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Abstract: The purpose of  this study is to measure the total factor productivity
(TFP) of  industrial sector in India at an aggregate level and find the impact of
technical inefficiency and other input variables on TFP using stochastic frontier
analysis approach. Based on the aggregated data for a period of  29 years, the
output productivity is measured as net sales revenue of  an industry in a particular
year, whereas input is measured as the raw material cost, labor cost, capital
employed and research and development (R&D) investment of  an industry in
a particular year. The TFP is measured based on the functional form of  Cobb-
Douglas model. The results of  the study indicate that material, labor and R&D
are the prime drivers of  TFP for industrial sector and the industrial sector is
suffering from poor productivity due to technical efficiency that is decreasing
over time.

1. Introduction

Productivity has always remained a major concern for the economists. It is because with the “same
amount of  inputs, certain countries, sectors, and firms produce more and others produce less” (Kim
and Loayza, 2019). Hence, productivity has always been related to the use and availability of  resources
(Pekuri et al., 2011) and has remained a central theme for firms, sectors, and countries. The recent
slowdown in the economies across the globe has led to more intense research on the sources of
growth and productivity. Studies of  Thye et al. (1997), Den and Papell (1998), Easterly (2001) and
Jorgenson et al. (2008) are indications of  that.

Off  late, Indian industrial sector has also witnessed a steep decline in its contribution towards
GVA. According to the data released by Ministry of  Statistics and Programme Implementation (MOSPI,
2021), the contribution of  industrial sector is 27.47% towards India’s gross value added (GVA). If  we
examine individually, manufacturing contributes nearly 15.13%, construction 7.55%, mining 2.55%,
electricity and water supply 2.65% towards GVA. The growth patterns of  productivity in the
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manufacturing sector of  Indian firms were studied by several researchers post liberalization (Das et al.,
2017; Deb and Ray, 2013; Ghosh, 2010; Kathuria et al., 2010; Virmani and Hashim, 2011; Sahoo and
Narayan, 2018; Sahoo et al., 2022). It was found that the sector was performing better pre-reforms. It
was attributed to “technological obsolescence, gradual adoption of  new technology and slow effect of
learning by doing” (Das et al., 2017; Virmani and Hashim, 2011).

Similarly, Indian industrial sector, despite being one of  the major contributors towards economic
growth has concerns about poor productivity. A large body of  literature exists in the domain of
productivity and factors driving productivity. However, those studies have focused on manufacturing
and agricultural sector (Satpathy et al., 2017; Das et al., 2017; Deb and Ray, 2013; Ghosh, 2010; Kathuria
et al., 2010; Frija et al. 2015; Virmani and Hashim, 2011). Very recently, Kumar and Paul (2019) measured
the total factor productivity using the Levinsohn–Petrin framework for 62 manufacturing firms using
the data for the period of  2008-2015. However, authors in this study discovered a major research gap.
Most of  the studies in India have been carried out in manufacturing sector and that too at firm level
and they use convention panel data regression models. Therefore, keeping in mind the above research
gap, authors developed this study with an objective to measure the total factor productivity (TFP) of
industrial sector in India at an aggregate level and find the impact of  technical efficiency and other
inputs on TFP using stochastic frontier analysis (parametric) approach. A few studies in the past have
also compared the performance of  panel data models using the same panel dataset (Kumbhakar and
Heshmati, 1995; Greene, 2005a, 2005b; Emvalomatis, 2009; Wang and Ho, 2010; Kumbhakar et al.,
2014; Masoomeh et al. 2016). In this way the study contributes to the body of  knowledge. The rest of
the study is divided into five sections. The next section deals with systematic literature review followed
by research methodology, data analysis, discussion on results and conclusion.

2. Review of  Literature

2.1. Measure of  Productivity

Measuring and comparing the productivity across firms, countries and sectors is not an easy task
because there are no standard measures of  productivity. O’Mahony and Timmer (2009) in their study
quoted that “measuring productivity is a complex statistical process that includes numerous steps
which aim at making data comparable over time and across enterprises and countries”. Organization
for Economic Cooperation and Development (OECD) defined productivity as “a ratio of  a volume
measure of  output to a volume measure of  input use” (OECD, 2001). Here, the output and input used
for productivity calculation could be expressed in physical (quantities) or financial (value) terms (Frija
et al., 2015).

Chau and Walker (1998) defined and measured productivity through total factor productivity
(TFP) and it measured the changes of  aggregate real output. On the other hand, Ondrej et al. (2012),
measured productivity by using labor costs, materials, and service value as measure of  input and the
total revenue of  the project as a measure of  output. Similarly, Tran and Tookey (2011) measured
productivity in terms of  capital, investment, labor, and other suitable inputs and outputs. Bankeret al.
(1984) estimated the firm’s productivity through a process that involves summing the cost of  goods
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sold, selling and general expenses, and capital expenditure and then dividing by output, which was
operationalized as sales revenue. Similar approach was adopted by Balsam et al. (2011) and Bryan et al.
(2013). However, these measures suffer from the problem of  subjectivity of  the evaluator that can lead
to inaccurate and misleading results.

Amongst the measures that have been used by scholars in the past to derive productivity, the most
popular one is total factor productivity (TFP). It uses the number of  factor inputs in production and,
therefore, is more suitable for performance measurement and comparisons across firms and sectors
over time (Coelli et al., 2005). There are several ways of  measuring TFP, however, the statistical approach
of  stochastic frontier analysis(SFA) is the most popular (Coelli et al., 2005; Greene, 2008; Johnes, 2004;
Kumbhakaret al. 2015; Parmeter, 2014).

2.2. Technical Efficiency and Productivity

Variations in the ease of  resource reallocation can explain the reasons behind higher productivity of
certain countries compared to others. For instance, studies also point to the level of  education, regulatory
environment, innovation, and technology/research and development (Furman and Hayes, 2004; Griffith
et al., 2004; Comin et al., 2008) as drivers of  productivity.

Studies of  various researchers (Sahuand Narayanan, 2011; Mendi, 2007; Hasan, 2002; Scott-Kemmis
and Bell, 1988; Lall, 1987) found that embodied technological intensity helps improve productivity. It
is through import of  capital goods, which results in better technology infusion.

The Griffith et al. (2004) indicates that R&D is statistically and economically important in both
technological catch up and innovation. According to them human capital also plays a significant role in
productivity growth. Foreign competition drives inefficient domestic producers to exploit scale
economies, eliminate waste, adopt best practice technologies, or shut down (James, 2000).

Many of  the empirical studies have found the significant role of  R&D activities in the determination
of  productivity (Doraszelski and Jaumandreu, 2013; Griffith et al., 2004; Hall and Mairesse, 1995;
Harhoff, 1998; Kafouros, 2005; Leachman et al., 2005; Ray, 2014; Voutsinas and Tsamadias, 2014).

Kalaiand (2020) using the stochastic frontier production approach found the production factors
have a significant effect on productivity and the total factor productivity. Overall, the average technical
efficiency is decreasing internationally with wide intra-group industrial variability in some countries
(Kim and Han, 2001; Quintero et al., 2008; Baten et al., 2009; Philips et al., 2012). There have been few
studies that have analysed the productivity trends of  Indian manufacturing in the after years of  the
global crisis (Das et al., 2017; Singh, 2017; Goldar et al., 2017; Goldar, 2015) and suggested that overall,
there is a decline in productivity. However, the literature has been majorly silent on the impact of
technological efficiency on productivity in India barring few studies. For instance, Sahoo and Narayan
(2018) revealed in their study that the TFP growth rates of  automobile industry in India are driven by
technical efficiency change not by technical progress. Further, in a recent study, Sahoo et al. (2022)
examined the nexus between export, productivity, and competitiveness in the Indian manufacturing
sector and tested the “learning by exporting” and “self-selection” hypotheses using firm-level data
relating to Indian manufacturing firms relating to period from 1994 to 2017. The empirical analysis
supported the “learning by exporting” hypothesis, but does not support the “self-selection” hypothesis.
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They also investigated the impact of  export on competitiveness, and the results indicated a positive
relationship.

Overall, the literature review can be summed up as: (i) There are several ways to measure the TFP
or TFPG, however, no standard procedure exist;(ii) Most of  the studies in the past have been carried
out at a firm level using the conventional panel regression despite its inherent weaknesses;(iii) Stochastic
Frontier Econometric (SFE) modelling is more appropriate approach to model the productivity; however,
it has not been used extensively by scholars so far, at least not in India; and (iv) The SFE models help
us better understand the impact of  technological efficiency on productivity and there is recent
international evidence to suggest that average technical efficiency is decreasing across industries. Hence,
keeping in mid the above, authors in the study developed an appropriate research methodology.

3. Research Methodology

Every productivity measure relates to a specific producer unit. The current study has taken industry as
the producer unit. As in most frontier studies, the Cobb-Douglas model is evaluated as a technology
representation (De la Fuente et al., 2009; Cysneiros et al., 2019).

The following is the general forms ofthe Cobb-Douglas modelafter linearization.
The Cobb-Douglas Model

Ln (Yi,t) = �0 + � �mln(Xm,i,t) + vi,t–ui,ts (Equation 1)

Here, Yi,t is the output of  an industry i during period t; Xm,i,tare the various inputs of  industry
i during period t; vi,t is the random disturbance assumed as normally distributed, with a zero mean
and constant variance; and ìi,t is a non-observable and non-negative random error associated with
the technical inefficiency. The functional forms of  the equation have been discussed in the data
analysis section.

The functional forms of  the Cobb-Douglas Model (equation 1) and is shown below in equation 2.

Ln(Si,t) = �0+�1ln(Mi,t) + �2ln(Li,t) + �3ln(Ki,t)+ +�4ln(R&Di,t)+vi,t – ui,t (Equation 2)

Here, in Cobb-Douglas Model, the error term is divided into two main components. These are
the usual random noise component and the inefficiency component. The noise component is measuring
measurement errors and other random errors which are beyond the industries’ capacity. The other
component, ìi,t is assumed to be independently and identically distributed, and it takes a value of  1
when the industry is fully efficient, and a value lower than 0 when the industry faces some technical
inefficiencies. Thus, the value of  u measures the firm efficiency level which is also expressing how far
industries’ given output is from its potential output compared other industries of  the sample.

The current study uses the data of  10 non-financial industries at an aggregate level. Sales of  the
industry (Schmidt and Campión, 2004; Tran and Tsionas, 2009) is considered as output of  the respective
industry. The inputs considered are labor input andcapital input (De la Fuente et al., 2009), material
input and investment in R&D (Table 2). For the study, the data of  these 10 industries for 29 years
(1991-2019) is collected from center for monitoring of  Indian economy (CMIE). The study period is
long enough to conduct a times series analysis, as well as it consists of  10 panels. The list of  industries
for which the data is collected is provided in Table 1.
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Table 1: List of  Industries Included in the Sample

S. No. Industry

1. Electricity Generation

2. Aluminum

3. Cement

4. Construction Equipment

5. Construction

6. Mining

7. Paint

8. Pharmaceutical

9. Plastic Furniture Flooring

10. Steel

Source: Authors’ Own Compilation

Table 2: Variable Definition

Variable Definition

Dependent Variable

Aggregated Industry Sales (S) Industrial output is measured as net sales revenue of  an industry in
a particular year.

Independent Variable

Material (M) Industrial input is measured as the raw material cost of  an industry
in a particular year.

Labor (L) Industrial input is measured as labor cost of  an industry in a particular
year.

Capital (K) Industrial input is measured as Capital employed of  an industry in a
particular year.

Research and Development (R&D) Industrial input is measured as the amounts of money spend on
R&D by an industry in a particular year.

Source: Authors’ Own Compilation

4. Data Analysis

The data analysis here is divided into two sections. In section one, basic descriptive statistics of  the
data is presented. Table 3 shows the mean, standard deviation (SD), Skewness and kurtosis data of  all
10 industries.
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Table 3: Descriptive Analysis

Measure (IN Millions) Y L K M RD

Electricity Generation

Mean 1499791.00 102404.80 5015019.00 747722.90 832.07
SD 1419073.00 90759.23 5194840.00 759968.70 1083.55

Skewness 0.80 0.61 0.92 0.78 1.39
kurtosis 2.25 1.92 2.34 2.09 3.34

Aluminum

Mean 183598.10 13258.97 245632.30 84780.72 281.21
SD 179055.70 12590.31 218134.70 105792.20 401.16
Skewness 2.52 1.78 1.60 2.55 3.72

kurtosis 10.65 6.41 5.36 10.61 17.63

Cement

Mean 599577.10 32785.10 695581.90 97295.83 512.41

SD 583759.40 33300.72 752753.90 97899.92 450.54
Skewness 0.77 1.01 1.06 0.79 0.79

kurtosis 2.07 2.59 2.65 2.11 2.58

Construction Equipment

Mean 159715.50 16281.10 94193.79 87760.03 766.38

SD 172563.30 16827.84 104408.80 97207.62 812.71
Skewness 1.10 1.13 0.92 1.28 0.88
kurtosis 3.18 2.89 2.11 3.96 2.28

Construction

Mean 1759591.00 117899.00 3113918.00 579433.20 1021.17
SD 2057497.00 133335.20 3869940.00 703014.70 1286.62

Skewness 0.80 0.85 0.82 0.83 1.00
kurtosis 2.13 2.27 1.98 2.16 2.58

Mining

Mean 1316733.00 239317.00 1731476.00 105104.30 2656.45
SD 1074429.00 199659.50 1514741.00 87515.76 2644.22
Skewness 0.50 0.73 0.71 0.74 1.07

kurtosis 1.83 2.22 1.81 2.38 3.20
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Paint

Mean 118966.70 6173.48 50861.45 51479.34 624.07
SD 121245.60 6534.82 57146.12 53398.29 666.44
Skewness 0.97 1.24 1.44 1.02 1.14

kurtosis 2.47 3.27 4.01 2.75 3.24

Pharmaceutical

Mean 851476.90 308689.10 1077871.00 308689.10 39887.14

SD 874474.30 310849.10 1258162.00 310849.10 46808.00
Skewness 0.98 0.91 1.11 0.91 1.05
kurtosis 2.54 2.40 2.82 2.40 2.76

Plastic Furniture Flooring

Mean 99143.38 5155.38 71311.79 58779.62 102.93
SD 103403.70 6320.90 68769.43 62771.71 208.39

Skewness 0.88 1.36 0.71 0.86 2.36
kurtosis 2.26 3.56 1.91 2.18 6.93

Steel

Mean 1687301.00 104110.40 1978962.00 913753.10 1966.00
SD 1539311.00 83052.00 1875064.00 908912.00 2007.68
Skewness 0.65 0.50 0.68 0.84 1.10

kurtosis 2.08 1.79 1.77 2.51 2.95

Aggregate

Mean 827589.50 94607.43 1407483.00 303479.80 4881.46

SD 1219913.00 163070.20 2686782.00 540790.90 18767.17
Skewness 1.97 2.83 3.01 2.58 5.59
kurtosis 6.33 11.94 12.78 9.38 35.60

Source: Authors’ Own Compilation

Results of  table 3 suggest that construction is the largest sector among the sample followed by
steel, and electricity generation. The data show high Skewness and Kurtosis, which is a sign of  non-
normal data. Hence, all the study variables have been transformed innatural log function. Further,
the data is also tested for heteroscedasticity to make sure that the assumption of  normality is not
violated.

Measure (IN Millions) Y L K M RD
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Table 4: Correlation Matrix

  LnY LnL LnCE LnM LnRD Variance inflation
factor (VIF)

LnY 1        
LnL 0.9379* 1       8.18
LnCE 0.2707* 0.3311* 1     1.55

LnM 0.9337* 0.8456* 0.1591* 1   3.73
LnR&D 0.7652* 0.8410* 0.0309 0.7370* 1 4.47

*Significant at 1%
Source: Authors’ Own Compilation

Table 4 shows the correlation and VIF of  all the study variables. It is important to access Collinearity
status of  the data. It is a situation where two or more predictor variables in a statistical model are
linearly related (Hair et al., 2010). It is recommended that an independent variable should be dropped
from the study if  it exhibits VIF >10 (Hair et al., 2010). The results of  Table 4 show that the correlation
between material and labor (0.845) and between LnR&D and LnL (0.841) is high. However, the VIF
values are <10; and the hence, all the variables were retained for further evaluation.

Table 5: Levin-Lin-Chu Unit-Root Test

Variable Adjusted t* p-value

LnY -12.2978 0.000*

LnL -11.9751 0.000*
LnM -12.6986 0.000*
LnK -3.5691 0.0020*

LnR&D -11.7735 0.000*

*Significant at 1%
Source: Authors’ Own Compilation

Ho: Panels contain unit roots Ha: Panels are stationary
Now, the study variables are tested for Stationarity. Stationarity means that the statistical properties

of  a process generating a time series do not change over time. Levin-Lin-Chu unit-root test is used to
identify the presence of  unit root in the panel data. The results are presented in Table 5. The results of
Levin-Lin-Chu unit-root test suggest that all the study variables are stationary.

Finally, the base ordinary least square (OLS) model was also tested for heteroskedasticity using
Breusch-Pagan / Cook-Weisberg test for heteroscedasticity and the results show that the chi square
value is 1.14 (p=0.2860). Hence, the null hypothesis of  no heteroscedasticity is accepted and the
authors can proceed with stochastic frontier analysis.
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Finally, the equation 2 is estimated using Cobb-Douglas model. The results are presented in
Table 6.

Table 6: Stochastic Frontier Analysis for Cobb-Douglas Production Function

Variable Time-invariant inefficiency model Time-varying decay inefficiency model

� Std. Err. P>z � Std. Err. P>z

LnL 0.213* 0.036 0.000 0.213* 0.036 0.000

LnK -0.008 0.005 0.131 -0.008 0.010 0.423

LnM 0.680* 0.029 0.000 0.680* 0.029 0.000

LnR&D 0.065* 0.010 0.000 0.065* 0.010 0.000

Intercept 3.202* 0.183 0.000 3.199* 0.221 0.000

Estimate u 0.831* 0.222 0.000 0.831* 0.221 0.000

Ln �2
S

-1.401 0.571 0.014 -1.400 0.572 0.014

Estimate � 3.003* 0.606 0.000 3.004* 0.606 0.000

�2
 u

0.235 0.141   0.235 0.141  

�2
 v

0.012 0.001   0.012 0.001  

�2
S
 = �2

v
+�2

u
0.246 0.141   0.247 0.141  

Gamma 0.953 0.027   0.953 0.027
� = �2u/�2

S

H NA -0.00004 0.002 0.979

Wald Test 39341.400*     34316.640*    

*Significant at 1%
Source: Authors’ Own Compilation

The Stochastic Frontier analysis for Cobb-Douglas production function is available in two variants,
i.e., Time-invariant inefficiency model and Time-varying decay inefficiency model. In Time-invariant
inefficiency model the assumption is that inefficiency is time invariant. The results suggest that material,
labor, and R&D investment is a positive driver of  the industrial productivity in India. Moreover, it can
be observed that, 95.3% of  the deviation in productivity is due to technical inefficiency (��= 0.953), in
addition to a technical efficiency that decreases over time (�<0), with a variance in the distribution of
technical efficiency (�2

S) estimated in 0.246. To measure and rank the TFP of  different sectors, authors
used the � coefficient weights and estimated the P score. According to the P score, results in Table 7
and figure 1 show that steel sector have the highest productivity followed by electricity generation and
pharmaceutical.
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Table 7: Analysis of  Productivity Across Sectors

S.No. Industry P Score Rank

1 Electricity Generation 14.51 2

2 Aluminum 12.69 8

3 Cement 12.94 6

4 Construction Equipment 12.72 7

5 Construction 13.73 4

6 Mining 13.67 5

7 Paint 12.18 9

8 Pharmaceutical 14.46 3

9 Plastic Furniture Flooring 11.93 10

10 Steel 14.79 1

  Total 13.36  

Source: Authors’ Own Compilation

Figure 1: Analysis of  Productivity across Sectors

Source: Authors’ Own Compilation

To understand how change in technical efficiency has resulted in the change in p score, authors
divided the study period into two parts (1991-2005 and 2006-2019). This division was done on the
basis that the impact of  economic reforms, which were initiated in 1991-92 must be visible post 2005-
06. However, the results in Table 8 indicate no major change.
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Table 8: Stochastic Frontier Analysis for Cobb-Douglas Production Function

Variable Time-invariant inefficiency model (Pre-2005) Time-invariant inefficiency model (Post-2005)

� Std. Err. P>z � Std. Err. P>z

LnL 0.267* 0.047 0.000 0.253* 0.056 0.000
LnK 0.009 0.014 0.523 -0.022 0.015 0.156
LnM 0.641* 0.037 0.000 0.660* 0.046 0.000
LnRD 0.048* 0.017 0.004 0.063* 0.012 0.000
Intercept 2.878* 0.305 0.000 3.194* 0.309 0.000
Estimate u 0.689* 0.245 0.005 0.776* 0.277 0.005
Ln �2

S
-1.564 0.611 0.011 -1.339 0.609 0.028

Estimate � 3.033* 0.653 0.000 3.058* 0.651 0.000
�2

 u
0.200 0.128   0.250 0.160  

�2
 v

0.010 0.001   0.012 0.001  
�2

S
 = �2

v
+�2

u
0.209 0.128   0.262 0.160  

Gamma 0.954 0.029   0.955 0.028
� = �2u/�2S

*Significant at 1%
Source: Authors’ Own Compilation

Based on the coefficient values, the revised P scores are calculated pre-2005 and post 2005. Though,
there is no major deviation, it can be observed that the overall productivity has declined post 2005 in
most of  the sectors except for electricity generation and aluminum and construction equipment (Table
9 and figure 2).

Table 9: Productivity Scores before and after 2005

S. No. Industry P Score (Pre-2005) P Score (Post 2005)

1 Electricity Generation 14.75 14.84
2 Aluminum 12.96 13.02
3 Cement 13.25 13.18
4 Construction Equipment 12.94 13.11
5 Construction 14.05 13.79
6 Mining 13.98 13.96
7 Paint 12.26 13.12
8 Pharmaceutical 14.66 13.34
9 Plastic Furniture Flooring 12.09 13.56
10 Steel 14.96 13.13
  Average 13.59 13.50

Source: Authors’ Own Compilation
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A comparison of  the P scores across years with growth in gross domestic product (GDP) is
presented in Table 10 and figure 3. These results highlight that there is a consistent pattern between
GGDP and P Score. In fact, GGDP is a leading indicator of  the P Score.

Table 10: P Score and Growth in GDP

Year P Score GGDP

1991 14.89 7.41
1992 14.96 8.26
1993 15.02 6.80

1994 13.35 8.85
1995 12.86 3.80
1996 12.86 4.82

1997 13.85 7.86
1998 14.87 6.53
1999 13.24 4.05

2000 13.21 7.92
2001 12.54 7.55
2002 13.51 7.66

2003 14.52 6.39

contd. table 10

Figure 2: Comparative P Score

Source: Authors’ Own Compilation
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2004 13.59 7.86
2005 12.61 6.18
2006 13.10 7.92

2007 13.52 8.06
2008 14.37 5.46
2009 13.23 3.84

2010 12.27 7.57
2011 13.62 3.09
2012 12.32 4.75

2013 13.81 5.24
2014 14.43 8.50
2015 12.04 5.53

2016 11.48 5.48
2017 11.83 6.66
2018 11.58 1.06

2019 13.96 8.00

Source: Authors’ Own Compilation

Year P Score GGDP

Figure 3: P Score and Growth in GDP

Source: Authors’ Own Compilation

5. Discussion and Conclusion

The paper started with the objective to measure the total factor productivity (TFP) of  industrial sector
in India at an aggregate level finds the impact of  technical efficiency and other inputs on TFP using
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stochastic frontier (parametric) approach. The results of  the study indicated that material, labor, and
R&D are the prime drivers of  productivity in industrial sector in India. Apart from this, the results of
stochastic frontier analysis using Cobb-Douglas production function clearly indicated that industrial
sector in India is suffering from poor productivity due to technical efficiency that is decreasing over
time. To confirm these findings, authors further divided the data into two parts, i.e., pre-2005 and post
2005. The results did not change drastically. In fact, it further strengthens the view that productivity is
on a continuous decline. According to the results 95% of  this decline can be attributed to technical
efficiency, which is huge. The results are in line with Kim and Han (2001), Quintero et al. (2008), Baten
et al. (2009), Philips et al. (2012) and Fuente-Mella et al. (2020). These scholars in their respective studies
have also concluded that productivity in their respective country is on a decline due to technical efficiency
which is declining over time. While examining the productivity of  manufacturing sector in India, Kumar,
and Paul (2019) also came to a similar conclusion, however, they attributed this poor productivity to
imperfections in labor and product market.

6. Recommendations

The study contributes to the body of  knowledge as to the best of  author’s knowledge, this the first
study in India that measures and examines the productivity of  industrial sector using stochastic frontier
analysis approach. The industrial sector of  India may be benefited from studies as that are presented
by us in the literature review as well as benefit from the findings of  the current study. Technical
inefficiency, which is declining over time, is a major reason for the poor productivity. Thus, like what
Fuente-Mella et al. (2020) concluded, incorporating information technologies with data analytics
platforms can help develop the industrial sector improve its performance. The states and the central
government are recommended to have a look at this problem and help industrial sector improve
technical inefficiency. They may provide incentives for modernization and upgradation of  machines
and equipment to help industry. In addition, material, labor, and R&D (innovation) are found to be key
drivers of  the industrial output. Hence, the sector must focus on improving material and labor
productivity as well as use R&D investments to generate additional value and technical efficiency. All
this is not going to be easy without government intervention. Hence, the respective governments need
to help the sector. A complete digital transformation and data science, and the concept of  “Industry
4.0,”can bring the industrial sector of  India at par with USA, Germany, and China.

7. Limitations and Scope

Despite best efforts, there are a few limitations of  the study. The first and the foremost is the limited
sample size. The study is restricted to only 10 industries within industrial sector. Second, the study is
using the data at an aggregate industry level rather than the firm level. However, despite these limitations,
the study does make important contribution to the body of  knowledge.
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