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1. Introduction

India’s Independence in 1947 marked the beginning of the post-colonial 
era. It was followed two years later by China’s Communist Revolution, 

and the two giants have stood out since then because of their population sizes, 
though they have differed in their political and economic trajectories, as well 
as in their heterogeneity. Arguably, India’s more heterogeneous composi-
tion in terms of languages and cultures has compounded the challenges of 
democratic governance in the period in which both countries have pursued 
economic transformation. Heterogeneity in the economic dimension is a 
major theme of our analysis, along with that of structural change.

In the last three decades, economic reforms helped the Indian economy 
accelerate (see Joshi 2016; Panagariya 2008), becoming one of the fastest 
growing in the world, though still lagging behind China over this period. 
However, India’s pattern of growth has been quite unusual, not conform-
ing well to traditional models of economic development, which envisage 
a major shift in employment from lower productivity agriculture to higher 
productivity, labor-intensive, manufacturing. In India’s case, manufacturing 
has not increased much as a share of GDP. Agriculture’s share in GDP has 
declined, though agricultural employment has been slower to change. On the 
other hand, services, including new sectors such as software and information 
technology-enabled services, have contributed to accelerated growth. Most 
recently, India had again been experiencing slower growth, and before the 
nature of that deceleration could be fully understood, the negative shock of 
the Coronavirus pandemic and the resulting lockdowns have added a major 
wrinkle to the economy’s trajectory.

States are a natural and commonly used unit of analysis when the 
performance of the Indian economy is disaggregated: they have signifi-
cant responsibilities in terms of governance and economic policymaking 
within India’s federal structure. Their population sizes are comparable to 
typical countries in Europe or Latin America. One of the most popular 
sets of state-level studies has explored convergence or divergence of per 
capita outputs across states.1 These studies control for initial conditions, 
such as baseline economic level or structure, in predicting subsequent 
economic performance, but typically do not tackle the ongoing drivers 
of economic growth.

1. There are several dozen such studies: among the recent ones for India are Bandyopadhyay 
(2012), Chakraborty and Chakraborty (2018), Cherodian and Thirlwall (2015), Das (2012), 
Ghosh et al. (2013), and Mishra and Mishra (2018).
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In contrast, relatively few studies for India have examined the connec-
tion between structural change and growth at the state level.2 However, as 
briefly noted earlier, according to classical development theory, a specific 
kind of structural change of the economy is a major feature of growth. In 
these models, industrialization that involves reallocation of labor from low 
productivity to high productivity sectors drives economic growth (Chenery 
1960; Kaldor 1957; Lewis 1954; Verdoorn 1949; Young 1928). Recent 
empirical work has identified this process as important in explaining varying 
growth performances across countries and regions. Specifically, McMillan 
and Rodrik (2011) conclude that

The bulk of the difference between Asia’s recent growth, on the one hand, and Latin 
America’s and Africa’s, on the other, can be explained by the variation in the contribu-
tion of structural change to overall labor productivity.

For India, using the framework introduced by McMillan and Rodrik, 
Hasan et al. (2013) found that labor allocation toward high productivity 
sectors reduced poverty across Indian states. Cortuk and Singh (2011, 
2015) implemented a different approach to measuring structural change and 
examined the connection between structural change and economic growth 
in India at the national and the state levels, respectively. 

This paper provides a more detailed and updated examination of the role 
of structural change in affecting India’s economic growth, using state-level 
data and multiple empirical approaches. One approach uses a Structural 
Change Index. In addition to panel regressions, which assume that states 
are subject to the same magnitudes of effects, the paper also includes state-
by-state time series analyses. For the latter, the paper innovates by using a 
flexible empirical framework based on time-varying parameters. Finally, an 
empirical analysis that employs a decomposition of productivity growth into 
within-sector changes and structural change is also implemented. While the 
analysis was conceived before the pandemic and data limitations prevent 
inclusion of the country’s most recent experience, the analysis may still have 
some possible implications for thinking about India’s economic recovery 
from the pandemic.

The remainder of the paper is organized as follows: Section 2 provides a 
discussion of some relevant examples in the existing literature on structural 
change and its linkage with growth. Data description is provided in Section 3 
along with some stylized facts distilled from the data. Section 4 lays out 

2. Two exceptions are Cortuk and Singh (2015) and Hasan et al. (2013): these are discussed 
in detail later in the paper.
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the empirical strategy with the estimation methodology, including panel 
regressions, time-varying parameter regressions, and productivity decompo-
sitions. This is followed in Section 5 by the empirical findings for the three 
approaches. Concluding remarks are presented in Section 6. In addition to 
summarizing our results, the conclusion offers some possible implications 
of our approach for thinking about the post-pandemic economic recovery. 

2. Structural Change and Growth

Our specific focus on structural change and growth can be seen as a contri-
bution to a broader literature that analyzes India’s growth story in the last 
50 years and its unusual pattern of development. Attention has been paid 
to the role of private and public investment (Sen 2014), services intensity 
(Eichengreen and Gupta 2011; Singh 2006), and skill intensity (Kochhar et al. 
2006) to explain the country’s growth trajectory. Stepping back from proxi-
mate causes, policy reforms have been credited as a major driver of growth 
that arguably accelerated from 1988 onward (Panagariya 2008). Ghate and 
Wright (2012) provided formal empirical evidence for a structural break in 
India’s economic growth path in the 1980s at the time of the initial reforms.

Beyond aggregate growth, several studies have tried to explore the patterns 
of growth across subsectors of the economy. Wallack (2003), Virmani (2006), 
and Balakrishnan and Parameswaran (2007) analyzed the growth path of the 
manufacturing and services sectors. Mazumdar (2010) linked policy reforms 
and sectoral contributions to growth. Some of these studies identified a shift 
from slow-growing or low-productivity sectors to fast-growing or higher 
productivity sectors as part of India’s growth experience. This is the point 
formalized by McMillan and Rodrik (2011), quoted earlier. Empirically, 
intersectoral reallocation of labor from low-productivity to high-productivity 
sectors is a measure of structural change. Working within this framework, 
Hasan et al. (2013) observed that structural change, measured in terms of 
a transition towards high-productivity sectors, reduced poverty across sev-
eral of India’s states. On similar lines, Ahsan and Mitra (2014) found that 
structural change contributed to significant shifts in labor productivity for 
various Indian states, especially after the 1991 policy reforms. In line with 
other studies of India’s pattern of development, they found that most of the 
gains came in the services sector rather than in manufacturing.3

3. Sen (2014) provides an overview of the patterns of growth and structural change in the 
Indian economy, including work based on the McMillan–Rodrik approach. He documents 
and emphasizes the atypical nature of India’s structural transformation.
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An alternative approach to measuring structural change avoids incorporat-
ing productivity changes into the measure.4 This method directly aggregates 
changes in sectoral shares. Since these changes are both positive and negative, 
and have to add up to zero, the signs are removed by using absolute values 
(Michaely 1962; Stoikov 1966) or squares (Lilien 1982).5 This approach 
measures structural change independently of productivity or growth, typi-
cally using national accounting data for sectoral shares. Hence, it enables a 
regression analysis of the link between structural change and growth, instead 
of accounting decompositions of productivity. In this manner, Cortuk and 
Singh (2011) conducted the first empirical study of the effect of structural 
change on India’s growth. Using annual data from 1951 to 2007, they found 
unidirectional Granger causality from structural change to growth. Using panel 
data for 16 states over the period 2000–06, Cortuk and Singh (2015) found 
the same unidirectional causality. Thind and Singh (2018) appears to be the 
only other study of Indian data that calculates structural change indices, but 
the authors of this study did not perform any regression analysis.6

3. Data and Stylized Facts

The analysis uses state-level GDP data (SGDP) at annual frequency across 
20 states and union territories (UTs). In some cases, states were split 
during this period, and we use data for the new states, where the series 
have been adjusted, to take account of the splits. The SGDP data has 
been obtained from the States of India database of the Centre for Monitoring 
Indian Economy (CMIE).7 The states and UTs considered for the paper are 

4. We should note that the two approaches presented here are not the only possibilities 
for examining structural change and development. A well-known and important example is 
Bosworth and Collins (2008): they compare India and China for the period 1978–2004. Using 
growth accounting methods, they calculate aggregate growth in output per worker as well as 
for three sectors, namely, agriculture, industry, and services. The residual from this decom-
position is interpreted as a reallocation effect, that is, due to structural shifts in employment. 
In other examples, Fan et al. (2003) and Chen et al. (2011) use production function estimates 
combined with decompositions of sources of productivity growth for China. Valli and Saccone 
(2009) use a decomposition method due to Syrquin (1986), which differs from that popularized 
by McMillan and Rodrik, to compare China and India’s structural change. Mallick (2017) 
makes the same comparison of the two countries using an input–output approach. None of 
these studies disaggregates to the subnational level. 

5. The formulas for both types of measures are described in the next section.
6. They also performed McMillan–Rodrik type structural change calculations, making 

theirs one of the few papers to consider both approaches to measuring structural change.
7. https://statesofindia.cmie.com 
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listed in Table 1. We have included the UT of Chandigarh and the National 
Capital Region of Delhi (Delhi-NCR, which is not a state, but not strictly 
a UT either) because of their geographic position, but we have excluded 
other UTs, small states in the Northeast, and Jammu and Kashmir, which is a 
special case in several dimensions. Where major states have been excluded, 
the reason was lack of consistent data for the period of analysis.8

The time period of the analysis is mostly from 1994–95 to 2014–15, 
with some analysis using a later starting year due to data limitations. The 
SGDP data for Kerala, Gujarat, and Himachal Pradesh are not available after 
2013–14. As an organizing principle, we sometimes order the states with 
respect to their average real per capita income levels over the 1997–2015 
period. To do this, we deflated reported nominal data with state-specific 
deflators constructed from another source. The average deflated values, 
scaled across the 20 sample regions, are displayed in Figure 1, where the 
states are arranged alphabetically on the horizontal axis.

Along with aggregate SGDP data, we use sectoral and subsectoral level 
output data for the states to derive structural change indices. Sector and sub-
sector shares of SGDP for the 20 states are in Table 2, ordered from poorest 
to richest by the criterion described in the last paragraph. We calculated 
average shares separately across two subperiods, 1995–2001 and 2001–15.9 
The period beginning with the new millennium appears to represent one 
where the growth accelerates, as compared to the 1990s.10 The changes 
in average shares vary across the states. The share of agriculture declined 
during 2001–15, with the drop particularly apparent for Tamil Nadu, Gujarat, 
Uttarakhand, Odisha, and Kerala. Punjab, on the other hand, remained more 

8. In our subsequent presentations of results, we use two-letter abbreviations for the states 

and UTs as shown in Table 1.
9. Or 2001–14, depending on data availability for individual states.
10. As noted earlier, our data do not cover the period of the recent slowdown.

T A B L E  1 .  Indian States and Unions Territories used in this Paper

assam (aS) Bihar (Br) chandigarh uT (cH) chhattisgarh (cG)

delhi-ncr (dl) Gujarat (GJ) Haryana (Hr) Himachal pradesh (Hp)

Jharkhand (JH) Karnataka (Ka) Kerala (Kl) madhya pradesh (mp)

maharashtra (mH) odisha (od) punjab (pB) rajasthan (rJ)

Tamil nadu (Tn) uttar pradesh (up) uttarakhand (uK) West Bengal (WB)

note: uT = union territory, ncr = national capital region. State name abbreviations shown here are used 
frequently in the paper below.
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F I G U R E  1 .  Average per capita Income across States during 1997–2015 
(scaled)

Sources: cmIE; authors’ calculations.
note: average state per capita income over 1997–2015 is scaled for the 20 states/uT and a scalar added 
in each case to show all scaled values as nonzero. The resulting ranking of states is used as a presentation 
device for showing state-wise results. See text for details.

T A B L E  2 .  Sector and Subsector Shares of State GDP (in %)
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2001–15 26.7 22.9 2.5 1.3 16.6 0.1 5.3 1.4 9.8 56.7 28.5 9.9 18.2

ut
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r 
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es

h 1995–01 33.7 31.2 1.7 0.3 21.7 1.0 14.6 1.5 4.3 44.6 9.7 17.4 17.5

2001–15 26.4 23.9 2.1 0.4 23.0 0.9 13.4 1.3 7.3 50.6 21.6 15.2 13.8

m
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a 
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es
h 1995–01 32.4 28.6 3.5 0.2 24.6 4.5 12.8 2.5 5.0 43.0 8.9 15.2 18.9

2001–15 25.9 23.2 2.6 0.2 28.2 4.4 12.1 2.7 9.1 45.9 19.7 12.8 13.3
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sa

m 1995–01 33.0 28.3 3.0 1.7 23.1 10.1 7.6 1.0 5.9 43.9 8.8 8.4 26.7

2001–15 24.1 20.2 2.4 1.5 24.3 7.2 8.5 1.4 7.3 51.6 22.2 7.1 22.2
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d 1995–01 15.1 11.2 3.0 0.8 55.3 13.2 34.6 1.9 6.0 29.6 5.9 5.7 18.0

2001–15 16.5 12.9 3.2 0.3 43.8 11.6 23.9 1.3 7.0 39.7 18.6 7.8 13.1

(Table 2 Contd.)
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2001–15 20.6 16.5 2.8 1.3 33.4 7.1 12.7 3.2 10.8 46.0 20.6 11.1 14.1
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rh 1995–01 30.2 22.2 6.5 0.9 37.7 8.4 17.6 6.5 5.2 54.7 9.4 19.6 25.8

2001–15 21.2 15.4 4.6 1.1 42.9 10.5 17.8 4.8 9.8 63.7 14.2 9.7 12.0
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1995–01 29.3 25.2 3.5 0.1 27.6 1.9 12.7 4.4 8.6 43.1 8.3 15.5 19.3

2001–15 22.7 19.7 2.9 0.1 31.1 3.1 14.0 3.4 10.6 46.2 20.2 12.8 13.2

W
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t 
Be

ng
al 1995–01 29.9 24.5 1.1 4.1 19.4 1.4 10.5 1.8 5.6 50.7 10.9 16.6 23.2

2001–15 20.9 16.6 1.0 3.3 20.1 1.1 10.6 1.9 6.5 59.0 25.7 16.0 17.3

ut
ta
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-

kh
an

d 1995–01 30.4 22.5 8.3 0.0 20.6 0.9 12.4 1.0 7.0 49.0 10.8 16.4 21.8

2001–15 16.0 11.8 4.1 0.0 33.0 0.9 20.9 1.5 9.7 51.0 28.3 9.4 13.4
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rn

a-
ta

ka

1995–01 28.3 24.0 3.6 0.6 27.7 0.7 16.9 2.3 7.6 44.0 7.8 20.8 15.4

2001–15 17.1 14.5 2.2 0.4 29.8 0.9 17.8 2.0 9.1 53.1 21.0 21.0 11.1

Ta
m

il 
na

du 1995–01 15.8 13.6 1.0 1.2 32.1 0.6 21.7 3.1 6.6 52.1 10.8 22.0 19.3

2001–15 9.9 8.5 0.6 0.8 30.6 0.6 19.9 1.3 8.8 59.5 26.6 20.0 12.9

Ke
ra

la 1995–01 23.8 19.3 2.4 2.1 21.6 0.4 10.6 1.4 9.7 54.6 14.3 20.1 20.2

2001–14 14.1 11.3 1.6 1.3 21.7 0.4 8.2 1.6 11.6 64.2 32.2 18.0 13.9

Gu
ja

ra
t 1995–01 20.5 16.5 2.4 1.2 39.7 4.6 27.7 3.1 4.7 39.8 9.5 17.4 12.9

2001–15 14.8 12.4 1.7 0.7 39.9 2.7 27.2 3.2 6.8 45.3 25.4 12.0 7.8
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m
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l 
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ad
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h 1995–01 27.6 20.4 8.0 0.2 39.0 0.3 11.3 6.2 21.4 33.4 5.4 9.2 18.9

2001–15 22.0 16.4 5.5 0.1 39.8 0.3 13.9 7.3 18.3 38.2 15.0 8.0 15.3

pu
nj

ab 1995–01 37.2 35.6 1.4 0.2 24.0 0.0 15.8 3.2 5.0 38.8 7.1 13.1 18.7

2001–15 28.0 26.7 1.1 0.3 27.6 0.0 17.8 3.0 6.8 44.4 18.3 11.8 14.3

m
ah

a-
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sh
tr

a 1995–01 13.6 10.1 4.2 0.5 33.5 0.8 22.9 2.2 7.7 52.9 9.8 27.1 15.9

2001–15 10.0 7.8 2.0 0.3 30.1 0.7 21.1 1.8 6.6 59.9 23.6 25.7 10.6

Ha
ry

an
a 1995–01 31.9 30.2 1.6 0.1 31.3 0.3 22.0 1.7 7.3 36.8 10.3 13.2 13.2

2001–15 19.7 18.7 0.9 0.1 30.5 0.2 19.8 1.7 8.8 49.8 27.6 13.8 8.4

de
lh

i 1995–01 1.5 1.4 0.1 0.0 18.5 0.0 9.1 1.4 7.4 80.0 12.9 45.4 21.7

2001–15 0.9 0.8 0.1 0.0 14.5 0.0 6.4 1.3 6.7 84.6 27.8 42.1 14.7

ch
an

di
-

ga
rh 1995–01 1.7 1.5 0.3 0.0 15.1 0.0 9.2 2.0 4.8 84.1 9.7 35.9 21.4

2001–15 0.7 0.7 0.1 0.0 15.1 0.0 6.1 1.3 7.8 84.4 34.0 35.4 15.0

Source: cmIE; authors’ calculations.

(Table 2 Contd.)
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dependent on agriculture, which contributed about 28 percent to state GDP, 
on average, in 2001–15. 

The shares of industry and services increased during this period, so there 
was a gradual shift towards a more services- and manufacturing-oriented 
economy, and away from agriculture. This process was more rapid in states 
such as Kerala, Tamil Nadu, Karnataka, and Uttarakhand. In other states, 
the change was more gradual. Furthermore, states shifted towards trading 
activity (trade and transport being the first subcategory in services) more 
than other types of services, possibly suggestive of national or subnational 
economic integration, perhaps driven by better road connectivity and 
infrastructure development. Somewhat atypically, Jharkhand had a gradual 
increase in agriculture and services sector shares, while manufacturing and 
mining activity declined in relative importance.

The change in sector-wise shares provides initial evidence of the real-
location of economic activity towards potentially more productive sectors 
in the 2000s. These changes in sectoral contribution underline the structural 
change in the Indian economy. Accordingly, the level of structural change 
has been quantified using the Norm of Absolute Value (NAV), proposed 
by Michaely (1962) and Stoikov (1966), and the Modified Lilien Index, 
introduced by Lilien (1982) and revised by Stamer (1999). The first measure, 
NAV, is defined by

 
NAV x x

i

n

it is= −
=

∑ | |
1

2 1  
(1)

where xit is the share of GDP of sector i at time t, and xis is the share of 
GDP in the base period, time s. The NAV index measures the average of 
the absolute distance between the output shares of all sectors across two 
different time periods. The sum of the absolute amounts of the differences 
is divided by two since each change is counted twice: this ensures that the 
range of the index is from 0 (no structural change) to 1 (maximum structural 
change). The logic of this index is that it summarizes the overall change in 
the distribution of economic activity across different sectors, but it does not 
make any prejudgments about whether this shift is from low-productivity 
to high-productivity sectors. 

In a departure from Cortuk and Singh (2011, 2015), in this paper the index 
is calculated with respect to a fixed base year. So, in the following empirical 
analysis it is a cumulative measure rather than an annual change. We make this 
modification to facilitate comparison with the structural change calculations 
based on the McMillan–Rodrik approach, which is typically also based on 
cumulative changes. In our initial data analysis, we have used 1994–95 as the 
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starting year, owing to the fact that the progression of structural change and 
opening up of the Indian economy, which is typically associated with policy 
reforms in 1991, started stabilizing in 1994–95.11 The NAV is calculated at two 
different levels: (a) Level 1 at the sector level, that is, for Agriculture, Industry 
and Services, and (b) Level 2 at the subsector level, that is, for Agriculture, 
Fisheries, Forestry, Mining, Manufacturing, Electricity, Construction, Trade, 
Finance, and Community Services. The empirical analysis was conducted at 
both levels to check robustness, but we report only the results based on the 
more disaggregated measure, since they are qualitatively similar.

The Modified Lilien Index (MLI), on the other hand, was first proposed by 
Lilien (1982) for measuring the variation in sectoral growth rates of employ-
ment and was modified by Stamer (1999). The MLI is defined as follows12:

 

MLI x x ln
x

xi

n

it is
it

is

=










=

∑
1

2

 
(2)

F I G U R E  2 .  Heat Map of Structural Change Index (rescaled)13

Source: cmIE; authors’ calculations. darker shades show higher values of the Index.

11. As noted earlier, in some portions of our analysis, our starting year is later, due to 
data limitations.

12. The MLI also varies theoretically from 0 to 1.
13. While the NAV and MLI are theoretically between 0 and 1, the actual range is much 

more compressed. Accordingly, for the heatmap, the actual values have been mapped to the full 
interval from 0 to 1, by subtracting the minimum value and standardizing by the actual range.
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State-level structural change is found to vary across the states. The heat-
map of NAV and MLI values (see Figure 2) displays the time progression 
of the different Indian states in our sample through the stages of structural 
change. A significant amount of structural change occurred immediately 
before 2000, when the services sector came into greater prominence. 
Within our sample, Kerala and Tamil Nadu were among those states that 
were frontrunners in adapting to the new patterns of economic activity. 
Other states were more gradual in shifting their economic makeup, as 
seen in Figure 2.14

Juxtaposing structural change with the pattern of growth across states, 
a positive relationship between structural change and state-level growth 
emerges from a scatter plot of the two variables. Figure 3 displays the scatter 
plot between average growth and average structural change for the sample. 
Note that the structural change indices are converted to a percentage scale 
for this figure.15 The size of the circles represents scaled per capita income. 

14. Our discussant, Neelkanth Mishra, suggested that the heatmaps for NAV and MLI are 
quite different, but we would argue that the similarities are greater than the differences. For the 
purpose of this paper, they are meant to be an illustrative prelude to our econometric analysis.

15. In Cortuk and Singh (2015), the magnitudes of NAV and MLI were roughly compara-
ble, but here the MLI figures tend to be lower than the NAV numbers: this will happen with 
more unequal shares. Because of data availability, the classification of subsectors used here 
is somewhat different than in the earlier paper.

F I G U R E  3 .  Average Structural Change and Growth across States

Source: cmIE; authors’ calculations.
note: circle size represents scaled per capita income.
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A larger circle size, therefore, represents a higher per capita income. It 
seems that, on the whole, average state-level growth is higher for states that 
had higher structural change, though there are outliers in all four directions. 
It is clear from the scatter plot that there is no simple story connecting struc-
tural change and growth. For example, two very different states, Bihar and 
Uttarakhand, display high structural change and high growth. Similarly, the 
states with low structural change and low growth, namely Assam, Punjab, 
and Uttar Pradesh, are all different in their characteristics. There are also 
outliers such as Gujarat and Himachal Pradesh, which have had relatively 
high growth but low structural change.16

When structural change is considered, there is also significant variation 
among the states in the time dimension, whereas growth rates vary less 
over time within and across states. These patterns can be seen in Figure 4, 
which plots kernel densities of each variable for each state: the densities 
are reflected across vertical axes to obtain “violin plots.” Structural change 
was relatively low during the initial time period of these data, and this fact 
is reflected in the lower tails of the kernel density estimates of structural 
changeover during the sample period. Except for a few states, the structural 
change levels were concentrated around the average over time. As seen in the 
scatter plots, the kernel densities also show that states such as Uttarakhand, 
Kerala, and Haryana experienced higher structural change as compared to 
other states. The time pattern of growth rates, on the other hand, was highly 
concentrated around the average growth across states. On the other hand, a 
few states such as Jharkhand and Rajasthan did experience greater variation 
in state-level growth over time.

3.1. Control Variables

While our focus is on the interaction between structural change and growth, 
there are clearly other factors at work that help drive both processes. For 
example, neoclassical growth theory suggests that poorer states would 
grow faster as they would be less subject to diminishing returns, thereby 
catching up with richer states. This is the often-examined convergence 
hypothesis. Typically, this is qualified as “absolute” convergence, since 
a variety of other economic conditions can matter aside from per capita 
income levels—analyses that account for these other conditions examine 

16. One can conjecture that the growth in these states has been driven by productivity 
increases within sectors: in this case, the McMillan–Rodrik type of measure of structural 
change might pick up that phenomenon.
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“conditional” convergence. Following this latter method, we incorporate 
several control variables to allow for differences in state conditions that 
might affect the processes of growth and of structural change. As noted, state-
level per capita income is included to reflect growth theory. Other important 
aspects of state-level conditions are infrastructure, the state-specific invest-
ment environment, human capital, and the national economic environment. 

The availability of suitable data was the determining factor for some of 
the control variable choices. The impact of initial income levels is captured 
by including the lagged value of per capita SGDP. State-level variation in 
infrastructure development has been incorporated through a measure of 
railway density. Human capital is proxied by a variable measuring enroll-
ment in primary and secondary education. State variation in the investment 
environment is proxied through two indicators, namely (a) investment ratio 
and (b) factory growth. The investment ratio is defined as new investment 
intentions as a percentage of SGDP. The investment intention data is col-
lected by CMIE, at the project level across states, from major investment 
announcements. Factory growth is estimated from year-on-year growth of 
manufacturing plants covered in the Annual Survey of Industries. Finally, 
the national economic environment is captured by the lagged growth rate of 
national GDP. India’s GDP data are sourced from the St Louis Fed database. 
All the state-level control variables are available at annual frequency for our 
sample from the CMIE States of India database.17

4. Empirical Framework

The empirical framework revolves around two questions: (a) What is the 
causality between structural change and GDP growth at the state-level?; and 
(b) If there is any influence of structural change, does the linkage between 
structural change and growth vary over time? Only the use of a structural 
change index (NAV/MLI) allows one to analyze the issue of causality; 
productivity growth decomposition does not enable that. However, both 
approaches to structural change allow analysis of the second question, though 
with very different conceptual and empirical approaches. In the following, 
our empirical strategy has, therefore, been divided into two parts—the 
first part highlights the index of structural change and causality, while the 

17. We also explored a few alternative variables such as road density, number of bank 
branches, and literacy rates. None of these controls improved or altered our results. We further 
investigated the possibility of other controls suggested during the general discussion at the IPF, 
but a combination of time and data limitations restricted us from modifying our regressions.
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second part focuses on variation of impacts over time, using the two differ-
ent approaches to measuring structural change.

4.1. Causality between Structural Change and Economic Growth

Directional causality can be tested in a familiar manner using Granger 
causality in the time domain. The time domain analysis of causality relies 
on a regression framework in which the lags of dependent and independent 
variables are included together to check the impact of one variable on the 
other. In a panel framework, causality between structural change and GDP 
growth has been studied by factoring in state-specific heterogeneity and 
time effects.18 In all cases, to allow for likely heteroskedasticity associated 
with size differences among states and other heterogeneities, we use robust 
standard errors. For each regression, the lagged value of the dependent vari-
able has been used to estimate the persistent feature of each data generating 
process. In other words, the lagged value of structural change is included in 
the regression of structural change on state GDP growth, and lagged growth 
is included in the regression of growth on structural change. The various 
controls discussed earlier are also included in both regressions.

Following the above discussion, the panel regressions used for testing 
causality are specified as follows:

 

g s g PCGSDP X

s

it i t it it it it it= + + + + + +− − − −α β γ γ γ γ10 1 11 1 12 1 13 1
1

iit i t it it it it its g PCGSDP X= + + + + + +− − − −α β γ γ γ γ20 1 21 1 22 1 23 1
1  

(3)

where sit is the structural change index in state i at time t, git is real SGDP 
growth. PCGSDP is per capita SGDP, included in level form with a lag, to 
capture initial conditions. A significant value for coefficient γ10 in the first 
equation and a significant value for γ21 in the second equation are evidence 
for causality between sit and git, in the respective directions of the regression 
specification. As noted, sit can be measured as NAV as well as MLI at the 
sector and subsector levels of aggregation. Since the results were similar for 
the different levels of disaggregation, we use the more disaggregated measure 
in this paper. Lastly, the vector of control variables is represented in Xit−1.

The panel regressions are estimated using both generalized least squares 
(GLS, i.e., fixed effects with robust standard errors) and the generalized 
method of moments (GMM). GLS estimates can suffer from consistency 
problems in such dynamic panel models, as the regressors are not strictly 
exogenous. The bias, sometimes known as Nickell’s bias (Nickell 1981), 

18. Dietrich (2009) performed a panel analysis of this kind of causality for seven OECD 
countries and provided a detailed discussion of methodological issues.
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causes problems in typical two-stage methods for implementing fixed 
effects estimation in a dynamic panel. Hence the GMM approach devel-
oped by Arellano and Bond (1991) is often used to estimate these dynamic 
panel models. The attractiveness of the Arellano–Bond estimator (or its 
variants) relies on asymptotic properties, and it may not perform well in 
some types of finite samples. Therefore, in this paper, both approaches 
have been used and reported. The time period used for estimation ranges 
from 2000–01 to 2014–15. Lack of data availability of control variables 
for the newly formed states restricted the time span of estimation to begin 
in 2000–01.

4.2. Time-varying Impacts of Structural Change

To relax the panel regression assumption that the impacts of structural change 
and growth on each other are the same across the states, we examine time-
varying impacts with two different approaches. The first uses the structural 
change indices, as is the case for the panel regressions. The second uses 
the productivity-based decomposition of growth into within-sector change 
and structural change. In addition to relaxing the assumption of constant 
impacts over time, both these latter methods also relax the assumption of 
homogeneity of impacts across states.

Using the structural change index, we estimate a time-varying regression 
model to allow for more general causal impacts. The model is benchmarked 
by estimating the standard linear model for each state (rather than as a panel) 
before the time variation in parameter space is incorporated in the estimation. 
Furthermore, a stochastic volatility assumption has been built into the model. 
The time-varying regression model for estimating the impact of structural 
change on growth can be written as

 

g g s PCGSDP GGDP

g
it t t it t it t it t t it

it

= + + + + +− − − −β β β β β0 1 1 2 1 3 1 4 1 

== +−βt it itY 1   
(4)

where bit (i = 0,1,2,3,4) are the time-varying coefficients, GGDP is the 
national GDP growth rate, and eit is the error term, with mean zero and 
variance s2. st varies over time and thereby helps to capture the stochastic 
volatility component. The state equations for capturing the dynamics of the 
time-varying parameters are expressed in the following manner:
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The state equation for the parameters bt is assumed to be a random walk 
to capture any structural change in the data (Bernanke et al. 2004). Further, 
the stochastic volatility component is modeled as AR(1), with persistence 
of impact captured by the AR(1) coefficient. The model is estimated using 
the multimode Gibbs Sampling technique, suggested by Carter and Kohn 
(1994) and extended to time-varying autoregressive models by Nakajima 
(2011). The time-varying regression model has been estimated using 20,000 
MCMC draws, with initial 10,000 draws as the burn-in period. The time span 
of estimation is from 1997–98 till 2014–15. Unlike the panel regression, the 
time span of estimation of the time-varying model is kept longer (excluding 
some potential control variables) for two reasons. First, the controls used 
in this model are available from 1997–98 onward. Furthermore, the longer 
time span provides better precision in time-varying estimates where the 
estimation state-by-state makes the issue of degrees of freedom more central.

The time-varying regression for estimating the impact of growth on 
structural change is illustrated as follows:

 

s g s PCGSDP GGDP

s
it t t it t it t it t t it

i

= + + + + +− − − −α α α α α0 1 1 2 1 3 1 4 1 

tt t it itY= +−α 1   
(6)

The time-varying coefficient at is assumed to follow a random walk and 
a stochastic volatility component has been included in the model following 
Equation (5).

Alternatively, the McMillan and Rodrick (2011) approach also allows 
the impact of structural change to vary over time. Instead of using an index, 
it estimates the contribution of structural change to productivity change by 
decomposing productivity changes into within-sector changes and those 
associated with factor movements across sectors (typically from low- to 
high-productivity sectors).19

Total productivity is defined as: 

 
P pt

i
it it=∑θ

 
(7)

where it is the employment share of the ith sector at time t and pit is the 
productivity of sector i during the same time.

Taking differences and separating sectoral changes in productivity 
from changes in employment shares, the total change of productivity is 

19. This analysis was added to the paper after the IPF, based on the comments of our 
discussant, Barry Bosworth, echoed by many of those participating in the general discussion. 
We are grateful to all of them, though more work can, of course, be done in this direction.
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decomposed into the sum of within-sector changes and aggregate structural 
change, as follows:

 

∆ ∆ ∆P p pt
i

i t k i t

Within sector

i
i t i t

Structural

= +∑ ∑−θ θ, , , ,

� �� ��
cchange

� �� ��
 

(8)

The first component is calculated using base-period sectoral employment 
shares. The second component weighs changes in employment shares by 
the respective productivity contributions and thereby captures the change 
in productivity associated with movement of economic activity across 
sectors. Intuitively, workers from low-productivity sectors migrate to 
high-productivity sectors as the economy develops and grows. Our analysis 
uses employment survey data from the NSSO for the requisite calculations. 
The base year for calculating within-sector changes is 1993–94, while the 
final year varies depending on the relevant NSSO sample year (1999–2000, 
2004–05, and 2011–12). Since the NSSO data is collected at intervals of 
several years, this data is not well-suited for time series analysis. More 
importantly, this method of estimating structural change does not concep-
tually or empirically separate growth and structural change in a manner that 
allows for regression analysis.20

5. Empirical Findings

In this section, we first detail the panel regression results, which provide a 
familiar baseline and relatively straightforward conclusions. Then we pre-
sent the time-varying regression results, which are more novel, and require 
more nuanced consideration, since they reveal various patterns of change 
over time, and are also state-specific, adding further heterogeneity. This is 
followed by the productivity-decomposition results, which also allow for 
differences of impacts over time and across states.

5.1. Panel Regressions and Causality

The results for the panel estimations are presented in Tables 3 through 6. We 
focus on results for the NAV measure of structural change since the results 
for the MLI measure are qualitatively similar: the latter are in an Appendix 

20. Erumban et al. (2019) use a variant of the productivity decomposition method, analyzing 
structural change based on input–output data for 27 sectors, covering the period 1981–2011. 
Again, this is only a national-level analysis. This paper also has numerous additional refer-
ences to empirical studies using this approach. See also de Vries et al. (2015) for a review of 
variations on the decomposition approach.
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available from the authors. To assist in interpreting the estimated impacts 
from one variable to another, growth rates as well as structural change are 
measured on the same percentage scale, that is, NAV is scaled from 0 to 
100 for the regressions. As noted earlier, there are two relationships that are 
of interest: the impact of state-level structural change on growth, and the 
impact of state-level growth on structural change. We consider two estima-
tion methods, as discussed earlier. The results are quite robust across the 
two estimation methods. There is a statistically significant positive effect 
of lagged structural change on growth, and lagged growth on structural 
change. We would argue that the positive effect of structural change on 
growth is particularly striking because this kind of measure of structural 
change does not build in any assumption of shifts from low-productivity 

T A B L E  3 .  Fixed Effects Model: Growth of SGDP

 
 

(1)
GSGDP

(2)
GSGDP

(3)
GSGDP

GSGdp (–1) –0.348** 
(0.127)

–0.351** 
(0.126)

–0.349**
(0.126)

naV (–1) 0.395***
–0.087

0.381***
–0.084

0.398***
–0.081

per capita SGdp (–1) –1.215***
–0.375

–1.128***
–0.373

–1.119***
–0.375

Enrollment ratio 113.880* 
(57.149)

117.638* 
(57.261)

123.752* 
(59.413)

rail density (–1) –0.071
(0.061)

Investment ratio (–1) 0.419 
(0.270)

0.431 
(0.271)

 

factory Growth 0.093** 
(0.037)

0.092** 
(0.037)

0.095**
(0.036)

GGdp (–1) 0.334** 
(0.141)

0.339** 
(0.140)

0.369**
(0.136)

constant 10.991* 
(5.259)

9.264* 
(4.918)

11.190* 
(5.392)

State fE yes yes yes

Time fE yes yes yes

robust SE yes yes yes

observations 244 244 244

adjusted r-square 0.246 0.249 0.248

Source: authors’ calculations.
notes: Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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to high-productivity sectors—though that is presumably the mechanism by 
which structural change positively affects growth. The two positive coeffi-
cients together imply a positive feedback loop between growth and structural 
change. These results are stronger than the earlier results of Cortuk and 
Singh (2015), since here we find a significant effect of growth on structural 
change. Intuitively, this difference is likely due to the fact that the current 
analysis uses a cumulative index of structural change rather than year-to-
year changes. Recall that this was chosen to facilitate comparison with the 
productivity decomposition method.

Each specification controls for the lagged value of the dependent variable. 
Here, there are differences across the two directions of impact. While high 

T A B L E  4 .  Fixed Effects Model: NAV

 
 

(1)
NAV

(2)
NAV

(3)
NAV

GSGdp (–1) 0.123***
(0.023)

0.132***
(0.022)

0.131***
(0.022)

naV(–1) 0.751***
(0.082)

0.789***
(0.072)

0.784***
(0.069)

per capita SGdp (–1) 0.856** 
(0.349)

0.624* 
(0.308)

0.622* 
(0.308)

Enrollment ratio 44.788 
(27.828)

34.748 
(25.702)

33.164 
(26.893)

rail density (–1) 0.189* 
(0.099)

  

Investment ratio (–1) –0.079
(0.188)

–0.112
(0.194)

 

factory Growth 0.030***
(0.008)

0.032***
(0.008)

0.031***
(0.007)

GGdp (–1) 0.019
(0.028)

0.004
(0.028)

–0.003
(0.032)

constant –4.392
(3.649)

0.221
(2.051)

–0.278
(1.481)

State fE yes yes yes

Time fE yes yes yes

robust SE yes yes yes

observations 244 244 244

adjusted r-square 0.896 0.892 0.892

Source: authors’ calculations.
notes: Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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growth in one year is followed by relatively lower growth in the next year 
(indicated by the negative and statistically significant coefficient of the 
lagged dependent variable), high structural change in one year is followed 
by relatively high structural change in the next year (the coefficient of the 
lagged dependent variable is positive and statistically significant). This per-
sistence of structural change is to be expected, given the cumulative nature 
of the measure. For example, the fixed effects results for growth of SGDP 
(GSGDP) in Table 3 indicate that 1 percentage point higher growth would 
result in growth the next year being lower by about 0.35 percentage point, 
but if structural change was also higher by a percentage point, this would 
fully offset the subsequent negative growth impact. In the case of the GMM 
method (Table 5), the structural change effect on the next year’s growth is 
estimated to be much greater in magnitude, so that structural change more 
easily sustains the growth momentum.

T A B L E  5 .  GMM Estimation: Growth of SGDP

(1)
GSGDP

(2)
GSGDP

(3)
GSGDP

GSGdp (–1) –0.432***
(0.062)

–0.430***
(0.062)

–0.424***
(0.062)

naV(–1) 1.027***
(0.161)

1.031***
(0.160)

0.995***
(0.155)

per capita SGdp (–1) –3.565***
(0.626)

–3.600***
(0.619)

–3.611***
(0.616)

Enrollment ratio 107.097 
(90.119)

109.277 
(89.880)

112.076 
(89.804)

rail density (–1) 0.086
(0.170)

  

Investment ratio (–1) –0.511
(0.476)

–0.523
(0.473)

 

factory Growth 0.094***
(0.034)

0.094***
(0.034)

0.091***
(0.033)

GGdp (–1) 0.449***
(0.110)

0.445***
(0.110)

0.400***
(0.102)

State fE yes yes yes

Time fE yes yes yes

robust SE yes yes yes

observations 244 244 244

Source: authors’ calculations.
notes: Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



164 Ind Ia  pol Icy  forum,  2020

The results presented here are somewhat more decisive than earlier results 
on the relationship between structural change and growth (Cortuk and Singh 
2015), partly because of the use of a cumulative index of structural change. 
Another reason may be that here we cover a longer and more recent time 
period and include a more robust estimation method (GMM) than the earlier 
analysis. A further important difference is in the control variables used. As 
in earlier papers, we include per capita SGDP, which is a standard control 
variable from models that consider questions of convergence or divergence 
across countries or regions (Indian states in this case). Those analyses typ-
ically focus on long-run growth, and use initial-year income levels, so our 
estimation approach here is different. In our results, we find very clear and 
strong evidence of conditional convergence in the two growth regressions, as 
evidenced by the negative coefficients of lagged per capita SGDP. However, 
this effect is somewhat offset by the strong positive coefficients of lagged per 
capita SGDP in the two structural change regressions. Hence, richer states 
will tend to have greater structural change, and this will translate into higher 

T A B L E  6 .  GMM Estimation: NAV

(1)
NAV

(2)
NAV

(3)
NAV

naV(–1) 0.701***
(0.071)

0.711***
(0.071)

0.699***
(0.069)

GSGdp (–1) 0.135***
(0.025)

0.138***
(0.025)

0.140***
(0.025)

per capita SGdp (–1) 1.198***
(0.273)

1.138***
(0.269)

1.118***
(0.267)

Enrollment ratio 57.168 
(41.431)

60.755 
(41.529)

62.610 
(41.191)

rail density (–1) 0.092
(0.071)

  

Investment ratio (–1) –0.217
(0.207)

–0.245
(0.207)

 

factory Growth 0.029** 
(0.014)

0.029** 
(0.014)

0.028** 
(0.014)

GGdp (–1) 0.022
(0.045)

0.017
(0.045)

–0.002
(0.042)

State fE yes yes yes

Time fE yes yes yes

robust SE yes yes yes

observations 244 244 244

Source: authors’ calculations.
notes: Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



anirban Sanyal and nirvikar Singh 165

growth in the future, somewhat offsetting the tendency of richer states to 
grow more slowly (according to the growth regressions). Although it is not 
our focus, our empirical results may provide some additional insights for 
the large literature on India’s regional growth patterns and the question of 
growth convergence or divergence.

A novel feature of our paper is the inclusion of several additional con-
trols, which were not used in the previous analyses of structural change and 
growth.21 We considered a range of possible control variables: in some cases 
there were data issues, and in others there was a lack of any statistically sig-
nificant effect on state-level growth and structural change. The estimations 
presented in the paper are relatively parsimonious and provide some useful 
subsidiary information on the overall growth process. We summarize the 
results, which are mostly consistent across estimation methods and measures 
of structural change. Education enrollment has a statistically significant 
positive effect on growth but not on structural change. Rail density has a 
positive impact on structural change in the fixed effects estimation, but not in 
the GMM estimation or in either of the growth regressions. The investment 
ratio is never statistically significant in any of the estimation results. Both 
the growth of factories and the national growth rate have positive and statis-
tically significant impacts on state-level growth for both estimation methods. 
On the other hand, the national growth rate does not have a significant effect 
on structural change, as opposed to the state-level growth rate, which does: 
this is consistent with structural change in a state being a function of the 
state’s growth, and not of overall national growth. Of course, there is still 
an indirect effect of national growth on state-level structural change through 
the effect on state-level growth. Finally, factory growth has a positive and 
significant impact on structural change in all four regressions, for growth 
and structural change, and for each estimation method.

5.2. Time-Varying Parameter Model Results

The panel regression results are plausible and relatively robust across estima-
tion methods, but the panel approach places strong restrictions on the relation-
ship between structural change and growth across states and over time. In order 
to explore what we can learn from relaxing these restrictions, we estimate 
time-varying autoregressive (TVAR) models (see Equations (4) and (6)) for 
each of the 20 states and UTs in our sample. Ideally, we would want to allow 
for the possibility that different control variables are relevant for different 
states. However, some exploratory regression estimates and considerations of 

21. We are indebted to Barry Bosworth for stressing the importance of accounting for addi-
tional possible explanatory or control variables.
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degrees of freedom led us to estimate the same specification for each state, with 
the level of per capita SGDP and the national growth rate as the only controls 
(in addition to lagged values of the structural change and state-level growth). 
Also, since the results do not vary much for the two measures of structural 
change, we again only report the results for the NAV measure.

Table 7 summarizes the results of the TVAR model’s estimation for 
the impact of structural change on state-level growth. For reference, the 
coefficient estimates from the two panel methods are included in the table. 

T A B L E  7 .  Impact of Structural Change on Growth

Equation: git= b0t + b1t git – 1 + b2t sit – 1 + b3t PCGSDPit – 1 + b4t GGDPt – 1 + it

 Median Interquartile Range Range

fixed effects panel 0.39   

dynamic panel 1.03   

State Heterogeneity

Br 0.46 0.07 0.74

up 0.10 0.03 0.16

aS 0.25 0.03 0.16

mp 0.77 0.23 0.97

JH 1.01 0.23 3.95

od 0.30 0.16 0.70

cG 0.37 0.17 0.74

rJ 0.74 0.19 1.12

WB 0.16 0.06 0.33

Ka 0.90 0.13 0.77

Kl 0.19 0.08 0.47

uK 0.81 0.11 0.66

Hp 0.28 0.05 0.46

GJ 0.17 0.14 0.77

pB 0.08 0.04 0.25

Tn 0.29 0.11 0.55

mH 0.48 0.14 0.74

Hr 0.16 0.07 0.26

dl 0.62 0.18 0.83

cH 0.20 0.06 0.59

Source: authors’ calculations.
note: Table shows results for b2t.
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The first column in the table reports the median value (across the sample 
years) of the coefficient for each state. It is immediately apparent that there 
is considerable heterogeneity across states, with median impacts ranging 
from 0.08 (Punjab) to as high as 1.01 (Jharkhand). Of the 20 median 
impacts, 12 are below the estimated impact from the fixed effects panel 
estimates, but all are below the GMM estimate of the impact of structural 
change on growth. There is also considerable heterogeneity in estimated 
impacts across the sample years. The interquartile ranges are relatively 
small, ranging from 0.03 to 0.23, but the ranges are much greater, varying 
from 0.16 to as high as 3.95. In other words, the impact of structural change 
on growth may not be stable over time. At this stage, we can merely note 
this phenomenon: either it can be taken to imply that structural change 
is not a useful guide for predicting future growth, or it can suggest that 
further investigation into the relationship is needed. The heterogeneity 
of impacts across states, however, is a reminder of the differences across 
Indian states in their economic structures as well as their growth processes. 
The magnitudes of the coefficients from these time-varying regressions do 
not necessarily line up with the simple scatter plots of structural change 
and growth (Figure 3): one striking example where they do is the case of 
Punjab, which is near the bottom in terms of structural change (Figure 3) 
and the effect of structural change on growth (Table 7).

Table 8 complements Table 7, showing the TVAR results for the effect of 
lagged SGDP growth on state-level growth (i.e., this is a different coefficient 
for the same equation). In concordance with the panel results, most of the 
median values for the time-varying coefficients are negative, but there are 
three positive median values, with the value for Himachal Pradesh being as 
high as 1.48. This suggests that persistence in growth rates is possible and 
that the negative panel regression coefficients that indicate mean reversion 
in growth are not an iron law. Turning to the time variation of this effect, 
as in Table 7, the interquartile ranges are again not very large, going from 
0.01 to 0.44 across the different states, while the ranges are again mostly 
much greater in magnitude than the interquartile ranges, varying from 0.10 
to 3.75 across the states. At a minimum, one can conclude from Tables 7 
and 8 that there is a great deal of heterogeneity in growth processes across 
the states and over time.

Further representation of the time pattern of impacts of structural change 
on growth can be seen from the time series plots in Figure 5. In the figure, 
the 20 states are grouped in five groups of four states each, preserving the 
ordering of states by per capita SGDP. Hence, the first panel of Figure 5 
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T A B L E  8 .  Impact of Lagged SGDP Growth on State-level Growth

Equation: git= b0t + b1t git – 1 + b2t sit – 1 + b3t PCGSDPit – 1 + b4t GGDPt – 1 + it

 Median Interquartile Range Range

fixed effects panel –0.35   

dynamic panel –0.43   

State Heterogeneity

Br –0.65 0.06 0.5

up –0.12 0.07 0.58

aS –0.26 0.01 0.10

mp –0.27 0.32 3.75

JH –0.32 0.19 1.85

od –0.86 0.21 1.12

cG –0.54 0.02 0.27

rJ –0.22 0.27 3.39

WB –0.46 0.09 1.34

Ka –0.09 0.41 3.69

Kl –0.17 0.13 0.99

uK –0.42 0.07 0.48

Hp 1.48 0.04 1.76

GJ –0.53 0.11 0.80

pB –0.02 0.09 0.46

Tn 0.17 0.07 0.34

mH –0.58 0.24 0.97

Hr –0.20 0.13 0.91

dl 0.30 0.44 2.26

cH –0.46 0.08 0.58

Source: authors’ calculations.
note: Table shows results for b1t.

compares the four poorest states in our sample, Uttar Pradesh, Assam, Bihar, 
and Madhya Pradesh. In each cluster of states, there are some similarities in 
how the impact of structural change on growth varies over time, but there 
does not appear to be a high degree of synchronicity within the clusters.

The results for the other direction of causality, from growth to structural 
change, are displayed in Table 9. Interestingly, the median estimated impacts 
of state-level growth on structural change are higher than both the panel 
estimates for 18 of the 20 states, varying from 0.10 to 1.17. Again, Himachal 
Pradesh is a positive outlier in terms of magnitude of impact. On the other 
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F I G U R E  5 .  Time Variation in Structural Change Impact
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Source: authors’ calculations.

hand, Punjab remains as an example of a state with relatively low impact 
in this reverse direction, from growth to structural change, reinforcing its 
outlier status. The interquartile ranges and ranges indicate similar patterns 
of variation over time, with the ranges being considerably greater than the 
interquartile ranges.22 Table 10 complements Table 9, displaying the esti-
mated persistence of structural change impacts. The panel coefficients were 
both almost equal to 1, and the median impacts in Table 10 are mostly of 

22. To provide a point of reference, for the uniform distribution on [0,1], the range is twice the 
interquartile range. For a symmetric triangular distribution on [0,1], the range is almost four times 
the interquartile range. In our estimates, the ratios of the ranges of coefficients over time to the 
interquartile ranges are considerably higher.
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T A B L E  9 .  Impact of Lagged SGDP Growth on Structural Change

Equation: sit= b0t + a1t git – 1 + a2t sit – 1 + a3t PCGSDPit – 1 + a4t GGDPt – 1 + it

 Median Interquartile Range Range

fixed effects panel 0.12   

dynamic panel 0.14   

State Heterogeneity

Br 0.20 0.18 1.39

up 0.33 0.24 3.68

aS 0.65 0.52 4.19

mp 0.29 0.08 1.41

JH 0.17 0.12 0.58

od 0.10 0.03 0.22

cG 0.16 0.03 0.22

rJ 0.32 0.28 1.07

WB 0.29 0.15 1.80

Ka 0.34 0.11 0.55

Kl 0.13 0.13 2.74

uK 0.17 0.10 0.72

Hp 1.17 0.27 1.84

GJ 0.15 0.09 1.74

pB 0.15 0.11 1.50

Tn 0.18 0.05 0.55

mH 0.45 0.07 0.58

Hr 0.22 0.19 2.26

dl 0.68 0.27 1.24

cH 0.59 0.34 1.80

Source: authors’ calculations.
note: Table shows results for a1t.

similar magnitudes or higher. Interestingly, Punjab has the highest median 
value for this coefficient in the sample of states.

The time series plots in Figure 6 indicate that the largest impacts of 
growth on structural change occur toward the beginning of our sample 
period. This may reflect a period when cumulative reforms in the late 1990s, 
or possibly exogenous changes in technology or trade, were starting to have 
an impact on economic structures. Certainly, the time pattern of the magni-
tudes of these coefficients is different than those for the impact of structural 
change on growth. Finally, there is no indication of any positive correlation 
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in the median coefficients for the two different directions of impact—a state 
with a higher estimated impact of structural change on growth does not 
necessarily have a high impact of growth on structural change.

5.3. Impact of Controls in Time-Varying Parameter Regressions

In this subsection, we briefly consider the impacts of the two control vari-
ables in the time-varying parameter regressions of SGDP growth and struc-
tural change: the interactions of those two focus variables were considered 
in Tables 7 through 10 and the accompanying discussion. Recall that the 

T A B L E  1 0 .  Impact of Lagged Structural Change

Equation: sit= b0t + a1t git – 1 + a2t sit – 1 + a3t PCGSDPit – 1 + a4t GGDPt – 1 + it

 Median Interquartile Range Range

fixed effects panel 0.88   

dynamic panel 0.94   

State Heterogeneity

Br 0.88 0.07 0.67

up 0.80 0.01 0.36

aS 0.88 0.05 0.87

mp 1.17 0.04 0.62

JH 0.31 0.06 0.77

od 0.46 0.04 0.29

cG 0.75 0.07 0.36

rJ 0.12 0.09 0.44

WB 1.21 0.06 0.90

Ka 1.48 0.10 0.44

Kl 1.28 0.12 1.34

uK 0.77 0.03 0.15

Hp 0.64 0.08 0.80

GJ 1.17 0.03 1.27

pB 1.66 0.05 0.84

Tn 0.25 0.12 0.58

mH 0.29 0.04 0.90

Hr 0.96 0.08 0.63

dl 1.55 0.12 1.74

cH 0.86 0.09 1.28

Source: authors’ calculations.
note: Table shows results for a2t.
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F I G U R E  6 .  Time Variation in Growth Impact
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Source: authors’ calculations.

panel regression results indicated a negative impact of per capita SGDP on 
state-level growth, and a positive impact of national growth on state-level 
growth (Tables 3 and 5). In addition, per capita SGDP was found to have a 
positive impact on structural change, but national growth had no significant 
impact on structural change (Tables 4 and 6). 

The results for the TVAR estimations are presented in Tables 11 through 
14: the first two tables report the impacts of the two controls on state-
level growth, while the next two report the impacts of the two controls on 
structural change. While the main interactions (Tables 7 through 10) were 
consistent in the directions of impact when comparing the panel regressions 
and the time-varying regressions, the effects of the controls are less so. For 
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example, in the case of Table 11, the panel regressions would have suggested 
that negative coefficients would be estimated. However, only 11 of the 20 
median coefficients are negative. Furthermore, in only one case (Odisha) 
is the set of estimated coefficients negative over the entire time period; on 
the other hand, all the estimated coefficients for Kerala, Maharashtra, and 
Chandigarh are positive, in contrast to the results of the panel regressions. 
It is the case that the time-varying parameter results for the other impacts 
are less in conflict: the patterns in Tables 12 and 13 are mostly consistent 
with the panel regressions in terms of direction of impacts, and the panel 
results corresponding to Table 14 were inconclusive in any case. Since the 
time-varying parameter estimation method does not allow for calculating 

T A B L E  1 1 .  Impact of per Capita SGDP on SGDP Growth

Equation: git = b0t + b1tgit−1 + b2tsit−1 + b3tPCGSDPit−1 + b4tGGDPt−1 + it

State Median Interquartile Range Minimum Maximum

Br –3.50 2.03 –6.05 0.41

up 2.00 1.27 –0.89 3.92

aS –1.27 3.19 –7.68 3.32

mp 0.21 1.75 –1.59 3.56

JH –3.36 3.09 –7.26 1.06

od –2.96 1.23 –4.49 –0.36

cG –1.58 1.01 –2.93 0.35

rJ –1.15 1.08 –2.48 1.24

WB –0.21 0.84 –1.20 1.56

Ka –1.12 0.84 –1.97 0.6

Kl 3.61 1.09 1.62 5.31

uK –2.00 1.19 –3.76 0.54

Hp 0.88 0.32 0.37 1.49

GJ 1.16 0.92 –0.92 2.61

pB 1.30 0.81 –0.38 2.33

Tn –1.14 0.65 –1.81 0.27

mH 1.38 0.37 0.70 1.99

Hr 0.32 0.81 –1.46 1.11

dl –0.47 0.48 –1.02 0.59

cH 0.74 0.43 0.08 1.56

Source: authors’ calculations.
note: Table shows results for b3t.
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T A B L E  1 2 .  Impact of Lagged GDP Growth on SGDP Growth 

Equation: git = b0t + b1tgit−1 + b2tsit−1 + b3tPCGSDPit−1 + b4tGGDPt−1 + it

State Median Interquartile Range Minimum Maximum

Br 1.00 0.15 0.69 1.33

up 0.29 0.18 –0.03 0.68

aS 0.32 0.52 –0.37 1.32

mp –0.01 0.22 –0.45 0.37

JH 1.23 0.85 –0.08 2.52

od 1.45 0.16 1.14 1.76

cG 0.79 0.16 0.48 1.08

rJ 0.58 0.13 0.35 0.83

WB 0.04 0.35 –0.51 0.75

Ka 0.82 0.20 0.35 1.15

Kl –0.09 0.25 –0.57 0.39

uK 0.03 0.24 –0.47 0.46

Hp –0.21 0.16 –0.51 0.14

GJ 0.66 0.56 –0.81 1.38

pB 0.05 0.26 –0.44 0.49

Tn 1.23 0.11 1.02 1.45

mH 1.33 0.22 0.98 1.69

Hr 0.59 0.21 0.23 1.03

dl 0.86 0.27 0.45 1.37

cH 0.12 0.30 –0.39 0.80

Source: authors’ calculations.
note: Table shows results for b4t.

T A B L E  1 3 .  Impact of per Capita SGDP on Structural Change 

Equation: sit = a0t + a1tgit−1 + a2tsit−1 + a3tPCGSDPit−1 + a4tGGDPt−1 + it

State Median Interquartile Range Minimum Maximum

Br 5.48 1.92 2.90 9.12

up 1.89 2.07 –2.28 5.87

aS 1.98 2.10 –2.19 6.34

mp 1.38 1.71 –0.39 4.82

JH 4.57 1.54 1.10 6.56

od 2.00 1.88 –1.64 4.95

cG 0.80 1.80 –1.19 4.14

rJ 2.85 0.63 1.25 3.71

WB 2.42 1.00 1.18 4.60

Ka 1.56 1.34 0.15 4.12
(Table 13 Contd.)
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State Median Interquartile Range Minimum Maximum

Kl 3.33 0.38 2.61 4.02

uK 0.73 1.32 –1.98 3.30

Hp 2.41 0.34 1.71 3.07

GJ –0.26 1.13 –1.78 2.37

pB –0.49 0.73 –1.43 1.19

Tn 2.41 0.39 1.65 2.84

mH 1.42 0.33 0.77 2.10

Hr 0.48 0.33 –0.17 1.00

dl 1.79 0.33 1.09 2.26

cH 1.35 0.29 0.63 1.89

Source: authors’ calculations.
note: Table shows results for a3t.

T A B L E  1 4 .  Impact of Lagged GDP Growth on Structural Change 

Equation: sit = a0t + a1tgit−1 + a2tsit−1 + a3tPCGSDPit−1 + a4tGGDPt−1 + it

State Median Interquartile Range Minimum Maximum

Br 0.75 0.48 0.07 1.68

up 0.48 0.26 –0.02 0.99

aS 0.41 0.24 –0.06 0.86

mp 0.59 0.20 0.21 0.97

JH 0.43 0.49 –0.39 1.22

od 0.48 0.33 –0.10 1.03

cG 0.85 0.22 0.43 1.40

rJ 0.90 0.17 0.60 1.24

WB 0.36 0.26 –0.10 0.92

Ka –0.15 0.27 –0.62 0.50

Kl 0.25 0.33 –0.21 1.11

uK 0.40 0.27 –0.14 0.94

Hp 0.04 0.22 –0.36 0.40

GJ 0.23 0.29 –0.20 0.90

pB –0.14 0.15 –0.40 0.17

Tn 0.77 0.32 0.32 1.37

mH 1.53 0.25 1.15 1.99

Hr –0.09 0.15 –0.33 0.31

dl 1.13 0.30 0.61 1.67

cH 0.91 0.30 0.38 1.56

Source: authors’ calculations.
note: Table shows results for a4t.

(Table 13 Contd.)
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conventional standard errors or conducting traditional significance tests of 
coefficients, we also do not want to overstate the inconsistencies: this point 
is made more explicitly in discussing the time patterns of impacts in the next 
subsection. What we can repeat, however, is that the processes of growth 
and structural change appear to be different across states in a manner that 
deserves further empirical analysis.

5.4. Time-Varying Impact of Structural Change on Growth

Before turning to productivity decompositions as an alternative way of captur-
ing heterogeneity over time and across states, we briefly discuss time plots of 
the impact of structural change on state-level growth for each state for four 
different specifications, and the impact of state-level growth on structural 
change, also for four specifications. These plots are displayed in the Appendix 
(see Figures A1 and A2).23 For each state, the four specifications are: no 
controls, per capita state GDP as a control, the national GDP growth rate as 
a control, and both controls. To broadly summarize the implications of these 
graphs, there are differences across states in how inclusion of controls affects 
the measured impacts of structural change on growth, reflecting the different 
signs of the coefficients of the controls across states. There are also differences 
in the variability of the impacts over time. However, the overall conclusion 
from visual inspection of the graphs seems to support a considerable degree 
of stability of impacts over time, and, to some extent, across states. Hence, 
the panel regression results and time-varying parameter estimates do seem 
to provide some consistent information about the interaction of growth and 
structural change in India’s economic trajectory.

5.5. Productivity Decompositions

To round out our quantitative analysis, the results of the productivity decom-
positions are presented in Tables 15 and 16. Table 15 reports cumulative 
figures, while Table 16 has the corresponding annualized numbers. In each 
case, the base year is always 1993–94. Overall, the productivity gains are 
not very large, with several states showing negative productivity changes. 
The decompositions suggest that productivity gains within sectors have been 
larger than those associated with structural change. There is also consider-
able variation across states and over time periods. It is difficult to discern 
any clear patterns in the numbers, perhaps reflective of the subnational 
heterogeneity of the Indian growth experience.

23. The plots can also be downloaded in color for better legibility from:  
https://people.ucsc.edu/~boxjenk/IPFPaperSanyalSinghFiguresA1andA2.pdf. 
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Focusing on the cumulative results up to 2011–12, Delhi, Chandigarh, 
and Haryana have three of the four highest productivity gains associ-
ated with structural change, which might be suggestive of a regional 
development pattern, though the fourth state in this group is Jharkhand, 
which is very different in economic structure.24 The worst performers in 
terms of structural change-related productivity gains are Uttar Pradesh, 

24. In his discussant’s comments at the IPF, Neelkanth Mishra provided several illustrations 
of how very state-specific institutional changes can have an impact on growth. For most of 
his examples, it would be impossible to perform the kind of quantitative analysis that we have 
undertaken here, so we merely acknowledge that qualitative institutional knowledge can be 
important in understanding gaps or puzzles in the econometric results.

T A B L E  1 5 .  Productivity Changes: Within-sector Changes and Structural 
Changes (cumulative % change)

1999–2000 2004–05 2011–12

Within Structural Within Structural Within Structural

Hr 7.49 2.91 0.31 2.96 –3.59 5.87

dl 5.80 2.13 1.41 –16.53 20.02 15.37

rJ –0.38 –4.21 –2.42 0.68 0.89 –2.19

up 4.68 –18.25 5.77 –2.15 2.83 –9.00

uK 2.00 –18.45 –2.28 1.51 –8.90 –7.86

aS 29.82 –15.49 17.14 –1.75 16.01 3.20

WB 1.70 0.95 –1.22 –1.03 –3.22 –2.60

JH –5.29 1.04 1.61 4.75 26.82 6.06

Br 5.10 0.30 36.95 –5.37 57.62 –5.53

od 4.71 –1.37 –0.32 0.91 –2.87 1.70

Kl 5.34 3.52 –7.38 2.93 –12.25 5.47

Tn 0.15 2.58 –9.01 2.52 –10.28 4.97

Ka 4.52 –1.78 1.63 0.72 –8.14 –0.53

mp 1.61 –5.82 –4.89 –2.29 –4.62 –1.20

mH 3.18 –8.95 –7.68 1.60 –15.45 –1.10

GJ 4.28 0.94 –1.90 2.80 –8.35 4.49

Hp 5.34 7.91 25.90 1.71 16.46 4.17

pB 6.40 1.69 2.97 1.91 6.13 2.52

cH 45.94 –2.61 16.79 –15.49 45.82 7.94

cG –1.35 –2.99 2.80 –14.52 –3.78 –4.63

Source: authors’ calculations.
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Uttarakhand, Bihar, and Chhattisgarh, which also can be thought of as 
representing a regional clustering. 

However, one should be cautious about reading too much into these num-
bers. First, they are based on somewhat less-than-comprehensive surveys 
of employment. Second, they calculate labor productivity only rather than 
total factor productivity. For example, in Figure 3, Uttarakhand appears to 
be a stellar performer in terms of SGDP growth, and this is associated with 
relatively high structural change, measured as shifts in the composition of 
economic activity, without regard to employment or productivity, of course. 
The causal results from the TVAR models (Tables 7 through 10) suggest 
that Uttarakhand is not as much of an outlier as Figure 3 would suggest, 
but it displays strong impacts of structural change on SGDP growth. Since 

T A B L E  1 6 .  Productivity Changes: Within-Sector Changes and Structural 
Changes (annual % change)

 

1999–2000 2004–05 2011–12

Within Structural Within Structural Within Structural

Hr 1.25 0.49 0.03 0.27 –0.20 0.33

dl 0.97 0.35 0.13 –1.50 1.11 0.85

rJ –0.06 –0.70 –0.22 0.06 0.05 –0.12

up 0.78 –3.04 0.52 –0.20 0.16 –0.50

uK 0.33 –3.08 –0.21 0.14 –0.49 –0.44

aS 4.97 –2.58 1.56 –0.16 0.89 0.18

WB 0.28 0.16 –0.11 –0.09 –0.18 –0.14

JH –0.88 0.17 0.15 0.43 1.49 0.34

Br 0.85 0.05 3.36 –0.49 3.20 –0.31

od 0.79 –0.23 –0.03 0.08 –0.16 0.09

Kl 0.89 0.59 –0.67 0.27 –0.68 0.30

Tn 0.02 0.43 –0.82 0.23 –0.57 0.28

Ka 0.75 –0.30 0.15 0.07 –0.45 –0.03

mp 0.27 –0.97 –0.44 –0.21 –0.26 –0.07

mH 0.53 –1.49 –0.70 0.15 –0.86 –0.06

GJ 0.71 0.16 –0.17 0.25 –0.46 0.25

Hp 0.89 1.32 2.35 0.16 0.91 0.23

pB 1.07 0.28 0.27 0.17 0.34 0.14

cH 7.66 –0.43 1.53 –1.41 2.55 0.44

cG –0.23 –0.50 0.25 –1.32 –0.21 –0.26

Source: authors’ calculations.
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Tables 15 and 16 employ a significantly different methodology, the results 
are not technically inconsistent, but they raise the question of how one can 
explain the differences.

To take another example, Punjab does quite respectably in labor produc-
tivity calculations of Tables 15 and 16, both overall and in the contribution 
of structural change. This is in stark contrast to its position in Figure 3. 
Similarly, the TVAR results in Table 7 indicate a relatively weak impact 
of structural change on SGDP growth in Punjab, though Table 10 suggests 
that structural change has more cumulative power for that state. These two 
observations suggest, again, that arrested structural change in Punjab is a 
cause of its anemic growth—this also fits in with the declining growth of 
the agricultural sector in that state.25 In any case, the two methodologies 
provide very different pictures of economic activity and development that 
require further analysis. Potentially, one can look at each state in detail 
and compare the results for the two approaches to try and construct a more 
rounded perspective on the economic performance of that state.

6. Conclusion

In this paper, we have empirically examined the relationship between eco-
nomic growth and structural change in India over recent decades. We first 
generalized previous work with panel regressions using state-level data to 
estimate the impact of structural change on growth and growth on structural 
change. Panel regressions using fixed effects estimation as well as GMM for 
a dynamic panel found two-way causality: each variable positively impacts 
the other, suggesting a positive feedback mechanism between structural 
change and growth. We allowed for various control variables (also improv-
ing on previous work in that respect) and obtained results consistent with 
conditional convergence in the direct impacts of per capita income levels 
on subsequent growth. On the other hand, the indirect impacts could work 
in the opposite direction, since higher per capita income levels are followed 
by greater structural change, which affects subsequent growth positively. 
Perhaps the strongest and most obvious result of the panel estimations was 
that growth in the number of plants or factories positively impacts both 
growth and structural change, reflecting a very traditional perspective on 

25. One can note once more that the level of aggregation matters. A shift from wheat and 
rice to higher value added crops could boost Punjab’s agricultural sector performance without 
showing up as structural change. 
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the nature of economic development and reminding us of a dimension in 
which India continues to struggle.

The second part of our empirical analysis relaxed the assumptions of 
constant impacts across states and over time by estimating time-varying 
auto-regressive models for each state and each pair of variables. The impacts 
of structural change on growth and growth on structural change turned out 
to vary across different states, as well as over time, and were seen to be 
differentially affected by state per capita income levels and by national 
growth rates. In some cases, such as Punjab, one can guess the reasons 
for the differences: Punjab has been locked into a particular pattern of 
agriculture. In other cases, the results are less obvious and require further 
investigation; for example, Himachal Pradesh appears to be a positive outlier 
in its performance.

The analysis of the paper has several implications for economic policy-
making in India at both the national and state levels. First, by systematically 
exploring the interaction between structural change and growth, it provides 
policymakers with a better sense of what the growth process might be in their 
state or for the nation as a whole. In particular, even though the empirical 
results are not conclusive by any means, they go beyond league tables of 
per capita SGDP, and they also add a dimension to analyses of convergence 
and divergence across the states of India.

Second, our analysis and results suggest that national economic policy 
formulation may benefit from a better understanding of the structural dif-
ferences across states, and the resulting differences in growth responses. 
Our analysis does not provide definitive reasons for differences in growth 
processes and performance across states, but it may have pointers toward 
where more detailed empirical investigation is needed. For state-level pol-
icymakers, our results provide some summary information on how other 
states are doing in terms of economic performance, not just from the per-
spective of per capita SGDP levels, or other indicators such as education 
or infrastructure, but also in how such variables affect the growth process 
at the state level.

A final aspect of our formal results, the positive impact of factory growth 
on both SGDP growth and structural change, is a reminder of the most 
obvious example of India’s failure to achieve consistently rapid economic 
growth—its industrial sector has remained stunted.26 Of course, one cannot 

26. Certainly, the panel regression results with respect to the positive impacts of school 
enrollments and rail density on growth and structural change, respectively, while statistically 
weak, are consistent with what we might expect in terms of theoretical economic reasoning.
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necessarily extrapolate too much from the coefficients of our panel regres-
sions, and there is no guidance from our results in terms of exact policy mea-
sures that would change the current situation, whether with respect to land 
and labor laws, trade policy, infrastructure, or other areas for improving the 
environment for industrial development. But at least our results are another 
reminder of where policymakers might beneficially focus their attention.

With these caveats, we conclude the paper by offering some thoughts 
on possible implications of our analysis for a post-pandemic economic 
recovery. The pandemic has disrupted production and consumption in many 
ways, restricting movements of people and goods, preventing gatherings of 
people for production (factories and offices) and consumption (shopping, 
sports, and other mass entertainment), and disrupting education, especially 
at the vital foundational level. The pandemic has also made visible the 
importance and the vulnerability of migrant labor, both within the country 
and internationally in places like the Middle East.27 Recovery will require 
attention to specifics of each of these situations in restoring confidence and 
trust and overcoming suspicions born of the fear of contagion. Using our 
conceptual framework, we can offer some complementary perspectives.

Our discussion focuses on some of the apparent differences in growth pro-
cesses across the states, and what they might imply for post-pandemic policy 
responses in those cases. We will keep time variation in the background since 
even our approach does not account for the impact of a major shock such as 
the pandemic.28 In this vein, consider the two states of Himachal Pradesh 
and Uttarakhand. Their patterns of feedback between growth and structural 
change are somewhat different, but both display strong feedback effects 
and good economic performance. One can possibly associate this with 
food processing or the production of high value added crops. In either case, 
their access to outside markets is crucial for their success. One could argue, 
therefore, that economic policies for recovery must focus on protecting that 
access or even strengthening it for other states. From this perspective, the 
national government’s proposed reforms in agricultural marketing, long 

27. For states such as Kerala and Punjab, the reduction in remittances and the choking off 
of labor migration may have post-pandemic implications that are not captured in our empirical 
analysis, even when time-varying parameters are estimated.

28. In this context, the role of information technology and digital infrastructure is also 
potentially important. The pandemic and lockdown accelerated some features of digitization 
of the economy, but overall, the digital infrastructure may not be robust enough for sustaining 
that change in the short run. Depending on policy decisions and implementation in this area, 
that situation could change, affecting the location of some kinds of work or the organization 
of supply chains.
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discussed but accelerated by the crisis, may be extremely important, if well 
implemented, for economic recovery in these states.29

A very different example is presented by the state of Punjab. Its anemic 
growth performance is reflected in the weak interactions between structural 
change and growth that show up in our empirical analysis, as well as the low 
average levels of both variables for Punjab in the sample. If one believes that 
part of the reason for Punjab’s economic record is the particular political 
economy of its premier position in providing wheat and rice for national 
food grains procurement, then the crisis may disrupt that equilibrium and 
spur policies that promote structural change and lead to higher growth.30 In 
this case, the disruption of migration from states such as Bihar may also be 
a factor in reshaping Punjab’s economy after the pandemic.

Another interesting comparison is among the three relatively poor states 
of Bihar, Madhya Pradesh, and Uttar Pradesh. Despite similarities in per 
capita income levels, they have had very different experiences in terms of 
average structural change and growth over the sample period (Figure 3). 
These differences are paralleled by differences in the estimated impacts of 
structural change on growth (Table 7), but not of the impact in the reverse 
direction (Table 9). It may be that their post-pandemic recoveries will be 
tied to state-specific factors such as patterns of internal migration for Bihar 
or new frictions in the movement of people and goods (for UP in relation 
to Delhi), and our analysis merely reminds us that, even prior to such 
pandemic/lockdown effects, the growth process has differed across these 
roughly equally poor states.31

A final consideration in thinking about the economic recovery of the dif-
ferent states after the pandemic is that they display very different sensitivities 
to national growth performance. Of course, national growth is the aggregate 
of individual state growth rates, but no state dominates completely. Both 
rich and poor states are among those most sensitive to national growth: these 
include Maharashtra, Tamil Nadu, Odisha, Jharkhand, and Bihar (Table 12). 
Other states such as Kerala, Punjab, Uttarakhand, and West Bengal are more 
insulated from national growth fluctuations. The implication is that states 

29. Initial political events have been discouraging, but one can hope for long-run success.
30. This perspective is consistent with the recent creation of an “Expert Group” charged 

with making recommendations to improve growth, but framed in terms of a response to the 
pandemic-induced crisis.

31. As noted before, the detailed qualitative institutional insights of experts such as 
Neelkanth Mishra and N. K. Singh offered in the IPF session can be important in understanding 
the specifics of the growth process in each state.



anirban Sanyal and nirvikar Singh 185

may suffer differentially as a result of the pandemic, and their recoveries may 
also be different as the national economy picks up.32 On the other hand, it 
may be that the lockdown’s shock to national growth is completely different 
in nature than previous cyclical fluctuations, and these past connections will 
not hold up in the future.

We conclude this somewhat speculative discussion with a reminder of 
its basis. Our empirical work established possible patterns of joint evolution 
of growth and simple indicators of structural change and showed how these 
have differed over time and across states, albeit with possible commonali-
ties. This empirical analysis provides a quantitative backdrop for thinking 
about what might be different in the economic structures of the different 
states and possible implications these may have for post-pandemic eco-
nomic recovery. This is a framework for envisioning patterns of recovery 
rather than predictions or specific policy recommendations. We can also 
note that while the nature of national accounting limits the currency of our 
data, other, more immediate, and high-frequency data such as night light 
intensity or agricultural market arrivals may provide signals for the patterns 
and prospects of economic recovery.

Appendix

This appendix contains the figures described in Section 5.4. They may also 
be downloaded in colour for better legibility from 
https://people.ucsc.edu/~boxjenk/IPFPaperSanyalSinghFiguresA1andA2.pdf.

32. One other possibility that may be important is the nature of regional linkages if adjacent 
states are more or less economically tied to each other. We have not explored this here. If 
post-pandemic restrictions on movement disrupt flows of goods or people between adjacent 
geographies, recovery patterns could be affected.



186 Ind Ia  pol Icy  forum,  2020

F I G U R E  A . 1 .  Time-Varying Impact of Structural Change on Growth
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Source: authors’ calculations.

F I G U R E  A . 2 .  Time-Varying Impact of Growth on Structural Change



anirban Sanyal and nirvikar Singh 189



190 Ind Ia  pol Icy  forum,  2020

Source: authors’ calculations.
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