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Abstract

This study examines the causal relationships between economic growth and factor inputs,
namely physical capital, labour, human capital, and research and development in China’s top
six economic powerhouses, including Guangdong, Jiangsu, Shandong, Zhejiang, Henan and
Sichuan provinces with annual data over the period from 1996 to 2022 with Dumitrescu and
Hurlin (2012) and Juodis et al. (2021) Granger non-causality tests. Both Dumitrescu and Hurlin
(2012) and Juodis et al. (2021) test suggest that there are causal relationships from physical
capital, labour, human capital, and R&D to economic growth. Additionally, the observed
bidirectional causality, in some instances, highlights the dynamic interaction between factor
inputs and economic performance. The implication of the findings is that (i) the identification
of factor inputs such as physical capital, labour, human capital, and research and development
causation may help policymakers infer precise economic growth by identifying the correct
causation of factor inputs; (ii) identifying the correct causality can provide valuable insights
for policymakers aiming to make optimal decision-making on resource allocation to enhance
long term economic performance.

Keywords: Economic Growth, Factor Inputs, Panel Granger Non-Causality

Introduction

Having implemented market-oriented economic reforms since 1978, China has become a
global production leader due to its export-oriented approach and low input costs (United
Nations, 2022). With this strategic shift, China joined the ranks of rapidly growing economies
(Liu, 2023), consistently achieving annual real gross domestic product (GDP) growth of
approximately 9 per cent through 2023, according to World Bank Data. However, as China’s
economy matured, its growth rates moderated significantly, decreasing from 14.2 per cent in
2007 to 5.2 per cent in 2023. This slowdown signifies a shift towards what the Chinese
government terms the "new normal," an era anticipating growth rates of around 7 per cent
in the foreseeable future (Saggu & Anukoonwattaka, 2015). The government has prioritized
innovation through its industrial policies in response to this changing economic landscape by
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stabilizing and moderating the growth over the medium to long term (Morrison, 2019).
Consequently, the economic focus is shifting from secondary activities, such as manufacturing
and processing, to tertiary activities, such as innovation and services (Xu, 2020). The
outcomes of this strategic transformation may remain ambiguous as they are intertwined
with the forces driving innovation-driven growth. As a result, it remains an open question
whether more research in this field might contribute to a deeper understanding of economic
growth sources and implications for future policy directions. Since China plays a pivotal role
in global production, insights into these factor inputs are not only crucial for shaping China's
domestic policies but also hold significant implications for global economic stability (World
Trade Organization, 2022).

This study is motivated by the crucial role that factor inputs play in propelling economic
growth in China's leading provinces, which are vitally important to the country's overall
economy. As a result of reforms and globalization, China has achieved remarkable growth
over the last four decades, becoming the world's leading manufacturing powerhouse (World
Bank, 2019; United Nations, 2022). However, the global financial crisis in 2008 emphasized
the necessity of more sustainable economic strategies by revealing vulnerabilities in China's
growth model. Investigating the role factor inputs have in influencing economic performance
in China’s leading provinces is necessary as the country transitions into a "new normal"
economy characterized by slower but more balanced growth. Understanding how these
factors drive regional growth is crucial since these provinces contribute significantly to China's
GDP and global economic standing. Even though theoretical frameworks emphasize the
importance of these factors (Barro, 1991; Lucas, 1988; Romer, 1990; Solow, 1957), empirical
evidence is inconsistent, highlighting gaps in understanding their role in China's economic
landscape. In addition, achieving uniform growth is complicated by persistent regional
disparities, challenges in resource allocation, and overcapacity. World Bank (2022)
underscores these gaps that must be addressed to clarify regional growth dynamics and
optimize factor inputs, making this research crucial for policy and economic planning.

The objective of this study is to examine the causal relationship between economic growth
and factor inputs, namely, physical capital, labour, human capital, and research and
development (R&D), such that the identified causal relationships can help policymakers to
infer the projected economic growth by identifying the correct causation of factor inputs. In
doing so, the identified causality should help promote the best macroeconomic outcomes.
The present study uses a sample comprising 6 selected economic powerhouses: Guangdong,
Jiangsu, Shandong, Zhejiang, Henan and Sichuan provinces. The notable feature of this study
is the use of Romer's (1990) model extension, which illustrates that a set of factor inputs
explains the output in economic growth. This study estimates the causality nexus by
Dumitrescu and Hurlin (2012) and Juodis et al. (2021) Granger non-causality techniques. The
results can be used to support the soundness of the indicators further.

Literature Review

The empirical research into the forces of China's economic performance in an innovation-
driven economy is limited to focus on whether the traditional reliance on factor inputs has
been undermined by technical change. These factor inputs serve as essential components of
the economy. In China, such inputs generally comprise physical capital, labour, human capital,
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and R&D, while technical advancements may focus on improving R&D, driving innovation, and
efficiency improvement (Brandt et al., 2020; Brandt & Rawski, 2008).

Physical Capital

Concerning physical capital, Pomi et al. (2021) analysed how physical capital influenced the
economic growth of Bangladesh from 2000 to 2019 with the vector autoregression model.
The Granger causality test concludes that physical capital is a two-way Granger factor for
economic growth. Pasara and Garidzirai (2020) also evaluate the causality between physical
capital and growth performance in South Africa from 1980 to 2018 within the vector
autoregression framework. The findings further confirm that economic growth causes
physical capital. However, some empirical studies found the opposite result between physical
capital and economic growth. Selvamani and Muthusamy (2021) assessed the relationship
between GDP and physical capital in India from 2016 to 2019. The test outcomes indicate no
relationship between GDP and physical capital. Etokakpan et al. (2020) analysed the Granger
causality technique to identify the predictability power of data from 1980 to 2014. The
findings showed that physical capital does not Granger-cause economic growth in Malaysia.

Labour

Concerning labour, Yakubu et al. (2020) explored the causal relationship in Nigeria from 1990
to 2017 using the vector error correction model, concluding that labour Granger-cause real
GDP. Similarly, Turyareeba et al. (2020) employed the Engel-Granger error correction method
to evaluate the causal relationship in Uganda from 2001 to 2018. The analysis discovered that
while there was no causal nexus between labour and growth performance in the short run,
there was a positive and statistically significant causal link between variables in the long run.
Sinha (2023) investigates the dynamics of economic growth and labour in India from 1990 to
2020, underpinned by the vector error correction mode framework. The findings reveal that
a bidirectional causality exists between labour and economic growth. In contrast, Ahmed et
al. (2016) explored the relationships between variables in Iran between 1965 and 2011. Using
the Cobb-Douglas production function, the results identify a one-way causal relationship
between labour and economic output.

Human Capital

Concerning human capital, Ngepah et al. (2021) explored the causal link between human
capital and economic growth in South Africa from 1993 to 2016. The results indicated a
bidirectional causal relationship between output and human capital, as tested using
Dumitrescu and Hurlin (2012) Granger non-causality test. Jaber et al. (2022) found a similar
bidirectional relationship in Morocco from 1990 to 2019, employing the Toda-Yamamoto
causality test. However, the connection between economic growth and human capital
remains ambiguous in other empirical studies. For instance, Islam (2020) analysed South Asian
economies from 2000 to 2017. The empirical investigation found a unidirectional causal
relationship between economic growth rates and human capital. Meanwhile, Olopade et al.
(2020) examined the causal relationship between human capital and economic growth in
Nigeria from 1981 to 2017. Their results revealed no evidence of Granger causality between
human capital and real output growth.
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Research and Development (R&D)

Concerning R&D, Adedoyin et al. (2020) investigated the impact of R&D on economic growth
in EU countries during the period 1997 to 2015. Using the Dumitrescu and Hurlin (2012) non-
causality test, they discovered a bidirectional causal link between R&D and output. Similarly,
Kose et al. (2020) assessed the influence of R&D on sustainable growth across EU nations from
1997 to 2014 with the panel Granger causality test, as outlined by Emirmahmutoglu and Kose
(2011), revealed a significant causal effect of R&D on economic growth. In contrast, Mtar and
Belazreg (2021) studied the relationship between R&D and growth in 27 OECD countries from
2001 to 2016, applying a panel vector autoregression model. Their results indicate that R&D
may not be a direct driver of productivity, as no evidence was found between R&D and
growth. Xiang (2022) investigated the causal relationship between R&D and growth using
panel data in China from 2007 to 2017, applying the Granger non-causality test of Juodis et
al. (2021). The results indicated that R&D Granger-cause economic growth, but no evidence
of reverse causality was found.

Theoretical Model and Methodology

Model Specifications

This study uses a modified endogenous growth model from Romer (1990). Romer’s premise
postulates that technological change is the driving force behind growth. This change resulted
from deliberate actions that individuals have taken in response to market incentives, which
suggests that a knowledge-based economy has positive externalities and spillover effects that
will lead to economic growth. The designs used to create new products are non-rival; they
can be duplicated without additional costs.

Initially, Romer (1990) endogenous growth model incorporates four basic inputs: capital,
labour, human capital and technology. This model in the Cobb-Douglas production function
is given by

y = Ak“LPH® (1)

Where y denotes real output, A represents technology, and k, L, H, r represent real physical
capital, labour, and human capital, respectively. The coefficients a, § and § represent the
output elasticity of k, L and H, respectively. Eqg. (1) in log-linear function can be given by

logy, = logA; + alogk, + flogL, + SlogH, (2)

In this study, a modified version of Romer’s (1990) model is employed, as represented by Eq.
(1), where the technology variable is replaced by real R&D (Omar, 2019; Sulaiman et al.,
2015). This explicit inclusion of R&D allows for a deeper understanding of its two “faces”. In
addition to its traditional function of driving innovation, R&D also enhances technology
transfer by improving industries or firms' capacity to absorb and implement advancements in
the leading edge (Griffith et al., 2004). Also, R&D represents intentional decisions in
innovation, aligning directly with Romer’s argument that technological change results from
deliberate economic activities Romer (1990). This replacement emphasizes the idea that
innovation is not an exogenous shock but the outcome of deliberate R&D efforts. Therefore,
the modified model in log-linear is
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logy; = €logr; + alogk, + flogL,; + dlogH, (3)

Theoretically, all factor inputs have positive impacts on growth, the coefficients are expected
to have positive signs, i.e., e > 0,a > 0,8 > 0, § > 0 (Khatun & Afroze, 2016).

Methodology

Granger causality refers to the ability to predict the future values of one variable by leveraging
past information from another variable. As previously noted, panel data techniques offer
more comprehensive information and statistically robust outcomes compared to time-series
methods (Chang et al., 2014). Therefore, this study employs the panel Granger non-causality
test developed by Dumitrescu and Hurlin (2012) and Juodis et al. (2021) to investigate the
causal relationships between factor inputs and economic growth. The first method is the
Dumitrescu and Hurlin (2012) Granger non-causality test, which evaluates the null hypothesis
of homogeneous non-causality against the alternative of heterogeneous non-causality. This
test is utilized due to its ability to handle non-causality in heterogeneous panel data with fixed
coefficients. Fuethermore, it addresses cross-sectional dependence by incorporating a
bootstrap procedure to adjust the empirical critical values. The Dumitrescu and Hurlin (2012)
test exhibits robust finite sample performance, even in the presence of cross-sectional
dependence (Albaladejo et al., 2023). Following Ayomitunde et al. (2019) and Woldu and
Kand (2024), The Granger non-causality relationship between real output and real physical
capital, labour, human capital and real R&D is estimated as follows:

Yie=0; + XM _4 OimYit-m + Y1 kit—m+ Tit (4a)

kit = 0; + Xore1 Qimkit-m + 2m=1Vit-m + Tit (4b)

Vie = A+ X1 QimYit—m + Zm=1 Lit-m + Tit (5a)

Lit = 01+ Xhi=1 @imLit—m + Xom=1 Yit-m + Tit (5b)
=0 +YM_ 0.y +YM__H; +1; (6a)

Yit i m=1PimYit-m m=1it-m it

Hi =0+ Xome1 @imHit-m + Zm=1Yie-m + Tit (6b)

_ M M

Vit = 0; + Xm=1PimYit-m + Xm=1Tit-m T Tit (7a)
= g. + ZM L + ZM , + T 7b

Tit = Oj m=1PimTit-m m=1Yit-m T Tit (7b)

Where M is lag order, which is identical for all individuals, the appropriate lag length is chosen
based on Bayesian information criteria (BIC). g; is a dimensional vector referring to constant
time individual fixed effects.

An alternative test, namely Juodis et al. (2021) Granger non-causality test, can be applied to
detect the null hypothesis of no Granger causality. This method exhibits strong power against
both homogeneous and heterogeneous alternatives and enables the consideration of cross-
sectional dependence and cross-section heteroskedasticity (Xiao et al., 2023). Juodis et al.
(2021) calculate the Wald test statistic and its corresponding p-value, present the null and
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alternative hypotheses and show regression findings for the half-panel jackknife (HPJ) bias-
corrected pooling estimator. The lag order can be selected using the BIC information criterion.

Data and Empirical Results

Data

This study includes six economic powerhouses in China: Guangdong, Jiangsu, Shandong,
Zhejiang Henan and Sichuan. The data is collected annually from 1996 to 2022. This data
source is from the China Statistical Yearbook, the Provincial Statistical Yearbook and the data
from the World Bank. The variables are explained as follows.

(i) Real output (y): Real output is proxied by real gross domestic product (RGDP), which is
calculated by dividing nominal gross domestic product by the consumer price index (CPI).

(ii) Physical capital (k): Physical capital is proxied by real fixed asset investment, which is
derived by dividing nominal fixed asset investment by the CPl. To estimate the stock of
physical capital, this study employs the perpetual inventory method (Arya et al., 2019; Bailliu
et al,, 2019).

ki =k 1(1=6)+1i; (8)

k; is the physical capital stock, § is the depreciation rate and i; represents real fixed asset
investment in the current year, the initial year of physical capital stock is computed as:

ko =1io/(g + ) (9)

Where i, is the initial year of real fixed asset investment. Following Zhang (2008), the
depreciation rate 6 in China is taken by 9.6 per cent, and g is the growth rate of fixed asset
investment. The formula of g is calculated by

g :[T\/::—l}doo% (10)
0

T is the number of interval years.

(iii) Labour (L): Labour is proxied by the numbers of working age population aged 16 and
above each year.

(iv) Human capital (H): Human capital is proxied by the average years of schooling. As China’s
schooling years of different levels are 0, 6, 9, 12 and 16 for illiteracy, primary, junior
secondary, senior secondary schools, and tertiary education, respectively. Following Zhang

and Zhuang (2011), the stock of H can be calculated as

Where L; refers to the number of people with educated years (i=0, 6,9, 12, 16) and pop is
the numbers of population.
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(v) R&D (r): R&D is proxied by real R&D expenditure. Real R&D expenditures can be obtained
by deflating the annual R&D expenditures using the GDP deflator index to exclude price
changes (Guellec & Bruno, 2002; Hall, 2007). Following Griliches (1980) and Goto and Suzuki
(1989), this study uses the perpetual inventory method to estimate the stock of R&D
expenditure, i.e., R&D stock, to consider the effect of past R&D inputs. The R&D stock is
calculated as the sum of the present value of R&D expenditures from all previous periods and
the current value of the R&D capital in time t — 1.

e = Z?=1 pier—1 + (1 —8)re—q (12)

Where 17 is the R&D stock in time ¢, y; is the lag operator connects past real R&D expenditure
e;_; to the current increase in technological knowledge, & is the depression rate of the R&D
capital. However, as the lag structure is challenging to specify by obtaining the information,
Goto and Suzuki (1989) simply used average lag, and assumed y; = 1 and n = 1 respectively,
that is, the average lag is one year. Therefore, the Eq. (12) is simplified by

re=e—1+ (1 —=8)r_, (13)

Goto and Suzuki (1989) assume that the growth rate of e is equal to the growth rate r, the
initial R&D stock R, are estimated by Ry, = E,;/(g + §), where g is the growth rate of real
R&D expenditure. The depreciation rate is set at 15 per cent in R&D stocks, which isa common
practice in the literature (Griliches & Lichtenberg, 1984; Hu et al., 2005).

All variables, i.e., v, k, L, H, and r, are expressed in log form.

Results and Discussion

Before carrying out the panel Granger non-causality test, cross-sectional dependence and
homogeneity tests need to be applied since Dumitrescu and Hurlin’s (2012) Granger non-
causality test can consider both cross-sectional dependence and heterogeneity. Cross-
sectional dependence is a critical issue in identifying causal relationships between variables.
Ignoring the potential spillover effect may lead to misleading inferences (Fahimi et al., 2021).
This study implements a series of tests such as Breusch and Pagan (1980) Lagrange multiplier
(LM) test, Pesaran (2004) Scaled LM test, Pesaran (2004) cross section dependence (CD) test,
and Pesaran et al. (2008) bias-adjusted LM test. Table 1 overwhelmingly demonstrates that
the null hypothesis of cross-section independence is rejected at a 1 per cent significant value.
The findings suggest that cross-sectional dependence exists among panel variables.
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Table 1
Results of cross-sectional dependence test
cross-sectional dependence Test Ve ke L, H,; T ‘
328.4*** 261.5%** 142.9%** 271 4%*** 299.1***
LM test

(0.000) (0.000) (0.000) (0.000) (0.000)
18.01*** 15.86%** 10.33***  16.43*** 17.23***
(0.000) (0.000) (0.000) (0.000) (0.000)
20.070***  20.077*** 8.014*** 19.424*** 20.044***
(0.000) (0.000) (0.000) (0.000) (0.000)
162.0%*** 127.3*** 65.73*** 132 4%*** 146.8***
(0.000) (0.000) (0.000) (0.000) (0.000)
Notes: ( ) denotes probability. ***, ** and * indicate significance at 1, 5, and 10 per cent,
respectively.

Scaled LM test
CD test

Bias-adjusted LM test

Another critical issue in examining causal relationships is whether panel estimates consider
country-specific heterogeneity (Pesaran & Yamagata, 2008). The assumption of slope
homogeneity is often unrealistic, as countries tend to have distinct economic features. As a
result, applying uniform slope coefficients across the entire panel may overlook these
country-specific differences (Fahimi et al., 2021). This study implements the standardized
form of the Swamy (1970) homogeneity test (delta tests) developed by Pesaran and Yamagata
(2008). Table 2 summarizes the results that the null hypothesis of slope homogeneity is also
rejected at a 5 per cent significance level, thereby confirming slope heterogeneity within the
panel.

Table 2
Results of the homogeneity test
Homogeneity Tests Vi k¢ L, H,; T
delta -2.612%** 2.371%* 9.619%** -2.188%** 6.736***
(0.009) (0.018) (0.000) (0.029) (0.000)
deltas; -3.455%** 2.560*** 10.390*** -2.895%** 7.276%**
’ (0.001) (0.010) (0.000) (0.004) (0.000)

Notes: ( ) denotes probability. ***, ** and * indicate significance at 1, 5, and 10 per cent,
respectively.

Considering the existence of cross-sectional dependence, traditional panel unit root tests
become ineffective. It is necessary to use second-generation panel unit root testing that can
address cross-sectional dependence.Therefore, this study applied the cross-sectional
augmented Dickey-Fuller (CADF) and cross-sectional augmented Im-Pesaran-Shin (CIPS) panel
unit root tests (Mitra, 2019). The outcomes are presented in Table 3. CIPS and CADF tests are
conducted on the variables at the level and first difference. The results indicate that y;, along
with k¢, L;, H;, and 1 are not integrated of the same order, revealing a mix of 1(0) and (1)
process.
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Table 3
Results of panel unit root test
Tests CIPS CADF
Variables
Level -2.016 -2.016
Vi First Difference -3.623**x* -3.623**x*
Decision 1(1) (1)
Level -3.296*** -3.230***
ke, First Difference -2.899%** -3.065***
Decision 1(0) 1(0)
Level -1.878 -1.259
L; First Difference -2.946%*** -2.419**
Decision 1(1) (1)
Level -3.399%** -2.482**
H, First Difference -5.007*** -4.258%**
Decision 1(0) 1(0)
Level -1.852 -1.903
Ty First Difference -3.757%** -3.423%*x*
Decision (1) (1)

Notes: ***, ** and * indicate significance at 1, 5, and 10 per cent, respectively.

In order to examine the causal relationship between real output and its determinants: real
physical capital, labour, human capital, and real R&D, this study applied the Dumitrescu and
Hurlin (2012) and Juodis et al. (2021) Granger non-causality test. Both tests are performed in
the first difference value of the variable pairs. From Table 4, the shaded area is the interest
that addresses the hypothesis in this study. The Dumitrescu and Hurlin (2012) Granger non-
causality test provides evidence against the null hypothesis of no Granger causality from k;
to y; at 5 per cent significant value, from L; to y; at 10 per cent significant value, from H; to
y; at 5 per cent significant value, and from r; to y; at 1 per cent significant value. However,
the non-shaded area provides evidence against the null hypothesis of no Granger causality
from y, to k; is also provided at 10 per cent significant value.
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Table 4

Results of the Dumitrescu and Hurlin (2012) Granger non-causality test
Null Hypothesis Optimal lags ~ W-bar Z-bar Z-bar tilde
Ak, #> Dy, 1 Sk ?ffffg)* (36?065075)*
Dy, #> Ak, 2 >.8338 ?di?:c?g) ?6?8:55)
AL, #> Dy, 1 2.4654 (20539850) (109:;?0)
by => oL, : 07575 0 7100) (0.6600
AH, #> By, 1 0.8301 (ggggé) * (ggggg)
by, #> ot 1 0170 iy (a0
At #> Dy, 1 Szl ?d,l(fggg)** (7:(?;055)**
by %> b : 07977 o aoo (07600)

Notes: ***, ** and * indicate significance at 1, 5, and 10 per cent, respectively. A denotes the
first difference. #> denotes does not Granger-cause. The bootstrap replication is 100. The
lag length selection is based on BIC criteria.

As expected, there are causal relationships from real physical capital, labour, human capital,
and real R&D to real output. Specifically, the results also indicate that there is a unidirectional
causality running from labour, human capital, and real R&D to real output, indicating that
economic growth did not Granger-cause labour, human capital and R&D, though these factor
inputs influence economic growth in a unidirectional manner. Empirical research supports
labour-induced economic growth as opined by Yakubu et al. (2020) and Ahmed et al. (2016);
human capital-induced economic growth agreed by Islam (2020) and Ozturk and Suluk (2020);
R&D-induced economic growth suggested by Kose et al. (2020), and Xiang (2022). Also, there
is bidirectional causality between real physical capital and real output, implying that economic
growth increases physical capital, and physical capital drives economic growth. The findings
align with the study of Haque et al. (2019) and Pomi et al. (2021) in the case of Bangladesh.

In addition, an alternative panel Granger non-causality test developed by Juodis et al. (2021)
begins by testing whether the pair of real physical capital, labour, human capital and real R&D
Granger-cause real output. After that, univariate testing is conducted, modelling real output
as a function of real physical capital, labour, human capital, and real R&D separately. As
shown in Table 5, the null hypothesis that k;, L;, H¢, and 1 do not jointly Granger-cause real
output is rejected at the 1 per cent significance level. The standard errors of each variable
reveal that the priority of factor inputs is ranked in the following order, i.e., H, 1¢, k¢, and L;.
The coefficient of each variable has a positive sign except H;. The Juodis et al. (2021) Granger
non-causality covariates test thus indicates that the past values of selected variables also
contribute to forecasting real output in addition to its own past values. The BIC criteria
identify one lag as optimal, and the regression results show that all covariates drive the test
outcomes.
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Table 5
Results of Juodis et al. (2021) Granger non-causality test (covariates test)
HPJ Wald test Optimal lag HP) p-value ~ Remark
597.0489%** 1 0.000 Selected covariates Granger-cause Ay

Results of HPJ estimator

Variables Coefficient Standard errors
Ak, 0.2992*** 0.0698
AL; 0.5408*** 0.0995
AH, -0.1415*** 0.0179
Ary 0.4401*** 0.0556

Notes: ***, ** and * indicate significance at 1, 5, and 10 per cent, respectively. A denotes the
first difference. In this estimation procedure, the maximum lag of the dependent variable and
covariates is 3.

Subsequently, this study considers Juodis et al. (2021) univariate testing approach to test the
Granger non-causality for each variable separately to ensure that these results are robust.
The result is presented in Table 6, the shaded area is the interest that in line with the
objectives of the study, the result reveals that the null hypothesis, i.e., k¢, L;, H¢, and 1 do
not Granger-cause real output y;, is rejected. On the other hand, the non-shaded area
showed that there is feedback causality between real output and real physical capital, labour,
human capital, and real R&D, respectively. In addition, the same patterns can be observed as
those displayed at Table 5. The standard errors in each set of null hypotheses find that there
is an orderly priority of factor inputs, ranging from the top to the bottom, H;, 1, k;, and L.
Although the results imply that H, causes y;, no conclusion can be drawn from the negative
H, coefficient. This may be due to the data insufficiency (Litkepohl, 2005; Mullet, 1976).
Undoubtedly, 7; is the most important source of country’s growth factor, which is in line with
the fact that R&D investment has become a driver of China’s economic shift toward
innovation-led growth (World Bank, 2019). The priority of k; is lower than that of H; and 1%,
but higher than L;. This highlights that the influence of real physical capital is comparatively
weaker than that of human capital and real R&D. The results reflect the diminishing returns
to real physical capital under China's innovation-driven strategy (Morrison, 2019). L; ranks
the lowest in terms of standard errors. This result may be related to structural changes in
China’s labour market, as the shrinking demographic dividend has exerted pressure on China's
economic growth potential (Dollar et al., 2020).

The above discussions suggest that the Chinese government’s growth strategy is well aligned
with the projected sources of growth from the pre- and the post-new normal of the economy
(Garnaut et al., 2018; Nishimura, 2020). For better and sustainable economic growth in the
future, the current strategy should be aligned with the government authorities, emphasizing
the critical role of scientific and technological innovation and higher quality of human capital,
particularly in R&D sectors. Coupled with deepening structural reforms and domestic
competition, these efforts are poised to drive further productivity gains (IMF, 2024). Thus, the
univariate test implies that the past values of real physical capital, labour, human capital, and
real R&D contribute to forecasting the real output. Incorporating the past values of these
variables can help in the prediction of real output.
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Table 6
Results of Juodis et al. (2021) Granger non-causality test (univariate test)

HPJ estimator
Null hypothesis Optimallag HPJ Wald test p-value

Variable Coefficient Standard errors

Dk, #> Dy, 1 82.3391***  0.0000 Ak, 0.5005***  0.0552
Dy, #> Dk, 1 57.8122***  0.0000 Ay, 0.2068***  0.0272
AL, #> Ay, 1 19.0051***  0.0000 AL, 0.8351***  0.1916
Ay, => AL, 1 28.4331***  0.0000 Ay, 0.1105***  0.0207
AH, #> A0y, 1 220.4503***  0.0000 AH, -0.1831*** 0.0123
Ay, #>A0H, 1 14.3805***  0.0001 Ay, 0.1412***  0.0372
Aty #> Ay, 1 42.5418***  0.0000 Ar; 0.3462***  0.0531
Ay, #> Ar, 1 27.6617***  0.0000 Ay, 0.2789***  0.0530

Notes: ***, ** and * indicate significance at 1, 5, and 10 per cent, respectively. A denotes the
first difference. #+> denotes does not Granger-cause. The lag length selection is based on BIC
criteria.

Several important policy implications arise from this study. The existence of cross-sectional
dependence suggests that a shock in one of China’s leading provinces is likely to have a ripple
effect, triggering shocks in the economies of the others. Additionally, the strong link between
economic growth and its determinants in China’s top six economic powerhouses suggests that
the identification of factor inputs, i.e., physical capital, labour, human capital, and R&D
causation, may help policymakers infer precise economic growth. This causal relationship
means that when formulating economic policies and growth strategies, it is essential to take
a comprehensive approach to the interaction and influence of these factors to sustain
economic growth. At the same time, it is necessary to strengthen policy coordination and be
innovation-driven to fully leverage the potential to stimulate economic growth.

Conclusions

This study examines the causal relationship between economic growth and factor inputs,
namely physical capital, labour, human capital, and R&D. China’s top six economic
powerhouses, i.e., Guangdong, Jiangsu, Shandong, Zhejiang, Henan and Sichuan provinces are
included in this study. The estimation period is from 1996 to 2022. For causal relationships
examination, this study uses Dumitrescu and Hurlin (2012) and Juodis et al. (2021) Granger
non-causality test, to support the hypothesis that the factor inputs, namely physical capital,
labour, human capital, and R&D do cause the economic growth. Additionally, the observed
bidirectional causality, in some instances, highlights the dynamic interaction between factor
inputs and economic performance. Thus, the findings from the results suggest that (i) the
identification of factor inputs such as physical capital, labour, human capital, and research
and development causation may help policymakers infer the projected economic growth by
identifying the correct causation of factor inputs; (ii) identifying the correct causality can
provide valuable insights for policymakers aiming to make optimal decision-making on
resource allocation to enhance long term economic performance. Overall, the identified
causality should help promote the best macroeconomic outcomes. These insights are crucial
for policymakers, as identified causality between factor inputs and economic growth can aid
in designing strategies that effectively leverage these inputs to foster the best
macroeconomic outcomes.
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This study has some limitations. First, the study includes only six provinces and four factor
input variables (physical capital, labour, human capital, and R&D). For future research, one
can include more countries and other prominent factor inputs (e.g., institutional quality) via
the existing methodologies to improve the credibility and reliability of the existing inferences
or outcomes. Second, data limitations due to reliance on secondary sources and the short
time frame also restrict the study. Furthermore, the findings may not apply universally across
China due to regional disparities in industrial structures and policies.
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