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Abstract
Using rich firm-level data of around 12,000 firms over 2004–2016, this study attempts to identify the factors responsible for
the slowdown in gross investment and productivity in Indian manufacturing post-Global Financial Crisis. Our analysis
reveals that the decline in investment is more pronounced for firms with higher productivity. Furthermore, we find evidence
indicating a slowdown in the flow of capital and labor from less productive to more productive firms post-Global Financial
Crisis. This indicates that a part of the fall in investment can be attributed to a decline in allocative efficiency, which is likely
to have an impact on both aggregate productivity and income. Moreover, we probe into the causes behind the slowdown in
the relationship between firm productivity, investment, capital and labor growth. We find that credit misallocation, financial
constraints, age, and firm size played key roles in the investment slowdown. Finally, we present a counterfactual scenario by
analyzing the extent of extra output and aggregate productivity that could be generated in the absence of misallocation.

JEL No L60 ● E22 ● D24 ● D61 ● O11
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1 Introduction

The level of aggregate productivity is an important driver of
the standard of living in a country. Aggregate productivity
is closely tied to efficient allocation1 of resources in the
economy. Allocative efficiency implies that more produc-
tive firms are either large or growing in size while less
productive firms are either small or shrinking (Haltiwanger
2011). One way of achieving allocative efficiency is
through the reallocation of factors of production towards
more productive firms by means of the exit or decline in the
market share of less efficient firms (Andrews and Hansell
2021). However, in the presence of market distortions and

policy regulations that restrict the flow of resources towards
productive firms, the pace of reallocation is likely to be
slower, resulting in lower allocative efficiency (Banerjee
and Duflo 2005). This explains the significant differences in
efficiency of resource allocation between developed and
developing countries. In fact, various studies have demon-
strated the prevalence of significant misallocation of
resources, i.e., variations in static marginal products of labor
and capital, across firms within industries in developing
economies on account of market inefficiencies and weak
institutions.2

In the context of an emerging economy, India, prior
empirical evidence points to large productivity gains in the
absence of misallocation (Hsieh and Klenow 2009). Notably,
earlier studies have identified various factors associated with
misallocation. For instance, misallocation of capital results
from credit market distortions, whereby funds are directed
towards less productive companies while more productive
firms encounter credit restrictions that hinder their expansion,
resulting in a slowdown in the pace of resource reallocation.

* Sarthak Basu
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1 Department of Humanities and Social Sciences, Indian Institute of
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1 Efficient allocation (or allocative efficiency) implies that resources
are utilized for their highest valued uses, which in turn contributes to
higher overall productivity and an improved living standard.

2 For a review of the literature on the various sources contributing to
misallocation, refer to Restuccia and Rogerson (2017).
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Misallocation of credit may also lead to the prevalence of
economically unviable zombie firms,3 which can pose barriers
to the entry and growth of other firms. In addition to variations
in the degree of allocative efficiency among nations, the rate of
reallocation in an economy can also shift over time, influenced
by structural modifications or policy alterations. Furthermore,
as posited by the Schumpeterian Cleansing Hypothesis,4

changes in business dynamism, particularly during periods of
economic downturn, can alter the pace of this reallocation. The
Schumpeterian Cleansing Hypotheses emphasizes that eco-
nomic downturns force inefficient firms off the market, thereby
freeing resources that can be allocated to more efficient firms.
However, in the context of developed economies, the evidence
on whether recessions tend to induce increased efficiency has
been mixed.

During 2003 to 2007, the Indian economy experienced an
average growth rate of around 9% (Nagaraj 2013). Along with
high economic growth, the investment rate in the manu-
facturing sector also increased during this period. However,
post Global Financial Crisis (GFC), both economic growth and
investment experienced slowdowns. Although economic
growth recovered shortly, investment in the manufacturing
sector continued to exhibit a downward trend until 2016 (Fig. 6
in Appendix A). Moreover, along with the slowdown in
investment during the post-crisis period, growth in labor pro-
ductivity in total manufacturing also reduced from 7 to 5.3%
(Krishna et al., 2022, Chapter 12).5 In our sample using Pro-
wess database, we find that pre-GFC period (2003–2007), the
average annual growth rate in labor productivity in the orga-
nized manufacturing sector was 14%, whereas post-GFC per-
iod, the average annual productivity growth declined to 8%.6

Given that labor productivity is an important determinant
of long-run standard of living, it is crucial to identify the
factors behind the slowdown in labor productivity from a
policy perspective. Notably, with lower investment, capital
per worker is likely to grow more slowly, which in turn
reduces the growth in output per worker, ultimately
affecting productivity growth. Another possible reason for
low aggregate labor productivity is decline in economic
dynamism, which lowers the efficiency of resource alloca-
tion (Haltiwanger 2011). This implies that scarce labor and
capital are likely to be employed in low productivity firms,

lowering both labor productivity and the total factor pro-
ductivity growth (TFPG). In fact, a primary motivation to
carry out this study is our initial observation that the decline
in investment post-GFC has specifically been larger among
more productive firms.

As evident from Fig. 7 in Appendix A, post-GFC, the
decline in investment rate was greater for more productive
firms (firms belonging to the top two quartiles) compared to
the less productive ones (firms belonging to the bottom two
quartiles). This suggests that the slowdown in investment
and capital accumulation has an allocative component. It
also indicates that the factors restricting productive firms
from investing may also affect the quality and quantity of
aggregate investment. In this context, while prior studies
based on the experiences of advanced countries have
highlighted the effects of weak investment and declining
dynamism on labor productivity separately, it must be noted
that these two factors may also affect each other (Hambur
and Andrews 2023). For example, if an economy experi-
ences slow growth due to slow productivity growth as a
result of lower investment, productive firms may not be
incentivized to grow and maintain their market share, thus
lowering the overall dynamism. At the same time, if the
dynamism in the economy is slow due to frictions that
prevent productive firms from expanding their capital and
labor, it could lead to lower investment.

This study is further motivated by the observation that
alongside slowdowns in investment and productivity
growth in the Indian manufacturing following the GFC,
there was a notable rise in the share of zombie firms in the
total number of non-financial firms in the Indian economy
(from around 1% in 2008–09 to around 11% in 2015–16).7

According to the experiences of developed economies, like
Japan (Caballero et al. 2008) and other OECD countries
(McGowan et al. 2017), prevalence of zombie firms is
associated with crowding out scarce resources, which cre-
ates barriers to entry and constrains the growth (capital,
labor and investment) of more productive firms. This, in
turn, is likely to slow down the process of resource reallo-
cation towards more productive and efficient firms, affect-
ing aggregate productivity. In this context, Chari et al.
(2021) showed that the presence of zombie firms can be
linked to the policy of credit forbearance8 adopted by the

3 Zombie firms typically refer to unproductive companies character-
ized by the inability to cover interest payments on their outstanding
debts. Despite being loss-making and inefficient, these firms may
continue to survive in the market, in many cases, due to backing from
creditors or government support.
4 Schumpeter (1934) argued that recessions primarily serve the pur-
pose of liquidation and reallocation of resources.
5 Reserve Bank of India - Reports (rbi.org.in)
6 Another study for the organized manufacturing in India using
Annual Survey of Industries (ASI) data also reported a decline in
average annual labor productivity growth from 9% pre-GFC period to
2% post-GFC (Rijesh 2023).

7 Refer to Pg. 57 of RBI Bulletin-February, 2022, for more details.
(https://rbidocs.rbi.org.in/rdocs/Bulletin/PDFs/
BULLETINFEB20220AA3C61D698B4A76995677735F2AE71D.
PDF).
8 Forbearance refers to the concessions or temporary relief granted by
lenders to borrowers facing short-term financial hardship. This may
include allowing borrowers to temporarily suspend or reduce their loan
payments, extending the loan repayment period, or relaxing loan
terms. Forbearance is usually offered to borrowers facing unexpected
economic or legal circumstances or in the event of an economic
downturn, such as a financial crisis.

Journal of Productivity Analysis

http://rbi.org.in
https://rbidocs.rbi.org.in/rdocs/Bulletin/PDFs/BULLETINFEB20220AA3C61D698B4A76995677735F2AE71D.PDF
https://rbidocs.rbi.org.in/rdocs/Bulletin/PDFs/BULLETINFEB20220AA3C61D698B4A76995677735F2AE71D.PDF
https://rbidocs.rbi.org.in/rdocs/Bulletin/PDFs/BULLETINFEB20220AA3C61D698B4A76995677735F2AE71D.PDF


Reserve Bank of India (RBI) post-GFC, which resulted in
credit misallocation.

Against this backdrop, the present study attempts to
examine the dynamics of allocative efficiency in the Indian
manufacturing sector for the period 2004–2016. In parti-
cular, we analyze the inter-firm dynamics pertaining to
input (capital, labor) reallocation and link it to the extent
and efficiency of the credit reallocation process. Broadly,
this study tries to address the following questions:

1. Is there any evidence of slower economic dynamism
and reallocation of labor and capital in Indian
manufacturing post-GFC? If so, can we link them to
the slowdown in investment observed post-GFC?

2. What are the possible factors behind this? Do the
same factors drive both slower dynamism and weaker
investment?

3. In the case of a slowdown in the pace of reallocation,
how large or small are its economic consequences?

The results of this study indicate that, overall, the process of
resource reallocation in Indian manufacturing is efficiency
enhancing. However, post-GFC, the pace of reallocation of
capital and labor from less to more productive firms declined.
Sub-sample analysis conducted in this study reveals that
slowdown in the pace of reallocation was significantly higher
among older and larger firms, indicating that inefficient old and
large firms were less likely to exit the market or shrink in size
post-GFC. As pointed out by Decker et al. (2020), two
potential factors might have played a role in explaining the
slowdown in case of the United States: (i) the size of idio-
syncratic TFP shocks has decreased over time, resulting in less
within-industry dispersion in productivity, and (ii) business
investment is less responsive to firm-level productivity of a
given magnitude due to rising adjustment cost or frictions. Our
findings provide evidence in support of the “responsiveness”
hypotheses. Consistent with the process of reallocation of
capital and labor, a similar pattern is observed with respect to
the flow of credit from less to more productive firms. Fur-
thermore, while the overall pace of credit reallocation is found
to be efficiency enhancing, we identify a significant slowdown
in the speed post-GFC. Moreover, these results hold true across
various sub-samples, indicating the possibility that the
dynamics of allocative efficiency in capital and labor may be
closely related to firms’ access to debt finance.

Further, we undertook sub-sample analysis based on
industry and firm heterogeneity in terms of dependence on
external finance and credit constraints. Results show that
firms in industries having greater dependence on external
finance and credit-constrained firms experienced a greater
slowdown in their speed of reallocation. This points to the
likelihood of an increase in credit market distortions and
financial constraints post-GFC, contributing to lower

“responsiveness” of business investment to productivity
shocks. Although various other factors could be responsible
for the decline in capital and labor reallocation and the
slowdown in investment and dynamism, we looked into one
pertinent possibility whether firms investing more in
intangibles and digital capital could lead to an apparent
slowdown in investment and slower dynamism. Our results
indicate absence of statistically significant effect of these
factors Finally, we present a counterfactual scenario to
analyze the extent of extra output and aggregate pro-
ductivity that can be generated in the absence of mis-
allocation. We find that in the absence of a slowdown in the
relationship between productivity, capital and labor growth,
the TFPG would have increased by 0.21% points by 2016.

This study contributes to the literature in a number of ways.
It fits into the body of literature exploring the “cleansing effect”
of recession that was initially proposed by Schumpeter.
Existing evidence on whether recessions are generally effi-
ciency enhancing is mixed. Some studies claim that the pace of
reallocation increase during recession (Davis and Haltiwanger
1990; Hyun 2016; Ramey and Shapiro 1998) while others have
reported a decrease in the pace of reallocation following eco-
nomic downturns (Caballero and Hammour 1996; Barlevy
2003). Another set of studies demonstrated that the cleansing
effect rather depends on the nature of an economic downturn.
In the context of GFC, Foster et al. (2016) found that while a
crisis is usually marked by stronger-than-usual productivity-
enhancing reallocation, the pace of reallocation in the United
States actually declined post-GFC. Similar results were repor-
ted by Mead and Roland (2020) in the context of the United
Kingdom. In this context, the current study contributes to the
above-mentioned strand of literature by providing evidence of
input misallocation.

Additionally, this study fits into the literature exploring
“shocks” vs. “responsiveness” hypothesis as an explanation for
the slowdown in the pace of input reallocation (Decker et al.
2020; Berger and Vavra 2019). Furthermore, we explore the
implications of slowdown in the relationship between pro-
ductivity, capital growth and labor growth on TFPG and
investment from the perspective of an emerging economy –

India. In addition, we contribute to the tangential literature
exploring the impact of credit market imperfections and
financial frictions on misallocation in general (Midrigan and
Xu 2014; Gopinath et al. 2017; Bau and Matray 2023). With
respect to an economic downturn, such as the GFC, numerous
studies have shown that the presence of financial frictions and
credit market distortions lower the pace of efficiency-enhancing
reallocation (Osotimehin and Pappada 2016; Sakai and Uesugi
2021; Barlevy 2003; Ouyang 2009). In the context of India,
Chari et al. (2021) provided evidence of credit misallocation
and zombie lending post-GFC, which they attributed to the
policy of credit forbearance adopted by the RBI post-GFC
(2008–2015). Therefore, the findings of this study related to
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credit market distortions is in line with previous findings.
However, unlike Chari et al. (2021), who focused on the non-
financial sector as a whole, this study concentrates only on the
manufacturing sector since it is the major driver of capital
formation in the Indian economy. Moreover, with regard to
credit misallocation and its correlation with investment, pro-
ductivity, capital and labor, our results are more general in the
sense that they apply not only to zombie (distressed) firms vs.
non-zombie (non-distressed) firms but also to firms across
different productivity quartiles.

The remainder of this paper is structured as follows: The
next section describes the data source. Section 3 discusses
empirical framework, where we look into the relationship
between productivity, capital and labor growth to understand
the evolution of the process of allocative efficiency in Indian
manufacturing over the study period. Section 4 discusses
results obtained using the baseline model, followed by sub-
sample analysis. Section 5 examines factors behind the slow-
down in the pace of reallocation, investigating the role of credit
market distortions, financial frictions and the role of intangibles
and digital capital in causing the slowdown. In Section 6,
counterfactual analysis is presented. Section 7 concludes.

2 Data source

This study uses the Prowess database – a firm-level dataset
compiled by the Centre for Monitoring Indian Economy
(CMIE) – which provides information on all publicly traded
firms as well as a large number of private firms (both listed and
unlisted) across various industries in the Indian economy. This
dataset has an advantage over the Annual Survey of Industries
(ASI) – another dataset that is widely used to study the Indian
manufacturing sector. While ASI is constructed using repeated
cross-sections of firms, Prowess is a firm-level panel dataset
that allows the tracking of changes in capital, labor and other
variables over time.9 Moreover, it contains information drawn
from the income statements and balance sheets of companies,
which is particularly well-suited for the current study since it
allows an examination of the role of credit market distortions in
contributing to the slowdown in the pace of capital and labor
reallocation. Furthermore, the companies included in the Pro-
wess database account for more than 70% of all economic
activity in the organized industrial sector of India and 75% of
all corporate taxes collected by the Government of India (Bau
and Matray 2023). For this study, we focus on the

manufacturing sector firms belonging to the two-digit National
Industrial Classification (NIC) during the period 2004–2016.

For our empirical analysis, we consider firm-level infor-
mation on sales, capital10 (net fixed assets), wage bill, total
assets, energy expenses (power and fuel), age, total debt and
bank credit. As part of the data filtering procedure, only those
firms reporting positive, non-missing values of sales, capital,
wage bill, and total assets are considered for empirical ana-
lysis. We proceed with the data filtering process as follows.
The initial sample consisted of 17,618 unique firms during the
period 2004–2016. We drop firm-year observations with
missing or negative values for sales, capital, wages, and total
assets. Our final estimation sample comprised of an unba-
lanced panel of 83,955 firm year observations (from 12,642
firms) over 2004–2016, with an average of seven observations
per firm. However, in our empirical analysis since we take lag
of one period, total number observations further get reduced
to 68,278 corresponding to 11,916 unique firms.11 Subse-
quently, output and input variables are deflated using the
wholesale price index (WPI) provided by the Central Statis-
tics Office (CSO) to obtain the values in real terms. The
descriptions of the variables and their descriptive statistics are
presented in Table 1.

3 Empirical framework

To examine whether the relationship between productivity,
labor, and capital changed post-GFC, we follow Hambur and
Andrews (2023). It should be noted that Hambur and Andrews
(2023) improved upon the approach proposed by Decker et al.
(2020) by further extending it to include both capital and
investment. In particular, Decker et al. (2020) drew on the idea
that based on the initial size of a firm, more productive firms
will have a higher growth than less productive ones in the
presence of productivity-enhancing reallocation.

For a wide range of models with decreasing returns to
scale revenue function (φ < 1) 12 due to diminishing returns
to scale or imperfect competition:

Revenuei;t ¼ TFPi;tE
φ
i;t ð1Þ

9 Previously, Bau and Matrey (2023) employed this database to study
the impact of foreign capital market liberalization on capital mis-
allocation and aggregate productivity in the Indian manufacturing
sector. Apart from Bau and Matrey (2023), the Prowess database has
also been used in several other studies, including De Loecker et al.
(2012), Topalova and Khandelwal (2011), Chari et al. (2021) and
others.

10 We used net fixed assets and wage bill as proxy for capital stock
and employment following Bau and Matrey (2023).
11 We also winsorized wages to sales ratio at 1 and 99 percentile value
to avoid outliers.
12 One implication of this assumption is that reallocation will be
efficiency enhancing as long as resources continue to flow from less
productive to more productive firms till their marginal products are
equalized (Decker et al. 2020). Note that in the approach proposed by
Hsieh and Klenow (2009) as well, efficiency is maximized when
marginal products are equalized across firms. However, the Hsieh and
Klenow (2009) approach is based on a number of restrictive
assumptions. If the assumptions do not hold, the measured mis-
allocation may be overstated or understated.
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where Revenuei,t, TFPi;t, and Ei;t, represent total revenue,
total factor productivity, and employment of firm i at time t,
respectively, Decker et al. (2020) show that employment
growth (gEi;tþ1) will be increasing in the level of productivity
(TFPi;t), conditional on the initial firm size Ei;t

13, which can
be represented as:

gEi;tþ1 ¼ f tðTFPi;t; Ei;tÞ;where ∂f

∂ðTFPi;tÞ > 0 ð2Þ

Subsequently, adopting a first-order linear-log approx-
imation yield:

gEi;tþ1 ¼ β0 þ β1tfpi;t þ β2ei;t þ εi;tþ1 ð3Þ

where the lowercase variables tfp and e refer to the
logarithm of productivity and employment. The coefficient
β1 captures the responsiveness of employment growth to
productivity. It may be affected by a number of factors,
including those affecting the adjustment cost of labor.
Notably, the model proposed by Hambur and Andrews
(2023), which accounts for capital and investment, can be
expressed as follows:

gki;tþ1 ¼ γ0 þ γ1tfpi;t þ Zi;tθ þ εi;tþ1 ð4Þ

where future growth (gki;tþ1) in capital is a function of the
log productivity (tfpi;t) of firm i at time t. In Eq. (4), the total
factor productivity of each firm is calculated using the semi-
parametric method following Ackerberg et al. (2015; ACF
henceforth).14 Fundamentally, ACF allows shocks to labor
prices to be exogenous, serial correlated and unobservable,
while also permitting the labor input to be dynamic along
with unobservable adjustment costs (Van Beveren 2012).
The ACF approach is an improvement on the widely-used
measure of TFP proposed by Levinsohn and Petrin (LP)
(2003). Note that for our empirical analysis, tfpi,t is
expressed as a deviation from the industry average,15

implying a comparison of the high and low productivity
firms within the same industry. Vector Z refers to the
control variables, which includes initial firm size (proxied
by the log of total assets), log of firm age (number of years
since incorporation) and firm sales growth. All controls are
lagged by one year. Additionally, we include industry and
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14 Details of the TFP estimation are presented in Appendix B.
15 We compute tfpi;t deviation as tfpit – mean (tfpi;t), where tfpit refers
to the log value of TFP at the firm level while mean (tfpit) refers to the
mean value of tfpit at the two-digit (NIC) industry level.
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time fixed effects, to account for any time and industry-
specific unobserved factors.

Furthermore, in accordance with Davis et al. (1996) and
Decker et al. (2020), capital stock growth is defined as the
change in capital stock divided by the average capital stock
at both (current and previous) periods:

gki;t ¼
ki;t � ki;t�1

0:5 ki;t þ ki;t�1
� � ð5Þ

where ki;t is the capital stock of firm i in period t.
Similarly, labor growth is defined as follows:

gLi;t ¼
Li;t � Li;t�1

0:5ðLi;t þ Li;t�1Þ ð6Þ

Notably, the coefficient of interest considered in the
baseline model in Eq. (4) is γ1. In particular, γ1>0 suggests
that capital (labor) flows from less productive to more
productive firms within the same industry, indicating that
the process of capital reallocation is efficiency enhancing
even after controlling for firm level heterogeneity, industry,
and time fixed effects.16

Since our aim is to analyze whether the slowdown in
investment post-GFC is related to a slowdown in the effi-
ciency of capital and labor reallocation, we extend the
baseline model to also include an interaction term between
GFC and productivity (gfc � tfpi;t), as follows:

gki;tþ1 ¼ γ0 þ γ1tfpi;t þ γ2 gfc � tfpi;t
� �þ Zi;tθ þ εi;tþ1 ð7Þ

Here, γ2 measures the change in the speed of reallocation
between less productive and more productive firms post-
GFC, with γ2< 0 implying a weakening of the efficiency of
capital and labor reallocation. We estimate both the baseline

model and the above model (noted in Eq. (7)) using an
interaction term by using pooled OLS.17

4 Results

4.1 Capital and labor reallocation

Column 1 of Table 2 shows the results of the baseline
estimation using Eq. (4). We find that TFP has a statistically
significant positive coefficient, indicating that capital stock
growth is higher for more productive firms compared to less
productive firms. This finding suggests that, generally,
capital tends to flow towards more efficient firms at the
expense of less efficient firms within sectors, indicating that
the process of capital reallocation is usually efficiency
enhancing. Next, we estimate Eq. (7) to examine changes in
the relationship between capital stock growth and pro-
ductivity post-GFC. Column 2 of Table 2 displays the
results, where the negative coefficient of the interaction
term (gfc � tfpi;t;) suggests that the speed of reallocation
slowed down post-GFC, highlighting that the relationship
between capital stock growth and productivity slowed down
post-GFC. Similarly, with regard to growth in labor stock,
we find that although labor reallocation was generally
efficiency enhancing (Column 3), the speed of reallocation
reduced post-GFC (Column 4). In terms of magnitude, we
find that pre-GFC, the difference in capital growth between
a more productive firm (i.e. the firm with tfp one standard
deviation above the industry mean) and a less productive
firm (i.e. the firm with tfp one standard deviation below the
industry mean) was around 10 percentage points. However,
post-GFC, the difference fell by 2.3 percentage points, or by
more than 1/3rd. Similarly, in the case of labor, we find that
pre-GFC, a more productive firm’s growth was 9.2

Table 2 Lagged productivity in
relation to firm-level capital and
labor growth

Variables Capital growth Labor growth

(1) (2) (1) (2)

ln_TFP_deviationt-1 0.042*** (0.002) 0.060*** (0.004) 0.038*** (0.002) 0.052*** (0.004)

GFC* ln_TFP_deviationt-1 −0.023*** (0.004) −0.018*** (0.004)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 60,879 60,879 60,879 60,879

R-squared 0.061 0.062 0.061 0.062

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

16 Notably, this study primarily focuses on the intensive margin
(degree/intensity to which a resource is utilized or applied) and does
not consider firm entry and exit separately since the Prowess dataset is
not particularly suited for the study of firm entry and exit (Topalova
and Khandelwal 2011).

17 We use pooled OLS since our dependent variable is in growth form,
which effectively removes any firm fixed effects.
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percentage more than a less productive firm. However, this
gap fell by 1.8 percentage points, or around less than one
third18. This indicates that the post-GFC period witnessed a
greater decline in the efficiency of capital reallocation.19

Furthermore, we also re-estimate the model in Column 2
of Table 2 but replacing the tfp variable with a dummy
variable indicating the firms’ position (by quartile) in the
productivity distribution at time t. This made the analysis
more flexible and non-parametric, and may also lead to
more robust estimates compared to the previous scenario
that assumed a linear relationship (Hambur and Andrews
2023). The results presented in Fig. 1 show that the growth
rate of capital stock is higher for more productive firms
compared to less productive firms. However, over time, a
narrowing of the gap in capital growth between the least
productive firms and other firms is observed, particularly for
the most productive quartile. This implies that firms were
not only undertaking less investment but the investments
they did undertake were also likely to be low yielding.

This finding hints at the possibility of an allocative
dimension to the business investment slowdown, suggesting
that the obstacles hindering economic dynamism impacted
both expansion of capital and TFP. This further alludes to a
possible misallocation of capital.

We observe a similar trend in the case of labor growth as
well (Fig. 2). We notice that the gap in labor growth
between the least productive firms and other firms narrowed
over time, particularly for the most productive quartile. We
observe that both pre and post GFC, the average labor
growth by productivity quartile relative to the bottom
quartile is lower than average capital growth.

4.2 Sub-sample analysis

To understand the heterogeneity of the sample firms, we
examine the relationship between input growth (capital and
labor) and productivity based on firm age. This set of
analyses is necessary to identify whether slowdown in the
pace of reallocation was more prominent for young or old
firms. We define young firms as those operational for less
than or equal to 5 years while old firms are those operating
for more than 5 years following Decker et al. (2020).20

Table 3 presents the results of the sub-sample analysis by
age. We find that while there is no significant difference in
the speed of reallocation post-GFC is observed in the
sample of young firms, a significant slowdown in the speed
of reallocation post-GFC is found in the case of older firms
(Columns 2 and 4, respectively).21 Overall, this finding
suggests greater dynamism among younger firms, wherein
they either survive or fail and exit.

Fig. 1 Average capital growth
by productivity quartile relative
to the bottom quartile. Source:
Author’s estimates

18 Since we calculate tfp as a deviation from the industry–year mean,
we can calculate the difference in capital and labor growth between a
high productivity firm and a less productivity firm by multiplying the
regression coefficients in column 2 and 4 by 2 SDs. Note that, in order
to remove the variations in tfp dispersion over time, we fix the value of
standard deviation (of 0.89) over the entire sample.
19 As a robustness check, we create a balanced panel by accounting
for only those firms that persisted throughout the entire sample period
from 2004–2016. Table 13 (Appendix E) presents the estimation
results related to the regression conducted using Eqs. (4) and (7),
whereas Table 14 (Appendix E) presents the estimation results
obtained for the regression carried out using Eqs. (9) and (10). We find
that the results for these estimations are qualitatively similar to the
results obtained using an unbalanced panel. We also used an alter-
native measure of TFP using Levinsohn and Petrin (2003) approach.
Results reported in Appendix E (Tables 15 and 16) remain qualita-
tively similar.

20 Note that, due to small number of observations in the sample of
young firms, we follow Hambur and Andrews (2023) and removed
lagged sales growth variable as a control to increase the sample size of
young firms.
21 Following Paternoster et al. (1998), we use Z-test to examine whether
the coefficients on the interaction term between the two groups (young and
old) are statistically significant or not. The result shows that the coefficients
are significantly different between “young” and “old” subsamples. The Z-
statistic for the coefficients of the interaction term in column (2) of Table 3

is Z ¼ ð�0:026� 0:010Þ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð0:019Þ2 þ ð0:004Þ2

q
¼ �1:89. The Z-sta-

tistic for the coefficients of the interaction term in column (4) of Table 3 is

Z ¼ ð�0:025� 0:006Þ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð0:004Þ2 þ ð0:018Þ2

q
¼ �1:72. It is statisti-

cally significant at the 10% level.
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Next, we examine the relationship of productivity with
capital and labor growth based on firm size. We define
firms as small if they belong to the bottom quartile in
terms of firm-size distribution, while large firms are con-
sidered as those belonging to the 2nd–4th quartiles. The
results are presented in Table 4. For the sample of small
firms (Columns 1 and 3), no significant change in the
speed of reallocation is observed for both capital and labor
post-GFC. However, in the case of large firms, we identify
a significant slowdown in the pace of reallocation post-
GFC (Columns 2 and 4).22 This finding implies that the
slowdown in economic dynamism was mainly witnessed
by large firms, which suggests that large inefficient and
incumbent firms were less likely to exit or shrink in size
following the GFC.

5 Factors behind the slowdown in the pace
of reallocation

As highlighted by Decker et al. (2020), there are two
potential broad categories of explanations for the weakening
of the relationship between productivity quartile and firm-
level capital growth:

(i) the size of idiosyncratic TFP shocks (across firms
within industries) has decreased over time, resulting in
less within-industry dispersion in TFP.

With smaller TFP shocks, the incentive for firms to
invest reduces. Therefore, if the difference between
the lowest quartile and the highest quartile of
productivity has decreased over time, then, other
things equal, we would expect to see a weakening of
the relationship between quartile of the TFP distribu-
tion and firm-level capital growth.

To determine this possibility, we analyze the
within-industry dispersion in tfp across different years
(Fig. 3) below.

We find that, on average, the TFP dispersion within
industries increased modestly by 0.013 post-GFC.
Based on the pattern of TFP dispersion, we would
expect reallocation in manufacturing to remain the
same or increase in the post-GFC period. However,
the observed weakening in the relationship between
productivity, capital and labor growth post-GFC,
provides evidence against the “shock” hypothesis as
a possible reason for decline in reallocation post-GFC.
This finding is in line with Decker et al. (2020).

(ii) business investment is less responsive to firm-level
TFP shocks of a given magnitude.

This could happen when there are frictions that
prevents productive firms from employing more capital
and labor at the cost of less productive firms. While there
can be many sources of such frictions, in particular, we
consider the role of distortion in the credit market, and
the role of financial frictions (Sections 5.1 and 5.2).
Further, we also probe the issue of mismeasured or
unmeasured investment (Section 5.3).

(a) Distortion in the allocation of credit and role of
financial frictions.

A potential explanation for the slower flow of
capital to more productive firms can be the
increasing difficulties encountered by firms in
obtaining external funding, thereby increasing
frictions in investing. This could, for example,
explain the occurrence of declining credit supply

Fig. 2 Average labor growth by
productivity quartile relative to
the bottom quartile. Source:
Author’s estimates

22 We use Z-test to examine whether the coefficients on the interaction
term between the two groups (small and large) are statistically significant
or not. The result showed that the coefficients are significantly different
between “small” and “large” subsamples. The Z-statistic for the coeffi-
cients of the interaction term in column (2) of Table 4 is

Z ¼ ð�0:028� ð�0:002ÞÞ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð0:010Þ2 þ ð0:005Þ2

q
¼ �2:36. It is sta-

tistically significant at the 5% level. The Z-statistic for the coefficients of
the interaction term in column (4) of Table 4 is

Z ¼ ð�0:019� ð�0:001ÞÞ=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð0:005Þ2 þ ð0:006Þ2

q
¼ �2:57. It is sta-

tistically significant at the 1% level.
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or increasing financial frictions due to firms
having less collateral or greater information
asymmetry. A large number of studies have
analyzed the impact of credit market imperfec-
tions and financial frictions on misallocation. For
instance, Gopinath et al. (2017) found that a
substantial part of the increased misallocation of
capital in Mediterranean countries post-1999 can
be attributed to financial frictions. Similarly,
using plant-level data pertaining to the U.S
manufacturing industry, Midrigan and Xu (2014)

reported misallocation of capital arising from
financial frictions to be one of the primary channels
leading to a decline in TFP. In the context of Indian
manufacturing, Bau and Matray (2023) showed that
capital market liberalization during 1995–2015
resulted in increased access to finance, which led
to a reduction in both capital and labor misalloca-
tion and an increase in TFP. Similarly, numerous
studies have examined the effects of financing
frictions and credit availability on firm investment
and growth (Rajan and Zingales 1998).

Table 3 Lagged productivity in
relation to firm-level capital and
labor growth by age

Variables Capital growth Labor growth

(Young) (Old) (Young) (Old)

ln_TFP_deviationt-1 0.032*** (0.019) 0.068*** (0.003) 0.031*** (0.022) 0.056*** (0.003)

GFC* ln_TFP_deviationt-1 0.010 (0.019) −0.026*** (0.004) 0.006 (0.018) −0.025*** (0.004)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 3,655 56,223 3,665 56,223

R-squared 0.048 0.037 0.041 0.038

Industry FE YES YES YES YES

Year FE YES YES YES YES

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

Table 4 Lagged productivity in
relation to firm-level capital and
labor growth by size

Variables Capital growth Labor growth

(Small) (Large) (Small) (Large)

ln_TFP_deviationt-1 0.033*** (0.009) 0.064*** (0.004) 0.031*** (0.005) 0.053*** (0.004)

GFC* ln_TFP_deviationt-1 −0.002 (0.010) −0.028*** (0.005) −0.001 (0.006) −0.019** (0.005)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 8,247 52,632 8,247 52,632

R-squared 0.039 0.045 0.044 0.072

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

Fig. 3 Within industry
dispersion of TFP over time.
Source: Author’s calculation
from Prowess. Standard
Deviation of within-industry log
(TFP). Industries are weighted
by their revenue share

Journal of Productivity Analysis



(b) Mismeasurement of investment due to unmeasured
intangible capital or “digital capital”.

The study further investigates the possibility
whether the apparent weakening of relationship
between productivity and input growth especially
for more productive ones may be due to those firms
making greater investments in intangible assets and
digital capital. Given the increasing significance of
intangibles and digital capital in the economy, there
may be a possibility that firms might have under-
taken greater investment in intangibles and digital
capital in place of investment in physical capital
during the post-crisis period. Notably, such increased
investments are more likely to have been undertaken
by more productive firms rather than less productive
ones. In such a scenario, since the measure of capital
growth considered in this study does not capture
intangible assets, it would be inappropriate to
attribute the slowdown in investment in physical
capital in more productive firms to a decline in
allocative efficiency.

5.1 Distortions in the allocation of credit

Post-GFC, during 2008–2015, the RBI adopted a regulatory
forbearance strategy that relaxed the norms for banks and
financial institutions to restructure their assets. This strategy
was implemented to help borrowers tide over temporary
hardships caused by the GFC. However, what was supposed
to be a short-term temporary measure continued for a much
longer period of seven years. Taking advantage of the reg-
ulatory forbearance, banks started to restructure their loans
even for unviable entities, which allowed the latter to hide the
true asset quality in balance sheets. The inflated profits were
then utilized by banks to pay increased dividends to share-
holders, including the government in the case of public sector
banks. As a result, banks became severely undercapitalized,
which distorted their incentives and fostered risky lending
practices, including lending to zombies (loss making, unvi-
able firms). As a result of the distorted incentives, banks
ended up misallocating credit, which in turn affected the
quality of investment in the economy. By the time for-
bearance ended in 2015, restructuring had increased seven
times while the number of non-performing assets (NPAs) had
almost doubled compared to its pre-forbearance levels
(Government of India 2021).23

In this sub-section, we examine the relationship between
credit reallocation and firm productivity following Li et al.

(2023), Sakai and Uesugi (2021) and Herrera et al. (2011). Our
objective is to examine the correlation in the patterns of the
inputs and credit reallocation. The basic idea behind this
approach is that, on controlling for various firm level char-
acteristics, efficiency-enhancing credit reallocation should
ensure a higher credit growth rate for more productive firms as
compared to less productive firms. Following Davis and Hal-
tiwanger (1992) and Herrera et al. (2011), we define the credit
growth rate as the ratio of change in overall debt of firm f at
time t−1 and t to the average overall debt of firm f between
time t −1 and time t. More specifically, this can be formulated
as:

gdebti;t ¼ Debti;t � Debti;t�1

0:5ðDebti;t þ Debti;t�1Þ ð8Þ

Furthermore, since most of the debt is predominantly in
the form of bank credit, we also include the growth rate in
bank credit as our measure for the credit growth rate.
Notably, the growth rate formula is similar to Eq. (8).24

We then estimate a regression model that connects the
growth rate of the debt variables to firm productivity. The
following equation represents the baseline specification for
credit growth:

gdebti;tþ1 ¼ α0 þ α1tfpi;t þ Z 0
i;tθ þ εi;tþ1 ð9Þ

where future growth (gdebti;tþ1) is a function of the current log
productivity of firm i at time t. In this context, it should be
noted that tfpi;t is expressed as a deviation from the industry
average, which allows for comparisons between high and low
productive firms within the same industry. Vector Z refers to
the control variables, including initial firm size (proxied by the
log of total assets lagged by one year), age (number of years
since incorporation), previous period sales growth, industry and
time fixed effects. We assume a one-period lag for these
explanatory factors because firm productivity and other firms’
characteristics may be endogenously determined. In this
context, the value of coefficient α1 is of particular interest.
Notably, α1>0 indicates the existence of efficiency-enhancing
reallocation, i.e. credit flows from less efficient to more
efficient firms. To determine the pace of reallocation of credit
post-GFC from less efficient to more efficient firms, we add an
interaction term ðgfc � tfpi;tÞ to the above equation, expressed
as follows:

gdebti;tþ1 ¼ α0 þ α1tfpi;t þ α2ðgfc � tfpi;tÞ þ Z 0
i;tθ þ εi;tþ1 ð10Þ

where GFC is a dummy representing the period from 2008
to 2016. If α2 is positive, it would mean that the pace of
credit reallocation increased post-GFC, while a negative

23 https://www.indiabudget.gov.in/budget2021-22/economicsurvey/
doc/vol1chapter/echap07_vol1.pdf 24 gBank crediti;t ¼ Bank crediti;t�Bank crediti;t�1

0:5ðBank crediti;tþBank crediti;t�1Þ
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coefficient of α2 would mean that the pace of credit
reallocation declined post-GFC. Notably, given that the
previous literature already provides evidence of credit
misallocation, we expect α2 to be negative.

Columns 1 and 3 of Table 5 present the results of our
baseline estimation using Eq. (9). We find that TFP maintains
a statistically significant positive coefficient, indicating higher
debt and bank credit growth for more productive firms com-
pared to less productive ones. This finding suggests that the
process of credit reallocation is generally efficiency enhancing.
Subsequently, we employ Eq. (10) to identify changes in the
relationship among debt, bank credit growth and productivity
post-GFC. Columns 2 and 4 of Table 5 display the results of
this analysis. The statistically significant negative coefficient
for the interaction term (gfc � tfpi;t) suggests that the rela-
tionship between productivity, debt, and bank borrowing
growth slowed down post-GFC, which means that the speed
of credit reallocation decelerated post-GFC. In terms of mag-
nitude, we find that pre-GFC, the difference in debt growth
between a more productive firm and a less productive firms
was around 9.6 percentage points. However, post-GFC, the
difference fell by 2.5 percentage points. Similarly, for bank
borrowing growth, we find that pre-GFC, a more productive
firm had a growth which was 13.8 percentage more than a less
productive firm. However, the gap fell by 2.6 percentage
points. Overall, this set of results suggests that an increase in
credit market frictions hindered the flow of credit to more
productive firms at the expense of less productive firms.
Notably, these results are consistent with the previous litera-
ture on zombie lending (Chapter 7, Economic Survey 2021;
Chari et al. 2021). However, the results of this study are more
comprehensive, since it is not confined to the experience of
only zombie (distressed) firms.

We also analyze the relationship of debt and bank
credit growth with productivity in terms of firm age and
firm size, the results of which are reported in Appendix C
under additional results (Tables 9 and 10). The findings
show that while the slowdown in the pace of reallocation
was significant for older and larger firms, no evidence of
such a slowdown could be identified for the sample of
young and small firms.

Furthermore, Eq. (10) is estimated by replacing the TFP
variable with a dummy variable indicating the firms’ position
(by quartile) in productivity distribution at time t. This is
similar to the approach adopted in the case of capital and
labor. Figure 4 below displays the results of this analysis,
revealing that more productive firms achieved higher credit
(debt) growth. However, post-GFC, the difference in credit
(debt) growth between the least productive firms and other
firms narrowed, particularly for the most productive quartile.

As shown in Fig. 5, a similar trend is observed in the case
of bank borrowing. It is evident that the difference in the
growth in bank borrowing between the least productive
firms and other firms narrowed over time, especially for the
most productive quartile. This hints at possible misalloca-
tion of credit post-GFC.

Overall, the above results pertaining to inter-firm
dynamics in credit reallocation are largely similar to the
inter-firm dynamics related to input (capital, labor) reallo-
cation, suggesting a potential correlation between the two.
This further indicates that the slowdown in capital and labor
reallocation post-GFC may have occurred due to a slow-
down in credit reallocation.

5.2 Role of financial friction

This study also compares the speed of reallocation across
samples of credit-constrained and unconstrained firms,
with the sample firms considered as credit-constrained if
their debt-to-equity ratio was above the industry median
in a particular year. The results, presented in Table 6,
show that firms with higher financial constraints experi-
enced greater slowdown.25

Furthermore, we estimate the pace of reallocation
across industries based on their dependence on external
finance. We expect the slowdown to be larger for
industries characterized by greater reliance on external

Table 5 Lagged productivity in
relation to firm-level debt and
bank borrowing growth

Variables Debt growth Bank borrowing growth

(1) (2) (3) (4)

ln_TFP_deviationt-1 0.035*** (0.002) 0.054*** (0.005) 0.059*** (0.006) 0.078*** (0.007)

GFC* ln_TFP_deviationt-1 −0.025*** (0.005) −0.026*** (0.008)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 7,105 56,557 30,839 28,923

R-squared 0.023 0.020 0.056 0.057

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

25 We use the Z-test to examine whether the coefficients on the
interaction term between the two groups (unconstrained and con-
strained) are statistically significant or not. However, we fail to find
statistically significant differences between them.
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finance if financial frictions and access to credit con-
tributed to the slowdown in reallocation. The industry
classification based on external financial dependence is
presented in Table 11 of Appendix D. As expected, firms
belonging to industries with high financial dependence
exhibited greater slowdown in their pace of capital real-
location (Columns 1 and 2 of Table 7). This again points
towards the possible role of access to finance in

contributing to the slowdown.26 However, we also found
that the slowdown in the pace of labor reallocation was
lower for industries with greater dependence on external

Fig. 4 Average debt growth by
productivity quartile relative to
the bottom quartile. Source:
Author’s estimates

Fig. 5 Average bank borrowing
growth by productivity quartile
relative to the bottom quartile.
Source: Author’s estimates

Table 6 Productivity, firm-level
capital and labor growth by firm
financial constraints

Variables Capital growth Labor growth

(Unconstrained) (Constrained) (Unconstrained) (Constrained)

ln_TFP_deviationt-1 0.055*** (0.005) 0.065*** (0.005) 0.045*** (0.005) 0.055***
(0.006)

GFC*
ln_TFP_deviationt-1

−0.018*** (0.006) −0.025***
(0.006)

−0.014*** (0.005) −0.020**
(0.006)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 30,701 30,070 30,701 30,070

R-squared 0.047 0.052 0.064 0.073

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

26 We use Z-test to examine whether the coefficients on the interaction
term between the two groups (low dependence and high dependence)
are statistically significant or not. However, we fail to find statistically
significant differences between the “low dependence” and “high
dependence” subsamples.
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finance (Columns 3 and 4). One possible explanation for
this finding is the likelihood of labor substitution and
lesser investment in physical capital (Spaliara 2009).

5.3 Intangible and digital capital

Here, we investigate the role of intangibles and digital
capital by investigating the relationship between input
growth (capital and labor) and productivity across sectors
based on their use of technology.27 In the case of more
productive firms investing more in intangibles and digital
capital, the slowdown in the relationship between input
growth (capital and labor) and productivity during a post-
crisis period can be expected to be greater in high-tech
industries, since the firms in such industries have a greater
incentive to invest in intangibles and digital capital. Table 8
shows the results obtained on analyzing the relationship
between the growth rates of physical capital and pro-
ductivity across industries based on technology intensity. It
is observed that, post-GFC, the slowdown is quite sig-
nificant in low-tech industries, while no evidence of a
slowdown is noticed for high-tech industries. Similarly, on
comparing medium low-tech and medium high-tech
industries, a greater slowdown is estimated for the for-
mer. Therefore, based on the available evidence, we are
unable to conclude whether the slowdown in the relation-
ship between physical capital growth and productivity is
partly driven by productive firms investing more in intan-
gibles. This result is consistent with Decker et al. (2020),
who found no significant correlation between capital
growth and productivity in high-tech industries in the

U.S. Notably, the slowdown was found to be significant in
other sectors.

We also examine the relationship between growth in
intangible capital and firm productivity However, no sig-
nificant relationship between productivity and growth in
intangibles could be observed in both cases, indicating that
the slowdown in the relationship between physical capital
growth and productivity is not driven by firms investing
more in intangibles.28

6 Counterfactual analysis

The results mentioned above highlight that the relation-
ship between productivity and input growth has wea-
kened post-GFC, implying a slowdown in the flow of
resources from less productive to more productive firms.
Such allocative inefficiency is likely to lower aggregate
productivity. In this context, a pertinent question that
emerges is related to the extent of this decline in pro-
ductivity. To address this, the approach proposed by
Decker et al. (2020) is adopted. The basic idea of this
approach is to construct a counterfactual productivity
index for capturing what would have happened had the
relationship between productivity and input growth not
weakened. In such a case, more productive firms would
have become larger, which also means that aggregate
productivity would have been higher. For the purpose of
this analysis, we consider two different models: (i) a
model in which responsiveness between input (capital
and labor) growth and (lagged) productivity is allowed to
vary through the inclusion of time trend interactions, and
(ii) a model in which this relationship is kept constant at
the level estimated at the beginning of the sample (where
TFP*time interaction is set equal to zero). These models

Table 7 Productivity, firm-level
capital and labor growth by
external financial dependence

Variables Capital growth Labor growth

(Low dependence) (High dependence) (Low dependence) (High
dependence)

ln_TFP_deviationt-1 0.056*** (0.005) 0.065*** (0.006) 0.055*** (0.005) 0.049*** (0.006)

GFC*
ln_TFP_deviationt-1

−0.018***
(0.006)

−0.028***
(0.007)

−0.020***
(0.006)

−0.015** (0.006)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 35,731 25,148 35,731 25,148

R-squared 0.045 0.051 0.064 0.073

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

27 The classification of industries is based on the OECD (2011)
classification, according to which industries can be classified into four
categories based on their use of technology: 1) Low-tech industry, 2)
Medium low-tech industry, 3) Medium high-tech industry and 4)
High-tech industry. The industry classification based on technology
intensity is shown in Table 12 in Appendix D. 28 Results are available upon request.
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offer different predictions for capital and employment
growth in time t+1, which can then be combined with the
(initial) level of employment and capital for the firm in t
to attain predicted inputs. After obtaining the predicted
inputs, the aggregate input index is constructed.

Based on these predictions, we calculate the base year
productivity (11) and two other indexes employing shares
from the models with a trend (12) and without a trend (13).

Pt ¼
X

si;tþ1pi;t ð11Þ

PTrend
tþ1 ¼

X
strendi;tþ1 pi;t ð12Þ

PNo Trend
tþ1 ¼

X
sNo Trend
i;tþ1 pi;t ð13Þ

After obtaining the productivity indexes, the estimated
counterfactual productivity can be calculated as follows:

ðPTrend
tþ1 � PtÞ-ðPNo Trend

tþ1 � PtÞ ¼
X

i
ðstrendi;tþ1 � sNo Trend

i;tþ1 Þpi;t
ð14Þ

Our findings indicate that in the absence of a slowdown,
the aggregate TFP would have increased by 0.21% points
by 2016.

7 Conclusion

Investment growth is directly linked to aggregate pro-
ductivity growth, such that a decline in the former is
likely to have a negative implication on overall pro-
ductivity. Moreover, a decline in allocative efficiency and
economic dynamism can also lead to a decline in
investment and overall productivity in the presence of
frictions that prevent the best possible utilization of
resources. Motivated by observations of a slowdown in
the investment and labor productivity in Indian manu-
facturing post-GFC, this study employed firm-level panel
data to investigate the allocative efficiency of capital and

labor in the Indian manufacturing sector during
2004–2016.

Our findings offer evidence of not only an investment
slowdown but also lower investment undertaken by more
productive firms. This indicates that the slowdown in
investment comprised an allocative component. Con-
sistent with this finding, we find that there is a weakening
in the relationship between productivity and input growth
which implies a slowdown in the pace of efficiency-
enhancing resource reallocation post-GFC. Furthermore,
the sub-sample analysis conducted in this study revealed
that the slowdown was more significant among old and
large firms. With regard to the possible causes behind this
slowdown, we examined the “shocks” vs. “responsive-
ness” hypotheses. While we did not find any evidence
supporting the “shocks” hypothesis, we found the role of
credit misallocation and financial constraints which might
have weakened the relationship between productivity,
capital, and labor growth thereby supporting the
“responsiveness” hypotheses. Exploring further, we
noticed a correlation in the inter-firm dynamics of both
inputs and credit reallocation. Our results indicate that
firms that were more reliant on external finance and more
credit-constrained firms experienced greater slowdown in
their speed of reallocation. Finally, a counterfactual
exercise was conducted to find that in the absence of a
slowdown in the relationship between productivity,
capital and labor growth, the TFPG would have increased
by 0.21% points by 2016.

Given that aggregate productivity is a major driver of
the per capita income of an economy, identifying the
factors behind any productivity slowdown is crucial from
a policy perspective. Drawing on this context, the current
study tries to link financial market frictions with the
efficiency of resource allocation – an exercise that has
valuable implications for aggregate productivity.

One limitation of this study is that it did not account
for firm entry and exit, since the dataset used did not
provide any related information on the same. Utilizing

Table 8 Lagged productivity
and firm-level capital growth by
technology intensity

Variables Capital growth Capital growth Capital growth Capital growth

Low-tech Medium low- tech Medium high- tech High-tech

ln_TFP_deviationt-1 0.056*** (0.006) 0.073*** (0.007) 0.084*** (0.008) 0.074*** (0.011)

GFC* ln_TFP_deviationt-1 −0.031*** (0.007) −0.035*** (0.009) −0.032*** (0.009) −0.008 (0.012)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 19,865 15,924 17,283 7,101

R-squared 0.053 0.065 0.066 0.054

Robust standard errors in parentheses

*** p < 0.01, ** p < 0.05, * p < 0.1
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this information would definitely have enhanced our
understanding of the inter-firm dynamics of resource
reallocation and its impact on investment and pro-
ductivity. We hope that future research will be able to
address this issue in greater detail using more nuanced
datasets.

Data availability

The database used is a proprietary database available from
CMIE-Prowess. Following is the link to the website:
(https://prowessiq.cmie.com/).
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8 Appendix A

Figures 6 and 7

9 Appendix B

Firm-level production function estimation
First Stage
TFP estimation process begins with implementing the

conventional Cobb-Douglas (C-D) production function in
its logarithmic form. Considering the logarithm of a C-D
production function, the estimation equation for firm i at
time t is represented as:

yit ¼ β0 þ βwwit þ βssit þ ωit þ εit ð15Þ

where yit, stands for output, wit stands for variable input (labor
and intermediate inputs), sit stands for state variable (capital),
εit stand for normally distributed idiosyncratic pure random
variable, whereas ωit represents the unobserved productivity
shock (observable only to a firm manager but not unobservable
to an econometrician) likely to be correlated with the firm input
choices. ωit is assumed to follow exogenous first-order Markov
process:

ωit ¼ Eðωitjωit�1Þ þ μit ¼ gðωit�1Þ þ μit ð16Þ

where μit is random term uncorrelated with either the state
or the free variables.

In the above equation, the subscript i, t denotes firm i, and
time t. Using OLS to estimate the above production function
will lead to biased estimates of βl, and βk due to the assumption
of strict exogeneity between error term and the independent
variables. However, in reality, firms make their input choices
based on the level of productivity. Therefore, not including the
unobserved productivity variable into the regression equation
will lead to endogeneity arising from simultaneity bias (Olley
and Pakes (OP) 1996). In order to correct for the endogeneity,

Fig. 6 Share of manufacturing
gross capital formation (GCF) in
GDP (%). Source: National
Accounts Statistics, Ministry of
Statistics and Programme
Implementation, Government of
India
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Levinsohn and Petrin (LP) (2003), suggested using the inter-
mediate input such as materials, energy, fuel to proxy for the
unobserved productivity. Under the control function approach
suggested by Levinsohn and Petrin (LP) (2003), demand
function for the proxy variable can be written as:
mit ¼ f ðKit; ωitÞ. Under the assumption of scalar unobser-
vable and strictly monotonicity, the demand function for the
proxy variable is invertible in ωit i.e., ωit=f�1 mit; Kitð Þ ¼
h mit; Kitð Þ. Plugging the inverse demand function for the
proxy variable into the production function (15) we obtain:

yit ¼ β0 þ βwwit þ βksit þ h mit; Kitð Þ þ εit ð17Þ

¼ β0 þ βwwit þ+it mit; Kitð Þ þ εit ð18Þ

where +it mit; Kitð Þ is defined as: +it mit; Kitð Þ ¼
βksit þ h mit; Kitð Þ. Note that this solves the endogeneity
problem since unobserved ωit can now be observed.
Estimation of Eq. (18) yields to obtain a consistent estimate
of β̂w. Additionally, we also obtain estimates of the
composite function, +̂it.

Second Stage
Using the estimated coefficient from the first stage, and

making use of the moment conditions, the coefficient of the
capital variable can be obtained by estimating the following
equation:

yit � β̂w wit ¼ β0 þ βksit þ gð d+it�1 � βkkit�1 � βmmit�1Þ þ εit

ð19Þ

Note that in order to estimate the labor and capital
variables, both Olley and Pakes (OP) (1996) and Levinsohn
and Petrin (LP) (2003) use Generalized Method of moments
(GMM) or Non-Linear Least Square (NLLS).

Once consistent estimates of both labor and capital
variables are obtained, the productivity variable is obtained
as a residual as follows:

dTFPit ¼ exp ω̂it ¼ expðyit � β̂kkit � β̂llit � β̂mmitÞ ð20Þ

One of the criticisms of the Olley and Pakes (OP)
(1996) and Levinsohn and Petrin (LP) (2003) model, as
put forward by Ackerberg et al. (2015) is that both
assume that there is no adjustment cost to labor variable.
However, in presence of unobservable adjustment cost
(for example, hiring and firing cost, or long-term con-
tracts) to the labor variable, there will be multicollinearity
and identification issues with the labor variable. In such a
case, the labor should actually be considered as a state
variable and enter as an argument in demand function for
proxy along with unobserved productivity as follows:
mit ¼ f ðKit; ωit; litÞ. As a result, under the Ackerberg
et al. (2015) methodology, the labor coefficient along
with other input coefficients are identified in the second
stage by applying either GMM or NLLS.

10 Appendix C (Additional results)

Tables 9 and 10
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Fig. 7 Firm-level investment to
lag total assets by productivity
quartile. Source: Computed
from CMIE-PROWESS
database

Table 9 Lagged productivity and firm-level debt and bank borrowing
growth by age

Variables Debt growth Bank borrowing
growth

(Young) (Old) (Young) (Old)

ln_TFP_deviationt-1 0.032*
(0.019)

0.055***
(0.006)

0.032
(0.022)

0.074***
(0.007)

GFC*
ln_TFP_deviationt-1

−0.009
(0.021)

−0.025***
(0.006)

−0.004
(0.028)

−0.026***
(0.008)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 4,938 51,619 2,746 28,093

R-squared 0.034 0.019 0.055 0.043

Robust standard errors in parentheses.

***p < 0.01; **p < 0.05; *p < 0.1
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11 Appendix D

Tables 11 and 12

12 Appendix E

Tables 13–16

Table 11 Industry classification by technology intensity

NIC
2008

Industry Technology
intensity

10 Food products Low-tech

11 Beverages Low-tech

12 Tobacco products Low-tech

13 Textiles Low-tech

14 Wearing apparel Low-tech

16 Wood products Low-tech

17 Paper products Low-tech

19 Coke and petroleum products Medium low-tech

20 Chemicals and chemical products Medium high-tech

21 Pharmaceuticals, medicinal chemical,
and botanical products

High-tech

22 Rubber and plastics Medium low-tech

23 Non-metallic mineral products Medium low-tech

24 Base metals Medium low-tech

25 Fabricated metal products, except
machinery and equipment

Medium low-tech

26 Computer and electronics High-tech

27 Electrical equipment Medium high-tech

28 Machinery and equipment Medium high-tech

29 Motor vehicles, trailers, semi-trailers,
and other transport equipment

Medium high-tech

Source: OECD (2011)

Table 12 Classification of industries (dependence on external finance)

Industry (high
dependence)

NIC code
(2 digit)

Industry (low
dependence)

NIC code
(2 digit)

Transport equipment 30 Textiles 13

Electrical equipment 27 Food products 10

Base metals 24 Tobacco products 12

Fabricated metal 25 Paper products 17

Computer and
electronics

26 Chemical products 20

Coke and petroleum
products

19 Rubber and
plastics

22

Pharmaceuticals 21 Non-metallic
minerals

23

Beverages 11 Machinery and
equipment

28

Wearing apparel 14 Motor vehicles 29

Leather products 15 Printing 18

Wood products 16

Other manufacturing 32

Furniture 31

Classification of industries based on Rajan and Zingales (1998) index

Table 10 Lagged productivity and firm-level debt and bank borrowing
growth by size

Variables Debt growth Bank borrowing
growth

(Small) (Large) (Small) (Large)

ln_TFP_deviationt-1 0.011
(0.013)

0.055***
(0.006)

0.032
(0.022)

0.079***
(0.007)

GFC*
ln_TFP_deviationt-1

−0.007
(0.016)

−0.026***
(0.006)

−0.004
(0.028)

−0.027***
(0.008)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 7,105 49,452 1,916 28,923

R-squared 0.023 0.024 0.053 0.020

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1
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Table 13 Productivity in relation
to firm-level capital and labor
growth

Variables Capital growth Labor growth

(1) (2) (1) (2)

ln_TFP_deviationt-1 0.055*** (0.004) 0.074*** (0.010) 0.030*** (0.003) 0.032*** (0.007)

GFC* ln_TFP_deviationt-1 −0.027*** (0.010) −0.018* (0.008)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 18,854 18,854 18,854 18,854

R-squared 0.063 0.063 0.072 0.072

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

Table 14 Productivity in relation
to firm-level debt and bank
borrowing growth

Variables Debt growth Bank borrowing growth

(1) (2) (1) (2)

ln_TFP_deviationt-1 0.044***
(0.005)

0.074*** (0.012) 0.059***
(0.006)

0.098*** (0.016)

GFC* ln_TFP_deviationt-1 −0.037*** (0.012) −0.047*** (0.016)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 18,854 18,854 18,854 18,854

R-squared 0.033 0.033 0.056 0.057

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1

Table 15 Productivity in relation
to firm-level capital and labor
growth

Variables Capital growth Labor growth

(1) (2) (1) (2)

ln_TFP_deviationt-1 0.047***
(0.002)

0.062*** (0.004) 0.033***
(0.002)

0.047*** (0.004)

GFC* ln_TFP_deviationt-1 −0.020*** (0.004) −0.017*** (0.004)

Controls YES YES YES YES

Industry FE YES YES YES YES

Year FE YES YES YES YES

Observations 60,306 60,306 60,306 60,306

R-squared 0.050 0.050 0.063 0.064

Robust standard errors in parentheses

***p < 0.01; **p < 0.05; *p < 0.1
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