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Abstract: China is facing challenges to sustainable economic growth. Higher education of Chinese
residents can affect total factor productivity (TFP) growth and hence has an influence on economic
sustainability. However, currently, there is limited literature on the nexus between higher education
and TFP in China. Therefore, this paper empirically analyzes the heterogeneous and spatial effect
of higher education on the regional TFP growth using a dynamic spatial econometric model with
provincial panel data from 2003 to 2016. The results indicate that different levels of higher education
have significant effects on TFP growth and are mainly reflected in the spatial spillover effect.
Bachelor and doctoral education (particularly doctoral education) demonstrated significant positive
effects, whereas the technical school and master education had significant negative effects. When
decomposing this effect into technical efficiency and technical progress to explore the mechanism
of influences, the latter plays the major role. Therefore, the Chinese government can promote TFP
growth and economic sustainability by expanding the scale of bachelor and doctoral education and
improving the quality of technical and master education.

Keywords: education heterogeneity; spatial spillover effects; total factor productivity growth;
dynamic spatial SLX model

1. Introduction

Although China’s economy has experienced a long period of double-digit growth since the
1990s, China is facing numerous challenges to sustainable economic growth. One of the prominent
characteristics of the high-speed growth in China is that it relies heavily on resources input (e.g.,
natural resources, human resources, financial resources, environmental resources, etc.), which is not
sustainable [1]. Improving total factor productivity (TFP), which is a measurement of the output
efficiency of all production factors, can solve the sustainability question for the reason that TFP growth
can promote economic growth continuously and steadily without additional resources input [2,3].
Higher education, which provides training of critical thinking, technological skills, and literacy, would
cultivate educated workers to implement tasks more efficiently and hence improve a country’s TFP
and sustainable economic growth [4]. However, based on the current literature, there are limited
studies that explore the relationship between higher education and TFP growth in China. Therefore,
exploring the nexus between higher education and TFP growth deserves more attention. Undoubtedly,
it is not only an important area of research, but also a matter of considerable interest to policymakers.

Although much research has examined the relationship between higher education and TFP, in
general, the literature has not yet reached a definitive conclusion. From the theoretical perspective,
Lucas indicated that average human capital can theoretically improve TFP [5]. Then, Romer extended
this model with the idea that increasing the number of innovative talents also aids the economy [6].
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Empirically, Hua indicated that higher education, rather than primary education, significantly affects
TFP [7]. Gu et al. (2017) contended that graduate education can improve the economy through its
spillover effects [8]. In agreement, Bloom noted that this effect is particularly prominent in developing
countries [9]. Adversely, a few pieces of literature indicate that higher education does not have
a significant influence on economic productivity. Using a sample of countries belonging to the
Organization for Economic Co-operation and Development, Wolff (2001) revealed that the number
of higher education graduates does not significantly affect economic productivity [10]. Vedder (2004)
found that states with greater public expenditures on higher education did not obtain more economic
growth in the US [11]. Guo and Jia (2009) constructed a two-step human capital accumulation
model and observed that compared to primary education, the effect of higher education on economic
productivity is ambiguous [12].

There are three reasons to explain why these conclusions above are inconsistent. First, higher
education could increase employment and improve the safety of society, and any results that do
not consider these points are biased [13]. Second, according to Hanushek (2016), extending the
years of education without improving human capital does not influence economic productivity [14].
Lastly, Di and Sun (2014) revealed that different types of higher education have distinct impacts on
economic efficiency and growth [15]. Overall, the overwhelming majority of the literature has discussed
education in general, but few studies have distinguished among various higher education levels.

This paper explores the effect of higher education on TFP growth using a dynamic spatial
econometric method with panel data from 2003 to 2016 in China. The main contributions of the paper
are as follows. First, this paper takes the heterogeneity of higher education into consideration and
divides higher education into four different levels (e.g., technical education, bachelor education, master
education, and doctoral education), which makes it possible to explore the impact of different levels
of higher education on TFP growth. Second, this paper takes the inter-provinces mobility of higher
education graduates into consideration by using a spatial econometrics approach, which makes it
possible to estimate the spillover effect of higher education on TFP growth. This method can help
assess the effect of higher education on TFP growth more accurately since the number of higher
education graduates of the specific province is inconsistent with the net recipient of new human capital
into this province. The paper is structured as follows: Section 2 displays assumptions; Section 3 details
the methodology and variables selection; Section 4 summarizes the benchmark estimations and main
results; and Section 5 provides conclusions and policy implications.

2. Assumptions

2.1. Heterogeneous Human Capital and Regional TFP Growth

Becker posited that differences in income can reflect human capital inconsistency [16]. High-level
education can promote technical skills and thereby increase TFP growth [17]. In addition, different
education levels have distinct targets. For example, the purpose of a technical school is to provide
minimum necessary training to begin working in the chosen career field. Bachelor’s education aims to
provide basic knowledge in a particular area. Master’s education trains students with a certain degree
of research ability, while doctoral education equips students with skills that encourage innovation
based on research ability. Therefore, diverse, target-oriented education influences economic efficiency
and growth in different ways. According to Spence’s signal theory, graduates with a higher level of
education have higher productivity [18]. Many of these graduates probably had a naturally productive
mindset before pursuing education, with the diploma attesting to their high human capital potential.
The first hypothesis is that discrepant education levels affect regional TFP differently.

2.2. Graduates’ Mobility and TFP Growth

The development of the economy is unbalanced, and education resources are distributed unevenly;
this causes graduates to move across provinces. According to the Chinese Education Statistical
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Yearbook and China Labor Statistical Yearbook, data can be used to calculate the net mobility of
higher educated labor. Table 1 displays the accumulated net flow of three levels of the graduates in
each province from 2003 to 2016. We find that there are 15 provinces where technical school students
had a net flow in, 17 provinces where bachelor students had a net flow in, and 17 provinces where
postgraduate students had a net flow in. The quantities of net flow graduates are 5270 thousand,
4720 thousand, and 800 thousand, respectively. Furthermore, we captured the characteristics of
mobility among graduates and the three influential channels: neighboring provinces, state of birth,
and developed provinces (In China, developed provinces include Beijing, Tianjin, Shandong, Jiangsu,
Shanghai, Zhejiang, Fujian, and Guangdong, which have a relatively high GDP per capita. Most of
them are distributed along the eastern coast) [19]. These three patterns of mobility, in fact, represent
two reasons for graduates to flow. The first one is that graduates like to work in developed provinces,
which means more opportunity and a higher salary. The second is that graduates prefer neighboring
provinces and states of birth which they can easily get used to. These data indicate that higher
education not only affects the local economy, but also spreads to other provinces [17]. Thus, we present
the second assumption that higher education affects the economy through spatial spillover effects.

Table 1. Net Flow of Three Levels of Graduates 2003–2016.

Province Technical
School Bachelor Master &

PhD Province Technical
School Bachelor Master &

PhD

Beijing 63.29 33.91 −16.07 Henan −37.98 −34.91 7.68
Tianjin 1.26 13.59 0.81 Hubei −71.20 −81.38 −4.91
Hebei −41.05 −14.76 6.42 Hunan −36.12 −9.89 1.03
Shanxi −3.30 15.86 2.66 Guangdong 114.58 41.02 −1.02

Inner Mongolia 18.20 15.24 2.28 Guangxi −2.46 10.96 2.60
Liaoning −14.27 −44.05 −11.52 Hainan −1.69 2.22 −0.04

Jilin −19.68 −59.20 −11.33 Chongqing 30.89 −11.03 −1.33
Heilongjiang −16.21 −34.26 −4.69 Sichuan −10.81 −49.32 −12.44

Shanghai 38.21 75.61 16.89 Guizhou −27.50 −2.24 −0.18
Jiangsu 75.49 33.87 −0.02 Yunnan 3.94 6.31 2.58

Zhejiang 80.29 108.34 13.83 Shaanxi −43.25 −66.38 −13.63
Anhui 20.62 16.72 3.13 Gansu −5.92 −4.06 −2.61
Fujian 42.30 44.93 3.48 Qinghai 11.96 7.82 −0.31
Jiangxi −76.80 −38.71 0.89 Ningxia 5.12 7.73 0.82

Shandong −119.17 −22.22 10.08 Xinjiang 14.31 33.93 4.62

Note: unit of measurement: 10 thousand.

2.3. Human Capital and TFP Decomposition

To disentangle the sources of the total factor productivity growth, the decomposition analysis of
the TFP index is conducted. In summary, technical progress change and technical efficiency change
are two of the most important components driving TFP growth. The technical progress component
captures the effects of a shift in the production possibility frontier on productivity (PPF) [20]. The PPF
changes its position in response to various shocks arising from technological advances. Human capital
embodies knowledge and skills, which play a role in technological advances. On the other hand, the
technical efficiency component measures the effects of deviations from the PPF on productivity. This
deviation mainly comes from variations in the input utilization efficiency. Higher education could
improve the efficiency of input utilization.

Using the Data Envelopment Analysis (DEA) method, the production possibility frontier (PPF)
can be obtained. Technical progress is signified by the expansion of PPF; conversely, retreating of PPF
represents technical regression [21]. Technical efficiency indicates a movement towards the production
possibility frontier. If movement towards PPF is less than the PPF expansion, technical efficiency
decreases, or vice versa. The third assumption is that either technical progress change or technical
efficiency change could be channels for human capital impacting TFP growth.



Sustainability 2019, 11, 1790 4 of 12

3. Methodology and Selections of Variables

3.1. Empirical Model

Spatial econometric models often focus on spillover effects, such as whether a change to the
level of higher education in a particular province affects the TFP growth in neighboring provinces.
Comparisons of point estimates from those derived from non-spatial models, with the findings of
spatial econometric models, may lead to erroneous conclusions. The objective of this study is to
establish a rationale for the different spatial lags and spatial weight matrices, which best fit the data,
and provide a clearer understanding of the impact of neighboring provinces on human capital. To
deal with spatial interactions among geographical units, spatial lags that are co-determinants in
the dependent variable, the explanatory variables, and the error term from neighboring or other
provinces should be used following the spatial econometrics literature [22]. Two crucial issues
involved in specifying a spatial econometric model are the choice of the type of spatial lags and
the choice of a weight matrix. The objective of this study is to establish a rationale for identifying
which types of spatial lags in combination with which type of spatial weight matrix best fit the data.
Accordingly, this study considers seven spatial econometric models’ specifications and three potential
specifications of the spatial weight matrix in an empirical analysis. These combinations are tested
within a common framework.

The spatial econometric model is a linear regression model (to estimate the effects of four education
levels of human capital on TFP growth, we assumed a linear relationship, which is based on Abbas et al.
(2000) [23]. They estimate the standard growth accounting model with human capital as a factor
production, that is, Cobb-Douglas production function extension. After taking the log of the model, the
linear relationship between education level and economic growth exists.) extended to include spatial
lags in the dependent variable, the explanatory variables, or some combination thereof. Including all
spatial lags yields a so-called general spatial nesting model. In addition to a static model, Goldsmith
(2007) considers a dynamic model that contains the temporal lag of the variables to control for
persistence [24]. This extension is known as the dynamic general spatial nesting model [25]:

yt = ayt−1 + ρW1yt + gt−1β + W2gt−1θ + W3gt−1v + Vtγ + εt (1)

where yt denotes an N × 1 vector of the TFP growth for every province in the sample during time
period t; gt−1 is an N × 4 matrix of exogenous explanatory variables, which denote one period lag
for four higher education levels of graduates; Vt represents the control variable, in the N × K matrix,
where k denotes the number of control variables; α, ρ, β, θ, γ, and v measure the strength of these
spatial lags; and finally, εt is the stochastic error term.

Basically, there are three main types of spatial lags that can be used to explain provincial TFP
growth [26]. First, an endogenous spatial lag measures whether the TFP growth of province i depends
on the TFP growth of other province j, or vice versa, resulting in the spatial autoregressive (SAR)
model. W1yt in the right hand can represent it and this yt denotes TFP growth in other provinces j. W1

is the spatial weight matrix in endogenous spatial lag. Second, exogenous spatial lags can measure
whether the TFP growth of country i depends on the explanatory variables of other provinces j. Models
containing these lags are the spatial lag of X models (SLX). W2gt−1 in the right hand represents
exogenous spatial lags. W2 is the spatial weight matrix in exogenous spatial lag. Third, a spatial lag
among the error term might be pertinent if countries share similar unobserved characteristics or face
similar unobserved institutional environments. Models that rely on this lag are known as spatial error
models (SEM).

The spatial weight matrix can model mutual relationships among provinces, which is another
crucial issue for determining which set of provinces might affect the local province. Generally, spatial
weight matrix elements can depend on geographical and economic distances between provinces. W
is an N × N non-negative spatial weight matrix, whose diagonal elements are 0 because a province
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cannot be its own relatives [22]. For this study, we use two principles to construct three spatial weights.
(1) A province may respond to other provinces of even more distant provinces because of economic
factors. Graduates in developing provinces are more likely to flow to developed provinces. Therefore,
we construct a matrix in which these provinces’ economic activities interact, and then combine it using
economic distance, W1 and W2, wi,j = PGDPj/PGDPi [27]. It denotes the effect of GDP per capita in
province j on GDP per capita in province i to reflect the spillover effect. (2) Sharing a common land or
maritime border [24,28] implies the binary (0/1) contiguity matrix, W3.

Another one of the biggest problems in empirical spatial econometric research is choosing among
different model specifications. Too many studies only consider one type of spatial lag, resulting in just
an SAR, SEM, or SLX model, whereas we test the model specifications against one another later.

3.2. Variable Selection

3.2.1. Dependent Variables

TFP growth (tfpch) is the dependent variable. Comparing the advantages and disadvantages
of TFP calculation methods, we selected the DEA-Malmquist productivity index to estimate TFP
growth [29]. Data drawn from the provincial statistical yearbook included GDP, labor, and capital per
province [30].

3.2.2. Independent Variables

Independent variables were the number of graduates for the four education levels, namely
technical schools, bachelor’s, master’s, and doctoral education.

3.2.3. Control Variables

Based on a literature review of factors influencing TFP growth [31], we used capital per capita
(capital) by using the capital-labor ratio, which can improve technical progress and openness (trade)
by using the total import-export of GDP ratio. More openness indicates that the province has a higher
possibility of improving its efficiency. We calculated the total demand fluctuation (demand) by using
total retail sales of consumer goods in the whole society of GDP ratio; in general, an increase in demand
encourages an enterprise to increase investment in production, rather than R&D. We also calculated
the labor input scale (inscale) to control the influence of factor input scale change on TFP growth.

A summary of the variables is presented in Table 2. Considering enlarged enrollment policy, we
selected a sample span of the years 2003–2016. Based on the standard error and average value, it is
easy to find that TFP growth, its decomposition, and graduates obviously differ among provinces.
According to the average TFP growth of each province, Beijing (0.302), Tianjin (2.845), Shanghai (3.478),
Jiangsu (2.195), Zhejiang (0.311), and Guangdong (−0.601), which are all distributed in eastern of;
whereas Anhui (−2.764), Henan (−5.667), Guangxi (−6.227), Xizang (−6.858), which belong to Middle
and Western part. It is obvious that TFP growth differs among provinces and eastern provincial
TFP growth is larger than in the middle and western provinces. As for higher educated graduates,
taking undergraduates, for instance, there are 10 provinces exceeding 100 thousand, which are Beijing
(102,075), Hebei (107,860), Jiangsu (181,985), Shandong (166,083), Henan (134,396), Hubei (148,525),
Hunan (106,582), Guangdong (137,745), Shaanxi (112,089), and Sichuan (124,420); on the contrary,
Xizang, Qinghai, and Ningxia only have 3487, 5424, and 9369 undergraduates, respectively.
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Table 2. Summary of variables.

Variables Average Standard Error Min Max

tfpgrowth −2.622 3.616 −15.808 9.650
technical progress −1.450 4.403 −18.430 11.563
technical efficiency −1.084 3.900 −9.783 21.431

technical school 84.193 68.071 1.144 293.593
undergraduate 79.250 57.645 0.491 245.900

master 10.585 11.024 0.014 71.661
doctor 1.398 2.342 0.000 16.968

capital per capita 1.326 0.898 −4.009 4.880
trade −0.005 0.078 −0.414 0.312

demand 0.006 0.017 −0.031 0.157
labor input scale 0.359 0.502 −2.417 3.411

4. Empirical Results

4.1. The Spillover Effect of Heterogeneous Human Capital on Regional TFP Growth

To compare each nest relationship, we can simultaneously identify the most likely spatial
econometric model and the most likely spatial weight matrix. To ensure the rationality of empirical
models, we estimated models (1)–(7) and used the Likelihood Ratio (LR) test, the Akaike Information
Criterion (AIC), and Bayesian Information Criterion (BIC) rules. We also display static and dynamic
versions of the model specifications; the latter includes the TFP growth indicator lagged in time.
Table 3 contains the different models in combination with three proposed spatial weight matrices.
The first column represents the results of the dynamic panel model (DPM). The second and third
columns signify the dynamic spatial lagged independent variables. Columns 4, 5, 6, and 7 represent
the dynamic spatial autoregression (DSAR) model, dynamic spatial errors model (DSEM), dynamic
spatial Durbin model (DSDM), and dynamic spatial Durbin errors model (DSDEM), respectively. The
dependent variable is regional TFP growth. After applying the LR test and the Hausman test, we chose
the fixed effect model and used the quasi-maximum-likelihood method to make the estimation.

Table 3 reports the estimation results, where LR1 is the likelihood ratio of dynamic models to
static models. The results show that regardless of the matter panel model or the spatial econometric
model, we should choose the dynamic form. The last two columns of LR2 significantly rejected the
hypothesis that exogenous interaction item W2gt−1 is zero. It means that model DSDM is better than
DSAR and model DSDEM is better than DSEM. In other words, regional TFP growth had a spatial
lag because of independent variables. Although model DSLX also contains an exogenous interaction
item, it does not include endogenous spatial interaction items W1yt and W1ut. According to the LR3,
insignificant results indicate that compared to DSDM and DSDEM, DSLX is better off. Furthermore,
the difference between Model DSLX1 and DSLX2 is that the latter contains spatial weight matrix W3.
W3 is an adjacency matrix, representing spillover effects from neighboring provinces. Whether to
include this part in the model depends on the third column of LR2. Results significantly reject the
hypothesis that adjacency matrices /are zero. Therefore, DSLX2 is identified as the most likely spatial
econometric model. AIC and BIC rules verify this as well and we finally chose the model DSLX2.

According to the estimation results from model DSLX2, we found that the coefficient of the
one-period lag TFP growth is highly significant (1% level). In addition, the coefficients of the
control variables are all consistent with expectations. Specifically, the effect of capital density was not
significant, but a negative sign reflected that the return of capital is decreasing, as is TFP growth. The
coefficient of openness was significantly positive. Demand fluctuation and input factor scale were
significantly negative. These results are consistent with the literature [32].
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Table 3. Estimation results from basic models.

y:tfpch DPM DSLX1 DSLX2 DSAR DSEM DSDM DSDEM

lag_tfpgrowth 0.5573 *** 0.5752 *** 0.5360 *** 0.5627 *** 0.5681 *** 0.5752 *** 0.5766 ***
(13.02) (13.57) (12.41) (13.24) (13.24) (13.57) (13.56)

lag_techschool −0.0062
(−0.94)

−0.0018
(−0.24)

−0.0055
(−0.69)

−0.0031
(−0.47)

−0.0033
(−0.47)

−0.0017
(−0.23)

−0.0018
(−0.24)

lag_undergraduate 0.0029
(0.28)

−0.0022
(−0.19)

0.0024
(0.21)

0.0008
(0.07)

−0.0007
(−0.06)

−0.0023
(−0.20)

−0.0021
(−0.18)

lag_master 0.0602
(0.89)

0.0489
(0.70)

−0.0038
(−0.05)

0.0662
(0.99)

0.0616
(0.90)

0.0496
(0.71)

0.0487
(0.70)

lag_doctor −0.3131
(−0.99)

−0.1359
(−0.42)

0.0529
(0.16)

−0.3075
(−0.98)

−0.3119
(−0.98)

−0.1409
(−0.43)

−0.1372
(−0.42)

lag_capitalpercapita −0.1221
(−0.64)

−0.0935
(−0.41)

−0.2835
(−1.23)

−0.0546
(−0.28)

−0.1215
(−0.63)

−0.0909
(−0.40)

−0.0924
(−0.41)

trade 5.0443 ***
(3.37)

3.4533 **
(2.21)

4.1348 ***
(2.63)

4.6668 ***
(3.12)

4.8745 ***
(2.97)

3.4643 **
(2.22)

3.6637 **
(2.25)

demand −22.14 ***
(−3.19)

−18.86 ***
(−2.73)

−19.07 ***
(−2.81)

−19.55 ***
(−2.81)

−21.03 ***
(−2.83)

−18.72 ***
(−2.70)

−18.76 ***
(−2.66)

laborinputscale −1.1595 ***
(−3.95)

−1.0581 ***
(−3.38)

−1.2711 ***
(−4.09)

−1.0403 ***
(−3.52)

−1.1010 ***
(−3.74)

−1.0529 ***
(−3.35)

−1.0511 ***
(−3.36)

W2lag_techschool −0.1105 ***
(−3.39)

−0.1256 ***
(−3.64)

−0.1068 ***
(−2.82)

−0.1079 ***
(−3.04)

W2lag_undergraduate 0.1196 **
(2.21)

0.1777 ***
(3.19)

0.1148 *
(1.93)

0.1217 **
(2.06)

W2lag_master −0.9399 **
(−2.23)

−1.2799 ***
(−2.86)

−0.9031 *
(−1.95)

−0.9519 **
(−2.07)

W2lag_doctor 11.6198 ***
(3.08)

10.4285 ***
(2.70)

11.2611 ***
(2.68)

11.3176 ***
(2.76)

W3lag_techschool 0.0289 *
(1.91)

W3lag_undergraduate −0.0620 ***
(−3.07)

W3lag_master 0.3999 **
(2.48)

W3lag_doctor −0.1835
(−0.22)

W1y 0.2695 **
(2.37)

0.0292
(0.19)

W1u 0.2976 **
(2.44)

0.0879
(0.57)

N 403 403 403 403 403 403 403
LogL −808.36 −801.08 −792.61 −805.74 −805.66 −801.06 −800.92
LR1 139.76 *** 149.59 *** 128.91 *** 143.49 *** 143.77 *** 149.62 *** 149.83 ***
LR2 - - 16.94 *** - - 9.35 ** 9.48 **
LR3 - - - - - 0.04 0.32
AIC 1636.71 1630.16 1621.22 1633.47 1633.32 1632.12 1631.84
BIC 1676.70 1686.14 1693.20 1677.46 1677.31 1692.11 1691.83

Pseudo.R2 0.5665 0.5863 0.5783 0.5794 0.5709 0.5866 0.5874

Note: t value is in parentheses; ***, **, and * denote 1%, 5%, and 10% significance levels, respectively.

Because of the spatial interaction, the coefficients of the independent variables do not have specific
economic meanings. Therefore, we measured the direct and indirect effects of different human capital
on TFP growth and used the Markov Chain Monte Carlo (MCMC) method to test the significance
level [33]. In Table 4, we compared the short-term effect to long term effect, and it is obvious that the
long-term effect was twice that of the short-term effect. This result is consistent with coefficients of the
lagged TFP growth, which are significant in Table 3, indicating that graduates have an enlarging effect
on TFP growth.

Table 4 indicates that the spillover effects of graduates in all four levels on regional TFP were
all significant at the 5% significance level, whereas the direct effects were all insignificant. This can
be viewed as evidence for the first hypothesis, which says that higher education affects the economy
through spatial spillover effects. Collins (2013) studied mobility patterns of East Asian students; that is,
mobility within Mainland Europe and international mobility of UK students. Collins found that more
skilled graduates are more likely to migrate, thereby significantly improving the TFP of destination
provinces [34]. Specifically, the influences of different education levels of graduates on regional TFP
growth are quite different. Furthermore, the effects of bachelor’s and doctoral students are significantly
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positive. TFP increases by 0.0082% when the number of bachelor’s increases by 1000. TFP growth
increases by 0.7159% when the number of doctoral graduates increases by 1000. However, as the
number of technical school and master’s graduates increases, TFP growth decreases. TFP decreases by
0.0071% as the number of technical school graduates increases by 1000. Finally, TFP growth decreases
by 0.0641% when the number of master’s graduates increases by 1000. For a robust test, we used
education years rather than the number of graduates as independent variables and found that the
results were robust (Table 5). Thus, the second hypothesis was supported, showing that discrepant
education levels affect TFP differently.

Table 4. Effect of graduates on regional TFP growth.

y:tfpch
Short Term Effect Long Term Effect

Direct Effect Spillover Effect Total Effect Direct Effect Spillover Effect Total Effect

techschool −0.0055
(−0.69)

−0.0032 ***
(−3.01)

−0.0033 ***
(−3.17)

−0.0119
(−0.71)

−0.0069 ***
(−3.02)

−0.0071 ***
(−3.18)

undergraduate 0.0024
(0.21)

0.0039 **
(2.18)

0.0038 **
(2.22)

0.0052
(0.20)

0.0083 **
(2.17)

0.0082 **
(2.23)

master −0.0038
(−0.05)

−0.0293 **
(−2.13)

−0.0285 **
(−2.11)

−0.0082
(−0.05)

−0.0632 **
(−2.15)

−0.0614 **
(−2.09)

doctor 0.0529
(0.16)

0.3415 ***
(2.76)

0.3322 ***
(2.75)

0.1141
(0.17)

0.7360 ***
(2.74)

0.7159 ***
(2.75)

Note: ***, **, and * denote 1%, 5%, and 10% significance levels, respectively.

Table 5. Long-term effects of education years on regional TFP growth.

y X
Direct Effect Spillover Effect Total Effect

Coefficient t Value Coefficient t Value Coefficient t Value

tfpgrowth

techschoolh −0.0008 −0.69 −0.0005 *** −3.01 −0.0005 *** −3.17
undergraduatea 0.0003 0.21 0.0005 ** 2.18 0.0005 ** 2.22

master −0.0004 −0.05 −0.0033 ** −2.13 −0.0032 ** −2.11
doctor 0.0050 0.16 0.0320 *** 2.76 0.0311 *** 2.75

Note: ***, **, and * denote 1%, 5%, and 10% significance levels, respectively.

4.2. Channels of Heterogeneous Human Capital affect Regional TFP Growth: Decomposition

To explore the pathway of different education levels on TFP growth, we decomposed TFP growth
into the technical progress factor and technical efficiency factor, utilizing the DSLX model for testing.
The results are shown in Table 6.

Table 6. Long-term effects of human capital on regional TFP growth decomposition.

y X
Direct Effect Spillover Effect Total Effect

Coefficient t Value Coefficient t Value Coefficient t Value

Technical
progress

techsch −0.0023 −0.23 −0.0088 *** −6.72 −0.0086 *** −6.74
undergraduatea −0.0047 −0.33 0.0040 * 1.83 0.0037 * 1.75

master 0.0218 0.24 −0.0300 * −1.76 −0.0283 * −1.7
doctor 0.4462 1.1 0.7316 *** 4.76 0.7224 *** 4.81

Technical
efficiency

techschoolh −0.0056 −0.31 0.0077 ** 3.26 0.0073 ** 3.17
undergraduatea 0.0111 0.43 0.0027 0.69 0.0030 0.78

master −0.0983 −0.61 −0.0178 −0.58 −0.0204 −0.68
doctor −0.1878 −0.25 −0.5596 ** −2.04 −0.5476 ** −2.04

Note: ***, **, and * denote 1%, 5%, and 10% significance levels, respectively.

It is apparent that technical school graduates would impact TFP growth through both the technical
progress channel and technical efficiency channel. However, the technical progress level decreases
by 0.0086%, and technical efficiency increases by 0.0073%, with an increase of 1000 graduates. These
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results probably arise since, with the increase of technical school graduates, return to scales decreases
and the PPF retreats, so that the technical level regresses. Technical efficiency is improved. Nonetheless,
the movement towards the PPF scale is less than the retreated scale, and as a result, the total effect is
negative. Bachelor’s and master’s graduates impact TFP growth only through the technical progress
channel; that is, technical progress increases by 0.0037% with an increase of 1000 bachelor graduates
and decreases by 0.0283% when master graduates increase by 1000. The negative effects of the master
could be as a result of misallocation and over education. For doctoral education, both technical
progress and technical efficiency channels were significant, but signs of coefficients are opposite to
those found for the technical school education. It is possible that an increase in doctoral graduates can
improve PPF, but technical efficiency is not used sufficiently. Overall, the effects are positive.

4.3. Robust Test

When defining the spatial weight matrix to represent the spillover effect using economic distance,
it could be time-varying, and more importantly, endogenous, in a spatial panel data model. Usual
the estimation procedure leads to estimation bias. Qu and Lee (2015) [35] overcome the endogeneity
problem by using the law of large numbers (LLN) for the spatial near-epoch dependence (NED)
process in a cross-sectional case. Based on this, Xi et al. (2017) established an asymptotic distribution
of quasi-maximum likelihood (QML) estimators by using spatial-time LLN and central limit theorem
(CLT) for a martingale difference sequence, which can be applied to the endogenous spatial dynamic
situation [36]. In addition, to ensure that the results were robust, we changed the index for TFP
growth and run regression again, which is regional GDP per capita instead of TFP growth [37].
Quasi-maximum-likelihood estimation results are displayed in Table 7.

Table 7. Long-term effects of heterogeneous human capital on regional GDP per capita.

tfpch:GDP/L
Direct Effect Spillover Effect Total Effect

Coefficient t Value Coefficient t Value Coefficient t Value

Techschool 0.0011 0.16 −0.0042 *** −4.14 −0.0040 *** −4.07
undergraduate −0.0195 *** −1.84 0.0028 * 1.67 0.0020 1.27

master −0.0151 −0.23 −0.0723 *** −5.56 −0.0704 *** −5.56
doctor 0.5606 *** 1.87 0.8537 *** 7.43 0.8443 *** 7.52

Note: ***, **, and * denote 1%, 5%, and 10% significance levels, respectively.

Compared to Table 4, we found that the spillover effects remained significant in Table 7. Other
than bachelor’s education, the three levels of education were all significant at the 1% level. Based on
these robust tests, we conclude that our estimation results are robust.

5. Conclusions

Considering the heterogeneous and spatial spillover effects, we constructed a spatial weight
matrix to model mutual relationships among provinces according to graduate flowing patterns, and
to illustrate the influence of heterogeneous human capital on regional TFP growth from 2003 to 2016.
Our conclusions are as follows:

Heterogeneous human capital in different education levels has significant effects on regional TFP
growth, and the spatial spillover effect plays an important role. However, different human capital has
distinct effects. Bachelor’s and doctoral graduates have significantly positive effects on regional TFP
growth; nevertheless, the effects of technical school and master’s graduates are significantly negative.

Furthermore, we decomposed regional TFP growth into the technical progress factor and technical
efficiency factor to explore the influence mechanism. It was concluded that heterogeneous human
capital has different channels. Technical school education affects TFP growth through both channels,
but has a positive effect on technical efficiency and negative effect on technical progress. Since the
technical progress effect is larger than the technical efficiency effect, the total effect is negative; doctoral
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graduates also have two channels to impact TFP growth, but, conversely, the technical progress channel
is positive and the technical efficiency channel is negative. The latter is less, and consequently, the
total effect is positive. Both undergraduate and master’s graduates have only one channel, which is
technical progress. The difference is that undergraduates’ effect is positive, whereas that for master’s
is negative.

Given its primary role as a knowledge producer, higher education can serve as a powerful means
to help create a more sustainable future. Thus, the concept of ‘education for sustainable development’
has become, in recent years, one of the core educational initiatives to help address many problems
associated with human development. The current study pays attention to the direct impact of higher
education itself on economic sustainability, which is one of the important aspects of sustainable
development in China. To this extent, the paper suggests another way of thinking about the role of
higher education in sustainable development.

The empirical results indicate that higher education has a significant influence on TFP growth
and hence affects sustainable economic growth. Furthermore, different levels of higher education
have different influences on sustainable economic growth. Therefore, the Chinese government could
promote sustainable economic growth by directly adjusting the structure of higher education levels.
Specifically, policymakers should optimize the higher education structure by enlarging scales of
bachelor and doctoral enrollment in order to make them play a function of improving TFP growth.
Based on the empirical results that the effects of master and technical school’s graduates on TFP growth
are both negative, policymakers should improve the provision quality of such degrees. In addition, the
findings suggest that policymakers should encourage higher educated graduates’ mobility, particularly
bachelor’s and doctoral graduates, because they have a significantly positive spillover effect on TFP
growth by easing the hukou system in China, which is related to the central government’s restrictions
on the movement.
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