity, corre-
lated distortions and endogenous productivity investment. Necessary features
of the model which we will require to study the role of manufacturing in the de-
velopment process in a way which is consistent with Section 2 are: (i) multiple
sectors, (ii) endogenous fertility choices, (iii) endogenous technological change,
(iv) the ability to generate a "takeoff" from stagnation to growth as in other mod-
els which study long-run development outcomes (e.g. Galor and Weil, 2000;
Cervellati and Sunde, 2015; Parente and Prescott, 2002) and (v) a source of fric-

tions in the manufacturing sector.”

While this may seem like a very exigent
set of modeling features, the model presented below remains highly tractable,
with many of its mechanisms being summarized in closed form relationships

between key variables.

7. Condition (v) is necessary to account for the well known fact that the manufacturing sec-
tor is more or less distorted in different countries/time-periods Alfaro et al. (2023), therefore
complicating the study of industrial policy in promoting cross-country convergence.
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3.1 Households

Time is discrete and indexed by t. The world is populated by overlapping gen-
erations of identical households who live for two periods. Following Galor and
Weil (2000), individuals receive education when young and, in adulthood, make
decisions about fertility, consumption, labor supply, and their children’s educa-
tion. Preferences are defined over a composite consumption good C; and the
effective number of children is n:h;1 1, where h;1 1 denotes the human capital of
each child. The household maximizes:

max (1 =) In(C¢) + yIn(nehiiq) (1)

Cat,Cmt,Cst,Mt,€t

subject to the following constraints:

C>c¢
PatCat + Cmt + Psicst < (1 —ng(er + 7)) wy,
e+ pT
hiy1= ——F—r,
et +oT + gt
oc—1
C.\ T
1= ) wl.l/a (C—g>
ie{a,m,s} t

where py;; is normalized to 1 and ¢ represents a minimum consumption floor.
Parameters satisfy v, 7,p € (0,1), and ¢ € (0,1), sectors are gross comple-
ments. By assuming households give the same level of education to all their
children, a tradeoff between quantity and quality is generated in the spirit of
Becker et al. (1990). Households who have many children face steep education
costs as education takes time away from labor market supply and lowers ef-
fective income. The functional form of human capital accumulation is taken
from Lagerlof (2006) and satisfies the assumptions in Galor and Weil (2000),
namely oh/de > 0, 0h/dg < 0 and dh/dedg > 0. These assumptions ensure
that technological growth has an erosion effect on current human capital by

11



rendering existing knowledge obsolete, which raises the returns to educational
investment. On the household side, the model differs from previous literature
by adding non-homothetic preferences in the spirit of Comin et al. (2021). This
preference structure is implicitly additive with constant price elasticity of sub-
stitution across goods, governed by ¢, but different income elasticity of demand
across goods. The parameter ¢; effectively generates an aggregate income vary-
ing weight, following the literature I assume that e,<e;,<e;, that is agriculture
has a lower income elasticity of demand than manufacturing and services.

3.2 Production

The economy consists of three sectors:® agriculture a, manufacturing m, and
services s. To bring the model closer to policy, the manufacturing sector fea-
tures heterogeneous firms with correlated distortions generating resource mis-
allocation. Agriculture and services, on the other hand, operate in a frictionless
world where their output can be generated using the following representative
tirm setup with CRS technology:

1%
Yie = K (L) (XA)' ™), wv e (0,1) @

where X is a fixed supply of land and Aj; is the sector-specific level of technol-
ogy, K is capital and L is labor. To abstract from capital accumulation, I assume
a fixed world interest rate which determines the level of capital as a function of
technology and other inputs to the production function, which implies that the
effective production function is DRS in labor:

1 1—v
. 1—v\v _ 1—-v\ v _
K =( - > (L))" (XA = Y = ( - ) (heLig)" (X Ay) ™"
O

14

8. Potentially this could be extended to distinguish between high and low productivity ser-
vices.
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As there is a single labor market with homogeneous workers, in equilibrium we
will have that the FOC for labor will equalize across the sectors yielding:

Pa Ag/Ls 1
n=(ar) ©

Relative prices are pinned down by technology, with the only difference being
that here they will also depend on the sectoral employment shares due to the
fact that X is in fixed supply. Aside from this variation, necessary to generate
the Malthusian relation between wages and population, the agriculture and ser-
vices sectors of the economy are relatively standard and align very closely with
benchmark models of structural transformation (e.g. Herrendorf et al., 2014).
The manufacturing sector on the other hand, features heterogeneous firms with
tirm level distortions in the spirit of Hsieh and Klenow (2009), generating mis-
allocation of productive resources in the economy. Each firm i in the manufac-
turing sector produces output according to:

Vi(zi 1) = zi(hel;) P (A X) 92

where z; € {20, - Zhigh} is a discrete firm-specific productivity level, h; is the
labor-augmenting human capital common across sectors, A, ¢ is the manufacturing-
specific technology, and X is the fixed supply of land and the manufacturing
goods price p;, is normalized to one. Firms face idiosyncratic distortions 7; that

act as wedges on labor costs, such that they pay (1 + T;)w/; to hire [; units of la-
bor at the equilibrium wage w;. Manufacturing firms make two decisions: each
period firms chooses labor to maximize profits:

(z;) = max zi(heli) P (A X) P — (14 1)wil;

1
and between periods firms can pay a fixed investment cost in order to increase
the possibility of raising their TFP. The timing is such that these decisions are
taken sequentially. In the absence of productivity enhancing investment, each

13



period TFP can go up - increase one step on the ladder - with probability p and
down with probability 1 — p, whereas if the firm pays a fixed investment cost
x this probability goes up to p; > p. The value function of the manufacturing
tirm is therefore:

V() = max {7(z) — KT + BB 1[V ()]} 4)

where Z € {0, 1} is the binary innovation decision, « is the fixed cost of innova-
tion, and 71(z) denotes current-period profits as a function of firm productivity
z. The law of motion for productivity follows a discrete Markov process:

Pr(z' =z |z=12,7 =0) =Py,

Pr(z =zj|z=2,71=1) = Pl-i]mlov
where P and P"™" are the transition matrices for firms that, respectively, do not
and do innovate, and PI"™V governs the transitions when firms pay the innova-
tion cost. These matrices feature zero entries whenever abs(i — j) > 1, i.e. a firm
can only move up one step or down one step each period. Innovation increases
the probability of moving to a higher productivity level. The innovation deci-
sion is added to the model to endogenize the growth of aggregate productivity
in manufacturing A, as will become clear in Section 3.3. Within a period, the
tirst-order condition for labor yields:

1
4)1Zih(fpl (A X)P2\ 10
(1+7)w;

li(z,w,T) = (

Letting ®; and ¥; denote distortion-weighted productivity aggregates:

= AN 171"’ 1714)1 1 — a 1f}P 1J¢1 :
o= [(1+T1 1z, 'di, Y;= [(1+T 1z. "V di
1 1

Aggregate labor demand in manufacturing is:

14
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W (A X) 92\ T0
Lm,t:(qbl F (A 3) ) o
t

Aggregate manufacturing output is:

o S WSS T S
Yot = Ay X0 L 9 0,

Output in manufacturing is shaped not only by fundamentals but also by the ex-
tent of misallocation, summarized by the term ¥;®, ?'_ In a frictionless bench-
mark where distortions 7; vanish, this term collapses to a one, and all firms
operate at the same marginal return to labor. With as long as some firms face
positive wedges however, the manufacturing output will be less than its full
potential by a factor of ¥;®, " e (0,1). For analytical tractability we param-
eterize the output elasticities ¢; and ¢, such that manufacturing output scales
with (A, X)!7%. This requires setting:

= (1-0a), ¢1=a

Under this condition, relative prices across sectors can be derived by equalizing
marginal products of labor across sectors, yielding expressions that depend on
sectoral employment shares, technology, and the misallocation term. Following
these steps, relative prices of agriculture and services are:

A,
A 1—a S a—1
ec(®) " (2)

where:



is a market level constant. Dividing p, by ps yields an expression consistent
with (3).

3.3 Population and Technology Dynamics

Each period, population evolves according to fertility decisions:

Lt+1 = TltLt. (6)

Technological progress in each sector is endogenous and depends on the size of
the population up to a sector specific threshold a;:

Ajrr1 = (14 (et +p7)ajt) Ay, where a;; = min{6L;,a;}. (7)

Technological progress is exogenously lower in the service sector, with a; < 4,
and manufacturing productivity growth reaches its full potential only when all
tirms are investing in innovation, that is, there is an externality whereby firm
innovation not only raises individual TFP but also the growth rate of aggregate
productivity A,:

A = A0 Y (2)Z(2)

Where Z(z) is the innovation policy, y is the stationary distribution over z and
as < arvr < a,.

3.4 Equilibrium

A competitive equilibrium in period t consists of household decisions {c;;, 114, e: },
firm decisions {Lj, i, kit, Z(z) }, prices {w;, pmt, pst }, technologies {A;;} and a

16



distribution of firms over productivity levels ji(z); such that, given prices, the
innovation cost x and a distortion schedule 7(z):

¢ Labor market clears:

L= Y Li Lu=Y 1(z,w1(z))u(z)

ie{am,s}

¢ Goods markets clear:

Yt =cy, forallie {a,m,s}.Yy = Zy(z)y(z)
Z

* Households optimize: The household solves 1.

e Aggregate Distribution:

po=p- (1= T)P+ TP
As in Buera et al. (2020) the economy approaches a BGP when s; — 1.

3.5 Characterization

As in standard structural change models (Herrendorf et al., 2014), wages equal-
ize across the sectors since a competitive labor market implies firms face an
infinite labor supply elasticity. The capital labor ratios also will equalize and
take the following form:

wy 1—v
7 v

ki
Z 7 (8)

Following Lagerlof (2006) and Galor and Weil (2000) we can derive closed form
expressions for the optimal fertility and education choices. DefineZ = ¢/(1 — 1)
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as the income level which allows the household to cover its subsistence require-
ment by allocating its preferred time share <y to child rearing. The optimal fer-
tility decision is then:

v, if Wt Z Z,
n(T+e) =41-=L, ifw € (52), )
0, if wt <Zc.

If income is sufficiently low, the subsistence constraint is binding and the house-
hold can only afford to dedicate 1 — w% of its time to child rearing, the time it
has left over after earning enough to consume ¢. The optimality condition for
education is slightly more involved, however, we can show that:

Proposition 1. The household education choice satisfies:

e* =max{0,1/g:(1—p)T —p1} (10)
Proof. See Appendix A O

The optimal condition for e shows that education investment is a positive func-
tion of the aggregate growth rate in this model. There are several reasons why
this is a reasonable prediction, one of which is that technological change is often
found to erode the stock of human capital, thereby raising the return to educa-
tion (Nunn, 2014).

Using the Marshallian demand system from 1, the dynamics of population and
technology 6, 7, the decisionf for education and fertility 10, 9 and the pricing
equations 5 we have a system of 11 equations for 11 endogenous variables,
{cit, pit, er, e, Aip41, Lis1, hea }ie{a,m,s} which we can solve each period and sim-
ulate forward starting from arbitrary initial values. The model generates the fol-
lowing qualitative patterns: (1) an initial Malthusian pseudo-steady state where
income per capita and population are fluctuating, (2) a post-Malthusian phase
where income per capita and population are growing, (3) a sustained growth
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Figure 5: Model simulation starting from an arbitrary set of initial parameters.

regime where fertility declines and income per catita grows at a quasi constant
rate and (4) a growth slowdown as the economy transitions to the lowest pro-
ductivity sector (services) with a corresponding rise in fertility. Unlike other
unified growth models where development is "inevitable", i.e. given sufficient
amount of time the economy reaches a balanced growth path with sustained
income per capita growth (Cervellati and Sunde, 2015; Galor and Weil, 2000),
in this model the heterogeneity in sector growth rates introduces an additional
layer of complexity which makes development a non-trivial outcome of this
process. In particular, whether the economy successfully exits the Malthusian
trap will be substantially affected by its structural change process. More specif-
ically:

Proposition 2 (Escape from Stagnation and the Onset of Development). The nec-
essary and sufficient condition to achieve sustained growth in income per capita is that:

2

6* >0 <— gt > 1|0_Tp a]here gt = Zsitgit (11)

Proof. See Appendix A O

In order to escape the Malthusian trap positive investment in education is neces-
sary, which only occurs when the growth rate of the economy crosses a well de-
fined threshold. As the technological constraints on growth are different across
sectors, reflected in the assumption that 2, > a,, > 4, the potential growth
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rate of service sector productivity is lower than that of manufacturing and agri-
culture (e.g. Vollrath, 2020; Moro et al., 2017), whether the economy is able to
takeoff at all is dependent on its structural change process. A service-bias of
the structural change process implies a lower probability of takeoff, as it re-
quires stronger parameter restrictions, in particular a small time cost per child
and a small baseline human capital level. Moreover, larger, and more produc-
tivity correlated, distortions will also lower 4, making the manufacturing sec-
tor endogenously less productive. Hence, as whether the economy ultimately
achieves a takeoff into sustained growth depends on the growth of economy
wide aggregate productivity, calculated as in 2, correlated distortions can delay
the timing of the economy’s takeoff into sustained growth as it reaches its peak
growth frontier 4;;** only when all firms are innovating. This will eventually
occur as long as the investment cost remains fixed as aggregate productivity
Ap is growing over time, albeit at a lower rate if at least some firms are not in-
novating. For the purpose of this exercise, consider a distortion schedule which
is a simple linear mapping between distortions T and z with upper and lower
bounds T, meaning that the lowest productivity firm z;,,, receives a subsidy of
T whereas the highest productivity firm zj;.;, pays a tax of 7. We can see this in
Figure 6.

This distortion schedule achieves the intended goal of making innovation less
appealing, as increasing z entails a higher distortion, while preserving tractabil-
ity. We can now plot along the transition path the evolution of misallocation
and innovation rates for different distortion schedules 7(z), which will help
gain intuition over how correlated distortions can affect the takeoff into sus-
tained growth.

Figure 7 shows that as the economy transitions to sustained growth, the mis-
allocation gap ¥;®, # goes down, owing to the fact that a growing aggregate
productivity makes investment an attractive prospect even with correlated dis-
tortions. This implies that, as the firm innovation rate goes up, the productivity
distribution becomes more concentrated at higher levels of z lowering aggre-
gate labor misallocation.
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Linear Distortion Schedule by Productivity

0.20 - = T(2): Distortion schedule
........ +f (TaX)
0.154 = —T (Subsidy)

Distortion (z2)
o
o
o

—0.10 1

—0.15

—-0.20

0 1 2 3 4 5 6
Productivity z

Figure 6: Distortion schedule example, the highest productivity firm pays a
tax of 20% of its wage bill, whereas the lowest productivity firm gets a subsidy
of 20%.

4 Model Calibration

This Section uses data on employment shares and GDP per capita growth from
the US over 1800-2020 to calibrate the model. In all counterfactual exercises I
will measure misallocation from correlated distortions in relative terms com-
pared to the US. I hence take the US as the benchmark, non distorted economy,
with T = 0, and « sufficiently low that it is always optimal to invest in produc-
tivity, implying that the model effectively collapses to a production structure
with three representative firms having DRS technology.

I calibrate the model parameters using the Generalized Method of Moments
(GMM), targeting the evolution of employment shares in agriculture, manufac-
turing, and services over the period 1850-2010, as well as GDP per capita and
population growth factors over 1800-2010.° The GMM objective function is as
follows:

9. the choice of 1800 as an initial year is due to data constraints, whereas the choice of 2010 as
a final year is arbitrary.
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Innovation Rates Over Time for Different Distortion Correlations
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Figure 7: Firm-level outcomes: (a) profits, (b) innovation rates, (c) misalloca-
tion
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Where the "mid" moments for gdp and population correspond to the 1800-1900
population and gdp per capita growth factors, being 4.8 and 13 respectively.
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Parameter Value

Description and Source

Fixed Parameters

T 216 Time horizon in model periods (assumed)

o 0.6 DRS to labor in production (Restuccia and Rogerson, 2008)

o 0.5 Substitution elasticity in utility (Buera and Kaboski, 2009)

€m 1.0 Income elasticity of manufacturing (normalization)

r* 0.02 World interest rate (normalization)

v 0.5 Capital share in production (standard value)

W 8.0 Utility weight on manufacturing (normalization)
Estimated Parameters (GMM)

c 3.6245  Subsistence consumption threshold

T 0.2263  Time cost of children

6 0.00016 Effect of population growth on technology

Wa 0.8553  Utility weight on agriculture

Ws 19.5410 Utility weight on services

X 59.9367 Stock of land

0% 0.7713  Utility weight on children (implied)

1Y 0.2364 Baseline human capital formation (implied)

as 1.4381 Maximum productivity growth in services

Am 2.5548 Maximum productivity growth in manufacturing

g 29853  Maximum productivity growth in agriculture

€s 1.0243  Income elasticity of services

€a 0.0552  Income elasticity of agriculture

Table 1: Model Parameters: Calibrated and Fixed

These moments are especially important as they help calibrate the timing of the

transition.

The model includes a total of 20 parameters, of which 7 are fixed based on val-

ues commonly used in the literature or normalized for identification. The re-

maining 13 parameters are internally calibrated to make the models moments

as close as possible to the data. As there are 13 parameters and 52 moments,

the system is overidentified. The estimation uses simulated employment shares

from the model evaluated at a set of 16 time points, corresponding to years 1850,
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1860, ..., 2010 which are then compared to their data countelrpar’cs.10 The GMM
optimization then searches over the parameter space to minimize 4 assigning
equal weights to all moments. We can see in Figure 5 that the model is able to
match the data with a remarkable degree of accuracy. The estimated param-
eters capture key features of structural transformation and economic growth.
The low elasticity of agriculture (¢, = 0.0552) and high elasticity of services
(es = 1.0243) are consistent Buera et al. (2020) and crucial to generate the de-
sired evolution of employment shares over income.

Gdppc: Model vs Data Population: Model vs Data

GDP per Capita
Population

1800 1850 1900 1950 2000 1800 1850 1900 1950 2000
Year Year

(a) GDPPC (b) Population

Employment Shares: Model vs Data

-~ Agriculture (Data) o ©
—— Agriculture (Model) °

0.8 -@- Manufacturing (Data) °

—— Manufacturing (Model) °

-e- Services (Data) °

—— Services (Model)

e
o

Employment Share
°
IS

e
~

0.0

1800 1850 1900 1950 2000
Year

(c) Misallocation output gap

Figure 8: Model vs data: (a) gdp per capita, (b) population, (c) employment
shares.

10. Moments using model generated sequences of population and GDP per capita are first
converted to yearly series assuming a model period of 20 years (Boldrin and Jones, 2002) and

1
converting using the CAGR formula: gX; = 100 ((1 + #) o - 1)

t
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The calibration fits the GDP per capita and population sequences exceptionally
well while slightly falling short in the employment shares targeting. This can
be improved with better optimization algorithms.

5 Counterfactuals

With the calibrated model in hand, the main counterfactual exercise I perform is
to simulate the model for different utility weights of manufacturing consump-
tion wy,, which alters the peak employment share of the manufacturing sector
and then compare the benchmark calibration with the de-industrialized cali-
bration. The outcomes I am interested are primarily, GDP per capita, GDP
per capita growth rates, education levels, and fertility. The results are consis-
tent with the patterns observed in Section 2, where we can see that a higher
peak manufacturing employment share comes with higher GDP per capita,
higher GDP per capita growth rate and lower levels of fertility (which the model
achieves through a quantity quality tradeoff by increasing education). The
counterfactual results are presented in Figure 9. The mechanism which achieves
these results in the model is straightforward and intuitive: lowering the em-
ployment share of manufacturing lowers the average growth rate of the econ-
omy as less labor flows into the highest productivity sector, which in turn dis-
courages education investments, thereby lowering productivity growth and in-
creasing fertility.

Relative GDP per Capita, Population, and Growth vs Manufacturing V Peak Manufacturing Share vs Manufacturing Weight
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Figure 9: Calibrated model simulations for different values of wy,.
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The results are also quantitatively significant: halving the peak employment
share of manufacturing reduces GDP per capita in 2010 by 10%. Counterfactual
paths of population are even more striking as, due to lower aggregate produc-
tivity growth, parents chose quantity over quality as the incentive to invest in
education is lowered. This results in a 60% larger population in 2010, under-
scoring how small changes in growth rates, when compounded over a number
of years along a balanced growth path can have large implications.

Inow turn to the question of whether different peak employment shares in man-
ufacturing can explain variation in GDP per capita across countries today. To
do so, I recalibrate the value of wy, for each country in the world to achieve its
peak employment share of manufacturing, while leaving all other parameters
fixed.!! The results are presented in Figure 10.

Cross-Country Relative GDP per Capita: Model vs Data Cross-Country Relative Population: Model vs Data

—— 45 degree line —— 45 degree line ®
--- Fitted line

o
8

Il

1.00

0.75

Model GDP per Capita (rel. to US)
Model Population (rel. to US)

0.25 0.50 0.75 1.00 1.25 1.50 175 2.00 0.0 0.2 0.4 0.6 0.8
Observe: d GDP per Capita (rel. to US) Observed Population (rel. to US)

(a) GDP p. c. (b) Population

Figure 10: Calibrated model simulations for different values of w;,. Each dot is a country with
the size of the dot corresponding to its population in 2018. The y-axis shows the model economy
GDP or Population relative to the US, whereas the x-axis shows the the same figure in the data.

Both population and GDP per capita growth factors are significantly related to
their model counterparts, with model implied GDP and Population figures ex-
plaining 33% and 49% of the variation the data. What this means in practice is

11. This is a common type of counterfactual exercise in the macro-development literature (e.g.
Ruggieri et al., 2024, 2023), where by varying a parameter in a model calibrated to a developed
economy to replicate a specific feature of a developing country can yield insights into how much
that feature can explain differential outcomes in cross-country settings.
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that the values of GDP per capita and population produced by the model for
each country in the sample, using a calibration which replicates the US econ-
omy except for manufacturing utiilty weight which is calibrated to that coun-
try’s peak manufacturing employment share, explain 33% and 49% of popula-
tion and GDP per capita gaps across the sample countries in the data. The slope
of the dashed blue line in Figure 10 gives a sense of whether the model is under
or over-explaining these gaps in the data. If this line is steeper than the 45 de-
gree line (which is the case for population but not GDP per capita) that means
that a change in that variable’s value relative to the US in the data is associated
with a more than proportional change in the model. In other words, the model
over-explains cross country population gaps and under-explains cross-country
GDP per capita gaps.!? The model is also able to match education gaps across
countries even though this is non-targeted.
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Figure 11: Each dot is a model at the country/year level, y axis shows the Barro Lee
(2013) human capital quality index (left) and years of schooling (right) against the
model’s endogenous education decision.

In Figure 11, I plot a country/year observation of educational attainment mea-
sured in quality adjusted human capital from Barro and Lee (2013) (left) and

12. This is likely due to the fact that the benchmark calibration to the US economy is done
targeting a rate of population increase which is staggering by cross-country standards, US pop-
ulation in 2010 was on the order of 58 times what it was in 1800. A separate calibration using
the growth factor which would have resulted if natural growth were the only factor affecting
population, as it is in the model, hence neglecting geographic expansion and immigration, will
likely yield more sensible results.
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years of schooling, also from Barro and Lee (2013) (right), against the education
choices implied by the model for that country/year observation. The relation-
ship between the data and the model implied education metrics is positive and
statistically significant. This is not surprising as the main engine which allows
the model to replicate the relationship between the industrial sector and GDP
per capita levels and growth rates is the quantity-quality tradeoff involved in
parental fertility decisions.

The final exercise I perform is to simulate the distribution of income and pop-
ulation in a world in which countries differ from the US only on their initial
conditions and the peak employment share of manufacturing they reach. This
essentially involves iterating forward along the model simulation for each coun-
try starting from its initial level in 1800 for these two variables. The results are

population gdppc
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Figure 12: Path of income and population in 175 countries. A country’s model im-
plied path is determined by assigning it the model economy which achieves its peak-
manufacturing employment share by chanding w,, with all other parameters anchored
to the US calibration.

shown in Figure 12, where we can see that changes in the growth factor due to
differential levels of industrial attainment contribute to a large part of the rise
in world income inequality over the past two centuries. Around 33% of cross-
country income gaps today can be explained by countries having transitions
tfeaturing weaker/stronger manufacturing booms. Moreover, due to the general
equilibrium feedback mechanism linking aggregate productivity growth with
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education choices and education choices with sectoral productivity growth, the
effect of lower manufacturing shares is present even after countries have de-
industrialized. This gives rise to transition paths with persistently different
growth rates.

6 Conclusion

This paper develops a unified growth model featuring structural change, en-
dogenous fertility, and firm-level distortions to study the long-run consequences
of bypassing industrialization. Calibrated to the historical US experience, the
model replicates key stylized facts about the relationship between manufac-
turing employment and development outcomes. Counterfactual simulations
reveal that a country’s peak manufacturing employment share is a strong pre-
dictor of its current GDP per capita and population, with lower industrializa-
tion leading to slower productivity growth, lower education investment, and
higher fertility. These mechanisms explain up to 33% of today’s cross-country
income differences. Future work will extend the counterfactual analysis to as-
sess how trade openness and correlated distortions influence countries” ability
to industrialize and converge, shedding light on the role of international trade
and policy in shaping the global distribution of income.
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A Proofs

Proof of Proposition 1. We show that the optimal education decision e; solves the
same condition in both regimes of the model.

Regime I: When w; > Z, the subsistence constraint is slack, and the household
chooses fertility and education jointly. Substituting the optimal fertility rule
ny = v/ (T + e;) into utility, the problem reduces to:

maxln( . et +pT )
e T+e e+ pT+ gt

Taking the first-order condition yields:

(RS SR SR
T+e e+pT e+pT+g

7

which after algebraic manipulation gives:

er =1/g7(1—p) —pT.

Regime II: When w; € (¢, Z), the subsistence constraint binds. The household
no longer chooses 1; freely, but education is still a choice variable. In this case,
the constraint determines fertility:

1—c‘/wt

ny =
T+e

and utility becomes:

1_ ¢
u(et):const—l—'yln< clwr e+t )

T + é¢ et +pT + gt

This again reduces to:

( 1 et + pT )
maxIn . ,
et T+ et €t+pT+gt
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as the multiplicative constants do not affect the first-order condition. Taking the
derivative gives the same FOC as in Regime I:

R SR S
T+e  e+pT e +pT+g

Solving as before, we find:

er =/ §T(1—p) — pT.

Since education must be non-negative, we conclude that in both regimes, the

e; = max {0, \/&T(1—p) — pT} .

household chooses:

Proof of Proposition 2. Let Ry = w¢(1 — n¢(e; + 7)) denote effective income per
capita, where the wage is determined by

1 o A X\
r Lmt

and human capital evolves as

et +pT

hyy.= ——,
A et + 0T+ gt

with ¢ = Z it Sip = (et +pT)a;y,

ie{a,m,;s}

and a;; = min{6L;, a;}. Households choose fertility according to

v, ifw, >2=2¢/(1-1),
ni(ee+1) =<1 —¢c/w, ifws € (G 2),
O, if [, S C.

Then the economy evolves in one of the following regimes:
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e Regime I (Modern Growth Regime): If w; > Z, then n;(e; + 7) = y and
Ry = w¢(1 — 7). Effective income per capita grows as long as the growth
rate of technology in the manufacturing sector exceeds the growth of man-
ufacturing labor.

e Regime II (Subsistence-Constrained Regime): If w; € (¢, Z), then 1 —
ne(er + 1) = ¢/w; and Ry = ¢. Effective income per capita is constant.

* Regime III (Collapse Regime): If w; < ¢, then n; = 0 and Ly = 0. Pop-
ulation collapses unless this regime is avoided. We assume parameters
(e.g., large X) are such that w; > ¢ always.

Now we need to prove that a transition from Regime II to Regime I can happen
if and only if the household choses a positive education level e. In Regime II,
the wage evolves according to:

1 A X\

and the corresponding growth rate is:

= X -
Amt Lmt

A A AA AL
Wy ht—{—(l—tx)( mt mt).
Wt ht

We examine each component:
1. Human capital growth. The law of motion implies:

B er—1+pT e+ pT
g 1 +pT+ gt_l' i+l et + 0T+ gt'

Hence,

Aht:< e+ pT .ef1+pr+gt1>_1
hy et + T+ g er—1+pT '

This is strictly positive for e; > e;_1, and weakly increasing in e;.
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2. Technology growth. The sectoral technology grows at:

Amt

= gmt = (et +0T) - ams, with ay = min{6L;,dy, }.

This is strictly increasing in e;.
3. Labor growth. The fertility rule gives:

ntzl_c/wt:>ALt 1:1—c/w,g_1.
er+T Ly er+T

Thus, labor growth is decreasing in e;, which increases wage growth.

Define the function:

1—c‘/wt
T(es, wr) := (= g,
(er, wy) (et + pT)am ( P )

so that: A Al
w
w: =u- h,gt + (1 —a) - T(e, wy).

Now evaluate I'(0, w;):

(0, wt) = pTams — (1%_/% - 1) ’

and multiply both sides by T and rearrange:

I[0,w) >0 <« przam,t +7>1-— wi
t

Thus, if the parameter condition pTzam,t + 7 < 1 holds, and w; > ¢, then:

F(O, wt) >0= T(et, wt) > F(O, wt) >0, foralle; > 0.
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Moreover, since Ah—i” > 0 for e; > 0, it follows that:

A
ﬁ>0.
wt

Hence, wages grow over time as long as ¢; > 0, and by continuity, will eventu-
ally satisfy w; > Z, completing the transition to Regime I. O

B Empirical Analysis

B.1 Fertility and Structural Change.

In this section I provide further evidence on the cross country relationship be-
tween fertility and structural change. In Figure 2 I show that fertility rates are,
on average, strongly related to a country’s composition within its manufactur-
ing sector. This relationship also holds if we disaggregate the data at the coun-
try /year level. We can see this by running the following regression:

%Man.c,t

tfrc,t =wa.+ 0+ ,3 (TAgT’t
o -,

) + F/Xc,t +€ect

Where X is a vector of controls including log of gdp per capita and the agricul-
tural share of employment. Table 2 shows that the manufacturing share of the
non-farm labor force is a strong negative predictor of a country’s total fertility
rates even when controlling for gdp per capita, the agricultural employment
share and country and year fixed effects.

The estimated effect of the manufacturing employment share on total fertility
is not only statistically significant, but also economically meaningful. When
controlling for log of gdp per capita, the agricultural employment share, coun-
try and year fixed effects, a 1pp increase in the manufacturing employment
share of non-farm labor is associated with a reduction of total fertility of 0.45
or 14% of the sample average. To understand whether the relationship between
manufacturing and total fertility rates is driven by unobserved variation within
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Table 2: OLS Regressions
(1) (2) (3) 4) )

% Man./ (1-% Agr) -2522° -3.352""* -33527* -4204" -4.025°
(2.03)  (-422)  (422)  (-4.80) (-4.59)

Log GDP p.c. -0.790***  -0.790*** -0.763***  0.399***
(-5.60) (-5.60) (-5.35) (3.91)
% Agr. 1.708* 1.708* 1.695* 1.759**
(2.45) (2.45) (2.41) (2.72)
N 5249 5249 5249 5249 5249
R2 0.0161 0.644 0.644 0.666 0.964
Country FE no no no no yes
Year FE no no no yes yes

t statistics in parentheses
Dependent variable is total fertility rate. Standard errors are clustered at the country level.
*p <0.05 " p <0.01, " p < 0.001

countries and years, we can use microdata from IPUMS to quantify the fertil-
ity differentials across the sectors of the economy within a country for multiple
samples/years. The total sample includes 46 million women aged between 15
and 45 from 89 low and middle income countries, which comprises all samples
available through IPUMS between the years of 1970 and 2020 from low and
middle income countries. When a woman is not working, I assign her the sec-
tor of the husband. When a woman is unmarried and does not work or when
both the husband and the woman have no reported sector, I am forced to drop
them, which leaves me with a sample of over 40 million women in 89 different
low and middle income countries. Using this dataset, I regress the woman’s
total fertility rate on a wide array of controls to remove selection driven by age,
rural-urban status, country, time period and their educational attainment. I then
estimate the residuals from model 13 and average them by sector.'®

nChildi,c,t =gt t+ 5e,c,t + Ynet + gu,c,t + €t (13)

13. This is equivalent to showing the sector fixed effect in a model with no constant so that the
reference category is the sample average.
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Figure 13: Average residuals by income group and sector from a regression of total fertility on
contry-year fixed effects, urban dummy and age fixed effects. The data comprises samples of
women between 15 and 45 from 89 low and middle income countries. Where women do not
work or have missing sector information, I assign them to the husband’s sector. Source: IPUMS
International Survey Data.

Where i, ¢, t,a,e,n,u refer to individual, country, year, age, education level (de-
tailed classification), employment status and urban status respectively. The re-
gression shown in equation 13 includes 4027 fixed effects, cotrolling for time
and country varying variables which could affect fertility. This exercise shows
that there are strong differences in average fertility rates across the sectors of
the economy. Not surprisingly, women working in agriculture have the high-
est residual fertility rates. However, consistently with the cross country data
in Figure 2 there is heterogeneity within the non-farm sector with manufactur-
ing women having the lowest residual fertility rates. Considering the sample
average fertility rate of 2.1, this is approximately a 5% difference.

B.2 Fertility and Human Capital

This section provides some additional empirical results in support of the pat-
terns presented in Figure 3. A key feature of the model is the relationship be-
tween industrialization and education, which has been found to be crucial in
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generating economic takeoffs in both early and late industrializing countries
(Galor, 2011, see Section 2.3). To ensure the relationship between these vari-
ables is not driven by country level unobservables I run the following panel
data regressions:

Yer = ac+ 0+ BHCQ ;s + I X s + ey

Where y.; is a country-year dependent variable, either the fraction of labor in
manufacturing employment or the total fertility rate, . and J; are country and
year fixed effects and X is a vector of control variables including log of GDP per
capita and the fraction of service sector workers. The results are presented in
Tables 3 and 4.

Table 3: Dependent Variable is TFR

M @ ®) O]

HCQ -0.769"*  -0.325* -0.255* -0.218*
(-19.16) (-2.30) (-2.52) (-2.37)
% Man. Emp. -0.0316***  -0.0349***
(-4.55) (-4.52)
% Serv. Emp. 0.0276***  0.0252***
(4.69) (4.64)
Log. GDP per capita 0.497***
(3.73)
N 560 560 400 400
R2 0.503 0.837 0.915 0.921
Country FE no yes yes yes
Year FE no yes yes yes

t statistics in parentheses
*p <0.05* p <0.01, " p <0.001

Human capital quality correlates negatively with the total fertility rate and pos-
itively with the share of labor in the manufacturing sector. While the results
vary slightly when including country-year fixed effects, indicating the poten-
tial for common time trends and fixed country factors (such as institutions), to
partially drive these results, they remain statistically significant at the 5% level.
It’s also worth noting there is admittedly an unclear causal chain linking fer-
tility, industrialization and human capital, the effect of human capital on both
fertility and education holds when controlling for the other dependent variable.
This indicates that in the data, as in the model, education has an independent
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Table 4: Dependent Variable is % Man.

[6) @ ®) O]

HCQ 2,770  1.480* 1.565* 1.610*
(8.40) (2.47) (2.24) (2.37)
Total Fertility Rate -2.030%**  -2.351***
(-4.37) (-4.77)
% Serv. Emp. -0.0287 -0.0296
(-0.56) (-0.59)
Log. GDP per capita 2.564**
(2.76)
N 464 464 400 400
R2 0.141 0.924 0.909 0.912
Country FE no yes yes yes
Year FE no yes yes yes

t statistics in parentheses
*p <0.05* p <0.01, " p <0.001

relationship with both fertility (via the quantity-quality tradeoff) and industri-
alization (by raising overall productivity).

B.3 Estimating Trade shocks

This section builds on the descriptive evidence presented in Section 2 by us-
ing IPUMS microdata to run shift-share regressions of employment shares in
different sectors against a regional trade shock. The data encompasses 31 coun-
tries, each generally available for at least least three different samples between
the years from 1970 to 2020, when the largest trade liberalizations took place.
These samples are nationally respresentative and contain from 1 to 10 % of the
population (see Ruggles et al. (2025) for more information on this data).

The empirical methodology used is very similar to that in Autor et al. (2013),
where the shares of employment in trade affected sectors will provide varia-
tion in the incidence of trade at the sub-national level. The basic idea is that
aggregate changes in imports, which are assumed to be exogenous to regional
outcomes, affect regions differently depending on the shares of people work-
ing in industries affected by the imported goods. Aggregating these changes in
traded imports, and weighting by the regional shares, provides regional vari-
ation in the incidence of trade, which simultaneously solves two problems: it
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increases the observational units in a setting where data on trade is only avail-
able at the country level, and provides an argument for identification as long
as regional demand and supply shocks are exogenous to national level trade
patterns. Contrary to Autor et al. (2013) however, the identification I employ
relies on the exogeneity of global - not national - trade patterns to the evolution
of regional outcomes. This is due to trade data limitations as I cannot obtain
imports for most of the countries in my sample covering the entire time period,
hence I use global changes in trade flows as the shifter for all countries.'* This
type of exercise has previously been possible only with detailed administrative
data, as mapping workers to a product code classification system such as SITC4
or HS4 requires precise information on the sector in which the worker was ac-
tive which goes beyond the standard 2-digit classification available in harmo-
nized survey data (e.g. Autor et al., 2013, 2014; Dix-Carneiro and Kovak, 2017).
To circumvent this issue, I build a crosswalk linking over 10 thousand textual
descriptions of industries present in the IPUMS International data,'® to SITC4
codes. I am hence able to accomplish to construct the classical shock measure
employed in the literature without requiring administrative data containing 4-
digit industry classifiers. This means that I can explore the relationship between
trade shocks and regional outcomes at the global level, which would not be pos-
sible unless one had administrative data from all of the 31 countries which pro-
vide survey data through IPUMS International.!® The drawback is that IPUMS
international generally provides samples comprising between 1% and 10% of
the population. If one had access to the full universe, it would be possible to
disaggregate regions at the level of commuting zones as done in Autor et al.
(2013) and Dix-Carneiro and Kovak (2017), thereby gaining additional degrees
of freedom. In order to not run into small sample issues when disaggregating
the labor force at the SITC4 level, I conduct empirical exercises at the Level-1
administrative region, which is slightly larger than what is typically considered

a region in most of the literature.!”

14. In principle this should strengthen the identification claim as global trade patterns are more
credibly exogenous to the changes in regional outcomes of particular countries.

15. This is IPUMS variable IND, which has varying codes by country/year sample.

16. I am currently working on expanding this to over 70 countries.

17. For instance Autor et al. (2013) use commuting zones as regions whereas in the US Level-1
regions correspond to the states.
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Table 5: Industry Descriptions and Corresponding SITC4 Codes

Sample Industry Description SITC4 Code
Ghana 2000 | Agriculture and animal farming combined | 0111, 0112, 0113,...
Ghana 2010 | Agriculture and hunting 0111, 0112, 0113,...

Ethiopia 1984 | Agriculture and livestock production 0111, 0112, 0113,...

Table 5 illustrates one of the main contributions of the paper: the construction of
a crosswalk mapping textual industry descriptions to SITC4 codes. In the raw
(non-harmonized) IPUMS data industries are reported in much greater detail
than the harmonized variables, with considerable breakdown in the tradeable
goods sector. The challenge is that these industry descriptions vary not only
by country but also by sample. While the core classification may remain fixed,
e.g. one category for "plants" and "animals" as in Table 5, the textual description
of this category can still vary across samples within the same country. Using
the ChatGPT API I map over 10 thousand text based industry classifications to
SITC4 codes. This crosswalk is consistent across API calls.!®

(a) France (b) World

Figure 14: Trade shocks across the world. The figure shows the estimated
trade shocks following 14 for all the countries in the sample (right) and zooms
in on France (left). Source: Author’s calculations using IPUMS microdata.

Using this dataset I construct regional trade shocks as follows:

shocke = Y 8i <2000,/ (M>2000,j — M<2000,) (14)
j

18. Creating the crosswalk several times shows similar results.
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Where s; ¢, <2000, is the share of employment in industry j and region i of coun-
try ¢ before the year 2000 and M-.2000,; — M <2000, is the change in total imports
of product j at the global level between the years from 1970 to 2000 and 2000 to
2020. Figure 14 shows the spatial distribution of these shocks in the countries
available in this sample. Zooming in on a particular country such as France
(a country the author is familiar with), shows that the the distribution of these
shocks matches what one would expect: highly diversified economies, such
as the Tle-de-France, and service focused regions, such as the southern tourist
economy, experience lower trade shocks whereas the region focused on the pro-
duction of goods such as the industrial North-West, experience larger shocks.
This methodology for constructing trade shocks is similar to that in Autor et al.
(2013) but varies from that used by Autor et al. (2014) and Dix-Carneiro and Ko-
vak (2017) in that they use variation in tariff changes at the industry level as a
shifter instead of the amount of traded goods. This is preferable as tariff changes
are a more relevant measure of trade protection than imports which also reflect
local demand and supply shocks in the country of origin (Kovak, 2013). How-
ever, the global scope of this analysis means that constructing variation in tariff
changes at the industry level would in practice be extremely cumbersome due
to the widespread use of non-tariff barriers in the pre-2000 period.'® I then run
the following regression model:

Vi e >2000 — Yic,<2000 = & + BIn(shock;.) + €.

Where y is a regional outcome variable, a is a country fixed effect and € is a clas-
sical error term. Guided by the stylized facts I consider five outcome variables:
employment shares in all three sectors plus fertility. I further divide employ-
ment in the services sector by the high-productivity FIRE services and group
the rest in the low-productivity category.?”

The results are consistent with the stylized facts and quantitatively meaningful.
A doubling of trade exposure (i.e., a one-unit increase in log(shock)) is asso-
ciated with a 1.88 percentage point decline in manufacturing employment, a

19. I am exploring data sources to find a way to automate this.
20. FIRE comprises finance, insurance real estate, health care and education.
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Table 6: OLS Regressions

(1) (2) (3) (4) )
Manufacturing Serv. High Serv. Low Agriculture Fertility
(mean) In_shock -0.0167* -0.000955  0.0225** -0.00671 0.0117
(-2.30) (-0.66) (2.73) (-1.13) (0.29)
N 460 460 460 460 448
R2 0.692 0.828 0.539 0.577 0.663
Country FE yes yes yes yes yes

t statistics in parentheses
*p <0.05* p <0.01,** p <0.001

statistically significant effect at the 5% level. This represents a 13.4% reduction
relative to the average manufacturing share of 14% in the sample. The shock
has no significant effect on high-productivity services, while it leads to a 2.67
percentage point increase in low-productivity service employment, also statis-
tically significant at the 5% level. Agricultural employment falls by about 0.69
percentage points, although this effect is not statistically significant, and the
average agricultural share remains high (above 30%). The estimated effect on
tertility is positive but small and statistically insignificant, with a point estimate
of 0.0306. Overall, the results point to a reallocation of labor away from manu-
facturing and toward lower productivity services in response to trade exposure,
with limited direct effects on agriculture or fertility.
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