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Using data from 2008 to 2017 regarding the service sector in 11 cities of the Hebei Province, this study measures the degree of
agglomeration and eﬃciency of service subsectors, analyzes their spatiotemporal evolution, and discusses the interactive relationship between them using panel vector autoregressive (PVAR) models and GMM dynamic panel model. The ﬁndings are
summarized as follows: (1) from 2008 to 2017, service subsectors in Hebei’s cities have a high degree of agglomeration and beneﬁt
signiﬁcantly from specialization; (2) the service in Hebei’s cities is severely ineﬃcient (i.e., eﬃciency loss is grave). The empirical
results of PVAR models reveal that service sector agglomeration is primarily reliant on its own development momentum and
while that can improve technical eﬃciency and pure technical eﬃciency, it can also inhibit technical change eﬃciency. The
variance decomposition results reveal that service sector eﬃciency is inﬂuenced more signiﬁcantly by itself than by service sector
agglomeration. With the passage of time, the self-inﬂuence of eﬃciency decreases and the inﬂuence of service sector agglomeration on eﬃciency increases.

1. Introduction
Over 40 years since its reform and opening-up, China’s
economy has grown rapidly owing to multiple advantages
such as low-cost labor resources and high-intensity capital
input. Today, China’s economic development has entered a
new stage: its demographic dividend is disappearing, and
ecological and environmental problems are increasingly
severe. In this context, the traditional rapid economic
growth model, which relies heavily on factor input, is difﬁcult to sustain. As pointed out in the report of the 19th
National Congress of the Communist Party of China (CPC),
China is entering the critical stage of needing to transform its
mode of development, optimize its economic structure,
change its impetus of growth, emphasize quality, eﬃciency.
and impetus innovation, and improve total factor productivity (TFP). Technical Change and the Aggregate Production
Function was the ﬁrst study of TFP. It showed that, when the
contributions of increases in capital and labor are excluded
from total growth, the residual growth is the contribution

from technical change and, therefore, economic growth can
be promoted by technical change while factor input remains
unchanged (Solow, 1957) [1]. Subsequently, both Chinese
and international scholars have studied TFP [2]. The research content mainly includes the inﬂuencing factors of
total factor productivity [3–5] and the spatial and temporal
evolution characteristics of total factor productivity of regional economy [6] or industry [7]. In order to alleviate the
contradiction between the development of and ecological
environmental protection, the concept of green development has become increasingly popular, and scholars have
increasingly begun to pay attention to the temporal and
spatial evolution of green total factor productivity and its
inﬂuencing factors [8–10]. In recent years, there have been
frequent studies on industry agglomeration and eﬃciency as
the eﬀect of industrial agglomeration on economic growth
becomes increasingly signiﬁcant [11]. Studies also show that
there is an inverted “U”-shaped relationship between industry agglomeration and industry eﬃciency [12]. On one
hand, concentrated geographical distribution of similar
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enterprises can promote infrastructure sharing and information exchange, thereby creating additional beneﬁts of
specialization including: facilitating the spread of inferred
knowledge, speedier labor matching, and stimulating enterprises’ vitality and creativity. This is the agglomeration
eﬀect, which serves to improve economic eﬃciency [13, 14].
On the other hand, the increasing and excessive agglomeration of enterprises creates various problems (e.g., land
price increases, innovation simulation, and ﬁerce competition), which leads to a rise in production costs, reduces
motivation to innovate, and has a crowding eﬀect, all of
which inhibit economic eﬃciency [15, 16]. To improve the
industry eﬃciency, it is therefore important to compare the
agglomeration eﬀect to the crowding eﬀect. The Williamson
hypothesis argues the following: (1) at an early stage of
economic development, the agglomeration eﬀect outweighs
the crowding eﬀect: in short, industry agglomeration serves
to improve the industry eﬃciency; but (2) when the level of
economic development reaches a certain inﬂection point,
the crowding eﬀect outweighs the agglomeration eﬀect, so
that spatial industry agglomeration impedes the industry
eﬃciency [17]. To summarize, most of the existing studies on
industry agglomeration and eﬃciency select diﬀerent spatial
scales and diﬀerent industries to empirically test the Williamson hypothesis, and their conclusions vary from study to
study [18–21]. Industrial agglomeration not only aﬀects
economic growth but also impacts pollutant emissions.
Some studies have shown that industrial agglomeration can
eﬀectively reduce water pollutant emissions. This positive
eﬀect is more signiﬁcant in small cities [22].
With the pervasiveness of economic globalization and
increased industrialization, knowledge, information, technology, and human capital have become increasingly signiﬁcant contributors to economic growth, and services are
assuming greater importance at the expense of industry [23].
A developed service sector not only gives an impetus to
regional competitiveness but also is an important indicator
of the development potential of a regional economy [24].
The service sector is mainly characterized by the application
of modern technologies, new types of business models, and
new ideas, which provide society with high-value-added,
sophisticated, knowledge-based producer and consumer
services. Today, the service sector plays an increasingly
important role in oﬀering employment, improving eﬃciency
of the manufacturing sector, and optimizing and upgrading
industrial infrastructure. Most existing studies pertaining to
the service sector concentrate on producer services (an
important component of the sector) [25, 26] and mainly
discuss the relationship between the agglomeration of
producer services and manufacturing [27–29]. They examine
issues like the measurement of service sector agglomeration
[30], agglomeration patterns [31–33], and their inﬂuence on
economic development [34–36]. Their spatial scales include
county, city, and city cluster scales, most of which are areas
with a highly developed economy [37, 38].
In summary, many studies have been conducted to
examine industry agglomeration and the service sector.
However, the relationship between service sector agglomeration and eﬃciency has not yet been examined in detail.
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Therefore, this study discusses the evolutionary pathways of
agglomeration and the eﬃciency of Hebei’s service sector as
well as the relationship between them. It is aspired that this
study’s ﬁndings will provide theoretical support for the
development of Hebei’s modern service sector.

2. Study Area, Methodology, and Data
2.1. Study Area. Hebei is an important component of the
Beijing-Tianjin-Hebei city cluster and is an economically
developed and densely populated region of China. Hebei
administers 11 cities (comprising Shijiazhuang, Chengde,
Zhangjiakou, Qinhuangdao, Tangshan, Langfang, Baoding,
Cangzhou, Hengshui, Xingtai, and Handan). As of the end of
2019, the permanent population of Hebei Province is
7759.197 million and GDP of 3,596 billion yuan, of which the
tertiary sector contributed 1,504 billion yuan, or 41.8%. The
Beijing-Tianjin-Hebei Urban Agglomeration is an important growth center in China. However, as a part of the
Beijing-Tianjin-Hebei Urban Agglomeration, Hebei Province has a large gap with both Beijing and Tianjin in its
development. Undoubtedly, the development of Hebei is key
to determine the development of the Beijing-Tianjin-Hebei
metropolis in the future. From the perspective of the service
industry’s development, Beijing’s service industry accounts
for a high proportion of the GDP, almost 80%, whereas
Hebei’s service industry accounts for a relatively low proportion. Broadly, the development of the service industry is
an important indicator that helps determine the level of
urban development in a particular region. Taking Hebei
Province as an example, this paper reveals the temporal and
spatial evolution law and characteristics of service industry
agglomeration and eﬃciency and discusses the interaction
between them, which has certain guiding signiﬁcance for
further promoting the modernization level of Hebei Province and enhancing the international competitiveness of the
Beijing, Tianjin, and Hebei metropolises.
2.2. Methodology
2.2.1. Measuring the Agglomeration Level of Service Industry
by Location Quotient (LQ). The degree of industry agglomeration is usually measured by the LQ, Herﬁndahl index,
or EG index. Considering the advantages and disadvantages of
diﬀerent methods, the purpose of this study and the availability of data, the LQ method is used to measure the agglomeration characteristics of the regional modern service
sector. The LQ is measured by the following equation:
Lij /Li
LQij �
,
(1)
Lj /L
where Lij denotes the employee population in the service
industry of City j, Li denotes the total employee population
of City j, Lj denotes the total employee population in the
service sector of all cities, L denotes the total employee
population of all cities, and LQij denotes the LQ index. The
higher the LQij value, the greater the degree of specialization
[39].
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2.2.2. Measuring Service Industry Eﬃciency by the DEAMalmquist Index. Data envelopment analysis (DEA) is
widely applied for eﬃciency measurement because it has no
speciﬁc requirements for the form of a production function
and requires no setting of producers’ optimal behaviors.
Because the input of the service sector is a controlled variable
and the output of the sector is uncontrollable, the service
sector eﬃciency is measured using a BCC model with
variable returns to the scale. Assume that there are n decision-making units (DMUj), m input variables (expressed as
x1j, x2j,. . .,xmj), s output variables (expressed as y1j,
y2j,. . .,ysj), and the eﬃciency evaluation index for each DMU
is θ. Its calculation equation is as follows:
min θ
⎪
⎧
⎪
⎪
⎪
n
⎪
⎪
⎪
⎪
s.t.  λj xj≤θx0 ,
⎪
⎪
⎪
i�1
⎨
n
⎪
⎪
⎪
⎪
 λi yi ≥ y0 ,
⎪
⎪
⎪ j�1
⎪
⎪
⎪
⎪
⎩
 λi � 1.

(2)

3. Spatiotemporal Evolution Characteristics of
Agglomeration and Efficiency of Hebei’s
Service Industry

TFP can be broken down into technical eﬃciency (TEC)
and technical change eﬃciency (TCH) [6]. TEC is greatest when
input use is minimized for a constant output or when output is
maximized for a constant input [40]; TCH, on the other hand,
reﬂects the contribution of independent innovation. TEC can be
further expressed as the product of pure technical eﬃciency
(PEC) and scale eﬃciency (SEC). PEC reﬂects the contribution
of technology to factor utilization, and SEC is the ratio of input
to output [41]. Formally, TFP � PEC × SEC × TCH. If TFP and
its indices are all greater than 1, the eﬃciency is eﬀective;
otherwise, there is eﬃciency loss [42].
According to the requirements of the input and output
indices in the DEA-Malmquist index model, capital and
labor are chosen as input factors, which are, respectively,
denoted by the capital stock of the tertiary sector and the
number of employees in the tertiary sector. The value added
by the tertiary industry is used as an output measure. To
ensure rationality and consistency of data, the value added
by the tertiary sector is converted into comparable prices of
the base period (2008), and the capital stock of the tertiary
sector is calculated using the perpetual inventory method. It
is calculated as follows:
Kit � Iit − (1 − δ)Kit − 1,

subsectors: (1) transport, warehousing, and postal activities;
(2) retail and wholesale; (3) accommodation and catering;
(4) ﬁnance; (5) scientiﬁc research, technical services, and
geological survey; (6) water conservancy, environment, and
public facility management; (7) residential services and other
services; (8) education; (9) health, social security, and social
welfare; (10) culture, sports, and entertainment; (11) public
administration and social organizations; and (12) international organizations. For consistency, this study—spanning
the period from 2008 to 2017—uses data from China City
Statistical Yearbook (2009–2018), China Statistical Yearbook
(2009–2018), Hebei Economic Yearbook (2009–2018), and
statistical bulletins of Hebei’s prefecture-level cities
(2009–2018). The speciﬁc data used includes the number of
employees in the tertiary industry, the total number of
employees, the capital stock of the tertiary industry, and the
added value of the output value of the tertiary industry.

(3)

where, Kit and Kit-1 denote the capital stock of the tertiary
industry in region i in the t-th year and (t− 1)-th year, respectively, and Iit denotes the ﬁxed investment in the base
period (2008) (note: the rate of depreciation (δ) value used
here is 6%, in accordance with the previous studies); the
initial capital stock is equal to the ﬁxed investment in the
base period, divided by 10% [43].
2.3. Data Source and Processing. In accordance with Industrial Classiﬁcation for National Economic Activities (GB/
T4754—2002), the tertiary sector is classiﬁed into 14 speciﬁc

3.1. Spatiotemporal Evolution Characteristics of Service Industry Agglomeration. The LQ is used to measure the degree
of agglomeration of the service sector in Hebei’s 11 cities
from 2008 to 2017 (as shown in Figure 1). The results of the
measurement show that services in Hebei’s cities are highly
specialized, and the LQ values of most cities are greater than
1, though with some spatial variation and ﬂuctuation. From
2008 to 2017, the 11 cities can be ranked by their average LQ
values (in ascending order) as follows: Hengshui, Chengde,
Zhangjiakou, Shijiazhuang, Cangzhou, Qinhuangdao,
Xingtai, Langfang, Baoding, Handan, and Tangshan. This
indicates that cities with the highest degree of service industry agglomeration are mainly distributed in northern and
south-central Hebei. The LQ values of most cities show a
ﬂuctuating trend. The LQ values of six cities (Shijiazhuang,
Chengde, Tangshan, Langfang, Hengshui, and Xingtai) show
a V-shaped ﬂuctuation trend (that is, they decline at ﬁrst and
then rise); the LQ values of four cities (Zhangjiakou, Qinhuangdao, Baoding, and Handan) show a W-shaped trend
(they decline, rise, then decline, and rise again); and the LQ
values of Cangzhou show an N-shaped ﬂuctuation trend
(rise, then decline, and then a rise again). From 2008 to 2018,
the LQ values of eight cities (Shijiazhuang, Chengde, Qinhuangdao, Langfang, Baoding, Hengshui, Xingtai, and
Handan) decline by more than 0.3, whereas the LQ values of
three cities (Zhangjiakou, Tangshan, and Cangzhou) ﬂuctuate marginally. In 2017, the LQ values of all 11 cities are
greater than 1. From 2008 to 2017, while the degree of service
sector agglomeration in Hebei shows some spatial variation
and regional diﬀerences, Hebei’s service sector is highly
specialized overall. This is largely a result of the attention
given to the service sector by the Hebei Provincial People’s
Government. In 2009, the Hebei Provincial People’s Government promulgated Some Policy Measures on Promoting
the Development of Service Industry in the Whole Province,
deciding to implement tax concessions and fee reduction
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Figure 1: LQ of service industries of Hebei Province, China (2008, 2011, 2014, 2017, and mean).

policies for eligible service enterprises. In 2012, the Hebei
Provincial People’s Government promulgated Service Industry Development Program of Hebei Province, deciding
to further lower the threshold for registration of service
enterprises and implement the national preferential tax
policy. Meanwhile, the Hebei Provincial People’s Government promulgated development programs for speciﬁc
subsectors of the service sector; for example, Development
Outline of Hebei Province on the Conference and Exhibition
Industry (2006 to 2010) and Development Program of Hebei
Province on Modern Logistics Industry. These policies
create a favorable environment for the development of

Hebei’s service sector and promote its further specialization. Additionally, Hebei has a large resident population,
which provides a huge consumption potential and suﬃcient labor for the development of the local service
industry.
3.2. Spatiotemporal Evolution Characteristics of TFP of the
Service Sector. In this study, the TFP of the service sector in
each of Hebei’s prefecture-level cities is measured using a
DEA-Malmquist index model as shown in Figure 2 and as
described in Table 1.
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Figure 2: TFP of service industries of Hebei Province, China (2008∼2009, 2010∼2011, 2012∼2013, 2014∼2015, 2016∼2017, and mean).

The TFP of the service sector in every such city is greater
than 1 (implying that eﬃciency is eﬀective) in 2008 and 2009
but is lower than 1 (implying eﬃciency loss) in other years.
The breakdown of TFP shows that reduction in TFP can be
attributed to reduction in TCH. From 2008 to 2017, average
TFP values of the 11 cities are ranked (in descending order)
as follows: Shijiazhuang, Zhangjiakou, Langfang, Handan,
Tangshan, Chengde, Qinhuangdao, Baoding, Cangzhou,
Xingtai, and Hengshui. Spatially, high TFP values are
scattered, and low TFP values are concentrated in southern
Hebei. While average TFP values are associated with average

LQ values, regions with high or low TFP values are not
consistently seen in regions with high or low LQ values. The
TFP values of six cities (Shijiazhuang, Chengde, Qinhuangdao, Cangzhou, Handan, and Xingtai) show a
W-shaped ﬂuctuation trend (speciﬁcally: decline, rise, decline, and rise); the TFP values of three cities (Chengde,
Tangshan, and Baoding) show an undulating trend (decline
and rise); the TFP values of Langfang show an inverted
N-shaped ﬂuctuation trend (decline, rise, and decline); and
the TFP values of Hengshui show a valley-shaped variation
trend (decline, level, and decline). Except for Shijiazhuang
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Table 1: PEC, SEC, and TCH of service industries Hebei Province (2008∼2017).

PEC
Shijiazhuang SEC
TCH
PEC
Chengde
SEC
TCH
PEC
Qinhuangdao SEC
TCH
PEC
Zhangjiakou SEC
TCH
PEC
Tangshan
SEC
TCH
PEC
Langfang
SEC
TCH
PEC
Baoding
SEC
TCH
PEC
Cangzhou
SEC
TCH
PEC
Hengshui
SEC
TCH
PEC
Xingtai
SEC
TCH
PEC
Handan
SEC
TCH

2008-2009 2009-2010 2010-2011 2011-2012 2012-2013 2013-2014 2014-2015 2015-2016 2016-2017 Mean
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.014
1.048
1.002
1.019
1.027
0.922
0.984
1.015
0.954
0.998
1.069
0.511
0.531
0.514
0.520
0.540
0.524
0.509
0.544
0.585
0.947
1.057
1.224
1.296
0.736
0.876
0.788
1.147
0.776
0.983
1.060
1.041
0.827
0.786
1.337
1.132
1.242
0.893
1.249
1.063
1.069
0.381
0.406
0.400
0.403
0.407
0.404
0.397
0.418
0.476
0.982
0.979
0.885
1.022
1.015
0.997
0.979
1.010
1.002
0.986
1.031
1.032
1.055
0.996
0.997
0.991
1.012
1.009
0.993
1.013
1.069
0.480
0.489
0.457
0.463
0.477
0.479
0.467
0.500
0.542
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.030
1.172
1.020
0.993
0.992
0.997
1.013
1.003
1.004
1.025
1.069
0.422
0.428
0.414
0.415
0.426
0.430
0.421
0.446
0.450
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.069
0.422
0.428
0.414
0.415
0.426
0.430
0.421
0.446
0.497
0.923
1.005
0.957
0.980
1.034
1.016
0.918
0.966
0.561
0.929
1.065
1.024
1.032
1.011
0.991
0.982
1.039
1.026
1.014
1.020
1.069
0.500
0.514
0.494
0.493
0.512
0.516
0.493
0.462
0.561
1.000
1.132
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.015
1.011
1.005
1.012
0.985
1.016
0.967
1.046
0.989
0.994
1.003
1.069
0.350
0.377
0.367
0.371
0.377
0.378
0.380
0.396
0.452
1.055
1.178
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.026
0.992
1.104
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.011
1.069
0.284
0.323
0.318
0.324
0.329
0.328
0.325
0.339
0.404
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.005
2.273
1.000
1.000
1.000
1.000
1.000
1.000
1.000
1.142
1.069
0.150
0.227
0.222
0.223
0.230
0.230
0.230
0.241
0.314
0.981
1.172
1.030
0.996
0.991
0.983
1.014
0.991
1.012
1.019
1.027
1.153
0.978
1.002
1.006
1.015
0.990
1.007
0.992
1.019
1.069
0.273
0.321
0.316
0.319
0.322
0.323
0.320
0.336
0.400
1.004
1.005
1.029
0.960
1.001
0.982
0.992
1.055
0.985
1.001
1.002
1.002
0.996
1.009
1.000
1.002
1.002
0.991
1.002
1.001
1.069
0.454
0.462
0.452
0.446
0.458
0.458
0.448
0.486
0.526

and Zhangjiakou, the TFP values of the cities ﬂuctuate
signiﬁcantly: there is a diﬀerence of more than 0.5 between
their TFP values from 2009 to 2010 and those from 2016 to
2017. Spatially, the cities with only small ﬂuctuations of
TFP are all in Western Hebei, whereas cities with a signiﬁcant ﬂuctuation of TFP are mostly in Eastern Hebei.
The overall ineﬃciency of Hebei’s service sector may be
due to insuﬃcient innovation and a low urbanization level.
In 2008, the number of Hebei’s granted patents was 5,496,
accounting for 1.3% of China’s total granted patents, and
Hebei’s urbanization rate was 41.9% (below China’s average urbanization rate of 45.7%). In 2017, the number of
Hebei’s granted patents was 35,348, accounting for 1.9% of
China’s total granted patents, and Hebei’s urbanization
rate was 55%, still below China’s average urbanization rate.
On one hand, insuﬃcient innovation fails to provide
technical support for an improvement in TFP; on the other
hand, the low urbanization level fails to provide suﬃcient
demand impetus to the improvement of service sector
eﬃciency.

4. Relationship between Agglomeration and
Efficiency of Hebei’s Service Industry
4.1. Constructing PVAR Models. The interactive relationship between industry agglomeration and industry eﬃciency is a complex issue. Most previous studies on this
topic discuss their relationship through panel models and
often ignore the possible endogeneity problem. Panel
vector autoregression (PVAR) models combine the advantages of panel models and vector autoregression
models while considering all variables as endogenous
variables, thereby eﬀectively dealing with the endogeneity
problem of the model variables. As such, PVAR models
have no requirements for the length of the data’s time
sequence [44]. Therefore, PVAR models are used in this
study. To fully mirror the relationship between service
industry agglomeration and eﬃciency, three PVAR models
(speciﬁcally, the PVAR models between LQ and TEC, LQ
and PEC, and LQ and TCH) were constructed. The model
settings are as follows:
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where Ylt_it, Ylp_it, and Ylc_it denote the two-dimensional
column vectors between LQ and TEC, between LQ and PEC,
and between LQ and TCH, respectively; i denotes a speciﬁc
city, t denotes a speciﬁc year, and c0 denotes the intercept
term. αi, βt, and εit denote the individual eﬀect, time eﬀect,
and random disturbance term, respectively.
Before the PVAR models were constructed, it was
necessary to ensure the stationarity of each variable. To
ensure robustness of test results, panel unit root tests were
conducted using four methods (i.e., the IPS method for
heterogeneous root test, LLC method for homogenous root
test, HT method for short panel test, and PP-Fisher method).
Additionally, LQ, TEC, PEC, and TCH were, respectively,
logarithmized as lnlq, lntec, lnpec, and lntch, thereby
eliminating the heteroscedasticity of variables. The results of
Table 2 show that, under the four diﬀerent test methods, all
four variables reject the null hypothesis about nonstationarity of variables at the 1% signiﬁcance level. This
indicates that the stationarity of variables is high enough to
meet the prerequisite for PVAR modeling.
4.2. Determining the Optimal Lag Order and Testing the
Stationarity of Each Model. To ensure the validity of model
regression, it was necessary to determine the optimal lag
order of each model and test the stationarity of each model.
The optimal lag order of each model was determined based
on the principle of information criterion minimizing. Orders where the minimum values of MBIC, MAIC, and MQIC
criteria were located were optimal lag orders. The results of
Table 3 show that the optimal lag orders of the three models
are all 1. Stationary PVAR models require that all characteristic roots of the adjoint matrix fall into a unit circle,
which is to say that the modulus values of characteristic roots
should all be less than 1. Test results show that all three
models are stationary.
4.3. GMM Regression Results and Granger Causality Test.
After the optimal lag order of each model was determined,
preliminary regression analysis was conducted on the three
models using the generalized method of moments (GMM).
The regression analysis results are shown in Table 4.
Table 4 shows that, in Model (1), when lnlq (service
industry agglomeration) is the dependent variable, the coeﬃcient of self-inﬂuence of lnlq in the 1st lag period is 0.393
at the 1% signiﬁcant level. TEC has no signiﬁcant inﬂuence
on service industry agglomeration. Evidently, service industry agglomeration can promote its own development and
primarily relies on its own development momentum. When

TEC is used as a dependent variable, the coeﬃcients of
inﬂuence of lnlq and TEC in the 1st lag period on TEC are,
respectively, 0.557 and -0.272, and are signiﬁcant at 1% and
5% levels. Evidently, during the study period, service industry agglomeration in the 1st lag period appears to improve TEC signiﬁcantly, whereas TEC in the 1st lag period
has a certain inhibitory eﬀect on itself. In Model (2), lnlq
(service industry agglomeration) and PEC, respectively, are
used as dependent variables. The lnlq in the 1st lag period has
a revelatory positive inﬂuence on these two dependent
variables at the 1% signiﬁcance level, the coeﬃcients of such
inﬂuence being 0.407 and 0.313, respectively. The PEC in the
1st lag period has no signiﬁcant eﬀect on the lnlq or itself. In
Model (3), when lnlq is used as a dependent variable, the lnlq
in the 1st lag period has a positive inﬂuence on itself, whereas
TCH in the 1st lag period has no signiﬁcant inﬂuence on lnlq.
When TCH is used as a dependent variable, the lnlq in the 1st
lag period has a negative inﬂuence on TCH at the 1% signiﬁcance level. To summarize, service industry agglomeration serves to improve the technical eﬃciency and pure
technical eﬃciency but has a certain inhibitory eﬀect on
technical change. This may be because the agglomeration of
enterprises is beneﬁcial to optimizing internal resource allocation and improving the resource utilization ability and
overall management standards. As for the inhibitory eﬀect
on technical change, it appears that the agglomeration of
enterprises suppresses the R&D motivation of enterprises;
the imitation of innovative products being one reason for it
being that innovative products can be easily imitated.
Table 5 shows that, in Models (1) to (3), service sector
agglomeration is the Granger cause of TEC, PEC, and TCH,
but none of these is the Granger cause of service sector
agglomeration. This is consistent with the aforementioned
regression results. Evidently, during the study period, service
sector agglomeration has a certain inﬂuence on service
sector eﬃciency. Speciﬁcally, service sector agglomeration
serves to improve technical eﬃciency and pure technical
eﬃciency but has a certain inhibitory eﬀect on TCH. With
the Granger causality between variables conﬁrmed, impulse
response and variance breakdown on variables can be
conducted.
4.4. Impulse Response. The impulse response function can
measure the short-term response of other variables in a
model to the impact of one standard deviation witnessed by
any variable in the model. This means that the function can
estimate the degree and inﬂuence trend of the impact
variable to the response variables. Using the Monte Carlo
method, 300 simulations were conducted to obtain the
impulse response functions of the three models in 10 periods
within the 95% conﬁdence interval (as shown in Table 6).
Rows 1, 2, and 3, respectively, show the impulse response
results of Models (1), (2), and (3). The ﬁrst variable denotes
the impact variable, and the second variable denotes the
response variable; the horizontal axis indicates the number
of predicted periods, the vertical axis indicates the degree of
response, and the shade area indicates the 95% conﬁdence
interval.
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Table 2: Panel unit root test.

Variable name
lnlq
lntec
lnpec
lntch
Note: ∗ ,

∗∗

, and

IPS
− 5.417∗∗∗ (0.000)
− 3.404∗∗∗ (0.000)
− 4.518∗∗∗ (0.000)
− 30.849∗∗∗ (0.000)

∗∗∗

LLC
− 9.399∗∗∗ (0.000)
− 4.714∗∗∗ (0.000)
− 4.201∗∗∗ (0.000)
− 1.751∗∗ (0.040)

HT
− 6.598∗∗∗ (0.000)
− 19.365∗∗∗ (0.000)
− 18.357∗∗∗ (0.000)
− 11.578∗∗∗ (0.000)

PP-Fisher
− 10.158∗∗∗ (0.000)
− 3.833∗∗∗ (0.000)
− 3.348∗∗∗ (0.000)
− 20.794∗∗∗ (0.000)

represent signiﬁcant levels of 10%, 5%, and 1%, respectively.

Table 3: The test results of MBIC, MAIC, and MQIC.
Lag order
1
2
3
4

MBIC
− 38.751
− 32.320
− 20.933
− 7.437

Model (1)
MAIC
− 14.807
− 14.362
− 8.961
− 1.451

MQIC
− 22.863
− 20.404
− 12.989
− 3.465

MBIC
− 38.907
− 26.779
− 20.205
− 7.973

Model (2)
MAIC
− 14.963
− 8.821
− 8.233
− 1.987

MQIC
− 23.019
− 14.863
− 12.262
− 4.002

Model (3)
MAIC
− 10.585
− 10.644
− 4.941
− 5.514

MBIC
− 34.530
− 28.602
− 16.913
− 6.500

MQIC
− 18.642
− 16.686
− 8.970
− 2.528

Table 4: GMM estimation results of PVAR model.
Model (1)

Variable
L1.
L1.
L1.
L1.

Lnlq
Lntec
Lnpec
Lntch

Lnlq
0.393∗∗∗ (0.008)
0.063 (0.529)

Model (2)

lntec
0.558∗∗∗ (0.003)
− 0.272∗∗ (0.020)

Note: L1 represents a lag period; ∗ ,

∗∗

, and

∗∗∗

Model (3)

Lnlq
0.407∗∗∗ (0.002)

lnpec
0.313∗∗∗ (0.008)

0.065 (0.458)

− 0.183 (0.534)

Lnlq
0.289∗∗ (0.027)

Lntch
− 0.245∗∗∗ (0.000)

0.074 (0.311)

− 0.026 (0.521)

represent signiﬁcant levels of 10%, 5%, and 1%, respectively.

Table 5: Granger causality test results between variables.
Variable
lnlq⟶lntec
lntec⟶lnlq
lnlq⟶lnpec
lnpec⟶lnlq
lnlq⟶lntch
lntch⟶lnlq
Note: ∗ ,

∗∗

, and

Null hypothesis
lnlq is not Granger cause of lntec
lntec is not Granger cause of lnlq
lnlq is not Granger cause of lnpec
lnpec is not Granger cause of lnlq
lnlq is not Granger cause of lntch
lntch is not Granger cause of lnlq
∗∗∗

Lag order
1
1
1
1
1
1

chi2
8.576
0.396
6.940
0.550
19.245
1.026

P
0.003∗∗∗
0.529
0.008∗∗∗
0.458
0.000∗∗∗
0.311

Conclusion
Reject the null hypothesis
Accept the null hypothesis
Reject the null hypothesis
Accept the null hypothesis
Reject the null hypothesis
Accept the null hypothesis

represent signiﬁcant levels of 10%, 5%, and 1%, respectively.

Table 6: Impulse response function results.
Model
Model(1)

Model(2)

Model(3)

Period
lnlq:lnlq
lnlq:lntec
lntec:lnlq
lntec:lntec
lnlq:lnlq
lnlq:lnpec
lnpec:lnlq
lnpec:lnpec
lnlq:lnlq
lnlq:lntch
lntch:lnlq
lntch:lntec

1
0.100
0.050
0.000
0.070
0.100
0.025
0.000
0.070
0.100
− 0.017
0.000
0.045

2
0.045
0.044
0.005
− 0.02
0.045
0.026
0.003
− 0.020
0.025
− 0.027
0.003
− 0.001

3
0.023
0.010
0.000
0.010
0.020
0.008
0.000
0.010
0.005
− 0.007
0.000
0.000

Table 6 shows that, in Models (1) to (3), the degree of
self-inﬂuence of service industry agglomeration reaches its
peak of 0.1 in the 1st period, then decreases dramatically
(followed by a continuous slowdown in the decrease),

4
0.010
0.005
0.000
0.000
0.000
0.000
0.000
0.000
0.000
− 0.002
0.000
0.000

5
0.000
0.002
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

6
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

7
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

8
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

9
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

10
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

changes slightly, and tends to zero after the 4th period. This
shows that the agglomeration of Hebei’s service sector
follows a self-reinforcing mechanism and is highly self-reliant. In Model (1), service sector agglomeration is shown to
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have a positive inﬂuence on technical eﬃciency, implying
that agglomeration improves TEC, with the improvement
eﬀect decreasing as the number of periods increases. In
Model (2), service sector agglomeration also has a positive
inﬂuence on PEC. Unlike the inﬂuence on TEC, the inﬂuence on PEC reaches an extreme in the 2nd period and
then continues to decrease and gradually tends to reach zero.
In Model (3), service sector agglomeration has a negative
inﬂuence on TCH. The negative inﬂuence reaches an extreme in the 2nd period, then decreases continuously, and
ﬁnally reaches zero. Study results show that service sector
agglomeration still plays an important role in improving
technical eﬃciency and pure technical eﬃciency and it has a
certain inhibitory eﬀect on further improvement in TCH. As
the number of periods increases, both eﬀects—improvement
and inhibitory—tend to weaken. The degree and inﬂuence
trend of TEC, PEC, and TCH on service industry agglomeration are similar across the three models. Speciﬁcally,
the degree of inﬂuence of service sector eﬃciency on service
sector agglomeration reaches its maximum (positive) in the
2nd period and then decreases in subsequent periods. Evidently, the improvement in service sector eﬃciency has a
certain positive inﬂuence on the sector’s agglomeration. As
shown by the impulse response function diagrams of TEC,
PEC, and TCH with respect to themselves, the inﬂuence of
TEC on itself shows an undulating decline; speciﬁcally, its
inﬂuence is maximized in the 1st period, declines to a
negative value in the 2nd period, and increases undulatingly
and tends to reach zero in subsequent periods. This shows
that technical eﬃciency is also positively inﬂuenced by its
development momentum, but this positive inﬂuence does
not continue. The inﬂuence of PEC on itself is maximized
(positive) in the 1st period, is minimized (negative) in the 2nd
period, and increases gradually to be positive in the 3rd and
subsequent periods. The inﬂuence of TCH on itself is
maximized in the 1st period, decreases dramatically to a
negative value in the 2nd period, and increases slowly and
tends to reach zero in subsequent periods. Evidently, TCH
relies on its development momentum only at an early stage;
compared with TEC and PEC, TCH has little inﬂuence on
itself. This may be because new technologies or products that
enterprises develop at a high cost generate high proﬁts at
early stage, so enterprises are motivated to further upgrade
their technologies and products; however, the regulatory
environment may not provide a watertight intellectual
property and patent protection system, so enterprises are not
suﬃciently motivated to pursue continuous technological
improvement, resulting in a substantial reduction in TCH.
4.5. Variance Decomposition. Variance decomposition of
the PVAR models can reveal the error contribution ratio of
each model, variable to the forecast variance of any other
single variable, thereby presenting the relationship between
variables more intuitively. Table 7 shows the variance decomposition results of the three models.
Table 7 shows that, in Model (1), the contribution of
service sector agglomeration to itself is 100% in the 1st period
and still as high as 99.8% in the 10th period. In Models (2)
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Table 7: Variance decomposition results of each variable.
Variable
lnlq
lnlq
lnlq
lntec
lntec
lntec
lnpec
lnpec
lnpec
lntch
lntch
lntch

Period
1
5
10
1
5
10
1
5
10
1
5
10

Model (1)
lnlq lntec
1
0.273
0.998 0.386
0.998 0.387
0.728
0.003 0.614
0.003 0.613

Model (2)
lnlq lnpec
1
0.115
0.998 0.224
0.998 0.224

0.002
0.002

Model (3)
lnlq lntch
1
0.093
0.999 0.281
0.999 0.281

0.885
0.776
0.776
0.001
0.001

0.907
0.719
0.719

and (3), variance decomposition results of the service
sector reveal that the explanatory power of service sector
agglomeration on itself is 100% in the 1st period and more
than 99% in the 10th period. Evidently, the agglomeration
of Hebei’s service sector is primarily reliant on its own
development momentum, with the consequent centripetal
force further promoting the agglomeration of enterprises,
thereby producing a causal cycle of agglomeration. The
variance decomposition results of TEC reveal the following: (1) the contribution ratio of TEC to itself is 72.8%
in the 1st period and then decreases gradually to 61.3% in
the 10th period; (2) the contribution ratio of service industry agglomeration to TEC tends to increase gradually
from 27.3% in the 1st period to 38.7% in the 10th period.
Evidently, the improvement in TEC has a certain reliance
on itself, but the degree of self-reliance decreases over
time. However, the degree of inﬂuence of service sector
agglomeration increases. This may be because the agglomeration of enterprises is beneﬁcial in attracting superior production factors and reducing infrastructure
construction costs, with close social network ties improving the eﬃciency of resource allocation within enterprise clusters. In Model (2), variance decomposition
results reveal that the variation trend of pure technical
eﬃciency is similar to that of technical eﬃciency: the
inﬂuence of pure technical eﬃciency is decreasing, and the
inﬂuence of service sector agglomeration is increasing.
This may be because service sector agglomeration produces a professional talent pool and brings about
knowledge spillover, thereby improving the ability of
enterprises to innovate. In Model (3), the contribution of
PEC to itself is 90.7% in the 1st period and 71.9% in the 10th
period; the contribution of service industry agglomeration
to PEC is 9.3% in the 1st period and 28.1% in the 10th
period. At the initial stage of service industry agglomeration, new products can easily be plagiarized or imitated by
similar enterprises, so enterprises are not always willing to
constantly develop new technologies or products. As the
number of periods increases, patent protection systems
become increasingly robust, so enterprises are then more
inclined to gain a market advantage by developing new
technologies.
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5. Discussion and Conclusion
5.1. Discussion. China’s economic development has entered a
relatively stable stage—the “new normal”—and its labor cost
advantage is disappearing. In this context, the traditional rapid
economic growth model, which relies heavily on increasing
factor inputs, is diﬃcult to sustain. At this stage of economic
growth, it is of vital importance to improve TFP. TFP is
inﬂuenced by a variety of factors, especially industry agglomeration. This study discusses the spatial evolution characteristics of Hebei’s service sector agglomeration and TFP
from 2008 to 2017 and empirically tests the dynamic relationship between them. This study examines the spatial
structure and eﬃciency of Hebei’s service sector and presents
an extensive survey of its development. In doing so, it provides
a certain theoretical support for improving the TFP of Hebei’s
service sector. Usually, TFP is considered as an approach to
technical change, and improvement in TFP is a complex and
dynamic process [45]. This study discusses the inﬂuence of a
single factor (i.e., sector agglomeration) on TFP. Subsequent
research on this topic should analyze other important inﬂuences on TFP (e.g., urbanization level and industrial structure)
in depth as well as the contribution of diﬀerent factors. This
study shows that the agglomeration eﬀect in the service sector
does not only promote economic growth but also has a
crowding eﬀect and an inhibitory eﬀect on economic growth
at a certain stage of development or under certain circumstances, depending on spatiotemporal scales and socioeconomic conditions. On a provincial scale, this study discusses
the spatial evolution of service sector agglomeration and TFP
as well as the interactive relationship between them. Subsequent studies should examine the agglomeration of diﬀerent
sectors and their TFP on a city or county scale.

Complexity
Variance decomposition results reveal that eﬃciency is
inﬂuenced by itself more signiﬁcantly than by service sector
agglomeration; over time, the importance of eﬃciency to itself
decreases marginally, whereas the importance of eﬃciency to
service sector agglomeration increases.
The following policies are recommended: (1) It is necessary to promote a reasonable agglomeration of the service
sector and optimize its structure. The concerned authorities
should further lower the threshold of market access to the
sector, encourage the acquisitions and mergers, and restructure among enterprises, promote the growth of group
enterprises, and create a more favorable environment for the
sector. Additionally, it is necessary to emphasize functional
complementarity between service enterprises, prevent blind
cluster development, and ensure overall rationality and
coherence in the sector. (2) It is necessary to improve the
service sector eﬃciency and reduce the eﬃciency loss. Enterprises should actively communicate with and cooperate
with research institutions and colleges, increase R&D investment, and apply advanced technologies and management ideas to improve enterprise eﬃciency. The concerned
authorities should eliminate the barriers to free movement of
various factors (e.g., manpower and capital) and promote
the free movement of production factors across Hebei,
thereby improving service sector eﬃciency. (3) It is necessary to develop a robust intellectual property protection
system and strengthen the innovation consciousness of
enterprises. The concerned authorities should further improve relevant laws and regulations, create a fair and reasonable competitive environment, and protect the
innovative spirit of enterprises, so that innovation becomes a
key driver for the service sector.

Data Availability
5.2. Conclusions. This study measures the degree of agglomeration and eﬃciency of the services sectors of Hebei’s
cities from 2008 to 2017 and analyzes the interactive relationship between them using PVAR models. The ﬁndings are
summarized as follows: (1) from 2008 to 2017, the service
sectors of Hebei’s cities are highly agglomerated and enjoy the
advantage of a high degree of specialization, with agglomeration decreasing slightly over time. The LQ values of the 11
cities are ranked (in descending order) as follows: Hengshui,
Chengde, Zhangjiakou, Shijiazhuang, Cangzhou, Qinhuangdao, Xingtai, Langfang, Baoding, Handan, and Tangshan. (2) From 2008 to 2017, the service sector eﬃciency is
pervasively low in Hebei’s cities and is lower than 1 in most
years, meaning that eﬃciency is low and there is severe efﬁciency loss; the average eﬃciency values of the 11 cities are
ranked (in descending order) as follows: Shijiazhuang,
Zhangjiakou, Langfang, Handan, Tangshan, Chengde, Qinhuangdao, Baoding, Cangzhou, Xingtai, and Hengshu. Thus,
the cities with a high degree of service sector agglomeration
do not consistently have a high sector eﬃciency. (3) GMM
regression results and impulse response functions reveal that
service sector agglomeration has its own self-promoting effect. Also, service industry agglomeration serves to improve
TEC and PEC, and it has an inhibitory eﬀect on TCH. (4)

The primary data used to support the ﬁndings of this study
are available from the author upon request.
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