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1 Introduction

One salient feature of business cycles in developed countries is that the aggregate
employment is strongly pro-cyclical. This is not the case in China. The correlation
of the cyclical components of aggregate employment and output is close to zero.
Relative to output, the volatility of aggregate employment is also very low. These
puzzling facts about aggregate employment fluctuations in China are present even
after we carefully correct for some well-known measurement problems in the offi-
cial employment series. Some take this as a sign that there are unique institutional
constraints that limit the employment variability in China. While it is true that there
could be strong employment rigidity in the state-owned enterprises, the labour mar-
ket for the non-state sector in China is quite flexible — maybe even more flexible
than many developed economies due to minimum regulations on hiring and firing
workers by non-state firms. Since the non-state sector employment is usually the
margin at which the aggregate employment adjusts over the business cycles, the
institutional constraints on state-sector employment cannot explain the puzzle

In this paper, we argue that the key to understanding aggregate employment
fluctuations in China is its economic structure. We document three new stylized
facts for the period from 1978 to 2010. First, the cyclical properties of employ-
ment at sector level (agriculture and non-agriculture) in China are very similar to
those in the US. In particular, the correlation of the cyclical components of non-
agricultural employment and non-agricultural GDP are close to 90 percent in both
countries. Second, employments in the agricultural and non-agricultural sectors
are negatively correlated in both China and the US. And third, for both economies,
the agriculture’s share of employment is negatively correlated with the real GDP
per worker in both sectors. These similarities between China and the US at the
sector level suggest that the key difference between the two economies is the size
of the agricultural sector. Between 1978 and 2010, the agriculture’s share of to-
tal employment averaged around 50% in China, but was less than 3% in the US.
Therefore, the labour reallocation between the two sectors could have an important
dampening effect on aggregate employment fluctuations in China, but negligible

effect in the US. To investigate this possibility, we construct a two-sector growth



model with productivity shocks and non-homothetic preferences, and calibrate it so
that the model can account for the secular trend in labour reallocation from agri-
culture to non-agriculture in both China and the US. We then examine the model’s
implications for the labour market dynamics at the business cycle frequency. We
find that our calibrated model can indeed account for the employment fluctuations
at the sector level and in the aggregate for both China and the US. In particular,
our model implies a low employment-output correlation for China and, at the same
time, a high employment-output correlation for the US.

The model we use in the paper is a standard two-sector growth model, but
with a non-homothetic CES utility function proposed by Comin, Lashkari and
Mestieri (2015). This utility function allows for income effect at any income level.
Our choice of this utility function is motivated by the third stylized fact we dis-
cussed above: For both China and the US, the agriculture’s share of employment
is negatively correlated with real income per worker in both agricultural and non-
agricultural sectors. This is a new fact that has not been discussed in the literature,
and it shows the importance of income effect in determining labour reallocation be-
tween sectors even at the business cycle frequency and for a high income country
like the US.

Our paper is related to two strands of literature. There is a rapidly growing liter-
ature on structural change. See e.g., Caselli and Coleman (2001), Kongsamult, Re-
belo and Xie (2001), Ngai and Pissarides (2007), Acemoglu and Guerrieri (2008),
and Herrendorf, Rogerson and Valentinyi (2014) for an excellent survey. Most of
the studies in this literature focus on understanding the sources of structural change
in the long-run; our paper builds on this literature and studies the business cycle
implications of structural change. In particular, both Boppart (2014) and Comin,
Lashkari and Mestieri (2015) emphasize the importance of income effect in under-
standing the secular trend of labour reallocation from agriculture to manufacturing
and services. We show in this paper that income effect is also important for under-
standing aggregate employment fluctuations at the business cycle frequency. Our
paper is also related to the literature on business cycles in China. Brandt and Zhu
(2000) 1s one of the first papers studying business cycles in China during the re-

form period. Their focus, however, is on understanding the relationship between



GDP growth and inflation over the business cycles in the 1980s and early 1990s.
Chang et al. (2016) is a more recent study of business cycles in China, and their
focus is on understanding the weak correlation between investment and consump-
tion in China since the late 1990s. Neither of these studies examine the relationship
between aggregate employment and output. He, Chong and Shi (2009) carry out
an exercise of business cycle accounting for China in the spirit of Chari, Kehoe and
McGrattan (2007). They find that most of the fluctuations in aggregate employment
can only be accounted for by variations in an unobserved labour wedge, highlight-
ing the inability of the standard one-sector business cycle models in accounting for
the employment fluctuations in China. Our paper shows that a standard two-sector
model with non-homothetic preferences can account for the aggregate employment
fluctuations without introducing a time-varying labour wedge.

There are two studies that are closely related to our paper. Da-Rocha and
Restuccia (2000) is the first paper that documents the low correlation between ag-
gregate employment and output in countries with a large agricultural sector. They
use a two-sector real business cycle model to examine the role of labour reallocation
in accounting for the cyclical behaviour of aggregate employment. To focus on the
cyclical fluctuations, they assume that each country is fluctuating around a steady

state with a constant employment share of agriculture.!

Since structural change -
the secular decline of the agriculture’s share of employment - is a very prominent
phenomenon in China during the period we study, we think it is important to have
an unified model that can account for both the secular trend of structural change and
the aggregate employment fluctuations around the trend. In an independent study,
Storeslettern, Zhao and Zilibotti (2017) also use a two-sector model to account for
both the structural change and aggregate employment fluctuations in China. Their
model, however, is very different from ours. They emphasize capital deepening in
the agricultural sector rather than income effect as a driving force for the labour
reallocation between the agricultural and non-agricultural sectors. We think their

study and ours are complementary.

'Moro (2012) uses a similar method to examine the impact of reallocation from manufacturing
to services on the GDP volatility in US.



2 Data and Facts

Before presenting our model, we first discuss in detail the data and facts about the
employment fluctuations in China and the US. For the US, we directly use the an-
nual sector-level data on real GDP and employment from the Groningen Growth and
Development Centre’s 10-Sector Database (Timmer, de Vries and de Vries (2015)),
and aggregate the nine sectors outside agriculture into one non-agricultural sector.
For China, the 10-Sector Database uses the official employment series from China’s
National Bureau of Statistics (NBS) that are published in the annual China Statis-
tical Yearbook. However, as pointed out by Brandt and Zhu (2010), there are two
serious problems with the NBS’ employment series that need to be dealt with. We
discuss next how we deal with these problems and construct revised annual em-
ployment series for China.

First, there is a discrete upward jump in total employment in 1990. This jump
is due to a change in the official definition of employment after 1990 census which
broadened the coverage of the series. The NBS publishes the employment data us-
ing the new definition for the years since 1990, but still reports the employment
data using the old definition for the years prior to 1990. Brandt and Zhu (2010)
use the 1982 census data to adjust the employment data for the years before 1990
so that the entire employment series has a consistent coverage. The official and
the revised employment series are plotted in the upper-left panel of Figure 1. The
second problem of the NBS employment series is an overestimation of agricultural
employment. Brandt and Zhu (2010) find that the official agricultural employment
series can be closely approximated by the Total Rural Employment minus the Em-
ployment of the Township and Village Enterprises (TVEs). This series clearly over-
estimates agricultural employment because non-agricultural workers in rural private
enterprises and rural individual enterprises (those that employ less than eight em-
ployees) are counted as agricultural workers. To better account for employment in
agriculture, we follow Brandt and Zhu (2010) and construct the agricultural em-
ployment series as the total rural employment minus rural employments in TVE:s,
private enterprises and individual enterprises. The official and the revised agricul-

tural employment series are plotted in the upper-right panel of Figure 1. Note that



Figure 1: Employment Data in China
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this revised agricultural employment series still has the same problem as the official
total employment series for the years prior to 1990. To generate a consistent agricul-
tural employment series for the entire period, for each year we first use the revised
agricultural employment and the official total employment to calculate the share of
employment in agriculture; we then calculate the final revised agricultural employ-
ment as the product of the share and the revised total employment; and finally we
calculate the revised non-agricultural employment as the difference between the re-
vised total employment and the revised agricultural employment. The lower panels
of Figure 1 plots the revised agricultural and non-agricultural employments and the

agriculture’s share of total employment using the revised data series.



Table 1: Aggregate Moments

China US
o(L)/o(Y) 011 070
p(LY) 0.09 0.87

2.1 Employment Fluctuations at the Aggregate Level

Given the revised employment data for China, we now examine the cyclical prop-
erties of aggregate employment in China and compare them to those in the US.
Our sample runs from 1978 to 2010 for both economies. We present the cyclical
properties by calculating several statistics from the hp-filtered time series. Table 1
reports the relative standard deviation of aggregate employment to aggregate output
and the correlation of aggregate employment with aggregate output in both China
and the US. All variables are normalized by the size of population.

From Table 1, we observe two interesting stylized facts of aggregate employ-

ment fluctuations in China:

1. The magnitude of fluctuations in the aggregate employment is much lower
than that of the aggregate output in China. This is in stark contrast with the
well known fact for the US economy, see Cooley and Prescott (1995), where

the aggregate employment fluctuates almost as much as the aggregate output.

2. Aggregate employment is acyclical in China. The correlation of the aggregate
employment and output is close to zero. This is also very different from the
established business cycle fact in the US that employment is strongly pro-

cyclical.

Figure 2 plots the cyclical movements of the aggregate employment and output

for the two economies, which confirm our observations.
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2.2 Sector-level Employment Fluctuations

The stark differences between the two economies in the aggregate employment fluc-

tuations conceal similarities at the sector level. Panel (A) and (B) in Table 2 present

the

cyclical properties of the employments in the non-agricultural (na) and agri-

cultural (a) sectors, respectively. Panel (C) shows the correlation of the cyclical

employments in the two sectors and the correlations between the cyclical compo-

nents of the agriculture’s share of employment and the real GDP per worker in the
two sectors. Three new stylized facts emerge from the moments presented in Table

2:

1. Employment fluctuations at the sector level are very similar between China
and the US. For example, in the non-agricultural sector, the relative volatil-
ities of employments in the two economies are of comparable magnitudes.
Moreover, the non-agriculture employment in China is as pro-cyclical as that
in the US. In the agricultural sector, the employment in China also has non-
trivial volatility while the correlations between employment and output are

low in both China and the US.

2. The correlation between the employments in the two sectors is negative in
both China and the US, as shown in the second column of Table 2. This

negative correlation suggests a potential important role of labour reallocation
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between the two sectors in dampening aggregate employment fluctuations.
Of course, the degree to which the fluctuations of the aggregate employment
are dampened depends on the relative size of the agricultural sector. Between
1978 and 2010, the agriculture’s share of total employment averaged around
50% in China, but was less than 3% in the US. So the labour reallocation
between the two sectors could have an important dampening effect on the

aggregate employment fluctuations in China, but negligible effect in the US.

3. For both China and the US, the agriculture’s share of total employment is neg-
atively correlated with labour productivities (measured as GDP per worker) in
both the agricultural and non-agricultural sectors. As far as we know, we are
the first in the literature to document this fact. This new fact suggests that in-
come effect, that is, the agricultural good has lower income elasticity than the
non-agricultural good, is an important factor for labour reallocation between
sectors. Comin, Lashkari and Mestieri (2015) emphasize the importance of
income effect in understanding the secular trend of labour reallocation from
agriculture to manufacturing and services. Our fact suggests that income ef-

fect is also important for labour reallocation at the business cycle frequency.

Motivated by these new stylized facts, we now present our two-sector model
with non-homothetic preferences that we will use to quantitatively account for

labour market dynamics in both the long-run and short-run.

3 The Model

There are two sectors indexed by i = a and na, representing agriculture and non-
agriculture, respectively. Each sector produces a consumption good with a linear

technology using labour as the only input:
Yy = ANy, i=a,na,

where Yj;, Aj; and Nj; are the output, labour productivity and employment in sec-

tor i, respectively. There is a stand-in representative household whose preferences



Table 2: Sector Moments

China US
(A) Non-Agriculture Sector
6 (Lng) /0 (Yna) 075 0.71
P (L, Yna) 0.88  0.87
(B) Agriculture Sector
o(Ly)/o(Yy,) 0.70  0.33
p (La,Ya) 0.24  -0.05
(C) Cross Sector
P (LayLna) -0.83  -0.23
p(Le ta) -0.44  -0.33
p(%, =) 1035 -0.42

over a composite consumption good C; and working time L, are represented by the

following utility function:

U = ﬁc}* - i—tcL}“’.

Here, A and o are both non-negative numbers representing the inverses of the elas-
ticity of intertemporal subsitution and the Frisch labour supply elasticity, respec-
tively, and B; > 0 is a time-varying labour supply parameter that is used to capture
the demographic factors (e.g., age structure and gender composition of the labour
force) that affect average household’s labour supply decisions.? Following Comin,
Lashkari and Mestieri (2015), the composite consumption C; is defined implicitly
by the following equation:

1 (—8ug  e-1

1 1 U=Ota g1
(Qa)cC © cof (0ua)eC, © cpy =1, (1)

ZNote that when B, is a constant our utility function is the same as the one proposed by MaCurdy
(1981), and it includes the GHH utility function proposed by Greenwood, Hercowitz and Huffman
(1988) as a special case (A = 0).




where @, Qng, Ua, Ung and € are all positive constants. The parameter ¢; represents
the household’s preference weight on consumption good in sector i (¢, + @pg = 1),
U; is a parameter that determines the income elasticity of consumption good i and
€ 1s the elasticity of substitution between the two consumption goods. The implicit
utility function is a generalization of the standard CES utility function by allowing
for potentially different income elasticities for the two consumption goods. If u, =
Wqq = 1, then the utility function is reduced to the standard CES utility function. If
Ua < Ung, the income elasticity is smaller for the agricultural good than for the non-
agricultural good, and therefore relative demand for the agricultural good declines

with income.

3.1 Social Planner’s Problem

Since we assume that there is no friction nor externality in the economy, the com-
petitive allocation is the same as the social optimal allocation, which is the solution

to the following social planner’s problem:

I B e
N |—c - P
Cut.cnatr»rllfllt)analﬁCt { ' |:1 - A« ! 1 + 0 d

subject to (1) and the following constraints:

Car = AarLar, )
Cnat = Anathata (3)
Lat + Lnat = Lt- (4)

Here, N, is the population size and L; = N;; /N, is the ratio of employment in sector
i to total population (i € {a,na}). In the Appendix A, we show that the optimal
consumption of the two goods, ¢, and ¢4, and the aggregate employment rate L;

satisfy the following equations:

A€ C(lf‘g)ﬂu
Car = Pl — 5)

- 1- a - 1- na &1
(@asy 'Cl' Mo - ey Il )
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(1) g (=) | ET
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Lt =
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3.2 Equilibrium Employment, Consumption and Output

From the goods market clearing conditions, (2), (3), (5), and (6), we have,

1 (18,
at — £

- 1— a — 1- na e-1
(@ag 1+ gyl )

— 1—€)Upa
(PnaAZatICt( e

Lyar = | | Ll .
(@as 'l et gragy il )

Hence the aggregate employment to population ratio is

1
1 A1)y A1) g T2
L= L+ L = (A5 16 1 gt cfl ) e

and the sector employment shares are
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Equation (11) can also be written as

04 (ngqcﬂemwum

L 1- a Ana t
=0 =— IR T ()
t Pa a - a~— Mna
1 + 17(Pa <An(§t > Ct

which shows that the agriculture’s share of employment is affected by two factors:
the relative productivity of agriculture A, /A, and the aggregate consumption per
capita C;. The first factor represents the substitution effect and the second factor
the income effect. The substitution effect depends on whether € is smaller or larger
than one. If € is less than one, the agriculture’s share of employment is a decreas-
ing function of the agricultural sector’s productivity and an increasing function of
the non-agricultural sector’s productivity. The opposite is true if € is greater than
one. Therefore the substitution effects of the two sector’s labour productivity on the
agricultural sector’s employment are in the opposite directions as long as the value
of € is not equal to one, in which case there is no substitution effect. However, in
Table 2 we have documented that the cyclical component of the agriculture’s share
of employment is negatively correlated with the cyclical components of real labour
productivities in both sectors, suggesting that the second factor, income effect, is
also important for labour reallocation at the business cycle frequency. If u, < U4,
then the agriculture’s share of employment is a decreasing function of the aggregate
consumption. In this case, since labour productivities in both sectors have positive
impact on the aggregate consumption, they both have a negative effect on the agri-
culture’s share of employment.

Equation (10) and (7) can be combined to yield the following equation for the

equilibrium value of the aggregate consumption C;:

al—

- 1- a - 1- na 8%
(@asy 'cl' Mo 4 gyl )

B (14)
r - “ A= - - na A—
! <.ua(PaAgt lct(l EpartA + ,una(PnaAsatlct(l bt 1>

1
— 1—€)Uq — 1—€)lng \ T-€
= (‘paAZz ICt( e + (PnaAﬁazlct( e ) l
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Equations (8), (9) and (14) can be used to solve for the equilibrium employment
and output in the two sectors as follows. Given the preference parameters and the
real labour productivities in the two sectors, A, and A,,4;, equation (14) can be used
to solve for C;. Given (;, equations (8) and (9) can be used to solve for L, and
Ly GDP per capita in the two sectors can be calculated as Y,;; = ALy and Y,0r =
ApatLnat, respectively. Finally, when the labour productivity levels are normalized
so that the relative price of agriculture in some base year is 1, the aggregate real

GDP per capita valued with base year prices is simply ¥; = Y, + Y01

4 Quantitative Analysis

We now examine quantitatively our model’s implication for structural change and
aggregate employment fluctuations. We first assume that there is no productivity
shocks so that the labour productivities in both sectors are at the respective trend
values, and show that our calibrated model can quantitatively account for the secular
decline of the agriculture’s share of employment in both China and the US. We then
introduce productivity shocks into the model, and show that our calibrated model
can also quantitatively account for the labour reallocation between the two sectors
and the aggregate employment fluctuations around the trend at the business cycle

frequency in both economies.

4.1 Structural Change: Labour Reallocation in the Long-run

We use the hp-filter to filter out the trends of the employment to population ratios in
the two sectors and in the aggregate, and the labour productivities in the two sectors.
Given the trend aggregate employment rate and trend labour productivities in the
two sectors, from equation (10) and (13) we can see that both the trend aggregate
consumption and the trend of the agriculture’s share of employment are determined
by the four implicit utility function parameters, @,, €, U, and L,,. Therefore we
can use the trend data in China to calibrate these parameters. Since the agricul-

ture’s share of employment is invariant with respect to the scale of the two income
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elasticity parameters’, {, and U,,, we normalize the scale of the two parameters by
setting U, to 1. We discuss next our procedure of calibrating the remaining three
parameters of the implicit utility function, ¢,, € and L.

Let X; denote the hp-filtered trend component of any variable x;, and 7 = 33 the
number of years of our sample. First, for any r = 1,...,T, and given the trend ag-
gregate employment rate L, and trend labour productivities A, and A, in the data,
from equation (10), we can write the trend aggregate consumption C, (@, €, i) as

an implicit function of the three parameters (¢, €, U):

1

Zt _ (q)a (Zm)g_l (Et)(l—e)ua + (1 . (Pa) (Knat)g_l (Et)l—s) T—¢ . (15)

Then, from (11), we can write the trend of the agriculture’s share of employment

also as a function of (@, €, i),

9 (Au el (E )(1*8)(%*1)
7 ~—Ya 7nat !
lM%@%F=1¢(A) . . (16)

e ((Ae \ET' A (1-E) (a1
418 (2)(C)

Finally, we choose the values of (¢, €, l,) to minimize the following loss function

(i.e., non-linear least squares):

T

Y { a0, 0) ~ L /2] a7

t=0
where L, and L; are the employment trends from the data. This calibration yields
the following results for China: ¢, = 0.3605, € = 0.4754, and u, = 0.1970. The
calibrated value of the elasticity of substitution (€) is less than one, implying that
the substitution effect is such that the agriculture’s share of employment is nega-
tively related to the agriculture’s relative productivity. This is consistent with the
theoretical assumption of Ngai and Pissarides (2007) and the finding of Herrendorf,
Rogerson and Valentinyi (2013). The calibrated value of u, is significantly less
than one, implying that the income effect plays an important role for the decline

of the agriculture’s share of employment. Figure 3 displays the trend of the agri-

3See a proof in Appendix B.
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culture’s share of employment from both the model and the data. The left panel
shows that our calibrated model matches well the trend of the agriculture’s share of
employment in China.

For the US, we keep the values of the two elasticity parameters, € and L, the
same as the ones for China, but allow the value of @, to be different so that the
average of the model-implied agriculture’s share of employment matches that in
the US data. This yields a value of 0.0772 for ¢, in the US.* The right panel of
Figure 3 displays the trend of the agriculture’s share of employment from both the
model and the data for the US. Similar to the case of China, our calibrated model
also matches well the trend of the agriculture’s share of employment in the US.
In other words, using the same income and substitution elasticities for both coun-
tries and country-specific preference weight ¢,, our simple two-sector model with
the non-homothetic CES utility function can quantitatively account for the struc-
tural changes in both China and the US. This result is consistent with the finding
of Comin, Lashkari and Mestieri (2015) for a panel of countries which does not

include China.

Figure 3: Structural Change - China and the US
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The income effect is crucial for our model’s ability in matching the speed of

“The difference in the values of ¢, does not necessarily mean that households in the two countries
have different preferences. Rather, it may capture the potential differences in labour intensity of
agricultural production, barriers to labour reallocation, and other factors that may influence the
average share of employment in agriculture, but are abstracted from our model.
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structural change in both economies. To illustrate this, we set u, = 1, and recal-
ibrate the values of ¢, and € to minimize the same loss function in (17). The
resulting value of € is 0, and the values of ¢, are 0.1663 for China and 0.0138 for
the US. We plot the model implied trends of the agriculture’s share of employment
for both China and the US in Figure 3, labelled as homothetic CES. The model with
no income effect cannot match the speed of structural change in China nor in the
US. This is consistent with the findings of Boppart (2014) for the US and Comin,

Lashkari and Mestieri (2015) for other economies.

4.2 Labour Reallocation in the Short-run and Aggregate Em-

ployment Fluctuations

We now turn to the cyclical properties of our model when there are shocks to pro-
ductivities in the two sectors. Before presenting the quantitative results, we first
discuss our strategies of dealing with the trend in the aggregate employment rate
and the calibration of the parameters A and &, both of which have direct impact on

the cyclical properties of aggregate employment.

4.2.1 Detrending the Aggregate Employment Rate

In examining the structural change in the long-run, we have taken the trend of the
aggregate employment rate L, as exogenous. Since our objective here is to inves-
tigate our model’s implication for aggregate employment fluctuations, we can no
longer assume that the aggregate employment rate is exogenously given. Instead,
we have to solve L; endogenously from the model. This implies that we need to
solve the aggregate consumption C; from equation (14), which requires the values
of the parameters A and & as well as the previously calibrated values of (@, €, 1,).
However, we still calibrate our model so that the model implied trend of the ag-
gregate employment rate matches the trend in the data. Specifically, for any given

values of A and o and the previously calibrated values of (¢, €, 4,), we choose the
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labour supply parameter B, to solve the following equation:

_€ o

(0 ()" (€)M (1= 00) (Auar) ' (€)' )

L= — 1 — — — 1 — 1_ s
B[ <.ua(pa (Aat)s 1 (C[)(l S)lla—F/l 1+‘una(1 . (pa) (Anm)s 1 (Ct>/l 8)

where L;, Ay and A, are the trends of the aggregate employment rate, the labour
productivity in the agricultural and non-agricultural sectors, respectively, and C; is

the trend aggregate consumption solved from equation (15).

4.2.2 Calibration of A and o

We set 0 = 0.6 so that the Frisch elasticity of labour supply is 1.7, a value used by
Greenwood, Hercowitz, and Huffman (1988) and many others in the business cycle
literature. For the parameter A, we calibrate it to the US data by choosing the value
of A such that when the model is applied to the US, it can generate the correlation
between the cyclical components of the aggregate employment rate and output that
matches the corresponding correlation in the US data. The exact procedure is the

following:

(1) Given any value of A, choose {B,US }t=1,-~.,T to match the trend aggregate em-

ployment rates in the US data as discussed above.

(2) Take {B;};—1..r and the actual US labour productivities {AUS }e=1,..r and
{A,l{j; —1__» Which include both the trend and the realized productivity
shocks, solve the sector-level and aggregate employment rates and GDP in

equilibrium using the method described at the end of Section 3

(3) Detrend all employment and GDP series using hp-filter to retrieve the cyclical

components of these series.

(4) Calculate the correlation between the cyclical components of the equilibrium

aggregate employment rate and GDP.

(5) Continue step (1) through (4) with different values of A until finding a value at

which the correlation in Step (4) matches the data.
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Using this calibration procedure, we find a value of 0.8 for the parameter A. We
summarize all the calibration results in Table 3. Given these calibrated values of
parameters. We follow step (1) through (4) above to calculate the model-implied
moments of the cyclical components for both China and the US. Table 4 presents

the results from the calibrated model.

Table 3: Benchmark Calibration

Parameter Description Target China Value US Value

08 preference weight average of agriculture’s 0.3605 0.0772
of agriculture employment share

£ elasticity of substitution trend of agriculture’s 0.4754 0.4754
between two goods employment share in China

Uq income elasticity trend of agriculture’s 0.1970 0.1970
of agricultural good employment share in China

Una income elasticity normalization 1 1

of non-agricultural good

c inverse of Frisch elasticity  literature 0.6 0.6
of labour supply

A inverse of the intertemporal correlation of US aggregate 0.8 0.8
elasticity of substitution employment and output

4.2.3 Benchmark Results

The first and second columns of Table 4 present the business cycle statistics cal-
culated from the Chinese data and the simulated time series from the model, and
the third and fourth columns present the corresponding results for the US. Panel
A shows the relative standard deviations of the aggregate employment to output
and the correlation between the aggregate employment and output, panel B the sec-

tor level correlations and relative standard deviations, and panel C the correlation
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between sector employment and the correlations of the agriculture’s share of em-

ployment with sector labor productivities.

Table 4: Benchmark Results

China US
Data Model Data Model

(A) Aggregate

o(L)/o(Y) 0.11 0.13 0.70  0.23
p(L)Y) 0.09 -0.01 0.87  0.87
(B) Within Sector

o (Ly) /o (Yy) 0.70  0.81 0.33  1.08
0 (Lng) /0 (Yna) 0.75  0.55 0.71 0.24
p (La,Y,) 024 -0.92 -0.05  -0.99
P (Lna,Yna) 0.88  0.83 0.87 0.86
(C) Cross Sector

P (LgyLna) -0.83  -0.82 -0.23  -0.28
p(5e,A) 044 -0.99 033 -1.00
p(5,An) 035 -0.27 042 -0.13

Results for China. Overall, the model does a good job in matching both the
aggregate and sector moments in the Chinese data. From panel A, we see that the
model produces a relative aggregate employment volatility of 0.13, which is very
close to 0.11 in the data. The model also generates an acyclical employment series,
with its correlation with output close to zero. From panel B we see that the model
generates relative employment volatilities in the two sectors that are comparable
to those in the data. The model-implied non-agriculture employment is strongly
pro-cyclical, as in the data. However, for the agricultural sector, employment is
negatively correlated with output in the model and slightly positive in the data. The
model-implied negative correlation between employment and output in the agricul-
tural sector implies that the correlation between the agricultural employment and

agricultural labour productivity is strongly negative. We explain below that this is
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due to a strong income effect. Panel C shows the labor reallocation between the two
sectors. The correlation of employments in the two sectors is -0.82, which is very
close to the data, indicating strong reallocation between the sectors. Moreover, the
model implies that the agriculture’s share of employment is negatively correlated
with labor productivities in both sectors. When the labor productivity in the agri-
cultural sector increases, the relative price of the agricultural good falls. Given that
the agricultural and non-agricultural goods are complements (¢ < 1), substitution
effect leads to a fall of the agriculture’s share of employment. In addition, higher
agricultural labor productivity also raises aggregate consumption. Because y, < 1,
the income effect is such that the agriculture’s share of employment declines. Thus,
both the substitution and income effects lead to negative correlation between the
agriculture’s share of employment and labor productivity. This explains why the
model implies a very strong negative correlation of -0.99. When the labor produc-
tivity in the non-agricultural sector increases, the relative price of the agricultural
good rises and the substitution effect is such that the agriculture’s share of employ-
ment increases, but the income effect still leads to a fall of the agriculture’s share
of employment. Overall, the income effect dominates, leading to a correlation of
-0.27.

Results for the US. Our model also does a good job in replicating the US busi-
ness cycle facts. In the aggregate, the model can generate highly pro-cyclical ag-
gregate employment by construction. The model produces a relative employment
volatility that is lower than that in the data. This problem is common for stan-
dard real business cycle model, as pointed out by Cooley and Prescott (1995), that
without additional labor market frictions these models have difficulty in generating
sizable employment variations. Panel B and C illustrate the sector level correlations
and labor reallocations across sectors, which are broadly consistent with the data.
It is worth emphasizing that, as shown in panel C, the model is able to produce a
negative correlation between the two sectors’ employments and negative correla-
tions of the agriculture’s share of employment with the labor productivities in both
sectors.

In summary, despite being highly stylized, our model economy can match well

the employment fluctuations in both China and the US at sector level and in the
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aggregate. Similar to the case for the long-run structural change, the key to the
success of our model is the income effect generated by the non-homothetic prefer-
ences. Because the income elasticity of the agricultural good is less than that of the
non-agricultural good, the income effect on the employments in the agricultural and
non-agricultural sectors are in the opposite directions. When the agricultural sector
is large, this income-effect-induced negative correlation between employments in
the two sectors dampens the aggregate employment volatility and reduces the cor-
relation between the aggregate employment and output. In the sensitivity analysis
below, we will examine the quantitative implications of the two-sector model when
the two consumption goods are aggregated by a standard homothetic CES utility
function with no income effect, and we will show that the model cannot match the

aggregate employment fluctuations in China.

4.2.4 Sensitivity Analysis

We first illustrate the importance of income effect by showing the results for the case
of homothetic CES utility function, and then conduct some additional sensitivity

analysis to show the robustness of our benchmark model with income effect.

Homothetic CES utility function. When u, = u,, = 1, our model has the
standard homothetic CES utility function, which is also the utility function used by
Da-Rocha and Restuccia (2006). We have already shown in Section 4.1 that with-
out income effect the model cannot match the long-run structural change in the data
for either economy. We now investigate if the model can account for the aggregate
employment fluctuations in China if we follow the common practice in the busi-
ness cycle literature to detrend the data and focus on the cyclical part. We follow
the calibration strategy of Da-Rocha and Restuccia (2006) by choosing a country-
specific value of ¢, to match the average of the agriculture’s share of employment
in the data for each of the two economies, and choosing the value of € to match
the ratio of the volatility of agricultural employment to that of non-agricultural em-
ployment in the US. Table 5 presents the business cycle statistics of the calibrated
model without income effect.

For the case of China, the model performs poorly in the aggregate level, with
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a model-implied employment-output correlation of 1. We show in Appendix C
that this is actually a general property of the model with a homothetic CES utility
function. We prove that for any 6> 0, € > 0 and 0 <A < 1, the model-implied
aggregate employment and aggregate consumption are perfectly correlated. In this
model with no investment, the aggregate GDP and the aggregate consumption are
identical if the nominal GDP is deflated using the ideal price index. The real GDP
(in the data and in our model) is slightly different because it is measured using the
prices in a base year, but it is quantitatively very similar to the real GDP deflated us-
ing the ideal price index. So it is not surprising that the correlation of the aggregate
employment and the measured real aggregate GDP in the model is also 1.> Da-
Rocha and Restuccia (2006) also uses a CES utility function, but they were able to
generate a low correlation between the aggregate employment and output because
they introduced independent ex post shocks to the agricultural productivity (weather
shocks). In the version of the model without ex post shocks, their model’s implied
employment-output correlation is 0.95.° It is slightly smaller than one because in
their model there is investment so that output and consumption are not perfectly
correlated. In contrast, our benchmark model with income effect can generate low
employment-output correlation without introducing any ex post shock.

The homothetic CES model without income effect also performs poorly at sec-
tor level. It generates a high correlation (0.98) between the agricultural employment
and non-agricultural employment, which contradicts with the negative correlation
in the data. Moreover, the model-implied correlation of the agriculture’s share of
employment and the labour productivity in the non-agricultural sector is positive
(0.19) while the correlation in the data is negative (—0.35). Even for the US, the
model also performs poorly at the sector level. Again, the correlation of the em-
ployments in the two sectors and the correlation of the agriculture’s share of em-
ployment and the non-agricultural sector’s labour productivity are both positive in
the model, but negative in the data.

We now conduct some additional sensitivity analysis to show the robustness of

SIf A > 1, then we show in Appendix C that the aggregate employment and the aggregate con-
sumption has a correlation of —1, which is also inconsistent with the data.
6See Table 9 on page 477 of Da-Rocha and Restuccia (2006).
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Table 5: Comparison with Homothetic CES Utility Function

China US
Our  Homothetic Our Homothetic

Data Model CES Data Model CES
(A) Aggregate
o(L)/o(Y) 0.11 0.13 0.12 070 0.23 0.13
p(L)Y) 0.09 -0.01 1.00 087 0.87 1.00
(B) Within Sector
o (Ly) /o (Y,) 0.70 0.81 0.08 0.33 1.08 0.03
6 (Lng) /0 (Yna) 0.75 0.55 0.16 0.71 0.24 0.13
p (La,Ys) 024 -0.92 0.88 -0.05 -0.99 -0.65
P (Lna,Yna) 0.88 0.83 0.71 0.87 0.86 0.99
(C) Cross Sector
P (LayLna) -0.83  -0.82 0.98 -0.23  -0.28 0.57
p(%,Aa) -0.44 -0.99 -0.85 -0.33  -1.00 -0.98
p(%,Ana) -0.35 -0.27 0.19 -042 -0.13 0.05

our benchmark model with income effect.

Aggregate labour supply parameter B;. Since the long-run change of the ag-
gregate employment rate is determined by demographic factors, which are not the
interest of our paper, we used exogenous B; to match the trend of aggregate em-
ployment rate in our calibration. This is effectively a detrending method for our
non-homothetic model. We now test the robustness of our model by imposing a
constant B;. In particular, we use B to match the long-run average of the aggregate
employment rate, which gives B = 4.71 for China and B = 4.86 for the US. Table
6 shows the simulation results, where column (2) and (7) are benchmark results for
China and the US and column (3) and (8) are the robustness checks when B is a con-
stant. We see that holding B; constant barely affects the business cycle properties

of our model. All the conclusions from our benchmark model carry through.

Elasticity of labour supply. The parameter o governs the elasticity of labor
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supply, which affects directly the aggregate employment volatility. In line with the
literature, we choose this parameter to be 0.6 in our benchmark calibration. We now
check the sensitivity of our model to this parameter by changing the value of ¢. In
column (4), (5), (9), (10) of Table 6, we report the simulation results for different
values of ¢ in China and the US. It can be seen that higher labor elasticity, or lower
value of o, implies higher aggregate employment volatility. Aggregate employment
remains acyclical for China and pro-cyclical for the US under different values of ©.
While there is some minor differences in the results across different value of o, the
properties of sector-level fluctuations and the labour reallocation between the two

sectors of the benchmark model still hold.

5 Conclusion

The cyclical behavior of aggregate employment differs significantly between China
and the US. This sharp difference at the aggregate level conceals similar behav-
ior of cyclical properties of employments at sector level. We argue that the main
difference between China and the US is the size of the agricultural sector, which
results in quantitatively different impacts of labour reallocation between sectors on
the aggregate employment. We show that a simple two-sector growth model with
productivity shocks and non-homothetic preferences can simultaneously account
for the structural change in the long-run and the employment fluctuations in the
short-run in both China and the US.
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Appendix

A Derivation of Formulas

The FOCs of the social planner’s maximization problem with respect to L, and L, are:

aC
ac; C7*Aq—B/LZ =0 (18)
aC,
LC Ay —BiLS =0 (19)
aCnat
From equation (1), we have
1 &1 (=8)pa—¢ 5Ivla € aCt 1 &1 (1-&)tna—¢ aCt
a € F C na na € ; C €
Ha (Qa)® cof G acat + Una (@na)® Cply Cr 9w
1 1 (1-&)ua
((Pa) €Cy” Cl ¢ = 07
1 e—1 (1-¢ Ha € &C 1 e—1 (1-€&)una—¢ aC
Pa (9a)® Cof Ct acn; + tna (Pna)® € Cr - € acn;
1 1 (1—&)tna
(Qna)€ it Gy ¢ =0
Thus, we have
" (1-€)pa
aCt ((p(l) € Cat£ Ct ¢ , (20)
acat D[
1 1 (1-€)pna
aCt ((Pna) £ Cna? Cl ¢ , (21)
9Cnar D,
where
1 &=l (-#8ua—e 1 &=l (1=#&)hna—¢
Dy =a(@a)cst G ¢ +lna(Qua)ccre G ¢, (22)
Substituting equations (20) and (21) into (18) and (19), respectively, and solving for ¢, and ¢4,
we have the following:
Au )8 (1—-e)u
Cat = Qo |\ —————— C a, 23
=9 (D,B,L,"C,’L ’ (23
Anat )8 (I—e)u
Cnat = — | C ", 24
nat (Pna (DtBthCtA’ t ( )

Substituting these two equations into (1) we have
Aur >8_1 (I—e)u ( Anar )8_1 (I—e)u
C a _|_ C na — 1,
ba (D,B,Lt" c? ! Pna D,B,LOC* !
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which implies that

nat

1—¢
(DiBLect)  (gual 'l et gty el o) <1,

1

DlBtL;thl — (q)aAflt_ICt(l_g)'ua + (pnaAfm—tht(l—S),una> e—1 ' (25)

Substituting (25) into (23) and (24) and solving for ¢, and ¢, yield the solution in equations (5)
and (6). Substituting (5) and (6) into (22) and simplifying yields the following:

(=) -1 1= 1
_ UaPaAl; lct( e ‘f’una(PnaAiat]Ct( e

D,
_ 1— a — 1— na
PaAY; 1Ct( e "’(PnaAgatht( e

From (25), then, we have

~1ol=e)ta (1) | T
. (fpaAﬁf I oM 1 AT, oM ) o
. . a “ A= - - na A— ’
B; (“a(paAgt lct(l €)Hat 1+.una(PnaAﬁat1C;(1 €)Hna+ 1)

B Invariance of the Agriculture’s Share of Employment to the
Scale of 1, and u,,

We prove here that for any exogenously given L;, the solution of the agriculture’s share of employ-
ment from equation (10) and (13), 14(®,, €, Ua, Ung) is invariant to the common scale of (L, tng)-
First, let C;' (@4, €, Ua, Una) be the solution to equation (10) for the given L,. It can be shown that
the solution is unique and the corresponding agriculture’s share of employment is

(] Ay e-1 C*(l_s)(“a_ﬂna)
lf(pa Anut !

e—1 '
Pa Ay *(1—¢€) (Ha—Hna)
=6 <A—> G

(27)

lat =

Let u; = NU, and u;,a = MUy, for an arbitrary positive constant 1. Equation (10) and (13) now

become 1

- 1= a - 1- na | 1-€
Ll = Lal +Lnal = <(paAc£zt lCt( e + (pnaAiatIC[( Emu ) ! ,

and
Pa (E) el C(l_g)n(ﬂa_lina)
l/ _ 17(pu Anat t
at — e—1 :
Pa Ag (1-&)n(ta—Hna)
1 + lf(Pa (Anat> Ct

Let C,, — (. Then, we can rewrite the two equation as
(1-e) (1-e)tng ) T2
L= L+ Lo = (94451 C M 4 g, Il ) 28)
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and
Da <h)8_lc/(1£)(uaﬂna)
! 1—=@a \ Anar t
l, = 29)

ar — e—1 :
(Pa Aa /(178)(“07“1111)
1+ lf(Pa <Am§z) Ct

Since equation (28) has a unique solution, we have C; = C;. From (27) and 29, then, we know that
L. =ly.

C Solution of the Model with Homothetic CES Utility Function

Since we are focusing on the cyclical property of the model with no trend, there is no need for a
time-varying B;. We set it as a constant and for simplicity normalize it to one. With u, = t,,, =1
and B; = 1, from (8), (9) and (10), we have

At lC
Lu= e (30)
((PaAgt_ + PraAnar )871
Al
Lo = Pt <, 31)
(PuAZ " + PraAng' )
and c
L= 32
= (32)
Here,
1
A= (PAL " + PraAsg' )
Therefore,
Au\ ¢
Cat = Yu = AuLar = (0 (A_> G
1
A 8
Cnat = Ynar = AnatLnar = Ona (ﬂ) G
Ay
From (7), we have
1 _2
L, =A7C, °. (33)

Comparing (32) and (33) yields the following solutions for C; and L;:

1+o

__ A Ato

Ct_At 9

1-2

__ A Ato
L =A;

AS + AS H'io-fg
_ OuAys T Pnalygs C = (<PaA§; + (PnaAf;az)AtHU

Y,
t AE
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We can see that as long as A < 1, In(L;) and In(C;) are perfectly correlated. In this model with
no investment, the real aggregate GDP, when measured using the ideal price index, is identical to
the aggregate consumption C;. Since the measured aggregate GDP Y; using a fixed base year is
very similar to the aggregate GDP measured using the ideal price index, it is not surprising that
the correlation of the aggregate employment and the measured aggregate GDP is also close to 1. If
A > 1, then In(L;) and In(C;) has a correlation of —1.
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