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Abstract The paper examines the impact of import of technology on productivity of
the organised manufacturing sector of India using firm level panel data for the period
of 1995–2010. The estimation of an augmented Cobb-Douglas production function
using the Levinsohn and Petrin econometric technique suggests that both embodied as
well as disembodied forms of technology import have a positive and significant effect
on aggregate manufacturing productivity. However, the sectoral estimation results
based on technology intensive classification of firms reveal that the embodied tech-
nology purchases have a relatively more significant and positive impact across sectors,
whereas the disembodied technology imports have positive effect on the productivity
of medium technology intensive sectors.
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1 Introduction

It is well known that international trade results in static production and consumption
gains via reallocation of resources according to a country’s comparative advantage.
However, trade can also bring dynamic effects by way of exposure to new
technology and realization of economies of scale, which in turn may contribute to
technical change or productivity growth. It has been widely emphasised that
technical change plays an important role in economic growth. As argued by Hall
and Jones (1999) and Keller (2009), the level of technology is a key contributor to
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productivity and, hence, the differences in the levels of technology can explain the
large variation of incomes across countries.1 In the seminal studies by Abramovitz
(1956) and Solow (1957), technical change turns out to be the single most deter-
mining factor of economic growth in the advanced countries. However, in their
studies, technical changes are exogenously determined and, therefore, are devoid
of any causal analysis. In contrast, the recent trade theories and endogenous growth
models have highlighted the importance of technological development, especially the
role of imports as an important vehicle of knowledge transmission in enhancing the
productivity and efficiency of the industrial sector leading to sustained growth in the
long run (see Grossman and Helpman 1991; Feenstra et al. 1992; and Lee 1995).

Innovation is not a costless phenomenon, as assumed in the context of exogenous technical
progress theories, but is an outcome of an economic activity which requires the use of
productive inputs, in particular the investment of risk-bearing capital. However, countries
differ in their ability to generate new knowledge or technology. In the less developed countries,
the supply of necessary inputs for innovative activity may be scarce. These economies are at a
disadvantaged position due to the lack of: (i) capital, particularly risk bearing type; (ii) skilled
labour; (iii) the size of the market, and (iv) the low levels of per capita income. In these
circumstances, the vehicle of technical change for these countries can be direct foreign
investments (DFI) by firms of advanced countries and also licensing or the adaptation of
superior technology of the advanced countries.

The continuous process of innovating new products and new processes in the developed
countries can also increase the rate of obsolescence of their technologies. As the market for
these products dries up, the incentive to sell them to the less developed countries increases.
The underdeveloped economies can directly import second-hand machinery at an arm’s length
prices and can adapt them to their factor market conditions. The import of these ‘new’ capital
goods embodying better technologies facilitates technology transfer. Since the capital goods
are the major inputs in the production process, firms that incorporate them in production can
produce better quality and cost effective products which, in turn, increases productivity
(Halpern et al. 2005). The inflow of imports provides domestic producers new ideas and that
the restriction of imports reduces the rate at which these producers accumulate and use
knowledge capital. Accordingly, trade in capital goods provides an alternative ‘route’ to
innovate for the underdeveloped economies. Since only handful of countries devote R&D to
make specialised equipments, trade in capital goods transmit technological advances and
improve productivity in the host country (Eaton and Kortum 2001). Similarly, Lall (2000a)
has noted that for developing countries, technology import is the most vital initial input in
technology learning.

The objective of this paper is to assess the contribution of technology import on produc-
tivity of the organised manufacturing sector in India. Since the onset of systematic economic
liberalisation in the 1990s, the manufacturing sector has witnessed considerable technology
purchases from abroad. This has widened the choices of industries to adopt better technology
in the production process, which can result in improved productivity performance. In this
context, using an econometric methodology, we investigate the impact of technology import
on productivity of the manufacturing sector using firm level data for the period of 1995–2010.

1 Comin and Hobijn (2011) argue that countries that performed well in the post-World War II period did so
because they were able to adopt new technology quickly.
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The reminder of the paper is organised into four sections. In Section 2 we discuss the
empirical literature on import of technology and productivity, especially in the context of India.
This is followed by a detailed description of methodology, data sources and descriptive
analysis in Section 3. The econometric results for technology import and productivity is
discussed in Section 4. Finally, Section 5 summarises and concludes the entire discussion.

2 Literature Review

2.1 Import of Technology and Productivity Growth: Empirics

A number of empirical studies have examined the impact of trade and productivity growth. For
developed countries, there is overwhelming evidence to support that trade has a positive
impact on productivity growth. For example, using aggregate cross-country data for the 21
OECD countries for the period 1971–90, Coe and Helpman (1995) found that imports which
embody foreign R&D has a significant impact on productivity growth of the home country.
They suggested that this impact is stronger, the more an economy is open to international trade.
Keller (2002) found that foreign R&D contributed about 20 % to the total productivity effect
for OECD countries during 1970–91. Ben-David and Loewy (1998) show that trade
liberalisation can facilitate the diffusion of knowledge and move the steady-state income of
lower income economies to a higher level. Similarly, studies that examined the performance of
East Asian countries, generally found a positive role of trade in productivity growth. For
instance, Lawrence and Weinstein (1999) for Japan and Kim et al. (2009) for Korea reported
positive impact of imports on productivity growth.

However, the evidences are less conclusive for developing countries. Muendler (2004)
finds that the effects of intermediate imports on labour productivity are smaller in Brazilian
manufacturing plants. Similarly, Choudhri and Hakura (2000) argued that the growth effect of
productivity by trade openness depends upon the country characteristics. The study explored
the trade productivity relationship among 33 developing countries for the period of 1970–
1993. Thangavelu and Rajaguru (2004), using a vector correction model, found that import
enhances economic growth for nine rapidly developing Asian countries including India.

2.1.1 Import of Technology and Productivity of Indian Manufacturing Firms

The issue of trade and manufacturing productivity growth has been an active area of empirical
research in India. Studies that covered the initial wave of liberalisation during the 1980s and
the 1990s did not find any significant impact of trade on manufacturing productivity growth—
for instance, see Das (1998), Balakrishnan et al. (2000) and Goldar and Kumari (2003), among
others. In contrast, several recent studies, such as Milner et al. (2007), for the period 1984–
1998, and Sen (2009), for the period 1973–1998, found that trade liberalisation via reduction
in protective instruments has a significant impact on manufacturing industrial productivity.
Similarly, Basant and Fikkert (1996), Hasan (2002), Parameswaran (2009) Goldberg et al.
(2010), and Topalova and Khandelwal (2011), using firm level data, have found that foreign
technology purchase has a positive impact on manufacturing productivity. The first two studies
cover the pre-1991 period and the rest of them cover the post liberalisation period, up to 2001.

Thus, it is evident that several empirical studies have examined the extent of productivity
growth of India’s manufacturing sector during the trade liberalisation period. However, not
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many have tried to disentangle the external effect of trade, especially the role of embodied and
disembodied technology imports on productivity. Most of the earlier studies suffer from
comprehensive coverage of firms and periodisation. For instance, Basant and Fikkert (1996)
used 787 firms for the period 1974–81, whereas Hasan (2002) has taken only 286 public listed
firms for the period of 1976–87. Some of the recent empirical work, notably by Parameswaran
(2009) and Goldberg et al. (2010), have tried to cover large number of firms during the post
liberalisation period. For instance, the former covered 2100 firms while the latter 2927 firms.
However, these studies have not gone beyond 2001. Moreover, most of the previous studies on
the technology import and productivity have not looked at the inter-sectoral variation based on
firm level technological intensity. We know that the adaptation of import of technology
requires considerable technological learning and capability building since firms operate with
imperfect knowledge of technological alternatives.2 Therefore, we expect considerable
heterogeneity among firms in the process of import of technology and productivity
improvement. The existing empirical studies have often overlooked this aspect. The present
study tries to fill this gap by considering a wide range of industrial firms of India across
different technology intensive sectors during the period of intensive trade liberalisation.

3 Methodology and Data Source

3.1 Methodology of the Study

A common practice in the empirical literature is to first estimate the elasticity of output with
respect to inputs using the standard production function and measure productivity (TFP) as
residual. Subsequently, in the second stage, the estimated TFP measures are regressed against a
range of productivity determinants. This two-stage procedure, however, leads to biased
estimates if productivity determinant factors are correlated with the production factor variables
used to derive TFP. Since these factors were omitted from the first stage of output determinant
model used to derive TFP, the two-stage procedure often produces inefficient and potentially
biased estimates3 (Harris 2005). Using the Monte Carlo simulation, Wang and Schmidt (2002)
has shown that serious and substantial bias exists at all stages of estimation due to omitted
variable problem. In these circumstances, a more appropriate method is to include the
determinants of output (and, thus, productivity) directly into the production function estimates
(See Harris 2005).

Therefore, in the present study, our preferred approach is to incorporate the technology
import variables (both embodied and disembodied technology purchases) directly into the
production function estimates.4 For robustness, the base results are evaluated across different
datasets and a two-stage productivity determinant model. In the following sub-section 3.1.1,
we provide the detailed outline of our preferred direct approach of production function

2 See Lall (2000b) for an extensive discussion of technological learning and capability among various
manufacturing firms in developing countries.
3 As discussed in Harris (2005), the bias can be disregarded only when the factors determining output and
productivity have zero correlation. However, since both these are firm specific, the correlation between them is
likely to be high.
4 Previous empirical studies on technology import and productivity of Indian manufacturing by Basant and
Fikkert (1996), Hasan (2002) and Parameswaran (2009) has also used similar estimation technique. This will
allow us to have a comprehensive comparison with other studies.
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estimation. This is followed by a description of the alternative two-step productivity determi-
nant model in sub-section 3.1.2.

3.1.1 Production Function Estimation

Under the production function approach, we assume that the firm produces output (Q)
using traditional inputs, such as capital (K) and labour (L) subject to the state of
technology (T). Any technological advancement shifts the production function en-
abling given quantities of K and L to produce more output. Here, we assume that
the Indian manufacturing firms can improve technology by importing superior tech-
nology from abroad.

We assume a Cobb-Douglas production function5 including the import of technology
variables (embodied and disembodied technology) along the traditional inputs. For the ith firm
in tth year, the functional relationship is given by Eq. (1):

Qit ¼ AitK
bk
it Lblit M

bm
it ETbeT

it DETbdT
it ð1Þ

where Qit refers to output of the firm i in period t, Ait is the efficiency level of the firm i in
period t, Kit, Lit,Mit,ETit, DETit are inputs of capital, labour and material, embodied technology
and disembodied technology respectively. Taking the natural log of Eq. (1) results in a
production function (2) which is linear in logs of output and input variables;

qit ¼ bo þ bkkit þ bllit þ bmmit þ beTeT it þ bdTdeTit þ εit ð2Þ
where q denotes log of gross output of the firm, k is log of capital stock, l is log of labour input,
m is log of raw material consumed, eT is the log of embodied technology, deT is the log of
disembodied technology and ε is the error term.

Here, ln(Ait)=b0+εit; where b0 measures mean efficiency level across firms and over time
and εit is the time-producer-specific deviation from that mean (Van 2012). We can decompose
εit into two parts: εit=ωit+γit where ωi is the firm specific differences in productivity caused by
factors such as technological knowledge not captured by the explanatory variables, accumu-
lated experiences of firms, managerial ability and unmeasured input qualities and so on not
captured by explanatory variables and γit is a pure random variable. The major difference
between ωit and γit is that the former is a state variable which is observable to the firm but not
to the econometrician and, hence, influences firms input demand choices.6 Incorporating these
two error components, we can rewrite Eq. (2) as follows,

qit ¼ bo þ bkkit þ bllit þ bmmit þ beTeT it þ bdTdeTit þ ωit þ γit ð3Þ
The econometric estimation of the Eq. (3) poses two important concerns with respect to the

endogeneity of input choice resulting in simultaneity bias and the selection bias.7 The
simultaneity bias exists because generally the input decision by the firm is determined by

5 Although the Cobb-Douglas functional form is considered too restrictive, it is the most widely used specifi-
cation in firm level studies on productivity (Hall and Mairesse 1995, O’Mahony and Vecchi 2009). Some of the
alternative but more complicated specifications such as Translog do not yield substantially different results
(Griliches 1998). See Parameswaran (2009) and Fernandes (2007) for similar estimation procedure.
6 State variables are fixed factors, which are affected by the distribution of ωit conditional on information set
available at t-1 period and past values of ωit. In the case of free variable factors, the input choices by the firm
depend upon the current values of ωit (Olley and Pakes 1996).
7 For a comprehensive survey, see Van (2012) and references therein.
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the characteristics of the firm or its efficiency performance (See Marschak and Andrews 1944).
This means that the firms’ choices of inputs are subject to its perception of its own
productivity performance. If this were the case, then the OLS estimates would be
biased and inconsistent as the productivity may be correlated with the level of inputs.
The issue of selection bias occurs when the input choice of the firm at a particular
period depends upon market survival.

An innovative way to correct for the simultaneity bias is the semi-parametric
method developed by Olley and Pakes (1996) and later modified by Levinsohn and
Petrin (2003).8 One of the key assumptions in the procedure to control for the
endogeneity bias is that capital is pre-determined, i.e., its level is chosen before
production takes place. Hence, the orthogonality of k to the innovation in ωi can be
used to identify bkki. To solve the endogeneity problem with respect to freely variable
labour, we use a proxy (in our case material inputs), which is assumed to be
monotonic in ωit. This help us to invert out the unobserved productivity shock based
on the observable characteristics (i.e., material input) of the firm. The incorporation of
the proxy variable allows eliminating the variation in input related to productivity
term. In this study, we follow the Levinsohn and Petrin (2003), or the LP method-
ology of production function estimation, and the details are outlined as follows.

The LP method uses firm’s raw material consumption to control for the variation in
inputs correlated with the unobserved productivity. We assume that firms material
demand function is monotonically increasing in its unobserved productivity, condi-
tional on kit, a state variable. This allow us to specify the raw material demand
function as mit=mi(ωitkit). Assuming monotonicity, we invert the raw material demand
function as ωit=ωt(mitkit). This function shows that the unobservable productivity
component depends upon observable inputs and hence, control for ωit in estimation.
Rewriting Eq. (3) by proxying the productivity term, we obtain

qit ¼ bllit þ beT eT it þ bdTdeT it þ θt mitkitð Þ þ γit ð4Þ
where θt(mitkit)=bo+bkkit+bmmit+ωt(mitkit).

In the first stage of the estimation, we estimate conditional moments E(qit|kit, mit),
E(lit|kit, mit), E(eTit|kit, mit), E(deTit|kit, mit) by regressing respective variables on kit
and mit using third order polynomial regression with full set of interactions.
Subtracting the expectation of Eq. (4) conditional on kit and mit from (4) we get
the following equation.

qit−E qit

���kit; mit

� �
¼ bl lit−E lit

���kit; mit

� �� �
þ beT eT it−E eTit

���kit; mit

� �� �
þ bdT deT it−E dtit

���kit; mit

� �� �
þ γit ð5Þ

Following Levinsohn and Petrin (2003), we use a no intercept OLS on Eq. (5) to obtain the
estimates of the parameters of bl, beT, bdeT .

In the second stage, we use two moment conditions to identify the parameters bk and bm.
E[(ψit+γit)kit]=E[ψitkit]=0 and E[(ψit+γit)mit−1]=E[ψitmit−1]=0.

The first condition states that capital does not respond to innovation in productivity ψit,
while the second moment condition implies that last period choice of material input is not

8 For detailed outline on Semiparametric methods, see Yatchew (2003).
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related to the current period innovation in productivity. The residual in the moment condition is
given by the following relationship

ψ dit þ γit b
*

� � ¼ qit−bbllit−cbeteT it−cbdtdeT it−b*kkit−b
*
mmit−E

cωit

ωit−1

� �
ð6Þ

Where the residuals are explicitly expressed as a function of the two parameters b*=(bk
*,

bm
* ). Estimate of E(ωit|ωit−1) is obtained using the assumption that ωit follows a first order
markov process. We use a fourth order polynomial regression to get an estimate of E(ωit|ωit−1)
by regressingcωit in dωit−1 obtained from Eqs. (7) and (8) using the estimates obtained from the
first stage regression and b* values obtained from the OLS estimation of Eq. (2).

ω dit þ γit ¼ qit−bbllit−cbeteT it−cbdtdeT it−b*kkit−b
*
mmit ð7Þ

dωit−1 ¼ dϕt−1 :ð Þ−b*kkit−1−b*mmit−1 ð8Þ
The bϕ in Eq. (8) is estimated by regressing output net of inputs, whose coefficients

have been obtained in the first stage, on capital and material, using a third order

polynomial regression with full set of interactions. We estimate bϕ for three sub
periods of the sample, 1995–2000, 2001–2005 and 2006–2010. To test the unbiased-
ness of the estimated coefficient on the choice of variables of the firm, we use the
following additional moment conditions

E ψit lit−1½ � ¼ 0; E ψitkit−1½ � ¼ 0; E ψitmit−2½ � ¼ 0; E ψiteT it−1½ � ¼ 0; E ψitdeT it−1½ � ¼ 0

In the estimation of capital and materials coefficients, we include these five over
identifying restrictions under the null hypothesis that the coefficient estimates are
unbiased. This provides us with seven population moment conditions given by the
vector of expectations E[(ψit+γit)Zit] = 0

Where the vector Zit={kit, mit−1,lit−1, kit−1,mit−2,eTit−1,deTit−1}. The estimates of bk and bm
are obtained by minimising the following GMM criterion function

Q b*
� � ¼ minb*

X7
h¼1

X
i

XTi
t

ψi
d;t þ γi;t b*

� �� �
Zi; h; t

 !2

ð9Þ

where i indexes firms, h indexes 7 instruments and Ti is the last period for which firm i is
observed. As the estimation involves several steps, we bootstrap9 the estimates to draw
inference. In bootstrapping, we (re)sample the empirical distribution of the sample and
generate bootstrapped samples. The value of the statistic is estimated from each bootstrapped
sample and generates the empirical distribution function (EDF) of the parameter of interest.
This EDF provides a bootstrap approximation of the sampling distribution of the statistic
(Parameswaran 2009). We use block-bootstrapping method10 that treats time series

9 Bootstrapping is a nonparametric approach for assessing the distribution of a statistic based on random
resampling (Guan 2003). For a lucid exposition of bootstrapping method in economics, see Mackinnon (2006).
10 This process uses sampling with replacement and with equal probability from the sets of firm observations in
the original sample (Horowitz 2001).
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observations on each firm as an independent and identical draw from the population of firms
(see Horowitz 2001).

3.1.2 Productivity Determinant Model

In this alternative method, we first estimate the Cobb-Douglas production function of the
following form using Levinsohn and Petrin (2003) methodology:

qit ¼ bo þ bkkit þ bllit þ bmmit þ ωit þ γit ð10Þ
This allows us to calculate productivity of manufacturing firms by taking the difference

between actual and predicted output (see Eq. 11).

T FPit ¼ qit−βkkit−βl lit−βmmit ð11Þ
We then regress firm productivity on import of technology (TI) and a set of additional

control variables (X). Specifically, we estimate the following equation,

lnTFPit ¼ αo þ βTITI it þ δXX it þ ζi þ τ t þ ϵit ð12Þ
where lnTFP is the productivity (total factor productivity) of firm i in period t, TI

is the technology import variable (ET and DET), X is a set of control variables such
as export growth rate and capital intensity of the firm. ζi and τt are coefficients of
industry and year dummies. We use traditional panel estimation technique to estimate
the productivity determinant model.

3.2 Data Sources and Construction of Variables

The study use data on Indian manufacturing firms from PROWESS, which is a
database of the financial performance of Indian companies, maintained by the
Center for Monitoring Indian Economy (CMIE). The data is collected according to
the National Industrial Classification (NIC) 200811 system. We first extracted
manufacturing firms (which is reported at 5-digit NIC 2008 level) and find out that
there are 9328 listed manufacturing firms. Although PROWESS reports data from
1989 onwards, we limited our analysis for the period 1995–2010 due the availability
of a large number of observations for most of the firms.

Based on the sectoral contribution in total manufacturing output and the level of import of
technology, we restricted our analysis to the firms belonging to 20 two digit NIC 2008
classification system.12 As the original data set contains a large number of missing or negative
values, we cleaned the data before the empirical analysis. As a first step, we took sales variable
for all the reported firms and removed firms that reported zero or missing values during the
entire period. This was repeated using other key variables such as labour and fixed capital. As
a result, 1851 manufacturing firms were removed from the analysis. For the remaining 7090
firms, we selected those firms that reported sales data for 5 years or more during 1995–2010.
Further, we removed firms that reported zero values for capital, labour and material in any of

11 The NIC 2008 is based on International Standard Industrial Classification (ISIC) rev4.
12 Based on the selection criteria, we excluded three 2-digit sectors from the analysis sample. These are NIC 11
(manufacture of beverages), NIC 31 (Manufacture of furniture) and NIC 32 (other manufacturing). We dropped
387 firms under these product groups.
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the reference years. This left us with 5551 firms, which is our main dataset for the empirical
analysis.13

We further classified the selected manufacturing firms according to technological
intensity, namely High Technology (HT), Medium High Technology (MHT), Medium
Low Technology (MLT) and Low Technology (LT) intensive sectors14 based on the
OECD (2011) classification scheme. The distribution of firms according to technology
intensive classification is given in Table 4 in the appendix. We expect this classifi-
cation captures the inter-sectoral differences in technological opportunity and hetero-
geneity among sample firms. In Table 1, the number of industries (2-digit) and firms
according to technology intensive categories is given. It is evident that more than
60 % of the manufacturing firms belong to low to medium technology intensive
sectors, while only about 10 % are in the high technology intensive group. The
empirical analysis is carried out separately for aggregate manufacturing as well as
for each of the four technology intensive categories of firms.

3.2.1 Variable Construction

Output (Q) We have taken sales of goods by firms plus changes in stocks to represent the
output variable.15 The value of output in 2004–05 prices is obtained by deflating the nominal
value by the Wholesale Price Index (WPI) of product groups at the disaggregate industry level.
If the appropriate deflator is not available, the deflator corresponding to the nearest product
group is selected. The WPI is collected from the office of Economic Advisor, Government of
India.

Labour Input (L) We define labour input in value terms, i.e., compensation to employees at
2004–05 prices that includes all cash payments in kind made by a company to its employees.16

The nominal values of compensation to employees reported by PROWESS were deflated by
the consumer price index for industrial workers (at 2004–05 prices). The use of wages and
salaries is advantageous as it proxies worker skill composition, quality and payments made to
contract workers (Keshari 2013).17 One of the drawbacks of this measure is that there can be a
potential bias in the estimate if the workers share the productivity benefits (See Sivadasan
2006).

13 This is our benchmark sample which we denote as unbalanced panel dataset A. Additionally, for robustness
analysis, we also selected firms that reported sales data for at least 10 years during the entire period of reference
(unbalanced panel dataset B) and all those firms that reported sales figures during the entire period (balanced
panel dataset C). The dataset B consists of 3206 firms and the dataset C has 1442 firms.
14 The latest OECD classification scheme categorises industries according to ISIC rev3.1, whereas our classifi-
cation is based on ISIC rev4 (which is equivalent to NIC 2008). Therefore, we established correspondence
between ISIC rev3.1 and ISIC rev4 at the aggregate level. See Table 4 in the appendix for the details.
15 Several studies have employed similar procedures for constructing output variable at the firm level (See for
instance, Srivastava (1996).
16 In the absence of employment data at the firm level, several studies have used a similar procedure. For
instance, see Srivastava (1996), Kambhampati (2003), Dougherty et al. (2009), and Kim and Saravanakumar
(2012) among others.
17 In PROWESS, the payments made to labour contractors are included in the wage bill of the firm but the
workers employed through the contractors are not included in the payroll of the firm. This makes the number of
workers as reported therein an inappropriate measure of labour input (Keshari 2013).
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Capital Stock (K) The capital input is taken as gross fixed capital assets (GFA) expressed in
2004–05 prices. We use the perpetual inventory method to estimate capital stock at constant
price for each year. For this, we follow the methodology devised by Srivastava (1996)
and later adopted by many studies on Indian manufacturing firms including
Balakrishnan et al. (2000) and Parameswaran (2009), among others. This method
revalues the capital given at historical cost to a base year. The real capital stocks
were obtained by deflating the revalued GFA by capital good price series (at 2004–05
prices) constructed using gross capital formation series obtained from the National
Accounts Statistics, CSO.

Material Input (M) The raw material expenses include the value of raw materials, power
and fuel consumption. The nominal value of the raw material cost was deflated using raw
material price indices, base 2004–05=100. The raw material price indices were constructed
using weights obtained from the Input–output transaction table, published by the CSO and
appropriate price indices from the WPI.

Technology Import (TI) We measure the technology imports by two indicators. One
is the purchase of machinery and equipment (capital goods) embodying superior
technology and the second is the royalties, licensing, and technical fees paid by
domestic firms for using the technology of foreign firms.18 The former activity
captures technology embodied in capital goods and the latter proxies the
disembodied form of technological flows from abroad. The construction of
technology import stock variables is based on the method suggested by Basant and
Fikkert (1996) and Hasan (2002).19

(i) Stock of embodied technology import (ET)
To determine how much new technology is embodied in machinery & equipment pur-

chased from abroad, we assume, for simplicity, that the recently purchased machinery em-
bodies newer and a more productive vintage of technology (See Bregman et al. 1991 for a

18 In PROWESS, the foreign technology purchases are reported separately under firms’ total forex spending.
This is available in its total foreign exchange transactions section.
19 Parameswaran (2009) have also employed similar procedure.

Table 1 Number of industries and firms (%) in the four technology intensive category

Technology Category No of 2-digit Industries (NIC 2008) Number of Firms (%)

High Technology (HT) 3 601 (10.8)

Medium High Technology (MHT) 5 1484 (26.7)

Medium Low Technology (MLT) 8 1731 (31.2)

Low Technology (LT) 8 1735 (31.3)

Total no of firms 24 5551 (100.0)

Note: figure in brackets is the share of each category in total number of firms (%). HT: High technology, MHT:
Medium high technology, MLT: Medium low technology, LT: Low technology. Technology classification is
devised by OECD (2011)
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similar assumption). The stock of recent investment in imported capital goods (ET) is obtained
according to Eq. (13)

ETit ¼
XT
s¼0

IMit−s ð13Þ

where ET is the stock of recent investment in imported capital goods, IM is the real
investment in capital goods import obtained by deflating the expenditure on capital goods
imports by the unit value index of imported capital goods (base 2004–05=100). We
discounted the past using a depreciation rate of 6 % and T=4 was chosen as in Hasan (2002).

(ii) Stock of disembodied technology import (DET) :
The stock of disembodied technology import was estimated using the methodology follow-

ed by Basant and Fikkert (1996).20 The stock of disembodied technology import is constructed
using the perpetual inventory method on the firm’s annual real expenditure on technological
payment21 obtained through technology transfer agreement with foreign firms. We assume that
the import of disembodied technology affects productivity with a 1-year lag and depreciates at
the rate of 15 % per annum. The stock of DET is derived from Eq. (14)

DETit ¼ RDETit þ DETit−1 1−δð Þ ð14Þ
where RDET is the real expenditure on disembodied technology import derived by deflating

the nominal value of expenses on disembodied technology purchase by R&D deflator for US
manufacturing industry.22

3.3 Descriptive Statistics

The detailed account of the growth performance and summary statistics of some of the key
variables are given in Tables 5 and 6 in the Appendix. At 2-digit industrial classification, the
high growth performing sectors are manufacture of wearing apparel (NIC 14), computers and
electrical products (NIC 26), Coke & petroleum products (NIC 19) and transport equipment
(NIC 30). In terms of output share, the largest component of manufacturing output originates
fromMLT followed byMHTand LT. As expected, HT products contribute very little to India’s
overall manufacturing output.

The data on embodied technology import revealed that out of 5619 firms, 3200 firms (i.e.,
57 % of the total firms selected for the analysis) have imported capital goods at least once in a
year during the reference period. Among them only 35 % (1976 firms) have bought capital
goods for the entire period. In terms of technology category, the largest importer of capital
goods were MLT (47 %) followed by MHT (29 %), LT (15 %) and HT (9 %). For most of
technology categories, the growth rates have picked up during the latter half of 2000s. Some of
the high growth performers belong to MLT and LT sectors such as manufacture of tobacco

20 Hasan (2002), Kathuria (2001) and Parameswaran (2009) have used the same procedure.
21 The annual expenditure on disembodied technology import consist of payment to foreigners for technical
assistance and consulting, lump sum and royalty payment for the purchase of technology through licensing
agreement between Indian and foreign firms. This information is recorded as expenses on royalties, technical
expertise fees in PROWESS.
22 The rationale behind choosing US R&D deflator is that US firms constitute the largest provider of techno-
logical assistance to Indian firms. Basant and Fikkert (1996), Hasan (2002) and Parameswaran (2009) have used
similar assumption.
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products (NIC 12), wearing apparel (NIC 14), printing & recorded media (NIC 18), rubber and
plastic products (NIC 22), non-metallic minerals (NIC 23) and basic metals (NIC 24).

Looking at the disembodied technology purchases, it is evident that only a few firms are
engaged in this mode of activity. For example, only 22 % of firms (1216 firms) purchased
disembodied technology at least once in the reference period. Furthermore, only 71 firms
purchased it for the entire period. This reveals that the preferred mode of technology transfer
for Indian firms is embodied technology in terms of purchase of machinery & equipment from
abroad. The largest purchase of disembodied technology is carried out by MHT (49 %)
followed by MLT (41 %), HT (6 %) and LT (4 %). The sub-period analysis reveals that the
share of MHT has increased over the years, whereas MLT and LT witnessed a downfall in
disembodied technology imports. MHTwitnessed double-digit growth rate (12 % per annum)
during the entire as well as the major sub-period.

The summary statistics of the analysis variables is given in Table 6 in the appendix. We can
note that the mean embodied technology purchase is Rs. 17 to 89 lakhs and the average
disembodied payment is Rs. 10 to 36 lakhs at the aggregate level. Further, the level of
dispersion is larger for embodied technology than disembodied technology purchase for total
manufacturing. The technology classification suggests that the MLT firms are the largest
buyers of technology imports followed by MHT, HT and LT. The average expenditure on
embodied technology is between Rs. 52 to 89 lakh and Rs.15 to 30 lakhs for disembodied
technology by MLT firms. On the extreme end, LT firms spend Rs. 17 to 33 lakhs on an
average on embodied technology and an average of Rs. 10 to 15 lakhs on disembodied
technology imports. Here, also, we can see that standard deviation is larger for embodied
technology than disembodied technology, suggesting high dispersion in the former variable.

4 Estimation and Results

The production function estimates of Indian manufacturing firms (at the aggregate as well as
the four technology intensive category level of firms) using OLS and Levinsohn and Petrin
(LP) algorithm are given in Table 2. The coefficients of all the traditional factors of production
such as labour, capital and materials have the expected positive sign and are highly significant
(at 1 % level). The estimation results based on OLS reveal that the size of capital coefficient is
significantly lower than the coefficient for labour and material inputs across manufacturing. As
discussed in the methodology section, this can be attributed to the simultaneity between
productivity shock and the input choices of the firm resulting in an upward bias in the labour
and material coefficients and a downward bias in the capital coefficient.23

Once we address this with the help of semi-parametric methods, we can expect a lower
coefficient magnitude for material and labour, and an increase in the capital coefficient relative
to OLS. Indeed, this is exactly what we observe in all LP estimates. For instance, in the case of
aggregate manufacturing, the estimate of capital coefficient is 0.10 for OLS and 0.32 under
LP.24 Similarly, the size of capital coefficient is found to be lower in OLS for all technology
categories (see column 4 to 11 in Table 2). It has increased considerably in all LP estimation
results. Taking together all categories of manufacturing, the range of capital coefficient based

23 See Marschak and Andrews (1944), Olley and Pakes (1996), Levinsohn and Petrin (2003) and Ackerberg et al.
(2007) for a detailed exposition of these arguments.
24 This is true irrespective of the dataset used for the study (see Table 7 in the appendix).
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on OLS estimates is 0.04 to 0.16, while the LP estimate ranges from 0.18 to 0.32. This
suggests that the LP estimates have adequately addressed the problem of simultaneity inherent
in the production function estimates.

4.1 Impact of Technology Import on Manufacturing Output

The econometric results of the production function estimates for aggregate manufacturing
sector suggest that both embodied and disembodied form of technology imports have the
expected positive impact of a significant magnitude. The magnitudes of the coefficients are
similar across manufacturing, but the level of significance differs. The LP coefficient estimate
for embodied technology is 0.01 and significant at 5 % level, while the elasticity of output with
respect to disembodied technology is 0.02, which is significant at 10 % level. Although, the
size of the coefficient seems to be small,25 it is notable that the import of technology in the
form of capital goods has a significant positive impact on manufacturing output.

The sectoral results show that for the HT group, which consists of highly advanced and fast
changing technology firms in the pharmaceuticals, computers and aircraft industries, the

Table 2 Production Function Estimates for Indian manufacturing Sector (1995–2010) Dependent Variable: lnq

Variables All
Manufacturing

HT MHT MLT LT

OLS LP OLS LP OLS LP OLS LP OLS LP

lnl 0.258
***

(0.003)

0.262
***

(0.007)

0.380
***

(0.012)

0.380
***

(0.026)

0.240
***

(0.005)

0.242
***

(0.013)

0.234
***

(0.006)

0.242
***

(0.013)

0.284
***

(0.006)

0.332
***

(0.020)

lnk 0.097
***

(0.004)

0.321
***

(0.052)

0.039
***

(0.011)

0.241
***

(0.096)

0.064
***

(0.006)

0.232
***

(0.069)

0.139
***

(0.006)

0.241
**

(0.113)

0.051
***

(0.007)

0.180
***

(0.055)

lm 0.647
***

(0.004)

0.262
***

(0.007)

0.613
***

(0.011)

0.637
***

(0.131)

0.693
***

(0.007)

0.835
***

(0.065)

0.655
***

(0.006)

0.868
***

(0.059)

0.619
***

(0.007)

0.356
***

(0.047)

lneT 0.008
***

(0.001)

0.008
**

(0.004)

0.000
(0.005)

0.002
(0.014)

0.009
***

(0.002)

0.010
**

(0.005)

0.005 *
(0.003)

0.004
(0.007)

0.017
***

(0.003)

0.016 *
(0.008)

lndeT 0.021
***

(0.003)

0.009 *
(0.005)

0.013
(0.009)

0.018
(0.020)

0.021
***

(0.003)

0.017
***

(0.005)

0.007
(0.006)

−0.011
(0.011)

0.021
***

(0.008)

−0.002
(0.014)

Constant 1.290
(0.010)

1.424
(0.028)

1.184
(0.015)

1.217
(0.018)

1.505
(0.021)

R2 0.919 0.928 0.950 0.925 0.880

Observations 58226 6255 16189 18518 17264

Note: (a) For OLS estimator, the Huber-White robust standard errors are given in parentheses and for LP, the
bootstrap standard errors are given in parentheses (b) *significant at 0.01 level for a two-tailed test, **at 0.05
level for a two-tailed test, ***significant at 0.1 level for a two-tailed test. (d) lnq= log of output, lnl=log of labour,
lnk=log of capital, lnm=log of material, lneT=log of embodied technology import, lndeT= log of disembodied
technology import. (c) HT= High technology sector, MHT= Medium high technology sector, MLT= Medium
low technology sector and LT=Low technology sector

25 Previous firm level studies on India have also reported a somewhat low impact of technology import variables.
See for instance, Hasan (2002) and Parameswaran (2009).
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estimated coefficient of technology import variables has the expected positive sign but are not
statistically significant. The results suggest that the role of import of technology on high
technology intensive firms’ output is limited. This is not surprising as we have already seen
that compared to other categories this sector has received only marginal import of embodied
and disembodied technology (9 and 6 %, respectively). Further, the technology content
embodied in these segments may be too sophisticated or tacit, which hinders effective learning
in the production process. Since HT segment involves rapidly changing technology which
involves specialised technical skills and close interaction with rest of the firms, the nature of
absorptive capacity is crucial for appropriating benefits from foreign technology.

In contrast, we find that both embodied and disembodied forms of technology imports have
had a positive and significant impact on the output of MHT intensive firms. The estimated
elasticity of output with respect to embodied technology and disembodied technology is 0.01
and 0.02, respectively, and both are statistically significant at 5 % level. The MHT sectors such
as machinery, transport equipments and chemical sectors involve complex technology and,
often, the production processes are skill and scale intensive. The access to superior technology
from abroad, which often requires a lengthy learning process, has greatly enhanced the
domestic productive capacity. Since MHT is the largest purchaser of disembodied technology
(share of 49 %) and second largest importer of capital goods (share of 29 %), the positive and
highly significant contribution on output confirms the theoretical predictions. Thus, our
empirical estimation reveals that access to foreign technology is an important source of
productivity gains for MHT manufacturing firms.

For MLT product firms, we find positive but no significant coefficient estimates for
embodied technology imports. Although the OLS estimate suggests a positive and significant
coefficient (at 10 % level), this is not found in the case of LP estimates. This is surprising since
we have seen that the MLT segment such as petroleum, rubber, mineral and metal producing
firms are the largest purchaser of embodied technology in the liberalisation period. The
technology in these segments may not be complex or skill intensive but may involve
adaptability issue to the local production conditions. One possible reason behind the insignif-
icant result can be the mismatch between the nature of technology and the domestic absorptive
capability. In the case of disembodied technology, we find a negative and insignificant
coefficient estimate, which again reflects the marginal effect of technology import on domestic
output and productivity.

Finally, in LT firms, the LP estimates reveals that the output elasticity of embodied
technology import is positive (0.02) and significant at 10 % level. The LT firms such as food
& beverages, textiles and paper producing segments have stable and well diffused technology
and the access to foreign machinery and equipments have greatly facilitated the productivity
improvements. On the other hand, the coefficient estimate of disembodied technology pur-
chase is found to be negative and insignificant. Although OLS reports both positive and highly
significant coefficient estimates, the same cannot be concluded from our more reliable LP
estimates. As disembodied technology purchase is only 4 % during the reference period, the
result is not surprising. On the other hand, most of them have opted for import of machineries
(around 15 %) and this has had a significantly positive impact on output.

4.2 Robustness Checks

This section reports the additional robustness checks to assess the reliability of our main
findings. We conducted similar LP estimates of production function with import of technology
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variables on different datasets. We constructed an unbalanced panel (dataset B) based
on sales data for at least 10 years or more and a balanced panel (dataset C) of all
those firms that reported sales during 1995–2010. The estimation results are given in
Table 7 in the appendix. For the aggregate manufacturing, both datasets confirm a
positive and significant contribution of embodied technology imports on output. The
disembodied technology import is found to be positive and significant only in dataset
B, although it is positive but not significant in the balanced panel. In the case of
sectoral classification, the results reconfirm the significant contribution of technology
imports (both embodied and disembodied) on output of medium technology firms. In
the case of MLT and LT, the positive and significant impact of capital goods import is
found in both datasets. However, except the balanced dataset C for MLT, the
coefficient of disembodied technology is found to be either negative or not
significant in both MLT and LT using balanced and unbalanced panel datasets. In
the high technology category, both embodied and disembodied technology imports are
found to be positive but not statistically significant. These findings are largely in
agreement with our benchmark estimation of unbalanced panel dataset A.26

As noted in the methodology section, a popular method in the literature is to
examine the productivity determinant factor in a two-stage regression model.
Therefore, as a sensitivity check, we employ a two-step procedure for assessing the
impact of import of technology on productivity of the Indian manufacturing sector.
This is carried out by estimating productivity (TFP) determinant model specified in
section 3.1.2. The estimated model is Eq. (12). We regressed TFP on embodied
technology, disembodied technology and other control variables, such as export
growth and capital-labour ratio.27 The estimation result is given in Table 3.

The analysis is based on unbalanced dataset28 using fixed effect estimation based
on Hausman specification test. The fixed effect estimates are a useful tool in the
presence of firm heterogeneity, which seems plausible given the knowledge that firms
operate in a diverse range of economic activities, even in a particular technology
intensive classification. The findings are broadly in line with the production function
estimates. Here, we found that embodied technology is positive and highly significant
in all the estimated models, which includes manufacturing as well as the four
technology intensive groups. However, the coefficient of disembodied technology is
found be positive and significant only for the aggregate manufacturing and MHT
sectors. This further substantiates our earlier findings that technology imports, espe-
cially the purchase of capital goods, has a significant impact on the productivity of
Indian manufacturing firms.

26 Additionally, we also checked our results with an alternative classification of technology intensity. We use Lall
(2000b) methodology and re-classified firms into Resource Based (RB), Low Technology (LT), Medium
Technology (MT) and High Technology (HT). We find that embodied technology is positive and significant
for RB, MT and HT sectors while disembodied technology is positive and significant for only MT sector. The
results are largely similar to what we have found in our benchmark estimates.
27 Several studies have noted the importance of export orientation and productivity of firms (See Wagner 2007
for literature review). The export intensity (exi) is calculated by taking the share of exports of individual firm in
their total sales. Another important determinant of productivity is capital intensity and is measured as the log of
capital-labour ratio (ci).
28 We have also estimated the model using alternative datasets including unbalanced dataset B and balanced
panel dataset of C. The results are broadly similar.

J Ind Compet Trade (2015) 15:411–434 425



Therefore, based on the econometric results, we can summarise the major findings of the
study as follows:

a) The traditional factors of production, namely capital, labour and material have a signif-
icant positive effect on Indian manufacturing output. The result holds for different
segments of technology intensive product groups as well.

b) Imports of embodied technology and disembodied technology have statistically signifi-
cant positive effects on the output of firms in organised manufacturing in India.

c) The technology import variables (embodied and disembodied) have no significant impact
on high technology (HT) intensive manufacturing firms of India.

d) There is statistically significant evidence to confirm that embodied as well as disembodied
technology import contribute positively to the productivity of medium-high technology
(MHT) category firms in India.

e) Embodied technology import has a significant positive impact on productivity and output
of medium-low technology firms (MLT) in India. The disembodied technology is found to
have an impact on the productivity of medium-low technology (MLT) firms based on
balanced panel database.

f) The import of machinery and equipment embodying superior technology has a significant
positive effect on the productivity performance of low technology (LT) intensive firms.
The disembodied technology has no significant effects.

g) The coefficient estimates of elasticity for technology import variables is generally low
across different specifications and datasets. The estimate for embodied technology is
found to be larger than that for disembodied technology.

Table 3 Determinants of productivity dependent variable: log (TFP) fixed effect estimation results

Variables All HT MHT MLT LT

lneT 0.048***
(0.003)

0.063 **
(0.031)

0.053***
(0.006)

0.028***
(0.005)

0.049***
(0.006)

lndeT 0.006*
(0.003)

−0.012
(0.012)

0.010***
(0.004)

−0.001
(0.006)

−0.008
(0.012)

lnexi 0.020***
(0.003)

0.025***
(0.008)

0.013***
(0.005)

0.021***
(0.004)

0.027***
(0.007)

lnci −0.079***
(0.011)

−0.095***
(0.027)

−0.141***
(0.023)

−0.095***
(0.020)

−0.009
(0.020)

Constant 1.818***
(0.033)

1.804***
(0.069)

1.860***
(0.058)

1.967***
(0.066)

1.638***
(0.061)

R2 0.60 0.60 0.57 0.59 0.62

Hausman statistic 221.4
(0.000)

21.160
(0.000)

71.470
(0.000)

181.05
(0.000)

32.71
(0.000)

Time dummies Yes Yes Yes Yes Yes

Industry dummies Yes Yes Yes Yes Yes

Observations 50564 5432 14213 16125 14794

Note: Huber-White standard errors given in brackets. Hausman statistic is asymptotically χ2 distributed with p-
values in brackets. *significant at 0.01 level, **at 0.05 level, ***at 0.1 level for a two tailed test. lneT=log of
embodied technology import, lndeT= log of disembodied technology import, lnexi= log of export intensity, lnci-
=log of capital-labour ratio. HT= High technology sector, MHT= Medium high technology sector, MLT=
Medium low technology sector and LT=Low technology sector
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4.3 Comparison With Related Studies

One major study for pre-liberalisation period by Hasan (2002) reported significant positive
impact of embodied and disembodied technology purchases for the manufacturing sector. On
the other hand, the elasticity estimates were reported to be even lower than those observed in
this study. A similar work by Parameswaran (2009) reported significant positive effects of
disembodied technology import stock and stock of recent investment in imported capital goods
on productivity of Indian manufacturing sector firms. The study found that the disembodied
technology was a significant contributor to productivity for only the low technology firms,
which is just the opposite of what we have found. The impact of embodied technology was
positive and significant in only high technology firms, whereas we have found an across the
board effect of embodied technology on productivity. The elasticity estimates for disembodied
technology were in the range of 0.001 to 0.004 across different datasets, which are smaller than
what we have found. On the other hand, coefficient estimates for embodied technology were
much larger (0.32 to 0.42) across different manufacturing groups. The divergence in results at
the sectoral level can be attributed to differences in periodisation, coverage of firms or firm
classification schemes selected for the analysis.

5 Summary and Conclusion

The import of technology is often considered as one of the main channels of trade-induced
dynamic benefits to the recipient country. The use of imported technology inputs are expected
to increase productivity and efficiency of production. Indian industries have a long history of
importing advanced technology from abroad. This issue has been significant in the recent past
because of the increasing liberalisation and openness of the economy. In this context, the
present study has examined the effect of import of technology on the productivity performance
of organised manufacturing sector using firm level data from PROWESS database for the
period of 1995–2010. We examined the role of import of technology with the help of an
augmented Cobb-Douglas production function, which explicitly considered technology import
as an explanatory variable. The production function estimates were obtained by using
Levinsohn and Petrin (2003) semi-parametric technique that attempts to correct for the
simultaneity bias. We used balanced and unbalanced panels of firms in the organised
manufacturing sector. Keeping firm heterogeneity in mind, we classified the sample-
manufacturing firms into four technology-intensive groups for the analysis.

The descriptive analysis shows that the manufacturing output has consistently grown during
the post liberalisation period. Some of the major growing sectors were electrical equipment,
machinery, transport equipments, computer electrical, rubber & petroleum products, wearing
apparel and mineral products. The latter half of 2000s witnessed an increase in purchase of
embodied and disembodied technology for firms in the sample. The level of technology
imports also differed across technology intensive groups. The largest buyers of embodied
technology were MHT and MLT firms. The medium technology intensive firms happened to
be the largest buyer of disembodied technology.

The empirical results confirm the general contention that technology import has a signif-
icant positive productivity impact on manufacturing firms. We have found that both embodied
technology and disembodied technology are significant determinants of manufacturing pro-
ductivity. The elasticity coefficient estimates for the two technology import variables are, by

J Ind Compet Trade (2015) 15:411–434 427



and large, positive and statistically significant for different data sets, estimation methods and
technology categories. However, the estimates of elasticity coefficients are rather low. The
coefficient estimate for disembodied technology appears to be smaller than that for embodied
technology. The sectoral analysis reveals that embodied technology has a much larger impact
than disembodied technology. The elasticity coefficient estimate for embodied technology is
significant for MHT, MLT and LT product groups. In contrast, elasticity coefficient estimates
for disembodied technology are positive and significant for MHT and MLT product groups
only. The result is robust across different datasets and estimation techniques. This suggests that
technology import has been beneficial for improving productivity for medium to low technol-
ogy intensive firms such as chemicals, electrical & non-electrical machinery, metals and
mineral products.

Our empirical findings confirm the theoretical proposition that technology import has a
significant and positive role in improving productivity of industrial sectors, especially for an
emerging economy like India. We add to the existing body of literature by showing that the
impact is not homogeneous across different industrial segments but differs considerably across
technology intensive groups. Although the elasticity estimates are low, the scope for learning
and improving through foreign technology purchases is quite large. Some of the insignificant
results for disembodied technology may be due to measurement problem as most of the
technologies are tacit and often difficult to measure precisely. Moreover, the nature of
technology may be too complex for high technology and scientific firms, which is why we
find a limited role of technology import on productivity in these sectors. A more detailed
industry specific analysis may further highlight the intricacies of technology import and its
adaptability in the production process.
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Appendix

Table 4 Classification of Industries according to Technological Intensity

Technological intensity ISIC Industry description Number of firms

rev4 Datasets

A B C

High technology (HT) 21 Manufacture of pharmaceutical, medical and
botanical products

389 226 93

26 Manufacture of computer, electronic and optical
products

210 118 45

303 Manufacture of air and spacecraft and related
machinery

2 2 1

20 Manufacture of chemicals and chemical products 481 285 140
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Table 4 (continued)

Technological intensity ISIC Industry description Number of firms

rev4 Datasets

A B C

Medium-high technology
(MHT)

Excluding:2011 Manufacture of basic chemicals

27 Manufacture of electrical equipment 294 168 86

28 Manufacture of machinery and equipment n.e.c. 344 206 103

29 Manufacture of Motor vehicles, Trailers and
Semi-trailers

17 10 7

30 Manufacture of other transport equipment 348 218 99

Excluding: 301 Building of ships and boats

303 Manufacture of air and spacecraft and related
machinery

Medium-low technology
(MLT)

182 Reproduction of recorded media 2 2 1

19 Manufacture of coke and refined petroleum products 65 35 15

2011 Manufacture of basic chemicals 283 178 97

22 Manufacture of rubber and plastics products 384 219 110

23 Manufacture of other non-metallic mineral products 235 139 78

24 Manufacture of basic metals 632 335 139

25 Manufacture of fabricated metal products 121 92 34

301 Building of ships and boats 9 7 1

Low technology (LT) 10 Manufacture of food products 665 357 147

12 Manufacture of tobacco products 14 9 4

13 Manufacture of textiles 657 364 164

14 Manufacture of wearing apparel 93 42 14

15 Manufacture and processing of leather and related
products

61 33 13

16 Manufacture of wood products except furniture 23 19 10

17 Manufacture of paper and paper products 210 109 40

18 Printing and reproduction of recorded media 12 5 1

Excluding: 182 Reproduction of recorded media

Total number of firms 5551 3178 1442

Note: Datasets A & B are unbalanced panels while dataset C is balanced panel selected for the econometric
analysis. Our benchmark dataset is A, which includes firms that have reported output data for at least 5 years. The
dataset B consists of firms that have reported output data for at least 10 years. The balanced panel consists of
firms that have data on output for the entire time period (1995–2010)

Source: Author’s compilation based on correspondence table available from UNSTATS, UN. Technology
classification is derived from OECD
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Table 6 Summary Statistics

Variables Statistics MAN HT MHT MLT LT

Q Mean 292.4 164.5 263.8 502.8 148.1

SD 3386.2 615.9 1107.3 5822.3 1193.6

L Mean 13.8 14.2 17.2 16.7 7.7

SD 93.2 57.3 80.7 142.9 22.7

K Mean 189.5 98.4 180.5 329.8 86.6

SD 1637.7 382.6 693.6 2823.1 267.2

M Mean 136.3 68.1 134.8 231.4 60.2

SD 1575.1 280.2 582.5 2726.4 172.3

ET Mean 47.8 29.9 48.2 75.7 25.3

SD 335.5 159 245 548.5 86.5

DET Mean 25.9 17.4 35.8 29.2 15

SD 29.9 8.3 27.4 41.4 5.6

No of firms 5551 601 1484 1731 1735

Observation 58226 6255 16189 18518 17264

Note: The figures are based on unbalanced panel dataset A. All variables are in Rs. Lakh in 2004–05 prices. The
abbreviations are: Q= Real output, L= Labor input proxied by real compensation to employees, K=real capital
stock, M=real material input, ET= real embodied technology import stock, DET=real disembodied technology
import stock, MAN=Manufacturing, HT=High technology, MHT=Medium high technology, MLT=Medium low
technology, LT=Low technology. Technology classification is devised by OECD
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