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The competitiveness of a country’s agricultural products is not only related to
its capacity to export agricultural products, but also to the sustainability of its
agricultural sector. How to improve the international competitiveness of a
country’s agricultural products while maintaining the sustainability of its
agricultural sector is a practical problem of great urgency for a country with a
large agricultural sector such as China. With this in mind, this study should
have a considerable policy and practical significance. We used two evaluation
indices, namely trade competitiveness (TC) index and revealed comparative
advantage (RCA) index, to measure and analyze the international
competitiveness of six China’s representative agricultural products, i.e., live
pigs, live chickens, live cattle, apples, tea, and beer, and to examine the
changing trends of these products’ competitiveness during 1994–2013. The
results indicate that the export competitiveness of China’s agricultural
products is weak and likely to deteriorate further. However, some traditional
agricultural products with distinctive regional characteristics, for example, tea
and live pigs, are relatively strong internationally. To this end, China should
vigorously promote the production and foreign trade in traditional
agricultural products with distinctive regional characteristics. At the same
time, comprehensive measures should be taken to enhance the international
competitiveness of disadvantaged agricultural products.

1. Introduction
The “export competitiveness” of a country or region refers to its “market development and possession ability”
and “profit-making ability” in the foreign markets where its products are traded (Farinha et al., 2018). China is a
large agricultural producer, and the export competitiveness of China’s agricultural sector directly affects the
overall development of China’s foreign trade. In the past 40 years of reform and opening-up policy, China’s
agricultural productivity has improved greatly (Sun and Li, 2018; Nie et al., 2020), but its agricultural
development is still relatively backward compared with developed countries.
Since joining the World Trade Organization (WTO) in 2001, China has faced great pressures due to the opening
of domestic agricultural product markets (Arnade et al., 2017). According to the commitments China made when it
joined the WTO, China should open up its agricultural product markets, eliminate preferential policies for exports
of agricultural products, reduce agricultural subsidies, and cut agricultural tariffs (Lin, 2001; Lele and Goswami,
2020). At the same time, many countries around the world have begun to adopt new trade protection measures due
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to the turbulence and ever-changing nature of the world economy, such as green barriers and technical barriers, so
as to restrict foreign products from entering their domestic markets, resulting in the aggravation of trade barriers in
international markets. Therefore, China’s imports of agricultural products have been larger than its exports since
2004 (Xiong and Deng, 2014).
Agriculture is the foundation of China’s national economy, and the development level of agricultural sector is
closely related to people’s living standards and the development of other industries. At the same time, because
agriculture has a great impact on China’s international competitiveness, China is facing the dual pressure of internal
and external competition (Zhu, 2018). How to improve the export competitiveness of agricultural products has
become a challenging issue for China (Liao and Liao, 2015; Li and Ding, 2016). To this end, this study first
explores the current trade situation and the existing problems of China’s agricultural export competitiveness and
then discusses how to enhance the export competitiveness of China’s agricultural products in an increasingly open
environment and give full play to the role of China’s dominant agricultural products in exports, so as to reduce the
trade deficits of agricultural products. This is related not only to the development of agriculture, rural areas, and
farmers but also to agricultural sustainability and the improvement of the overall national economy.
There is a considerable existing body of literature on the export competitiveness of agricultural products. However,
most studies have focused on developing countries (Henson and Loader, 2001; Srivastava et al., 2006; Babiker et al.,
2011; Erkan and Yildirimci, 2015; Su et al., 2020), but few have looked at developed countries (Ferro et al., 2015;
Gilbert and Muchová, 2018). In recent years, there has been an increase in research on the export competitiveness of
China’s agricultural products. Such research can be divided into three categories: the first is comprehensive analysis
(Fetscherin et al., 2010); the second is measuring and analyzing trade competitiveness (TC) index and revealed
comparative advantage (RCA) index (Cai et al., 2007; Li et al., 2007; Si et al., 2012; Liao and Liao, 2016); and the
third is exploring the key factors affecting the export competitiveness of agricultural products through establishing an
econometric model (Zhang and Qiao, 2011; Li and Ding, 2016; Wang et al., 2016).
This study takes six representative agricultural products as research objects, i.e., live pigs, live chickens, live
cattle, apples, tea, and beer, and measures their export competitiveness by using two evaluation indices: TC
index and RCA index. We first make a longitudinal analysis of a single agricultural product. Then, a horizontal
comparative analysis of the export competitiveness of the six agricultural products is undertaken to further
determine which agricultural products contribute more to China’s exports based on the measurement results
(Long, 2018).

2. Data resources and methods
2.1. Data resources
The sample for this study is composed of six representative agricultural products from Chinese mainland, i.e.,
live pigs, live chickens, live cattle, apples, tea, and beer. The sample period is from 1994 to 2013.
The reason for choosing these six representative agricultural products is that there are some typical problems in the
exports of live pigs, live chickens, and live cattle at this stage (Waldron et al., 2018; Jin and Xu, 2019; Li et al., 2020;
Martinez et al., 2021). In particular, the exports of such fresh agricultural products face many problems in the
international arena. The export status of apples reflects the widespread problems in China’s fruit exports (Snyder and
Ni, 2017). Although tea is an agricultural product that China has traditionally enjoyed an advantage, the country has
faced more and more challenges in the international market in recent years (Jin, 2019). Moreover, China is a major
consumer of alcoholic products as well as a major producer and exporter. Beer is accepted by consumers in almost all
countries. Therefore, the international trade of beer is representative of the alcohol trade (Török et al., 2020).
In order to facilitate comparative analysis and improve accuracy, we selected a single data source for each
index. If there are big differences among the different data sources used for an index, appropriate corrections are
made. The basic principle is that the data for China’s imports and exports of agricultural products should be based
on the statistics available from the National Bureau of Statistics of China (NBSC) (2018), whereas the data for the
world total import and export should be based on the Food and Agriculture Organization of the United Nations
(FAO) (2018) database. Some abnormal data are filtered out using statistical methods.

2.2. Measurement of trade competitiveness (TC) index
The formula of measuring TC index is as follows:
TCij=(Xij–Mij)/(Xij+Mij),
(1)
where TCij refers to the ratio of “exports minus imports” of product j in country i to the total import and export
trade of such product; Xij represents the export value of the jth product in the ith country (or region); and Mij
represents the import value of the jth product in the ith country (or region) (Wei, 2005).
If country i imports smaller quantities of agricultural products than it exports, the export competitiveness of its
agricultural products is considered stronger. The export competitiveness of products, as reflected by TC index, is
shown in Table 1, and the value of TC index is between –1.000 and 1.000.

2.3. Measurement of revealed comparative advantage (RCA) index
RCA index, which is calculated from trade data, was developed by Balassa (1977). As the trade performance of
agricultural products is the ultimate embodiment of their competitiveness, RCA index shows the comparative
advantage of agricultural products and, more importantly, exhibits the level of agricultural competitive advantage
through the trade performance of agricultural products.
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Table 1
Trade competitiveness (TC) index level of the export competitiveness of agricultural products.
Index range
TC= –1.000
–1.000<TC≤ –0.500
–0.500<TC≤0.000
0.000<TC≤0.500
0.500<TC<1.000
TC=1.000

Export competitiveness level of agricultural products
Imports but does not export—no export competitiveness
Very poor export competitiveness
Poor export competitiveness
Strong export competitiveness
Very strong export competitiveness
Exports but does not import—strongest export competitiveness

The formula of RCA index can be expressed as:
RCAij=(Xij/Xi)/(Xwj/Xw),
(2)
where RCAij refers to the ratio of the export value of product j in the country i to the total export value of country i
and the export value of goods j in the world to the total export value of the world; Xij represents the export value of
the jth product in the ith country (or region); Xi represents the total export volume of all products in the ith country
(or region); Xwj represents the total output of the jth product in the world; and Xw represents the total export value
of all products in the world (Hinloopen and Van Marrewijk, 2001; Shuai et al., 2003; Liu, 2009).
Generally, the greater the RCA index, the greater the comparative advantage of the products. If the value of
RCA index is greater than 1.000, this indicates that RCA index of the country or region in this type of product is
improving; if the value of RCA index is less than 1.000, this indicates that the product’s comparative advantage is
weakening. Given other conditions, the export competitiveness of agricultural products will be stronger (Table 2).
Table 2
Revealed comparative advantage (RCA) index level of the export competitiveness of agricultural products.
Index range
RCA≥2.500
1.250≤RCA<2.500
0.800≤RCA<1.250
RCA<0.800

Export competitiveness level of agricultural products
Very strong export competitiveness
Strong export competitiveness
Medium export competitiveness
Weak export competitiveness

3. Results
3.1. TC index
3.1.1. TC index for the six agricultural products
It is evident from Table 3 that the mean (0.729) and median (0.729) values of TC index for tea were the highest
among the six agricultural products, indicating tea had a very strong export competitiveness compared with the
other five agricultural products. However, the mean (–0.414) and median (–0.399) values of TC index for beer
were the lowest, implying beer had a poor export competitiveness than the other five agricultural products.
Table 3
Descriptive statistical analysis of TC index for the six agricultural products in China from 1994 to 2013.
Product
Mean
Median
Maximum
Minimum
Standard deviation
Live pigs
0.009
0.006
0.119
–0.048
0.045
Live chickens
–0.171
–0.150
0.054
–0.439
0.160
Live cattle
–0.186
–0.217
0.314
–0.763
0.405
Apples
0.076
0.201
0.464
–0.477
0.338
Tea
0.729
0.729
0.806
0.651
0.043
Beer
–0.414
–0.399
−0.218
–0.630
0.111
Note: All data were calculated by the raw data from the Food and Agriculture Organization of the United Nations (FAO) (2018) and the
National Bureau of Statistics of China (NBSC) (2018). The data sources of the following tables are the same as in Table 3.

In terms of the maximum value of TC index among the six agricultural products, TC index of tea was 0.806,
which is close to 1.000, indicating that its export competitiveness was the strongest compared with the other five
agricultural products during 1994–2013. However, the maximum value of TC index for beer was negative (–0.218),
which indicates that beer’s export competitiveness was poor from 1994 to 2013. Regarding the minimum value of
TC index, live cattle (–0.763) had the smallest value among the six agricultural products, indicating that the export
competitiveness of live cattle was very poor compared with the other five agricultural products.
In terms of the standard deviation of TC index, live cattle (0.405) had the largest value, implying that the export
competitiveness of live cattle was unstable compared with the other five products from 1994 to 2013. However,
tea had a smallest standard deviation (0.043) among the six agricultural products, suggesting that the export
competitiveness of tea was very stable compared with the other five products.

3.1.2. TC index for a single agricultural product
Live pigs accounted for a certain proportion of foreign trade in agricultural products, and TC index varied in
different years. It can be seen from Table 4 that TC index of live pigs fluctuated greatly from 1994 to 2013. There were
two continuous growth cycles: from 1994 (TC index of –0.031) to 1998 (0.061) and from 2003 (–0.024) to 2007
(0.119). At the same time, there was a short and continuous declining cycle from 1999 (0.018) to 2001 (–0.006).
However, TC index value was mostly negative and the fluctuation range was small after 2009. Obviously, the export
competitiveness of live pigs has stayed at a low level in recent years, and there was a further trend of decline (Table 4).
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Table 4
TC index of the six agricultural products in China from 1994 to 2013.
Year
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

Live pigs
–0.031
0.004
0.022
0.041
0.061
0.018
0.009
–0.006
–0.004
–0.024
–0.001
0.017
0.035
0.119
0.094
–0.048
–0.045
0.010
–0.043
–0.044

Live chickens
–0.046
0.054
0.010
–0.027
–0.029
–0.055
–0.009
–0.064
–0.031
–0.103
–0.197
–0.246
–0.225
–0.233
–0.268
–0.348
–0.365
–0.422
–0.382
–0.439

Live cattle
0.168
0.223
0.223
0.241
0.289
0.314
0.301
0.203
–0.093
–0.486
–0.711
–0.448
–0.217
–0.238
–0.217
–0.420
–0.664
–0.719
–0.763
–0.699

Apples
–0.477
–0.446
–0.321
–0.283
–0.324
–0.267
–0.150
–0.120
0.050
0.166
0.235
0.271
0.348
0.283
0.364
0.464
0.437
0.415
0.427
0.454

Tea
0.667
0.651
0.662
0.721
0.738
0.719
0.723
0.711
0.744
0.760
0.777
0.780
0.763
0.775
0.806
0.758
0.685
0.704
0.701
0.735

Beer
–0.218
–0.311
–0.423
–0.395
–0.470
–0.630
–0.625
–0.612
–0.475
–0.417
–0.403
–0.396
–0.329
–0.316
–0.294
–0.315
–0.362
–0.383
–0.436
–0.462

We can obtain from Table 4 that TC index of live chickens generally showed a downward trend from 1994 to
2013, indicating that the export competitiveness of live chickens was progressively deteriorating. From 1994 to
2002, TC index of live chickens fluctuated slightly between –0.100 and 0.100, and showed a slight increase during
2005–2006 and 2011–2012. However, TC index of live chickens declined rapidly during the periods of 2002–
2005, 2006–2011, and 2012–2013. Obviously, the export competitiveness of live chickens in China was poor over
the study period, while TC index of live chickens has been trending toward breaking through –0.500 (Table 4),
indicating that the export competitiveness of live chickens has been getting worse.
TC index of live cattle was positive from 1994 to 2001 but negative after 2002. This shows that the export
competitiveness of live cattle has changed from strong to weak and is at a disadvantage in the international markets.
From the perspective of the trend of TC index, there are several characteristic stages of notable change, with two
rising stages (1994–1999 and 2005–2006), two declining stages (2000–2004 and 2009–2012), and one basically
unchanged period (2007–2008). In terms of the two rising stages, the rise during 1994–1999 was relatively slow, but
it was relatively rapid during 2005–2006. However, the two declining stages of 2000–2004 and 2009–2012 were
more drastic. Therefore, TC index level of live cattle was low and extremely unstable in general (Table 4).
TC index of apples during the study period was between –0.500 and 0.500. Specifically, TC index of apples
from 1994 to 2001 was greater than –0.500 but less than 0.000, indicating that its export competitiveness level was
poor over the eight years. However, from 2002 to 2013, TC index of apples was greater than 0.000 but less than
0.500, indicating that its export competitiveness level was strong. Obviously, TC index of apples increased from
1994 to 2013, with a small fluctuation from –0.477 in 1994 to 0.454 in 2013, and the export competitiveness of
apples changed from poor to strong. There was a further increasing trend after 2013, which is expected to exceed
0.500 (Table 4). In addition, the export competitiveness of apples increased rapidly during 1995–1996, 1998–
2000, 2001–2003, 2005–2006, and 2007–2009. The growth in other years was slow or even slightly declining, but
this did not affect the overall trend of TC index for apples becoming larger.
A tendency that can be noted from Table 4 is that TC index of tea was between 0.600 and 0.900 from 1994 to 2013,
indicating that the export competitiveness of tea was very strong during this period. Specifically, TC index of tea was
0.651 in 1995, which was the lowest value during the study period, showing that this was the worst year for its export
competitiveness. In 2007, TC index of tea was 0.806, implying that this was the year with the strongest export
competitiveness. Moreover, TC index of tea fluctuated slightly from 1994 to 2013, which shows that tea enjoyed a
strong and stable export competitiveness and was one of the dominant products among China’s agricultural exports.
TC index of beer in China was between –1.000 and 0.000 from 1994 to 2013. It was only greater than –1.000
but less than –0.500 in 1999, 2000, and 2001, indicating that the export competitiveness of beer was very poor in
these three years. In the remaining 17 years, the export competitiveness of beer was also poor. We can obtain from
Table 4 that TC index of beer showed a downward trend from 1994 to 2013. Specifically, it decreased rapidly
during 1994–1996 and 1997–1999, increased during 1996–1997 and 2001–2008, and further decreased year by
year from 2008 to 2013.

3.1.3. Comparative analysis of TC index among the six agricultural products
The six agricultural products had different TC index values from 1994 to 2013; the differences are shown in Table
4. TC index values of live pigs, live chickens, live cattle, apples, tea, and beer ranged from –0.763 in 1994 to 0.806 in
2013 and the six agricultural products were quite different from each other in terms of the export competitiveness.
One important change that can be seen from Table 4 is that TC index value was higher for tea than for the other
five agricultural products from 1994 to 2013, and the export competitiveness of tea was strong, implying that tea
is a dominant agricultural product in China and enjoys an export advantage. TC index values of live cattle and
apples changed greatly from 1994 to 2013. TC index of live cattle showed a major downward trend, whereas that
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of apples showed a major upward trend. However, there were only relatively small changes in TC index of live
chickens, live pigs, and beer during the study period.
TC index values of the six agricultural products in 1994 were ranked as follows (from big to small): tea>live
cattle>live pigs>live chickens>beer>apples. However, due to TC index of live chickens (0.054) was higher than
that of live pigs (0.004) in 1995, TC index values of the six agricultural products in this year were ranked as
follows (from big to small): tea>live cattle>live chickens>live pigs>beer>apples.
TC index of live chickens obviously fluctuated and was overtaken by that of live pigs in 1996. At the same
time, TC index of apples (–0.321) surpassed that of beer (–0.423). Therefore, TC index values of the six
agricultural products from 1996 to 2001 ranked from big to small were: tea>live cattle>live pigs>live
chickens>apples>beer. Because TC index of apples (0.050) in 2002 surpassed those of live pigs (–0.004), live
chickens (–0.031), and live cattle (–0.093), values of the six agricultural products from big to small (with TC
index of live cattle continuously decreasing to be lower than those of live pigs and chickens) were as follows:
tea>apples>live pigs>live chickens>live cattle>beer. Moreover, TC index values of the six agricultural products
from 2003 to 2013 were ranked as: tea>apples>live pigs>live chickens>beer>live cattle.

3.2. RCA index
3.2.1. RCA index for the six agricultural products
The mean of RCA index for live pigs from 1994 to 2013 was the highest among the six agricultural products
(Table 5), indicating that the export competitiveness of live pigs was stronger than that of the other five agricultural
products over the 20-year study period. However, the mean (0.174) and median (0.133) values of RCA index of live
cattle were the lowest among the six agricultural products and were all less than 0.800, implying that the export
competitiveness of live cattle was weaker than that of the other five agricultural products during the study period.
Table 5
Descriptive statistical analysis of RCA index for the six agricultural products in China from 1994 to 2013.
Product
Live pigs
Live chickens
Live cattle
Apples
Tea
Beer

Mean
3.039
1.704
0.174
1.169
2.813
0.416

Median
2.045
0.958
0.133
1.159
2.265
0.199

Maximum
6.947
4.342
0.409
1.397
6.393
1.469

Minimum
0.785
0.102
0.058
0.805
1.258
0.116

Standard deviation
2.330
1.653
0.120
0.154
1.492
0.431

With respect to the maximum value of RCA index of the six agricultural products, live pigs (6.947) ranked the
first, indicating that the export competitiveness of live pigs was very strong during the study period. However, the
maximum value of RCA index of live cattle was only 0.409, which indicates that the export competitiveness of
live cattle, on the whole, was weak during this period.
In terms of the minimum value of RCA index, live cattle (0.058) was ranked the lowest among the six
agricultural products, indicating that the export competitiveness of live cattle was the weakest compared with the
other five agricultural products during the two decades. Live pigs showed the largest standard deviation of RCA
index (2.330), which suggests that the export competitiveness of live pigs was unstable compared with the other
five products over the two decades. However, live cattle (0.120) was the lowest-ranked among the six agricultural
products in terms of the standard deviation of RCA index, indicating that the export competitiveness of live cattle
was very stable compared with the other five products.

3.2.2. RCA index in a single agricultural product
RCA index of live pigs was in a significant decline from 1994 to 2005, except for significant increases in 1997 and
1998; however, it has basically been in a stage of slow change since 2006. From a specific numerical point of view,
RCA index of live pigs was greater than 1.250 from 1994 to 2005, indicating that the export competitiveness of live
pigs was strong. Further, RCA index of live pigs was greater than 0.800 but less than 1.250 from 2006 to 2012,
indicating that the export power of live pigs was medium for seven consecutive years. However, in 2013, RCA index of
live pigs began to be lower than 0.800, implying that the export competitiveness of live pigs was weakening (Table 6).
RCA index of live chickens generally fluctuated from 1994 to 1998, showing an increase trend from 1994 to
1995, and basically remained stable from 1996 to 1998 (Table 6). In other years, except for a slight rebound in
2005, there was a continuous downward trend after 1999. Obviously, RCA index of live chickens was greater than
2.500 from 1994 to 2000, indicating that the export competitiveness of live chickens was very strong for these
seven consecutive years. Further, it was greater than 1.250 but less than 2.500 from 2001 to 2003, implying that
the export competitiveness of live chickens was strong. However, RCA index of live chickens started to be less
than 0.800 from 2004 to 2013, indicating that the export competitiveness of live chickens began to weaken.
It is evident from Table 6 that RCA index of live cattle was lower than 0.800 and generally showed a downward
trend from 0.409 in 1994 to 0.059 in 2013, indicating that the export competitiveness of live cattle was very low.
Among them, there was a slight recovery during 1995–1996, 1998–1999, 2003–2004, and 2008–2009. However,
RCA index of live cattle decreased rapidly during 1996–1997, 1999–2002, and 2004–2006.
RCA index of apples was generally below 2.500 but still greater than 0.800 from 1994 to 2013 (Table 6).
During the periods of 1994–1999 and 2002–2007 and in the year of 2013, RCA index of apples was greater than
0.800 but less than 1.250, indicating that the export competitiveness of apples was medium in these years.
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However, RCA index of apples was greater than 1.250 but less than 2.500 in the year 2000 and during the period
2008–2012, implying that the export competitiveness of apples was strong in these years.
Table 6
RCA index of six agricultural products in China from 1994 to 2013.
Year
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

Live pigs
6.947
6.079
5.237
6.329
6.581
5.678
4.415
3.658
3.105
2.338
1.751
1.264
1.040
0.943
1.055
0.853
0.837
1.006
0.876
0.785

Live chickens
3.815
4.342
4.211
3.399
3.413
3.521
3.455
2.271
1.835
1.410
0.476
0.506
0.329
0.239
0.196
0.168
0.147
0.123
0.113
0.102

Live cattle
0.409
0.373
0.388
0.275
0.267
0.275
0.242
0.185
0.141
0.126
0.143
0.109
0.082
0.070
0.066
0.079
0.064
0.058
0.061
0.059

Apples
0.872
0.805
1.098
1.089
1.021
1.124
1.364
1.251
1.248
1.165
1.221
1.135
1.117
1.090
1.275
1.397
1.332
1.324
1.295
1.154

Tea
6.393
5.180
5.092
4.004
3.655
3.996
3.461
3.137
2.512
2.356
2.173
1.965
1.903
1.758
1.450
1.424
1.258
1.491
1.571
1.483

Beer
1.239
1.469
1.076
0.952
0.787
0.368
0.323
0.273
0.267
0.232
0.165
0.136
0.137
0.125
0.134
0.142
0.116
0.131
0.120
0.122

RCA index of tea was above 1.250 in general from 1994 to 2013 (Table 6), indicating that the export
competitiveness of tea was strong over the two decades. Obviously, RCA index of tea was greater than 2.500 from
1994 to 2002, showing that the export competitiveness of tea was very strong for these consecutive years;
however, it was greater than 1.250 but less than 2.500 from 2003 to 2013, which indicates that the export
competitiveness of tea was strong for the 11 consecutive years.
RCA index of beer was generally low during 1994–2013, according to the results shown in Table 6. During the
20-year period, only RCA index value of beer from 1994 to 1997 was greater than 0.800, while it was lower than
0.800 in the remaining 16 years, indicating that the export competitiveness of beer was low. Moreover, RCA index
of beer generally showed a downward trend from 1.239 in 1994 to 0.122 in 2013, implying that the export
competitiveness level of beer was constantly decreasing. However, RCA index of beer was low but relatively
stable from 2005 to 2013, which suggests that the export competitiveness of beer was weak but relatively stable.

3.2.3. Comparative analysis of RCA index among the six agricultural products
RCA index values of the six agricultural products showed a variety of different patterns of change over the
20-year period studied (Table 6). It is evident from Table 6 that RCA index values of live pigs, live chickens, live
cattle, apples, tea, and beer were between 0.058 and 6.947 from 1994 to 2013, and therefore the export
competitiveness of the six agricultural products varied from weak to very strong, with considerable differences
among the product categories.
RCA index of apples showed a slow upward trend from 1994 to 2013 and the export competitiveness was
increasing. However, RCA index values of the other five agricultural products were declining. Among them, live
pigs, tea, and live chickens showed major declines in RCA index values, whereas beer and live cattle exhibited
only small decreases. This shows that the export competitiveness of live pigs, tea, and live chickens declined
more, while the export competitiveness of beer and live cattle was relatively low but stable.
RCA index values of the six agricultural products from 1994 to 1996 were ranked as follows: live pigs>tea>live
chickens>beer>apples>live cattle. However, RCA index of apple (1.089) was the first to surpass that of beer
(0.952) in 1997. Therefore, RCA index values of the six agricultural products from 1997 to 2003 were ranked as
follows: live pigs>tea>live chickens>apples>beer>live cattle.
As RCA index of tea (2.173) exceeded that of live pigs (1.751) in 2004, tea became the most competitive export
product among the six agricultural products. At the same time, RCA index of apples (1.221) surpassed that of live
chickens (0.476), making it the third-most competitive export product.
Further, RCA index of apples in 2006 (1.117) surpassed that of live pigs (1.040), becoming the second-most
competitive product among the six agricultural products. Therefore, RCA index values of the six agricultural
products from 2006 to 2013 (from big to small) were: tea>apples>live pigs>live chickens>beer>live cattle.

4. Discussion and recommendations
4.1. Export standards of fresh agricultural products
Although China has established regional and/or national standards for the production and trade of fresh
agricultural products, many of them are still inconsistent with those of European Union, United States, and other
developed countries. More importantly, the quality and environmental standards of European Union, United
States, and other developed countries are constantly improving with the development of economy and technology.
This has generated an adverse effect on China’s agricultural exports (Deng et al., 2018; Erten and Leight, 2021).
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In order to promote China’s fresh agricultural products in foreign trade, it is necessary to vigorously promote
the production of green agricultural products. For this reason, China should formulate and promulgate a complete
set of standard systems for the technology, quality, and circulation of green agricultural products as soon as
possible. At the same time, one of the important conditions for promoting the export of agricultural products is the
comprehensive implementation of green agricultural product certification in accordance with international
standards (Li et al., 2015; Fu et al., 2018).

4.2. Export of agricultural products with regional characteristics
Because high-quality agricultural products with regional characteristics have unique, differentiated, and
significant comparative advantages, they have irreplaceable positions and advantages in the international markets.
Therefore, vigorously promoting the exports of high-quality agricultural products with distinctive regional
characteristics is one of the important and feasible measures for China’s agricultural exports in the future.
At present, China has devoted itself to promoting the production and trade of regional characteristic agricultural
products, but it has not yet formed a strong quality and brand advantage in the international markets. Therefore,
the governments should adopt corresponding policies and measures to promote the production and foreign trade of
export-oriented regional specialty agricultural products (Cvetković and Petrović-Ranđelović, 2017; Li et al., 2017;
Liu et al., 2020).

4.3. Export of processed agricultural products
Processed agricultural products have the advantages of long storage times, relatively simple transportation
conditions, and high added values compared with fresh agricultural products. The primary products of some
agricultural products, such as tea, are not suitable for the consumption habits of foreign consumers. Therefore, it is
easier to enter the international markets after deep processing of those agricultural products. At present, China’s
agricultural product-processing industry has great potentials in terms of enterprise scale, technology, and
innovative capabilities. If these potentials can be fully utilized, this would be highly conducive to the development
of China’s agricultural foreign trade (Erokhin et al., 2020; Wen et al., 2020; Knorr and Augustin, 2021).

5. Conclusions
In this study, we employed two indices, i.e., TC index and RCA index, to measure and analyze the export
competitiveness of six agricultural products in China during the period 1994–2013, i.e., live pigs, live chickens,
live cattle, apples, tea, and beer, and further made vertical and horizontal comparison analyses among these
agricultural products.
The study indicates that the export competitiveness of tea and live pigs is relatively strong, the export
competitiveness of live cattle is relatively weak, and the export competitiveness of other agricultural products is
between them. Therefore, the export competitiveness of agricultural products in China should be further improved.
In order to improve the export competitiveness of agricultural products and promote sustainable agricultural
development, it is necessary to cut the export costs of agricultural products, accelerate agricultural technological
innovation, and implement agricultural policy support. In this case, China’s agricultural product exports can
account for an appropriate proportion of the world’s total agricultural product exports.
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An urban traffic ecosystem is a spatial structure composed of air, population,
vehicles, roads, green spaces, and regions. Traffic ecological resilience is a
critical issue in high-quality urban development. From the perspective of
system optimization, it is important to study the level of urban traffic
ecological resilience and analyze its influencing factors. In this study, we
evaluated traffic ecological resilience, characterized its spatio-temporal
differentiation, and explored its influencing factors by constructing a system
of urban traffic ecological resilience and by analyzing the environmental
protection and urban construction data in 31 Chinese cities during 2011–
2018. By conducting Kernel density analysis, standard deviation ellipse,
comprehensive weight determination, panel data regression analysis, and χ2
test, we found that traffic ecological resilience was low on the whole and
exhibited the temporal trend of “decreasing first and then increasing” and the
spatial characteristic of “high in the east, second in the middle, and low in
the west”. The cities with high traffic ecological resilience density values were
located in Southeast China and tended to move from northwest to southeast.
Governance capability, market activity, technological innovation capability,
opening degree, and financial resources had significant effects on urban
traffic ecological resilience. Finally, we gave some suggestions for improving
the urban traffic ecological resilience in Chinese cities as well as other
developing countries in the world.

1. Introduction
“Eco-city” was formally proposed by the United Nations Educational, Scientific and Cultural Organization
(UNESCO) in 1971, and after further elaborated by Yanitsky (1984) and Register (1987); it has become an important
trend in modern urban development. The call for building a “resilient city” triggered by fragile urban functions has
become a lively topic (Li, 2020; Xiao and Wang, 2020). The report of the 19th National Congress of the Communist
Party of China called for resolutely preventing pollution and forming spatial patterns, industrial structures,
production methods, and lifestyles that conserve resources and protect the environment. For this reason, Beijing
City, Shanghai City, Xi’an City, Hangzhou City, Yinchuan City, and other cities in China have adopted the
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development goal of building “ecological and livable cities”. Deyang City in Sichuan Province, Huangshi City in
Hubei Province, and Yiwu City and Haiyan County in Zhejiang Province have already joined the “100 Resilient
Cities in the World” (Zhang and Feng, 2018a).
Urban traffic ecology is a complex system composed of roads, land, energy, environment, and population. It is
an important part of the construction of ecological and livable cities and also an essential component of high-quality
urban development. Economic development and urbanization increase the pressure of urban traffic, as the increases
of urban population and vehicles. Consequently, air pollution and traffic congestion affect the pursuit of a healthy
lifestyle and the construction of ecological and livable cities. An understanding of urban traffic ecology has been
promoted by studies on the following ecological aspects: traffic environment (Von Rozycki et al., 2003; Van der
Ree et al., 2011), the effects of roads (Fahrig and Rytwinski, 2009; Cambi et al., 2015), the footprint of traffic (Xu
and Lin, 2015), the area of traffic (Van der Ree et al., 2015), the quality of roads (Xu and Xie, 2013), and driving
behavior. Some scholars also conducted multi-angle and comprehensive researches on road traffic, ecological
environment, and sustainable development (Forman and Alexander, 1998; Jiang et al., 2007; Karlson et al., 2014;
Wang, 2016; Ma et al., 2017). However, the overall function of traffic ecosystem has not been studied; therefore,
we examined urban traffic ecology in this study.
Resilience was first used in the fields of mechanics and physics to indicate the property of an object returning to its
original state after being deformed by an external force (Wei, 2019). The concept of resilience has undergone a threestage evolution, from engineering resilience to ecological resilience, and then to evolutionary resilience (Ni and Li,
2020). Holling (1973) first introduced the term of “resilience” in ecology and social ecology to describe the continuity
of the internal structure in a system and its ability to withstand interference from external factors (Su, 2015; Chen et al.,
2017). Since then, the theory of resilience has been extended to many fields, such as engineering management, disaster
management, social management, economic development, and social ecology (Chen and Li, 2017). The
Intergovernmental Panel on Climate Change (IPCC, 2007) defined resilience as the ability of a society or ecosystem to
absorb disturbances while maintaining basic structures and functions. Pan and Li (2019) reported that resilience is the
ability to self-construct and adapt to pressure and change. Furthermore, resilient cities are the application and expansion
of resilience theory to urban management, which is the ability of an urban system to digest and absorb external
disturbances and maintain the original structure and key functions (Resilience Alliance, 2007; Li, 2017; Qiu, 2017).
Researchers have described a three-stage development from an ecosystem to a social ecological system to cope with
long-term uncertainty (Li, 2017), by focusing on influencing factors, urban planning, resilience evaluation, and the
evolution mechanism of resilient cities (Desouza et al., 2013; Burton, 2015; Arabindoo, 2016; Fainstein, 2018). Some
studies on Chinese cities have improved the understanding of resilient cities (e.g., Shao and Xu, 2015; Ouyang and Ye,
2016; Xiu et al., 2018; Zhang et al., 2018). For example, Liu and Hua (2014) and Liao et al. (2015) studied the
relationship between urban planning and urban resilience. Bai et al. (2019) and Zhu and Sun (2020) analyzed the
temporal and spatial differentiation of urban resilience and its influencing factors. Some scholars have used the
quantitative evaluation to assess the resilience of urban functions. For instance, Li et al. (2016) performed a quantitative
assessment of urban infrastructure resilience, and Chen and Li (2019) established an evaluation index system of water
ecological resilience. However, the quantitative evaluation of urban traffic ecological resilience is relatively few.
Urban traffic ecology not only covers the spatial function system of “production-life-ecology” (Li and Fang,
2016), but also embodies self-regulating and repairing resilient city functions. Rapid population growth, fast
expansion of urban areas, sharp increase in the number of vehicles, inadequate risk estimation, and insufficient
ecological protection and financial support have caused urban traffic ecosystems in developing countries to face
new challenges, such as insufficient functional redundancy planning, lack of absorptive capacity, and weak system
restoration capacity. Urban traffic ecological resilience has become an important factor affecting the high-quality
development of cities. Urban traffic ecological resilience requires scientific evaluation and identification of the key
factors influencing urban planning and construction in developing countries.
Many factors can affect urban resilience; therefore, there are many methods to measure the level of urban
resilience. Francis et al. (2014) stated that “resistant capacity, absorptive capacity, and restorative ability” are the
three major abilities of resilience. The Resilience Alliance (2007) specified three essential characteristics of
resilience: withstanding changes and maintaining control, self-organizing, and adaptive capabilities. Zhu and Sun
(2020) evaluated urban resilience from four subsystems: economy, society, ecology, and engineering. There has
been much research on elements of traffic ecology, such as industrial pollution, motor vehicle emissions, domestic
pollution (Yang, 2013), road area, road network density, public traffic system, infrastructure level (Xu et al., 2012),
precipitation, population density (Chen et al., 2015), urban greening (Zhang and Yan, 2015), car ownership and
built-up area (Ding et al., 2016), wind speed, and the number of motor vehicles (Wang, 2016). Although these
studies can help us to understand the relationship between resilience and its influencing factors, including urban
environment, traffic, and air quality, there is no comprehensive index to measure urban traffic ecological resilience.
From the perspective of the integration of “production-life-ecology” in traffic ecosystem, we proposed a
theoretical framework and an evaluation system for urban traffic ecological resilience based on previous studies.
Specifically, we conducted a quantitative evaluation of urban traffic ecological resilience and investigated its spatiotemporal differentiation in 31 Chinese cities during 2011–2018. Finally, some practical suggestions regarding urban
planning and comprehensive traffic management were put forward to provide reference for Chinese government
and other developing countries in the world.
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2. Research framework and methods
2.1. Research framework
Traffic ecosystem is a multifunctional composite system composed of population, vehicles, roads, bridges,
supporting facilities, and environment. In the integrated ecological system of “production-life-ecology”, various
factors interact, influence, coexist, and promote each other (Fig. 1).

Fig. 1. Urban traffic ecosystem and traffic ecological resilience evaluation diagram.
Urban traffic ecosystem consists of three layers. The first layer is active layer, which is mainly composed of
population, vehicles, roads, bridges, supporting facilities, and environment. These elements are interdependent and
interconnected in organic systems. The second layer is presentation layer, which is composed of traffic
inconvenience, traffic jams, poor roads, air pollution, and noises. This layer manifests external results of the
interactions within active layer. The third layer is adjustment layer comprising comprehensive traffic ecological
measures, including traffic diversification, green travel, intelligent management, function modularization, and rapid
population flow, which promotes a virtuous cycle of the traffic ecosystem. The operation and resilience of a traffic
ecosystem are interrelated and interactive. The multifactor function of active layer reflects the resistant capacity of
traffic ecological resilience. The multi-index representation of presentation layer reflects the absorptive capacity of
traffic ecological resilience. The multi-action effect of adjustment layer represents the restorative capacity of traffic
ecological resilience.

2.2. Research methods
2.2.1. Comprehensive weight determination method
A combination of the analytical hierarchy process, entropy method, and factor analysis method was used to
determine the weight of traffic ecological resilience. First, the three methods were applied to determine the weight
from different perspectives, and then the final weight was calculated as the sum of multiplying the three weights by
different proportions. The analytical hierarchy process was conducted as follows. First, 22 experts were invited from
the traffic and environmental protection fields across the country. According to the relative importance of each factor
in each level, we compared the scores in pairs to form a matrix. Thus, the weight vector was calculated using the
asymptotic normalization coefficient method. Then, we tested the correspondence of the index system. For the
application of the entropy method, n samples and m index were selected to form a new index zij using dimensionless
theory, and then the proportion of sample i under index j was calculated to obtain the entropy value of index j.
Subsequently, the information value was determined and the weight of each index was obtained. For the factor
analysis method, we first normalized the original data using the Z-score standardization method, and tested the
reliability by calculating the Kaiser-Meyer-Olkin (KMO) value and using Bartlett’s test. Then, we performed
principal component analysis and orthogonal rotation method and extracted the common factor according to the
standard of the eigenvalue greater than 1. Next, we calculated the factor score coefficient matrix and finally obtained
the index weight based on the factor score coefficient and principal component factor weight.

2.2.2. Standardization method
We used the range standardization method to normalize the index to eliminate the influence of dimension and
magnitude between the index data. Positive and negative indices had different meanings; that is, the higher the
positive index value is, the better the result is, and the lower the negative index value is, the better the result is.
Therefore, we used different algorithms to standardize the data of positive index (Eq. 1) and negative index (Eq. 2)
(Liu et al., 2021).
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where yit is the ith index in year t after standardization index value; xit is the original data of the ith year; min{xit} is the
minimum value of the ith index; and max{xit} is the maximum value of the ith index.
yit 
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(3)

Di   w j xij ,
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where Di is the traffic ecological resilience value in city i; wj is the weight of each index; and xij is the index j in city i.

2.2.3. Kernel density analysis
Kernel density analysis is a spatial data analysis method using continuous gray value planes to express the
distribution characteristics of regional elements (Hu et al., 2018). Kernel density analysis method uses ArcGIS tool
to estimate the regional point pattern density by analyzing the data of the moving cells. Kernel density analysis
describes the spatial evolution characteristics and generates an isoline density map to reflect the rules of spatial
distribution changes. The value line represents the trend of spatial change, where the peak area represents the dense
area, and vice versa (Hu et al., 2018). The calculation equation is as follows:
n
1 s  ci
(4)
f (s)   2 k (
),
h
i 1 h
where f(s) is the Kernel density calculation function; n indicates the number of element points whose distance satisfies
s≤h (s is the spatial position of a city and h denotes the distance attenuation threshold); k is the spatial weight function;
and ci is the center of a point.

2.2.4. Standard deviation ellipse
The standard deviation ellipse is the standard distance of the horizontal and vertical axis ellipse calculated from the
mean center of the cluster of research objects, and then the axis of the ellipse is defined using this value. The center
point represents the relative position of the spatial distribution of geographic elements. The azimuth angle reflects the
main trend direction of distribution. The long axis represents the dispersion degree of geographic elements in the main
trend direction, and the short axis means the dispersion degree of geographic elements in the secondary direction (Hu
et al., 2018).

2.2.5. χ2 test
χ2 test is a commonly used nonparametric test method, which detects the difference between the actual frequency
and the expected frequency at a certain significance level by comparing two or more frequencies. The basic formula
of the test is as follows (Polemis, 1959):

（A  T）2 ,
T

2  

(5)

where A is the actual frequency, that is, the observed value; and T is the expected frequency. The calculation formula
of expected frequency is as follows:

TRC 

N R NC ,
N

(6)

where TRC is the expected frequency of row R and column C; NR is the total number of the corresponding rows; NC is
the total number of the corresponding columns; and N is the sum of all the observed values.
The first step of χ2 test is to establish the original hypothesis H0 and the alternative hypothesis H1. The second step
is to calculate the expected frequency according to the theoretical experience or theoretical distribution. The third step
is to calculate the sample χ2 value according to the actual frequency and the expected frequency. If the calculated χ2
value is greater than the critical value, the original hypothesis H0 will be accepted; otherwise, the alternative
hypothesis H1 will be accepted (Qian, 2008).

2.2.6. Regression model
Many researchers have reported that per capita total social consumer retail sales, technological innovation
power, financial resources, fiscal revenue, export trade, and foreign investment had strong effects on urban traffic
ecological resilience (Wei et al., 2013; Wang, 2016; Zheng, 2016; Wang et al., 2017; Zhang et al., 2018; Zhang
and Feng, 2019). Thus, we constructed an urban transportation ecological resilience model as follows:
(7)
TERESit  α  β1  ln(Financit )  β2  Consumit  β3  ln(Patent it )  β4  ln(Ftradeit )  β5  ln(Deposiit )  ε ,
where TERESit is the explained variable, which represents the traffic ecological resilience value of city i in year t;
α is a constant term; Financit represents the per capita fiscal revenue of city i in year t (10,000 CNY), which is a
measure of governance capability; Consumit represents the total retail sales per capita of city i in year t (10,000
CNY), which is a measure of market activity; Patentit represents the number of patents granted of city i in year t
(piece), which is a measure of the city’s technological innovation capability; Ftradeit represents the per capita total
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import and export trade of city i in year t (USD), which is a measure of the city’s opening degree; Deposiit is the
proportion of deposits of financial institutions to GDP in city i in year t (%), which is a measure of the city’s financial
resources; β1, β2, β3, β4, and β5 are the coefficients of the explanatory variables; and ε is the error term.
According to Equation 7, we set and measured the dependent and independent variables of the regression model,
as shown in Table 1.
Table 1
Descriptions of variables used in this study.
Variable

Variable meaning
Traffic ecological
resilience level

Variable measurement
Urban traffic ecological resilience
value of city i in year t

Financit

Governance capability

Per capita fiscal revenue of city i
in year t (10,000 CNY)

Independent

Consumit

Market activity

Total retail sales per capita of city
i in year t (10,000 CNY)

Independent

Technological innovation Number of patents granted of city
capability
i in year t (piece)

Independent

TERESit

Patentit

Variable type

Data source

Dependent

Calculation

Ftradeit

Opening degree

Per capita total import and export
trade of city i in year t (USD)

Independent

Deposiit

Financial resource

Proportion of deposits of
financial institutions to GDP in
city i in year t (%)

Independent

China Statistical Yearbook
(National Bureau of Statistics
of China, 2011–2019)
China Statistical Yearbook
(National Bureau of Statistics
of China, 2011–2019)
China Statistical Yearbook
(National Bureau of Statistics
of China, 2011–2019)
China Statistical Yearbook
(National Bureau of Statistics
of China, 2011–2019)
China Statistical Yearbook
(National Bureau of Statistics
of China, 2011–2019)

2.3. Index composition and meaning
Based on the above-mentioned descriptions, we focused on control ability, self-organization ability, and
adaptability under the framework of “resistant capacity, absorptive capacity, and restorative ability”. From the aspects
of economy, society, ecology, and engineering, we built an index system in which constituent elements of traffic
ecosystem were the main indices. The index system was composed of 30 indices, among which resistant capacity was
the operating state of traffic ecological elements that reflected the functional redundancy of the existing system.
Resistant capacity was composed of 10 indices, which represented the traffic impact and pressure (A1–A5) and the
ecological destructive power and pollution degree (A6–A10). The smaller the degree of impact, pressure, destructive
power, and pollution, the greater the functional redundancy and traffic ecological resistance. Absorptive capacity was
the supply capacity of traffic ecological resources, which reflected the inclusive absorption of external disturbances.
Absorptive capacity was composed of 10 indices that represented the capacity of traffic allocation and supply (B1–
B5) and the capacity of ecological purification and tolerance (B6–B10). The greater the allocation power, supply
power, purification power, and tolerance power, the higher the traffic ecological absorptive capacity. Restorative
ability was the development speed of traffic ecology, which reflected the inherent potential of responding to crises.
Restorative ability consisted of 10 indices that represented the potential transportation and support power of
transportation (C1–C5) and the potential promotion power of ecology, industry, and management (C6–C10). The
greater the potential transportation, support, and promotion power, the higher the traffic ecological and restorative
ability. On this basis, we used a combination of analytic hierarchy process, entropy method, and factor analysis
method to determine the weight of each index, as shown in Table 2.
The evaluation index system of traffic ecological resilience was different from the urban community resilience
evaluation index system that had five dimensions including infrastructure, society, economy, institutions, and nature
(Joerin et al., 2012). It was also different from the regional resilience evaluation index system that had five different
dimensions including society, economy, infrastructure, institutions, and environment (Cutter et al., 2014). The index
system focused on the traffic ecosystem, highlighted the factors such as population, vehicles, roads, and green lands,
considered the resilience from the three aspects of production, life, and ecology, and investigated the resilience from
the three aspects of resistance, absorption, and recovery. Thus, the ecological resilience of urban traffic can be
evaluated more reasonably.

2.4. Data sources
In this study, the data of indices A1–A5 are from the China Statistical Yearbook (National Bureau of Statistics of
China, 2011–2019), the data of index A6 are from the China Vehicle Environmental Management Annual Report
(Ministry of Ecology and Environment of the People’s Republic of China, 2011–2019a), the data of indices A7–A10
are from the China Statistical Yearbook on Environment (Ministry of Ecology and Environment of the People’s
Republic of China, 2011–2019b), the data of indices B1–B7 and B10 are from the China Urban Construction
Yearbook (Ministry of Housing and Urban-Rural Development of the People’s Republic of China, 2011–2019), the
data of indices B8–B9 are from the China Ecological Environmental Bulletin (Ministry of Ecology and Environment

216

Regional Sustainability 2021 Vol. 2 No. 3

of the People’s Republic of China, 2011–2019c), the data of indices C1–C4 are from the China Traffic Yearbook
(Ministry of Transport of the People’s Republic of China, 2011–2019), and the data of indices C5–C10 are obtained
from the National Bureau of Statistics of China (http://www.stats.gov.cn/).
Table 2
Evaluation index system of traffic ecological resilience.
Target
layer

Criterion
layer

Resistant
capacity (A)

Traffic
ecological Absorptive
resilience capacity (B)

Restorative
capacity (C)

Index layer

Index meaning

Comprehensive
weight

Type

Index
direction

0.076

Population/Society

–

0.072

Vehicle/Economy

–

0.097

Vehicle/Economy

–

0.038

Vehicle/Economy

0.079

Vehicle/Economy

–

0.046

Air/Ecology

–

0.027

Air/Ecology

–

0.018

Air/Ecology

–

0.051

Air/Ecology

–

0.011

Environment/Ecology

–

0.026

Road/Engineering

+

0.037

Road/Engineering

+

0.031

Road/Engineering

+

0.028

Bridge/Engineering

+

0.017

Road/Engineering

+

0.009

Green space/Ecology

+

0.017

Air/Ecology

+

0.025

Climate/Ecology

+

0.012

Climate/Ecology

+

0.010

Road/Society

+

0.100

Vehicle/Economy

+

0.039

Vehicle/Economy

+

0.017

Vehicle/Economy

+

0.014

Vehicle/Economy

+

0.023

Supporting/Economy

+

0.020

Air/Engineering

+

0.014

Green space
/Engineering

+

0.022

Ecology/Economy

+

0.012

Management
/Economy

+

0.012

Management/Society

+

Population density in the main Reflecting the population’s traffic
urban area (A1)
pressure
Density of civil vehicles in the
Reflecting the traffic pressure of cars
main urban area (A2)
Reflecting the traffic shock of people
Passenger traffic (A3)
flow
Reflecting the traffic shock of
Freight volume (A4)
logistics
Reflecting the traffic shock of traffic
Average traffic volume (A5)
flow
Motor vehicle exhaust and
Reflecting the ecological destructive
particulate matter emissions
power of motor vehicle emissions
(A6)
Reflecting the ecological destructive
Industrial waste gas and dust
power of industrial production
emissions (A7)
emissions
Domestic waste gas and dust Reflecting the ecological destructive
emissions (A8)
power of residents’ life emissions
Comprehensive air quality
Reflecting the degree of air pollution
index (A9)
Road traffic equivalent sound
Reflecting the degree of noise
level (A10)
pollution
Reflecting the resource allocation
Per capita road area (B1)
power of the road network
Road network density in built- Reflecting the traffic supply capacity
up area (B2)
of the road network
Per capita rail transit mileage
Reflecting the evacuation force of
(B3)
rapid traffic passenger flow
Number of bridges per
Reflecting the bridge’s traffic
kilometer of municipal roads
support
(B4)
Reflecting the capacity of slow
Per capita sidewalk area (B5)
traffic
Green coverage rate in built-up
Reflecting ecological selfarea (B6)
purification
Proportion of days with good Reflecting the ecological tolerance
air (B7)
of air
Reflecting the ecological protection
Average annual rainfall (B8)
of rainfall
Reflecting the air purification power
Average daily wind speed (B9)
of wind speed
Proportion of road cleaning and
Reflecting managed service response
cleaning area (B10)
Air transport passenger flow
Reflecting the potential conveying
growth (C1)
capacity of air transportation
Increase in passenger traffic by Reflecting the potential transmission
train (C2)
capacity of train transportation
Increase in bus operating
Reflecting the potential transport
mileage (C3)
capacity of public transportation
Increase in the number of
Reflecting the potential delivery
private cars (C4)
power of personalized traffic
Urban infrastructure investment Reflecting the potential support of
growth rate (C5)
supporting facilities
Increase in investment of waste
Reflecting the potential
gas treatment (C6)
improvement of air governance
Increase in investment of
Reflecting the potential lifting power
landscaping (C7)
of air improvement
Increase in added value of the Reflecting the potential lifting power
tertiary industry (C8)
of industrial structure optimization
Reflecting the potential
Increase in fiscal revenue (C9)
improvement of government
governance
Increase in the number of social Reflecting the potential promotion
organization units (C10)
power of social participation

Note: “+” means that the index layer is positive, and “–” means that the index layer is negative.
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3. Results and discussion
3.1. Urban traffic ecological resilience
We calculated urban traffic ecological resilience values in 31 Chinese cities from 2011 to 2018 using Equations
1–3, and the results are shown in Table 3.
Table 3
Urban traffic ecological resilience in 31 Chinese cities from 2011 to 2018.
City
Beijing
Tianjin
Shijiazhuang
Taiyuan
Hohhot
Shenyang
Changchun
Harbin
Shanghai
Nanjing
Hangzhou
Hefei
Fuzhou
Nanchang
Jinan
Zhengzhou
Wuhan
Changsha
Guangzhou
Nanning
Haikou
Chongqing
Chengdu
Guiyang
Kunming
Lhasa
Xi’an
Lanzhou
Xining
Yinchuan
Urumqi
Mean

2011
0.353
0.575
0.514
0.523
0.531
0.499
0.567
0.493
0.489
0.605
0.529
0.644
0.579
0.545
0.545
0.492
0.563
0.505
0.583
0.562
0.623
0.469
0.476
0.492
0.575
0.605
0.423
0.580
0.497
0.594
0.580
0.536

2012
0.340
0.582
0.410
0.483
0.517
0.477
0.514
0.474
0.438
0.572
0.517
0.573
0.547
0.549
0.502
0.442
0.544
0.479
0.574
0.518
0.600
0.449
0.442
0.469
0.525
0.622
0.365
0.497
0.418
0.508
0.523
0.499

2013
0.376
0.286
0.194
0.241
0.264
0.252
0.285
0.238
0.250
0.338
0.300
0.308
0.299
0.296
0.287
0.250
0.318
0.271
0.297
0.314
0.336
0.270
0.259
0.331
0.299
0.353
0.246
0.274
0.245
0.272
0.261
0.284

2014
0.386
0.276
0.213
0.230
0.281
0.236
0.276
0.244
0.270
0.321
0.305
0.309
0.309
0.304
0.288
0.270
0.296
0.271
0.323
0.336
0.353
0.274
0.250
0.289
0.293
0.350
0.263
0.277
0.208
0.263
0.259
0.285

Urban traffic ecological resilience
2015
2016
2017
2018
0.405
0.449
0.458
0.487
0.263
0.318
0.295
0.256
0.231
0.263
0.254
0.264
0.244
0.327
0.291
0.333
0.269
0.304
0.258
0.284
0.265
0.301
0.288
0.323
0.272
0.358
0.335
0.351
0.236
0.293
0.256
0.308
0.266
0.314
0.297
0.297
0.353
0.375
0.376
0.371
0.308
0.379
0.361
0.369
0.331
0.360
0.351
0.379
0.313
0.362
0.359
0.350
0.313
0.357
0.364
0.353
0.264
0.330
0.316
0.322
0.228
0.292
0.302
0.319
0.310
0.362
0.338
0.335
0.279
0.347
0.344
0.313
0.304
0.374
0.373
0.342
0.295
0.361
0.362
0.324
0.338
0.401
0.367
0.373
0.257
0.318
0.305
0.306
0.266
0.322
0.337
0.332
0.292
0.294
0.316
0.350
0.307
0.370
0.350
0.308
0.337
0.348
0.373
0.350
0.248
0.296
0.298
0.284
0.260
0.305
0.303
0.309
0.225
0.269
0.283
0.247
0.269
0.332
0.320
0.297
0.240
0.263
0.282
0.313
0.283
0.334
0.326
0.327

Mean value
0.407
0.356
0.293
0.334
0.339
0.330
0.370
0.318
0.328
0.414
0.384
0.407
0.390
0.385
0.357
0.324
0.383
0.351
0.396
0.384
0.424
0.331
0.336
0.354
0.378
0.417
0.303
0.351
0.299
0.357
0.340
0.359

Changing rate
0.380
–0.555
–0.486
–0.363
–0.465
–0.353
–0.381
–0.375
–0.393
–0.387
–0.302
–0.411
–0.396
–0.352
–0.409
–0.352
–0.405
–0.380
–0.413
–0.423
–0.401
–0.348
–0.303
–0.289
–0.464
–0.421
–0.329
–0.467
–0.503
–0.500
–0.460
–0.390

In Table 3, the mean value of traffic ecological resilience in 31 cities was 0.359, exhibiting a low traffic ecological
resilience on the whole. The mean value of traffic ecological resilience was highest in 2011 (0.536) and lowest in
2015 (0.283), presenting a trend of decreasing first and then increasing from 2011 to 2018. The result was similar
to the finding of a previous study in China (Zhang and Feng, 2018b). The change rate, i.e., the index difference
between 2011 and 2018 divided by the index value in 2011, was used to estimate the change of traffic ecological
resilience in 31 cities from 2011 to 2018. It was found that only Beijing had a positive change rate (0.380) with an
increasing trend, while the change rates of other cities were negative with a decreasing trend, of which Tianjin had
the largest declining (–0.555). This showed that the overall level of urban traffic ecology in China was not only low,
but also had an obvious downward trend.

3.2. Temporal and spatial differentiation characteristics of urban traffic ecological resilience
3.2.1. Temporal differentiation characteristics of urban traffic ecological resilience
We used the Jenks method in ArcGIS 10.2 (Xu and Fang, 2019) to divide urban traffic ecological resilience
values (Di) into three categories, i.e., Di≥0.438, 0.310≤Di<0.438, and Di<0.310, and compared them for periods of
2011–2012, 2013–2015, and 2016–2018 (Table 4). The average values of traffic ecological resilience for the three
periods were 0.517, 0.284, and 0.329, respectively.
As shown in Table 4, there were significant differences in frequency of urban traffic ecological resilience among
the three periods on the whole. Additionally, the average value of urban traffic ecological resilience was highest
during 2011–2012, lowest during 2013–2015, and moderate during 2016–2018 (Table 3). It meant that urban traffic
ecological resilience had an overall growth trend since 2013 after the 18th National Congress of the Communist
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Party of China, which was consistent with previous conclusion (Wang and Wang, 2021). The reason for this trend
might be the change of urban management policy, especially the implementation of the concept of ecological
civilization. This indicated that the changes of urban construction intensity, ecological governance measures, and
social management capacity in different periods may significantly affect the level of urban traffic ecological
resilience.
Table 4
Frequency of temporal differentiation of urban traffic ecological resilience (Di) in 31 Chinese cities during 2011–2018.
Period
2011–2012
2013–2015
2016–2018
Total

Di≥0.438
55
0
3
58

Actual frequency
0.310≤Di<0.438 Di<0.310
7
0
21
72
56
34
84
106

Total

Di≥0.438
21
15
22
58

62
93
93
248

Expected frequency
0.310≤Di<0.438 Di<0.310
30
38
21
27
33
41
84
106

Total
89
63
96
248

Note: χ2 is 245.13 and P value is 0.000, indicating that there are significant differences in urban traffic ecological resilience values among
different periods.

3.2.2. Spatial differentiation characteristics of urban traffic ecological resilience
Based on the three categories of urban traffic ecological resilience values, we divided the 31 cities into three
regions at the spatial scale, i.e., the eastern region (including 11 cities: Beijing, Tianjin, Shijiazhuang, Shenyang,
Shanghai, Nanjing, Hangzhou, Fuzhou, Jinan, Guangzhou, and Haikou), the central region (including 8 cities:
Changchun, Harbin, Taiyuan, Hefei, Nanchang, Zhengzhou, Wuhan, and Changsha), and the western region
(including 12 cities: Hohhot, Chongqing, Chengdu, Guiyang, Kunming, Lhasa, Xi’an, Lanzhou, Xining, Nanning,
Yinchuan, and Urumqi). The average values of urban traffic ecological resilience values in the three regions were
0.406, 0.397, and 0.359, respectively. χ2 values were statistically significant (Table 5).
Table 5
Frequency of spatial differentiation of urban traffic ecological resilience (Di) in the eastern region, the central region,
and the western region of the 31 Chinese cities.
Region
Eastern region
Central region
Western region
Total

Actual frequency
Di≥0.438 0.310≤Di<0.438 Di<0.310
21
36
31
19
22
23
21
26
49
61
84
103

Total
88
64
96
248

Di≥0.438
21
16
24
61

Expected frequency
0.310≤Di<0.438 Di<0.310
30
37
22
26
32
40
84
103

Total
88
64
96
248

Note: χ2 is 10.69 and P value is 0.030, indicating that there are significant differences in urban traffic ecological resilience values among
the eastern region, the central region, and the western region.

As shown in Table 5, there were significant differences in urban traffic ecological resilience among the eastern
region, the central region, and the western region. Specifically, the average value of urban traffic ecological
resilience of the eastern region was the highest, the value of the western region was the lowest, and the value of
the central region was moderate. The reasons for this difference might include the different geographical
conditions, economic development level, and urban population agglomeration degree in different regions. This
result reflected that urban traffic ecological resilience not only has regional difference and regional characteristics,
but also exhibits its own internal regularity in different regions.

3.3. Spatial evolution trend of urban traffic ecological resilience
3.3.1. Spatial density of urban traffic ecological resilience
Based on urban traffic ecological resilience values of each city, we used ArcGIS 10.2 software to perform Kernel
density analysis, and compared the values in 2011, 2013, 2015, and 2018. Using the Jenks method in ArcGIS 10.2 (Xu
and Fang, 2019), we divided Kernel density values of urban traffic ecological resilience into four categories (Table 6).
It can be seen from Table 6 that, in 2011, the cities with higher urban traffic ecological resilience density were
Nanjing, Hefei, Guangzhou, Haikou, Yinchuan, and Lhasa; Beijing was the city with the lowest urban traffic
ecological resilience density. In 2013, Beijing, Nanjing, Wuhan, Haikou, and Lhasa had the higher urban traffic
ecological resilience density, while the lower values were found in Harbin, Shijiazhuang, Taiyuan, Shanghai,
Zhengzhou, Xi’an, and Xining. In 2015, the cities with higher urban traffic ecological resilience density were Beijing,
Nanjing, and Haikou, and the cities with lower urban traffic ecological resilience density were Harbin, Shijiazhuang,
Taiyuan, Zhengzhou, Xi’an, Xining, and Urumqi. In 2018, Beijing and Hefei had the highest urban traffic ecological
resilience density, while Hohhot, Shijiazhuang, Tianjin, Xi’an, and Xining exhibited lower values.
The results showed that cities with high urban traffic ecological resilience density value tended to shift from
west to east. For example, Beijing had the lowest urban traffic ecological resilience density in 2011, but it gradually
became the city with the highest density value. Meanwhile, urban traffic ecological resilience density in southeast
coastal cities (e.g., Haikou, Guangzhou, Fuzhou, and Hangzhou) and southwest cities (e.g., Lhasa, Kunming, and
Nanning) was always relatively high. On the contrary, urban traffic ecological resilience density in northwest cities
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(e.g., Xining and Xi’an), southwest cities (e.g., Chongqing and Chengdu), and central cities (e.g., Zhengzhou and
Taiyuan) was always relatively low. It showed that the change of urban traffic ecological resilience density was
affected by many factors, such as collaborative management (Zhao et al. 2016), size-density-morphology (Xiu et
al. 2018), environmental pressure (Chen et al. 2019), and smart city (Wu, 2021).
Table 6
Type of Kernel density values of urban traffic ecological resilience of 31 Chinese cities in 2011, 2013, 2015, and 2018.
City
Beijing
Tianjin
Shijiazhuang
Taiyuan
Hohhot
Shenyang
Changchun
Harbin
Shanghai
Nanjing
Hangzhou
Hefei
Fuzhou
Nanchang
Jinan
Zhengzhou
Wuhan
Changsha
Guangzhou
Nanning
Haikou
Chongqing
Chengdu
Guiyang
Kunming
Lhasa
Xi’an
Lanzhou
Xining
Yinchuan
Urumqi

Type of Kernel density value
2013
2015
IV
IV
III
II
I
I
I
I
II
II
II
II
III
II
I
I
I
II
IV
IV
III
III
III
III
III
III
III
III
III
II
I
I
IV
III
II
III
III
III
III
III
IV
IV
II
II
II
II
II
III
III
III
IV
III
I
I
III
II
I
I
III
II
II
I

2011
I
III
II
II
II
II
III
II
II
IV
II
IV
III
III
III
II
III
II
IV
III
IV
II
II
II
III
IV
II
III
II
IV
III

Note: Kernel density values of I, II, III,
respectively; Kernel density values of I, II,
respectively; Kernel density values of I, II,
respectively; Kernel density values of I, II,
respectively.

2018
IV
I
I
II
I
II
III
II
II
III
III
IV
III
III
II
II
II
II
III
II
III
II
II
III
II
III
I
II
I
II
II

and IV in 2011 are 0.0010–0.3995, 0.3996–0.5028, 0.5029–0.5510, and 0.5511–0.8781,
III, and IV in 2013 are 0.0010–0.2381, 0.2382–0.2578, 0.2579–0.2995, and 0.2996–0.6261,
III, and IV in 2015 are 0.0010–0.2351, 0.2352–0.2624, 0.2625–0.3193, and 0.3194–0.6314,
III, and IV in 2018 are 0.0010–0.2699, 0.2670–0.3168, 0.3169–0.3581, and 0.3582–0.7025,

3.3.2. Standard deviation ellipse analysis
We calculated the ellipse spatial distribution situation and the parameters of standard deviation of urban traffic
ecological resilience value in each city using ArcGIS 10.2, and the results are shown in Table 7. We also explored
the center coordinates of traffic ecological resilience value in 31 cities (Table 8).
According to the standard deviation ellipse analysis, we found that the changes in the center of urban traffic
ecological resilience value in 31 Chinese cities shifted at the junction of Hubei and Henan. The coverage involved
all provinces, municipalities, and autonomous regions in the country except Tibet, Xinjiang, Heilongjiang, Jilin,
and Hainan. The standard deviation areas within the ellipse were the main regions with high ecological resilience
values for urban transportation in capital cities of provinces, autonomous regions, and municipalities. From the
perspective of the change range of the rotation angle, we found that it was distributed between 77.045° and 73.394°
from 2011 to 2018. It should be noted that the rotation angle dropped suddenly to 70.513° in 2016, which indicated
that the change in 2016 was obvious. Overall, urban traffic ecological resilience in the studied cities expanded
from west to east. From the perspective of the main axis, the standard deviation of the main semi-axis varied
between 12.589 and 12.759. From the perspective of the auxiliary axis, the standard deviation of the auxiliary
semi-axis was distributed from 9.066 to 9.232, which implied that urban traffic ecological resilience in the studied
cities expanded spatially from northwest to southeast.
The spatial expansion trend of traffic ecological resilience was from northwest to southeast, which implied that
traffic ecological resilience of southeast cities has been improving. That is, the traffic ecological governance ability
in southeast cities was high. The research showed that urban traffic ecological resilience of southeast cities where
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the economy, urban population, and development resources are relatively concentrated provides strong support
and large development space for the city overall.
Table 7
Standard deviation ellipse parameters of urban traffic ecological resilience values in 31 Chinese cities during 2011–
2018.
Standard deviation ellipse parameter
Rotation angle θ (°)
Standard deviation along the Y-axis (km)
Standard deviation along the X-axis (km)

2011
77.045
12.759
9.232

2012
75.959
12.839
9.241

2013
73.880
12.631
9.059

2014
73.530
12.550
9.117

2015
72.906
12.487
9.001

2016
70.513
12.352
8.972

2017
73.542
12.422
8.999

2018
73.394
12.589
9.066

Table 8
Changes in the center of urban traffic ecological resilience values in 31 Chinese cities during 2011–2018.
Center coordinates
Longitude (°E)
Latitude (°N)

2011
111.792
33.166

2012
111.844
33.065

2013
111.836
32.965

2014
111.917
32.902

2015
112.046
32.950

2016
112.207
32.993

2017
111.964
32.913

2018
112.153
33.182

3.4. Factors affecting urban traffic ecological resilience
3.4.1. Panel data unit root test
Using five common unit root test methods, including Levin-Lin-Chu test (LLC test) (Levin et al., 2002), ImPesaran-Shin test (IPS test) (Im et al., 2003), hypothesis test (HT test) (Harris and Tzavalis, 1999), Fisher test, and
Lagrange multiplier test (LM test) (Hadri, 2000), we examined the panel data of traffic ecological resilience in 31
cities (Table 9). The stable state test follows the principle of majority rule. That is, if three of the five tests show
stationarity, the sample panel data is stationary (Zhao and Jiang, 2013). According to this rule, we found that the
original sequence of the panel data was stable, and the original data could be used for regression analysis.
Table 9
Unit root test results of the panel data of traffic ecological resilience values in 31 Chinese cities.
Variable
TERES
ln(Financ)
Consum
ln(Patent)
ln(Ftrade)
ln(Deposi)

LLC test
–10.073
–6.280
–6.102
–2.857
8.133
–5.237

IPS test
–6.159
1.881
–5.920
–1.339
–3.151
1.242

HT test
–3.451
–6.908
–12.749
–4.708
–7.165
–4.234

Fisher test
222.811
134.154
228.902
164.173
139.855
143.035

LM test
10.781
6.659
3.870
9.056
8.133
9.778

Stable state
Stationary
Stationary
Stationary
Stationary
Stationary
Stationary

Note: TERES is the urban traffic ecological resilience; ln(Financ), ln(Patent), ln(Ftrade), and ln(Deposi) are the nature logarithms of the
per capita fiscal revenue, the number of patents granted, the per capita total import and export trade, and the proportion of deposits of
financial institutions to GDP, respectively; Consum is the total retail sales per capita; LLC test is Levin-Lin-Chu test; IPS test is ImPesaran-Shin test; HT test is hypothesis test; LM test is Lagrange multiplier test. , P<0.10; , P<0.05; , P<0.01. The statistic of Fisher
test is the one-sided right test value.

3.4.2. Panel data regression analysis
We conducted a regression analysis by analyzing the panel data. Hausman test was performed on the regression
model, and the fixed-effects model was selected. The results showed that all independent variables were significant
at the significance level of 0.10 (Table 10).
Table 10
Regression analysis of the panel data of traffic ecological resilience values in 31 Chinese cities.
Variable

Coefficient

Standard error

t value

P value

ln(Financ)
Consum
ln(Patent)
ln(Ftrade)
ln(Deposi)
Constant

–0.1279
0.0010
–0.0279
–0.1151
–0.1206
2.6915

0.0445
0.0005
0.0162
0.0521
0.0476
0.2508

–2.8800
2.2200
–1.7200
–2.2100
–2.5300
10.7300

0.004
0.027
0.087
0.028
0.012
0.000

Upper limit of
95% confidence
interval
–0.0403
0.0019
0.0041
–0.0124
–0.0267
3.1858

Lower limit of
95% confidence
interval
–0.2155
0.0001
–0.0599
–0.2178
–0.2145
2.1972

In Table 10, urban traffic ecological resilience (TERES) was affected by the per capita fiscal revenue (ln(Financ)),
the total retail sales per capita (Consum), the number of patents granted (ln(Patent)), the per capita total import and
export trade (ln(Ftrade)), and the proportion of deposits of financial institutions to GDP (ln(Deposi)). The ln(Financ)
represented the ability of urban financial input, which was related to the resource supply of urban traffic ecosystem;
Consum denoted the development degree of urban markets and reflected the overall demand of urban traffic
ecosystem; ln(Patent) represented the level of scientific and technological innovation in cities and affected the
operation efficiency of urban traffic ecosystem; ln(Ftrade) signified the openness degree of the city and measured
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the management level of urban traffic ecosystem; ln(Deposi) represented the development potential of the city and
showed the economic support of urban traffic ecosystem. In terms of significance, the effect of ln(Financ) was at
0.01 level, the effect of ln(Patent) was at 0.10 level, and the others were at 0.05 level, indicating that the ability of
urban governance capability had the greatest effect on urban traffic ecological resilience (P=0.004), whereas the
effect of technological innovation was relatively weak (P=0.087).

4. Conclusions and recommendations
4.1. Conclusions
During the period of 2011–2018, urban traffic ecological resilience in 31 Chinese cities showed a low level on
the whole, with a temporal differentiation trend of “decreasing first and then increasing” and a spatial differentiation
characteristic of “high in the east, second in the middle, and low in the west”. Further, from the perspective of spatial
evolution, the change center and distribution range of urban traffic ecological resilience presented a trend of moving
from northwest to southeast. Factors such as governance capability, market activity, technological innovation
capability, opening degree, and financial resource had significant effects on urban traffic ecological resilience. The
ability of urban governance capability had the greatest effect on urban traffic ecological resilience, whereas the
effect of technological innovation was relatively weak.

4.2. Recommendations
There are many problems in urban construction of developing countries, such as accelerated urbanization,
insufficient investments in municipal construction, and intensified opposition between humans and nature. At the
same time, developing countries face the tasks of building ecological and livable cities, improving the quality of
urban life, and realizing the harmonious coexistence of humans and nature. To improve the life quality in developing
countries, people expect a harmonious, healthy, and efficient traffic ecosystem and urban traffic ecological
resilience. Therefore, it is necessary to improve the resistant capacity, absorptive capacity, and restorative capacity
of urban traffic ecosystem comprehensively by taking the following measures: traffic diversification, function
modularization, rapid population flow, green travel, intelligent management, and continuous improvement in the
quality and resilience of urban planning and construction.
(1) Actively promoting urban traffic diversification. The government should reasonably arrange the main roads,
secondary roads, and branch roads, optimize the proportion of motor vehicle lanes, bicycle lanes, and sidewalks,
and improve the smoothness of urban roads. For example, enriching the modes of transportation and combining
public transportation, private transportation, and multiple modes of transportation (motorized, electric, and labor
transportation) to improve the convenience of transportation.
(2) Encouraging function modularization. Modes of adhering to the principle of multi-modular function
combination, adopting the transit-oriented development mode, optimizing the compact and intensive spatial layout,
superimposing multiple functions, such as work, residence, shopping, and entertainment in a building, complex, or
block, improving the efficiency of land use, and maximizing the efficiency of urban operations are recommended.
(3) Boosting rapid population flow. With high throughput as the guidance, we recommend (i) giving full play to
the main functions of public transport and comprehensively improving the efficiency of urban population
circulation; (ii) improving the transfer and connection between various modes of transportation to achieve zero
space with zero cost of “double zero transfer”; and (iii) appropriately increasing the density of road network,
improving traffic efficiency, and enhancing the redundancy of urban traffic functions.
(4) Vigorously advocating green travel. The following suggestions are provided: improving the slow urban traffic
system and taking slow travel modes, such as walk, bicycle, and bus, as the main body of urban traffic. In order to
balance road traffic resources, residents should be guided to adopt the travel mode of “walking+bus” or
“bicycle+bus” to optimize the allocation of green traffic rights of public transportation, walking, and cycling.
(5) Improving intelligent traffic management. For example, the administrative departments could improve the level
of transportation information management by strengthening the construction of smart transportation infrastructure.
Furthermore, the administrative department also could try to enhance the efficiency of urban traffic by forming a
traffic intelligent response adjustment and optimization system that includes three parts: “real time transmission of
traffic ecological data––active response to citizens’ traffic behaviors––urban traffic self-organization”.
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Population growth and climate changes as two synergistic phenomena have
damaged water resources nationwide and worldwide. The water resources
available for agriculture is one of the most critical limiting factors in food
production enhancement in Iran. Agriculture must tackle the challenge of
supplying the increasing demands for food due to population growth. For this
purpose, we must get acquainted with how farmers make decisions and their
adaptations to water scarcity conditions by studying their adaptation strategies.
In this case, we can predict the farmers’ behaviors by recognizing the optimal
adaptation strategies under water scarcity crisis. This study aims to provide a
model to examine and analyze the farmers’ behaviors in the realm of water
scarcity and the contributing factors to it, facilitating a better understanding of
the potential implications of such scarcity, introducing the adaptation
changeability procedures for agricultural water management and assistance to
farmers to adapt, and developing the actions for mitigating the vulnerability of
agriculture sector in Iran. In this study, 175 farmers in Northeast Iran were
interviewed to conduct an applied research by questionnaire survey. The
research tool was a researcher-made questionnaire designed based on the
theoretical literature and designed model. According to the research, the model
of incremental adaptation strategies could determine the effects of a set of
psychological and socioeconomic factors and the formation of adaptation
decisions in water resources management under water scarcity conditions. The
results indicated that the concern and attitude, farmers’ knowledge and
technical skill, self-efficiency and risk-taking level, social capital and
information availability for farmers, and the internal norm are significantly and
positively correlated in this model. The results provide a proper understanding
of farmers’ sustainable decision-making and a perspective on contributing
factors to the strategy framework and improved policies in the form of
incremental adaptation strategies when facing water scarcity in agricultural
water resources management. Thus, this study will respond to deal with water
scarcity by changing farmers’ behaviors in dry lands and water scarce regions.
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1. Introduction
Global water crisis is one of the most crucial challenges in the 21st century (APHA, 2008). Population growth and
climate change as two synergistic phenomena have damaged water resources nationally and internationally. The
climate change phenomenon in the world has caused a wide range of adverse effects, including the reduction in
available water resources and severe frequent droughts (Iglesias et al., 2007). Therefore, it must be considered when
tackling many socioeconomic challenges in agricultural water management (Iglesias et al., 2007). These negative
consequences have affected water resources management, especially at the agricultural land management level,
making the agriculture sector and local communities the most vulnerable to the risks and effects of global climate
change (Maponya et al., 2012). Thereby, coping with these problems is a major challenge for many vulnerable
households (Campel et al., 2010).
The average annual precipitation in the world is 813 mm (Suryavanshi et al., 2021). The Middle East and Iran
have the averages of 217 and 228 mm, respectively, less than one-third of the world average. Due to low precipitation
and its uneven temporal and spatial distributions, Iran is an arid and semi-arid country. Accordingly, the water
demand is increasing in this situation due to population growth, urbanization, and the development of economic
sectors (agriculture and industry) (Ali-Mohammadi, 2002). Statistically, Iran is ranked the 14th among 116 countries
in the world in terms of water crisis, indicating poor water situation (International Water Management Institute
(IWMI), 1993). In the first place, the agricultural development problem in Iran is due to lack or poor water
management and then the limitation of water resources. In this country, even though 92% of water is consumed in
the agriculture sector (Babran and Honarbakhsh, 2008), 75% of available water is wasted due to improper
management and the use of traditional irrigation techniques (Ali-Mohammadi, 2002). Despite all these restrictions,
the agriculture sector is one of the most important economic activities in Iran, such as this sector accounts for about
18% of GDP, 25% of employment, 85% of food supply, and 25% of non-oil production.
Due to the strong dependence of rural communities’ livelihoods on agricultural production, water plays a pivotal
role in rural development (Ward et al., 2005; Giordano, 2007; Rezaei et al., 2017). Therefore, the drought as well
as water crises and their consequences affect rural areas more than urban areas (Saleh and Mokhtari, 2007). In
general, water management in the agriculture sector is becoming increasingly complex, and the need for water in
agriculture is increasing correspondingly. In this regard, as the most important decision-makers at the local
management level under this condition, farmers play the most important role in water management and adaptation
to climate change (Zobeidi et al., 2016). Local communities’ efforts to adapt to climate change is not a novel
phenomenon (Riva et al., 2013), and their adaptation, especially by farmers, is essential to maintain and ensure their
livelihood and food security (Bryan et al., 2009).
From the anthropological point of view, humans are adaptable creatures, able to adapt in the face of environmental
stresses (Orlove, 2005). Some researchers defined adaptation as an adjustment in natural or human systems in response
to actual or expected climatic stimulate or their reaction to reduce damages (Grothmann and Patt, 2005; Iglesias et al.,
2007; Ngigi, 2009). This adaptation among farmers means adjusting the perception and recognition of voluntary actions
to reduce risks in the farm activities. Farmers reduce the potential harms of climate change to their livelihoods by using
targeted strategies (Hassan and Nhemachena, 2008). The important adaptation strategies of farmers are called
incremental adaptation strategies. While collecting initial information of the study area (Sabzevar County in Northwest
Iran), we found that these adaptation strategies can be divided into defensive, conservative, and incremental strategies.
In this study, due to the restrictions in presenting all results of the three strategy types, merely the incremental adaptation
strategies are covered, containing six cases, for example, purchasing irrigation water.
In general, by studying farmers’ various adaptation mechanisms and strategies and examining psychological
factors, such as beliefs, attitudes, and perceptions, we can understand how they make decisions and adapt to the
environment change, and predict their behaviors accordingly. Some researches, such as Rezaei et al. (2017),
explored the effects of farmers’ perception and knowledge on their adaptation behaviors. Zhang et al. (2019) found
that the environmental and socioeconomic variables, such as farmers’ perceptions, influence their adaptation to
technologies related to the water preservation and storage. Yang et al. (2020) revealed that socioeconomic and risktaking variables are the most influential variables to decision-making in managing climate change conditions. Wens
et al. (2021) confirmed the complexities of farmers’ adaptation behaviors under drought conditions. In this study,
risk-taking, social network (social capital), and knowledge were predicted as the essential variables in decisionmaking about incremental adaptation strategies.
Therefore, we can take some steps to achieve sustainable agricultural development in the study area as well as
similar areas in the world. The main objective of this study is to investigate the factors affecting the implementation
of incremental adaptation strategies for coping with water scarcity crisis in Northeast Iran. Other objectives of this
study are specifically listed as follows: (1) identification of personal, professional, and agronomic characteristics of
farmers; (2) prioritizing incremental adaptation strategies when facing water scarcity crisis; (3) explaining the
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structural model of the factors affecting the implementation of incremental adaptation strategies to solve water
scarcity crisis; and (4) presenting administrative suggestions for the implementation of incremental adaptation
strategies to address water scarcity crisis.
The purpose of this study is to provide an opportunity for managers and agricultural policy-makers to offer the
necessary conditions for achieving and continuing the sustainable behaviors of farmers using incremental adaptation
strategies for dealing with water scarcity crisis. Since the study provides executive solutions consistent with macro
agricultural policies for development, it can effectively supply a basis for future agricultural decisions and plans in
the country.

2. Materials and methods
2.1. Study area
Sabzevar County (36°12′N, 57°43′E), located in the west of Razavi Khorasan Province, is one of the most
populated counties in Iran. Its distance from Tehran City (capital of Iran) is about 650 km. The county is a part of
the Central Plateau in the climatic divisions of Iran and has relatively cold winters and hot and dry summers. Over
the last 30 years, the average temperature was 18.8°C and the average precipitation was 154–436 mm (Silakhori et
al., 2019); further, the prevailing wind direction is towards the east (Pour Gholamhossein et al., 2015).
In 2016, the population of Sabzevar County was 0.31×106, and the number of its villages was 264. About 0.08×106
of the population live in rural areas, and they are mainly engaged in agriculture and animal husbandry. The water
needed for agriculture is mostly supplied by deep wells, which have increased in depth in recent years due to the
lack of rainfall and uncontrolled intensive exploitations. In total, the county has 2000 agricultural water supply
sources, such as deep wells, subterranean canals, springs, and rivers (Statistics Center of Iran, 2016).
With 0.05×106 hm2 of area under the cultivation of agricultural and horticultural products and an annual production
of about 0.12×106 t of products, Sabzevar County is one of the most important centers of agricultural production in
Razavi Khorasan Province. There are 0.39×106 heads of small livestock and 0.01×106 heads of large livestock in the
whole county, most of which feed on pasture forage and forage produced from alfalfa farms and crop residues. All of
these indicate the close relationship between the livelihood of rural people in the county and water resources, as well
as the importance of their adaptation to the water shortage crisis (Karimi et al., 2019).

2.2. Methods
2.2.1. Research theoretical framework
Identifying the level of knowledge, scientific needs, values, and cultural norms of farmers will benefit the
sustainable management of water resources during water crises and droughts (Pezeshki Rad et al., 2007).
Environmental issues, such as water scarcity crisis, have engendered a range of social viewpoints. Studying diverse
adaptation reactions and responses among communities and individuals has suggested that adaptation capacity is
shaped by cultural and social factors, norms, and values (Grothmann and Patt, 2005; Pelling and High, 2005; Adger
et al., 2009; Deressa et al., 2009; Nielsen and Reenberg, 2010; Jones and Boyd, 2011). Therefore, in order to achieve
a correct understanding of these issues, it is necessary to organize social studies at the level of individuals and
communities that are closely related to these problems (Reser and Swim, 2010).
According to recent studies, although economic development and high per capita income have increased the access
to capital and required technologies needed to improve adaptability, they are still not the main factors for adaptation
to climate change (Moss et al., 2001). In addition to economic and technical indicators (Deressa et al., 2009; Bryan
et al., 2011), other factors, such as social capital (Deressa et al. 2009; Khosravipour et al., 2013), attitudes and beliefs
(Howden et al., 2007; Niles et al., 2012; Wheeler et al., 2013; Ghobadi et al., 2016), kinship and family relations
(Barnett, 2001; Sutherland et al., 2005), demographic structure of households’ interpersonal relationships (Vincent,
2007), perceptions of climate change (Niles et al., 2012; Rejesus, 2012), and customs and traditions all affect the
ability of social adaptation. Some researchers considered various parameters, such as conventional agricultural
cultivation, the political structure of the country, awareness about weather conditions (Grothmann and Patt, 2005;
Deressa et al., 2009; Bryan et al., 2011), and insurance network development, as effective factors for farmers to adapt
to climate change (Patt and Gwata, 2002; Ribot, 2002).
In this study, we briefly categorized the factors affecting the implementation of incremental adaptation strategies
in the face of water scarcity crisis according to previous studies, as shown in Table 1. Also, the related theoretical
model and conceptual framework are presented in Figure 1.

2.2.2. Research methods and measurements
The questionnaires of effective factors on implementing incremental adaptation strategies in encountering water
scarcity crisis including the following individual and occupational characteristics (age, agricultural work experience,
education level, and the number of agricultural family labor force) and economic-contextual factors (land ownership,
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Table 1
Effective factors on the application of incremental adaptation strategies in encountering water scarcity crisis.
Effective factor

Reference

Concern

Arbuckle et al. (2013)
O’Brien et al. (2006); Wiles et al. (2012); Gandure et al. (2013); Wheeler et al. (2013); Dang et al.
(2014); Rezaei et al. (2017); Zhang et al. (2019)
Keshavarz and Karami (2008); Yazdani and Haghsheno (2008); Asante (2012); Save Cambodia’s
Wildlife (2011); Salehi and Pazuki Nejad (2014); Rezaei et al. (2017); Wens et al. (2021)
Wheeler et al. (2013); Ghobadi et al. (2016)

Perception
Knowledge
Attitude
Internal norm

Ghobadi et al. (2016)

Technical skill

Deressa et al. (2009); Zhang et al. (2019)

Self-efficiency

Wheeler et al. (2013)

Social capital
Access to
information
Risk-taking

O’Brien et al. (2006); Deressa et al. (2009); Below et al. (2012); Wens et al. (2021)
Deressa et al. (2009); Below et al. (2012)
Poortaheri et al. (2013); Dang et al. (2014); Yang et al. (2020); Wens et al. (2021)

Fig. 1. Theoretical model and conceptual framework of this study.
farm area, type of land ownership, the number of land pieces, farmland quality, crops, household income, agricultural
income, non-agricultural income, production cost, the amount of debt, available water resources, irrigation method,
water ownership status, and the amount of loan) were measured in two-dimensional and multi-dimensional forms.
Also, the open-ended questions using nominal and ration scales were evaluated.
All of the following variables were measured using Likert scale ranging from 1 to 5 (1, completely disagree; 2,
disagree; 3, somewhat; 4, agree; 5, completely agree): variables of incremental adaptation strategies (6 items) and
each one of variables, including ability dimension (technical ability) of farmers (10 items), social capital dimension
(14 items), variables of the dimension of access to education and information services (3 items), and psychological
factors in 7 sections including attitude (6 items), knowledge (6 items), perception (7 items), concern (3 items), selfefficiency (6 items), internal norm (6 items), and risk-taking (4 items). The sum of the obtained scores indicates the
score for each dimension.

2.2.3. Research procedure and data analysis
The statistical population consists of all farmers in four districts of Sabzevar County. Depending on the population
size in each district, the statistical samples were finally selected from nine villages using a proportionate stratified
random sampling method. Then, several farmers in each district were randomly interviewed, and the necessary
information was obtained. The sample size was determined to be 175 individuals using the Cochran formula
(Cochran, 1963) (Eq. 1):
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(1)

where n is the sample size; N is the population size; t is the significant coefficient (t=1.96); S is the estimation of
standard deviation in the population; and d is the acceptable margin of error.
The primary research tool was the questionnaire survey. We determined its validity (face and content) based on
the opinions of experts of water resources management and faculty members of the agricultural extension and
education department of Tehran University, Iran. Cronbach’s alpha (Cronbach, 1951) was used to verify the
reliability of the questionnaires, and the reliability of each major scale was above 0.7. In addition, in the
measurement section, the accuracy of the measurement (reliability of the indices) was examined using squared
multiple correlation (R2). Each index’s variance share is explained by the latent variable, and the rest of the variances
are due to measurement errors. The high value of R2 indicates the high reliability of the target index. In addition to
measuring the reliability of all indices, the composite reliability (CR) of all latent variables was also examined in
the model. The CR value greater than 0.600 suggests that the reliability is acceptable.
The formula for calculating the CR is as follows (Eq. 2):
p

CR 

( i )2
i 1

p

p

i 1

i

,

(2)

( i )2  V ( i )

where CR is the composite reliability; λi is the completely standardized loading for the ith indicator; V(δi) is the variance
of the error term for the ith indicator; and p is the number of indicators.

2.2.4. Statistical analyses
Statistical methods employed in this study are divided into two parts: descriptive statistics and inferential
statistics. In the descriptive statistics section, the variables such as frequency, percentage, cumulative percentage,
mean, mode, standard deviation, coefficient of variation, minimum, and maximum were considered. In addition, in
the inferential statistic section, the smart partial least square method was used to conduct confirmatory factor
analysis for structural equation modeling.

3. Results
3.1. Frequency distribution of respondents’ personal and professional characteristics
The research results indicate that the average age of respondents was 52.02 years old. The vast majority of
respondents (68%) had primary education or were illiterate, and only 8% of respondents had higher education. The
respondents’ average work experience of agricultural activity was 29.82 years, and the standard deviation was 15.79
years. The average number of household members in this group was 4.33, with a standard deviation of 1.88. On
average, one individual per household was involved in agriculture. The average agricultural land under cultivation
was 3.83 hm2 per household, with a standard deviation of 4.28 hm2. Of the total agricultural land, 86% was private
land and 14% was leased to farmers. The average total agricultural income was 4000 USD/year. About 67% of
farmers did not belong the popular associations and groups such as rural cooperatives. In terms of agricultural water
resources, 55% of farmers used deep wells, and 32% and 8% utilized the water of qanats and rivers for irrigation,
respectively. Approximately 81% of farmers used floodwater irrigation method, and about 15% and 4% employed
furrow and drip ways to irrigate their agricultural lands, respectively. Moreover, 66% of farmers have taken measures
to deal with water scarcity crisis, neither paying for irrigation water nor purchasing it. The prioritizing variables of
incremental adaptation strategies employed by farmers are indicated in Table 2.

3.2. Structural model of the factors affecting the implementation of incremental adaptation
strategies for dealing with water scarcity crisis
The latent variables in the model were entered into the structural model, including 11 dimensions: concern (3
indices), perception (7 indices), knowledge (6 indices), attitude (6 indices), internal norm (6 indices), technical skill
(10 indices), self-efficacy (6 indices), social capital (14 indices), access to information (3 indices), risk-taking (4
indices), and incremental adaptation strategies (6 indices in Table 2). According to the results indicated in Table 3,
some variables had factor loadings less than 0.600. Since their t-values were significant (P≤0.05), the validity was
accepted. It should be noted that the research variables were 59, were reduced to 45 and eliminated from the study
in research reliability and validity process. By eliminating the variables that had a factor loading less than the desired
value in the first step, the second step was used to check the validity of the constructs. Using the average variance
extracted index, we found that most of the studied variables had an average variance of about 0.500, which was a
very appropriate value. The CR index was used to check the construct reliability. Findings pertinent to the CR are
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Table 2
Prioritizing variables of incremental adaptation strategies among farmers.
Latent
variable

Index on
the model
ST1
ST2

Incremental
adaptation
strategies

ST3
ST4
ST5
ST6

Question
I have increased the area of lands under
cultivation.
I have managed runoff and seasonal
floods and utilized them.
I have utilized new irrigation
techniques (drip and sprinkler).
I have purchased irrigation water.
I have purchased a water share.
I have increased the water sources of
farmlands.

Mean

Standard
deviation

Coefficient
of
variation

Priority

2.245

1.714

0.763

3

1.771

1.356

0.765

4

1.612

1.412

0.875

6

3.571

1.594

0.446

1

3.102

1.686

0.543

2

1.673

1.463

0.874

5

indicated in Table 3. Another method used to assess the validity and reliability was the discriminant validity. For
this purpose, the square root of the average variance extracted must be more than the correlations of other construct
factors (Levitt and Hancock, 2001), as shown in Table 3.
At this step, the research hypotheses can be tested by considering the completion of the variable refinement phase
and ensuring the accuracy of the indices in measuring related concepts and variables. In other words, the efficiency of
the research measurement model was provided.
The results of discriminant validity indicate that the selected markers for measuring available constructs have the
necessary discriminant validity. This is because, first of all, the average variance of all constructs was greater than
0.400. Secondly, the square root of the average variance extracted for each construct was higher than all the correlations
of other factors with that factor, as shown in the matrix diameter of Table 4.
After completing the validity and reliability assessment of the constructs and considering the obtained coefficients
and values, it is now possible to investigate the significant interrelation between research constructs. With regards
to the status of the variables and coefficients obtained for investigating the effects of the constructs, we can test the
research hypotheses, as shown in Table 5. Before testing the research hypotheses, it should be noted that the
calculated R2 for the self-efficiency variable was 0.227, meaning that 22.7% of the variance can be explained.
Besides, the calculated R2 for the variables of risk-taking, knowledge, attitude, concern, technical skill, and access
to information were 0.423, 0.165, 0.089, 0.012, 0.416, and 0.165, respectively. These values indicate that 42.3%,
16.5%, 8.9%, 1.2%, 41.6%, and 16.5% of the above variables’ variances can be explained, respectively.
In the structural equation model for farmers who adopted incremental adaptation strategies, the data and
information related to farmers were loaded with incremental adaptation strategies. In this model, there were five
direct and significant correlations. Therefore, six hypotheses were proposed: meaningful relationship between
farmers’ concern and attitude, the level of farmers’ knowledge and technical skill, farmers’ self-efficiency and risktaking, farmers’ social capital and the level of access to information, relationship between farmers’ internal norm
and self-efficiency, and relationship between farmers’ internal norm and risk-taking (Figs. 2 and 3).
Based on the research results, we described the research hypotheses as follows.
The first hypothesis: having access to information among farmers who adopt incremental adaptation strategies
significantly and positively affects their knowledge level. According to the obtained findings from Table 5 and the
t-value of 1.271 for knowledge and having access to information variables, we can confirm the null hypothesis
(often denoted the zero hypothesis) and reject the examined hypothesis. It can be concluded that there is no
significant and direct relationship between having access to information and farmers’ knowledge level.
The second hypothesis: having access to information significantly and positively affects the technical skill of
farmers who adopt incremental adaptation strategies. As shown in Table 5, the t-value for the variables of having
access to information and technical skill is equal to 0.612, implying that the null hypothesis is confirmed and the
examined hypothesis is rejected. In other words, there is a significant and direct correlation between having access
to information and technical skill.
The third hypothesis: the attitude of farmers who adopt incremental adaptation strategies positively and
significantly influences their knowledge. According to the findings obtained from Table 5, the t-value for the attitude
and knowledge variables is equal to 1.151, indicating that the null hypothesis is confirmed and the hypothesis being
tested is rejected, which means that there is no significant relationship between farmers’ attitude and knowledge.
The fourth hypothesis: attitude positively and significantly affects the self-efficiency of farmers who adopt
incremental adaptation strategies. Based on the results obtained from Table 5 and the t-value of 0.755 for the attitude
and self-efficiency variables, we can confirm the null hypothesis and reject the examined hypothesis. Thus, it can
be concluded that there is no significant relationship between farmers’ attitude and self-efficiency.

Technical skill

Internal norm

Attitude

Knowledge

Perception

Concern

Variable

T1
T2
T3
T4

N6

N3
N4
N5

N2

N1

A2
A3
A4
A5
A6

A1

K6

K2
K3
K4
K5

K1

P1
P2
P3
P4
P5
P6
P7

C3

9.945
2.147
2.113
5.390
1.459
15.853
2.363
7.622
3.888
2.897
5.723
2.912
3.143
2.565
8.076
71.941
71.580
67.844
44.711
44.732
44.740
9.194
9.100
1.687

0.101
0.299
0.265
0.181
0.234
0.055
0.207
0.102
0.167
0.343
0.175
0.343
0.318
0.389
0.124
0.014
0.014
0.014
0.022
0.022
0.022
0.095
0.092
0.195

1.000
0.640
0.560
0.970
0.340
0.870
0.490
0.780
0.650
0.994
0.999
0.997
1.000
0.999
1.000
0.984
0.984
0.983
0.981
0.981
0.981
0.870
0.830
0.330

0.999
1.000

I am worried about the temperature increase in the next year.
I am worried about the declining of agricultural water resources.
Concerning the drought in the next year, and worrying about the decrease of
agricultural products.
Temperature rising.
Rainfall increasing.
Long-term droughts.
Uneven rainfall distribution among the seasons.
Having access to water resources.
The water level in wells and aquifers (groundwater).
Qanat (Kariz) and fountains flow rate.
Using new knowledge resistant to drought leads to performance improvement
(production).
Irrigation level is influential to production efficiency.
Using novel irrigation methods improves the efficiency of irrigation systems.
The salinity of soil and farmland water affects the performance of farmland.
Frequent irrigation and small amounts of water can increase the efficiency.
Groundwater level decline leads to land subsidence and an increase of water
salinity.
In the long run, water scarcity leads to the migration from rural areas to urban
places.
Water scarcity will be considered a threat to agriculture in the future.
Water scarcity will increase pests and diseases.
Water scarcity is a factor damaging rural areas.
Water scarcity is a threat to future generations.
Water scarcity leads to decreases in revenue and production.
It is better to take care of more adaptable actions since my family, relatives, and
friends ask me to do so.
It is better to take care of adaptable actions similar to my family, relatives, and
friends.
I should take care of adaptable actions or behaviors to water scarcity.
It is better to take care of adaptable actions since the local experts take actions.
I take care of more adaptable actions since the role model farmers take such actions.
I take care of more adaptable actions since the experts suggest the promotion of
such activities.
Getting acquainted with new resistant and agricultural seeds.
I have access to new types of seeds resistant to drought and salinity.
Getting acquainted with how to use the agricultural machinery, e.g., tractors.
Having access to agricultural machinery, e.g., tractors.

C1
C2

5.850
11.225

t-value

Standard
deviation
0.171
0.089

Factor loading

Question

Component

Table 3
Investigated variables and components of incremental adaptation strategies among farmers.

0.804

1.000

1.000

0.796

0.741

1.000

CR

0.471

1.000

1.000

0.503

0.448

1.000

AVE

To be continued

0.722

1.000

1.000

0.678

0.761

1.000

Cronbach’s
alpha
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Component

T6

Question

Skill level in carrying out agricultural activities (cultivation, growth, and harvest).
The knowledge level of proper agricultural products in farms (based on the soil and
T7
water conditions).
The knowledge level and utilization of many types of irrigation systems (drip and
Technical skill
T8
sprinkler irrigation system).
Getting acquainted with the water-related need of the cultivated products.
T9
Getting acquainted with the implications of over-irrigation.
T10
Adaptation to on-farm water scarcity is possible for me in economic terms.
SE1
Participation in the promotional programs that will be held in the next year is
SE2
possible for me.
Generally, it is more convenient for me to use others’ examined and utilized
SE3
decisions and methods than the new ones.
Self-efficiency
The farmers in our village have adequate knowledge to get adaptations to water
SE4
scarcity.
The farmers have access to experienced and knowledgeable experts for adaptation
SE5
to water scarcity.
Adaptation to water scarcity is a time-consuming process. Accordingly, it is
SE6
demanding for me to take care of them.
I lend money to others.
S1
I lend my stuff to others.
S2
I can co-sign others’ loans (companions or relatives).
S3
If an incident happens to others, I will help them with farm-related tasks.
S5
There is intimacy and brotherhood among village members.
S6
The village members are unified.
S8
I take part and contribute to local councils and rural cooperative companies.
S10
I afford to pay for the costs of joint activities in the village.
S13
Social capital
The individuals cooperate to solve common issues.
S14
I talk to my family members regarding life and job issues.
S15
I am frequently in touch with my relatives and acquaintances.
S16
I consult my friends, relatives, and acquaintances regarding my work.
S17
I am in touch with friends and acquaintances out of the village (frequently visiting
S18
each other).
I am in touch with the agriculture experts and promoters and have a friendly
S19
relationship with government staff.
I would like to participate in educational and promotional classes.
I1
Access to
The number of visits from sample and demonstration farms in the last year.
I2
information
Having access to the information pertinent to the weather conditions.
I3
I enjoy taking on the tasks that other individuals are afraid to do.
R1
I tend to do new work, even if I am satisfied with my current position.
R2
Risk-taking
I would prefer to choose challenging goals for my life.
R3
I am ready to invest in new plans.
R4
Note: “-” means variables were eliminated from the model. CR, composite reliability; AVE, average variance extracted.

Variable

3.663
11.448
5.892
9.463
5.911
9.143
10.399
4.353
2.158
2.613
1.986
1.325
1.080
2.266
2.294
3.088
4.308
3.305
1271.119
2134.758
736.917
297.222

0.174
0.087
0.155
0.105
0.154
0.109
0.096
0.178
0.251
0.273
0.277
0.375
0.376
0.304
0.232
0.215
0.183
0.185
0.001
0.000
0.001
0.003

0.640
0.994
0.912
0.995
0.911
0.994
0.994
0.770
0.540
0.710
0.550
0.500
0.410
0.690
0.530
0.670
0.790
0.610
1.000
1.000
1.000
1.000

t-value
3.336

0.620

Factor loading

Standard
deviation
0.185

0.570

1.000
1.000
1.000

0.753

1.000

0.532

0.340

1.000

AVE

0.771

0.800

1.000

CR

Continued
Cronbach’s
alpha
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Table 4
Fornell-Larcker criterion for assessing to the discriminant validity of incremental adaptation strategies among farmers.
Access to
information
Access to
information

0.729

Attitude

Concern

Knowledge

Perception

Risktaking

Selfefficiency

Attitude

0.323

Concern

0.091

0.299

1.000

Knowledge

0.176

–0.156

0.063

0.709

Perception

–0.049

0.134

0.110

–0.330

0.669

Risk-taking
Selfefficiency

0.284

–0.111

–0.178

0.410

–0.074

1.000

0.522

0.209

–0.021

0.196

–0.048

0.631

1.000

Social
capital

Internal
norm

Technical
skill

1.000

Social capital

0.407

0.251

0.038

0.182

–0.033

0.495

0.613

0.583

Internal norm

0.236

0.261

0.071

0.064

–0.076

0.166

0.468

0.430

1.000

Technical
skill

0.094

–0.193

–0.011

0.631

–0.159

0.298

0.227

0.122

0.264

0.686

The fifth hypothesis: the concern of farmers who adopt incremental adaptation strategies has a significant and
positive effect on farmers’ attitude. For the concern and attitude variables, the t-value is equal to 2.126 (Table 5).
Based on this estimated value, we can reject the null hypothesis. Therefore, there is a significant relationship between
farmers’ concern and attitude, suggesting that the examined hypothesis is confirmed.
The sixth hypothesis: the concern of farmers who adopt incremental adaptation strategies positively and
significantly affects their internal norm. As shown in Table 5, for the concern and internal norm variables, the t-value
is equal to 0.387. According to this estimated value, we can confirm the null hypothesis, so there is no significant
relationship between farmers’ concern and internal norm, implying that the examined hypothesis is rejected.
The seventh hypothesis: knowledge significantly and positively affects the technical skill of farmers who adopt
incremental adaptation strategies. Based on the results obtained from Table 5 and the t-value of 6.406 for the
knowledge and technical skill variables, we can reject the null hypothesis and confirm the examined hypothesis.
Thereby, it can be concluded that farmers’ knowledge is directly and significantly correlated with their technical skill.
The eighth hypothesis: the perception of farmers who adopt incremental adaptation strategies significantly and
positively affects their concerns. The t-value for the perception variable is equal to 1.394 (Table 5), meaning that
null hypothesis is confirmed and the examined hypothesis is rejected. In other words, there is a significant and direct
correlation between farmers’ perception of water scarcity and their concerns.
The ninth hypothesis: the perception of farmers who adopt incremental adaptation strategies positively and
significantly affects their knowledge. Based on the results obtained from Table 5 and the t-value for the perception
and knowledge variables (1.813), we can confirm the null hypothesis and reject the examined hypothesis. Hence,
there is no direct and significant correlation between farmers’ perception and knowledge.
The tenth hypothesis: the self-efficiency of farmers who adapt incremental adaptation strategies positively and
significantly influences their risk-taking. The t-value for the self-efficiency and risk-taking variables is equal to
6.679 (Table 5), which indicates that the null hypothesis is rejected and the examined hypothesis is confirmed. In
other words, there is a significant and direct correlation between farmers’ self-efficacy and risk-taking.
The eleventh hypothesis: the self-efficiency of farmers who adopt incremental adaptation strategies positively and
significantly affects their technical skill. As shown in Table 5, the t-value of the self-efficiency and technical skill
variables is equal to 1.040, indicating that the null hypothesis is confirmed and the examined hypothesis is rejected.
The result means that there is no significant relationship between farmers’ self-efficiency and technical skill.
The twelfth hypothesis: for farmers who adopt incremental adaptation strategies, the social capital positively and
significantly affects farmer’s access to information. According to the t-value for the social capital and access to
information variables (2.465; Table 5), we can reject the null hypothesis and confirm the examined hypothesis.
Accordingly, it can be concluded that there is a direct and significant relationship between farmers’ social capital
and their access to information.
The thirteenth hypothesis: the internal norm of farmers who adopted incremental adaptation strategies has a
significant and positive effect on their self-efficiency. As shown in Table 5, the t-value is equal to 4.742 for the
internal norm and self-efficiency variables, so the null hypothesis is rejected and the examined hypothesis is
confirmed; further, there is a significant relationship between farmers’ internal norm and self-efficiency.
The fourteenth hypothesis: the technical skill of farmers who adopt incremental adaptation strategies has a
significant and positive effect on their risk-taking. The t-value for the variables of technical skill and risk-taking
equals to 1.356 (Table 5), therefore, there is no significant relationship between technical skill and risk-taking.
Besides, the examined hypothesis is not confirmed.

Technical skill

Internal norm

Social capital

Self-efficiency

Perception

Knowledge

Concern

Attitude

Access to information

Dimension

Note: “-” means non-measuring of effect.

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

No.

Direct effect
0.222
–0.096
–0.188
0.093
0.299
0.071
0.618
0.110
–0.294
0.594
0.156
0.407
0.443
0.163

Total effect
0.222
0.041
0.007
–0.188
0.093
0.039
–0.102
0.299
0.071
–0.056
0.031
0.059
–0.025
0.618
0.101
0.033
–0.026
0.007
0.008
–0.184
0.110
–0.300
0.619
0.156
0.090
0.003
0.017
0.407
0.274
0.069
0.443
0.163

Construct

Knowledge
Technical skill
Risk-taking
Knowledge
Self-efficiency
Risk-taking
Technical skill
Attitude
Internal norm
Knowledge
Risk-taking
Self-efficiency
Technical skill
Technical skill
Risk-taking
Attitude
Risk-taking
Self-efficiency
Internal norm
Technical skill
Concern
Knowledge
Risk-taking
Technical skill
Knowledge
Risk-taking
Technical skill
Access to information
Risk-taking
Technical skill
Self-efficiency
Risk-taking

Indirect
effect
0.007
0.039
–0.102
–0.056
0.031
0.059
–0.025
0.101
0.033
–0.026
0.007
0.008
–0.184
0.090
0.003
0.017
0.274
0.069
-

Table 5
Assessments of direct and indirect effects in the model that includes incremental adaptation strategies.
Standard
deviation
0.175
0.157
0.043
0.163
0.123
0.091
0.111
0.141
0.184
0.066
0.057
0.087
0.045
0.096
0.078
0.031
0.033
0.013
0.026
0.110
0.079
0.162
0.089
0.150
0.104
0.022
0.094
0.165
0.072
0.075
0.093
0.120
1.271
0.612
0.159
1.151
0.755
0.423
0.912
2.126
0.387
0.855
0.546
0.678
0.561
6.406
1.292
1.047
0.806
0.504
0.300
1.683
1.394
1.813
6.679
1.040
0.869
0.123
0.178
2.465
3.799
0.924
4.742
1.356

t-value

Significant
level
0.204
0.541
0.874
0.250
0.451
0.672
0.362
0.034
0.699
0.393
0.585
0.498
0.575
0.000
0.197
0.295
0.421
0.615
0.765
0.093
0.164
0.070
0.000
0.299
0.385
0.902
0.859
0.014
0.000
0.356
0.000
0.176

Rejection
Rejection
Rejection
Rejection
Rejection
Rejection
Rejection
Confirmation
Rejection
Rejection
Rejection
Rejection
Rejection
Confirmation
Rejection
Rejection
Rejection
Rejection
Rejection
Rejection
Rejection
Rejection
Confirmation
Rejection
Rejection
Rejection
Rejection
Confirmation
Confirmation
Rejection
Confirmation
Rejection

Status
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Fig. 2. Path model of effects of research variables for farmers who adopt incremental adaptation strategies. Figure in
bracket means the squared multiple correlation coefficient (R2) and figure next to the arrow indicates the value of
direct effect.

Fig. 3. The t-values of the path model of the research variables for farmers who adopt incremental adaptation
strategies.

4. Discussion
Identifying the factors contributing to the implementation of incremental adaptation strategies in facing water
scarcity crisis plays an important role in sustainable development and efficient management of water resources.
According to the findings, the adoption of new irrigation methods (drip and sprinkler) and the management of runoff
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and seasonal flooding were lower priorities in farmers’ incremental adaptation strategies. However, in water
resources management, drip irrigation is one of the environmental indicators of sustainable development, which
clearly demonstrates the critical need to optimize the allocation and management of agricultural production
resources when facing water scarcity in the region. From the farmers’ point of view, non-standard drip irrigation
equipment, the high costs of switching irrigation systems, the dispersal of farmlands, the government’s less tendency
to support farmland with small area and area less than 1 hm2, and prolonged administrative processes to pay for new
irrigation facilities are the reasons for the lower utilization of new irrigation systems.
Based on our research results, the farmers’ knowledge positively and significantly affects their technical skill,
which is consistent with the finding of the studies conducted by Keshavarz and Karami (2008), Save Cambodia’s
Wildlife (2011), and Wheeler et al. (2013). Besides, farmers’ self-efficiency has a positive and significant effect
on their risk-taking and incremental adaptation strategies, which is consistent with the research result of Wheeler
et al. (2013). It is also consistent with the investigation conducted by Gandure et al. (2013) in South Africa, which
showed that both socioeconomic and political factors influence the farmers’ perception of climate risk and
adaptation strategies. Below et al. (2012) used 33 indicators to investigate the adaptation strategies of Tanzanian
farmers to climate change and found that factors such as production, natural and physical capital, education status,
and householder gender affect farmers’ choices in effective adaptation strategies. Deressa (2008) investigated how
Ethiopian farmers adopted adaptation strategies in the period of climate change, and indicated that the variables
affecting farmers to adopt effective adaptation strategies are education level, gender, age, the financial status of
householders, access to credits, and access to information about climate, social capital, and environmental
conditions in the region. Also, our study demonstrated that risk-taking and the perception of water scarcity are the
effective adaptation strategies for farmers (Dang et al., 2014). Using the conceptual model of protection motivation
theory and structural equation modeling, Dang et al. (2014) evaluated Vietnamese farmers’ perception of
adaptation to climate change. According to the results, farmers are more likely to demonstrate adaptive behaviors
to climate change when they have higher perception of climate change risk or higher understanding of the policies
and regulations, e.g., water and electricity price increase, or are under the obligation to their families, companions,
or neighbors.
The effects of farmers’ perception and knowledge on their adaptation behaviors were also confirmed in the studies
conducted by Rezaei et al. (2017) and Wens et al. (2021). Wens et al. (2021) investigated the complexities of farmers’
adaptation behaviors under drought conditions, and the variables such as risk-taking, social network (social capital),
and knowledge were predicted as the essential variables in the model. The study conducted by Yang et al. (2020)
found that socioeconomic and risk-taking variables are the most influential factors in the decision-making of coping
with climate change conditions. In another research, Zhang et al. (2019) explored that the environmental and
socioeconomic variables and farmers’ perception affect their adaptations to technologies related to the preservation
and storage of water. This finding is also consistent with our research result.

5. Conclusions
According to the structural model, psychological factors such as concern, belief, and attitude are effective in
adaptation behaviors under climate change. Belief in climate change and its causes must have a logical impact on
attitude towards adaptation policies and mitigation of its harmful effects.
The agricultural extension and education have an important and influential role in farmers’ technical skill,
knowledge, and self-efficiency. It is recommended to set up agricultural extension and education in areas where
there are no service, education, and extension centers and invest more in establishing more education and extension
centers in areas where there are these centers. The following suggestions are also provided: (1) improving and
enhancing agricultural extension activities; (2) enhancing farmers’ communication with extension staffs to
improve farmers’ professional skill; (3) strengthening the training and course promotion of water resources
management; and (4) implementing activities and extension programs, such as the farm field schools approach and
agricultural extension workshops.
The level of knowledge and awareness effectively explains the changes in incremental adaptation strategies in
the face of water scarcity crisis. Information can reduce uncertainty about behaviors, increase risk-taking, and
assist in making optimal and appropriate decisions for adopting proper measures and risk reduction strategies.
Having access to information and then establishing centers that provide agricultural meteorological statistics and
information can improve the agricultural status of the study area.
In view of the influence of social groups on the dissemination of information and the implementation of
adaptation strategies, it is recommended to establish institutional technology extension channels among farmers.
Farmers involved in agriculture are better able to adapt to water scarcity crisis, so it is suggested to pay more
attention to rural infrastructure in order to reduce the migration of young people from villages to cities and to
prevent the potential reduction in rural agricultural jobs. In addition, increasing the participation of rural women

236

Regional Sustainability 2021 Vol. 2 No. 3

in sustainable agricultural development by providing family workforce and social capital development along with
other economic and environmental dimensions of sustainable agriculture is recommended. On the other hand, in
view of inheritance issue, consideration should be given to preventing land fragmentation through the
establishment of cooperatives and family farms.
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Intellectual capital (IC) has become a universal performance indicator for the
socioeconomic development of countries and regions. Based on a review of
national intellectual capital (NIC) and regional intellectual capital (RIC)
evaluation literature, we used the regional intellectual capital indicator
(RICI) as a model for China’s RIC evaluation to indirectly understand
China’s potential economic growth drivers. Specifically, we collected
statistical data of 31 provinces (including municipalities and autonomous
regions) in China from 2004 to 2016 to measure RICI and analyze its
dynamic characteristics from temporal and spatial perspectives. In this paper,
Delphi analysis was used to construct RICI model, and cluster analysis and
exploratory spatial data analysis were used to analyze the temporal and
spatial characteristics of RICI in China. The results showed that RICI, which
represents China’s overall economic growth drivers, increases annually and
is consistent with economic development level during the study period.
Regarding the geo-spatial space, RICI follows the trend of “high in the east
and low in the west”, gradually decreasing from eastern to western China.
For RIC structure, the shape of the radar chart of IC structure located in the
eastern coastal areas is usually biased towards strong external relational
capital, while that in western China is generally biased towards structural
capital. For spatial correlation, China’s RICI has dependence on
geographical adjacent space and economic space. Our research can provide
policy suggestions for the sustainable development of regional economy from
an IC perspective.

1. Introduction
The real gross domestic product (GDP) of China increased at an annual rate of nearly 10% from 1978 to 2011, which
is the fastest economic growth rate of any major country in a long time (Cheng et al., 2019). After that, however, the
economic growth rate steadily declined from 7.9% in 2012 to 6.7% in 2018. This trend is likely to remain unchanged
as China is heading towards economic stagnation, unless a new impetus emerges.
To analyze the power sources of economic growth, we first need to identify the factors influencing economic growth.
Output is equal to the number of workers multiplied by the productivity per worker. Thus, the dramatic economic
growth of China can be divided into an increase in the size of working-age population and an improvement of labor
productivity (Li et al., 2017). Compared with labor force that is a tangible resource, labor productivity is an intangible
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driver of economic growth that can be broken down into multiple intangible factors, such as rising human capital,
relocating labor to highly efficient sectors, improving techniques, and getting creative ideas (Bloom et al., 2020).
According to the neoclassical growth model and new economic growth model, the factors that promote economic
growth also include tangible resources and intangible resources. Tangible resources refer to labor and investment, which
are easy to identify and measure. Conversely, intangible resources, such as initial total factor productivity (TFP), later
accumulation of experience, knowledge production (Romer, 1983), human capital (Romer, 1986; Lucas Jr, 1988), and
research and development (Romer, 1990; Grossman and Helpman, 1991; Aghion and Howitt, 1992; Jones, 1995;
Bloom et al., 2020), are difficult to identify and measure. Recent literatures showed that inter-factor synergy (“Human
Capital Research” Research Group, 2012) and regional synergy (Liu et al., 2019) can also affect economic growth.
Many empirical studies on China’s “miracle of growth” have shown that economic growth is mainly driven by
tangible resources, such as labor and investment (Krugman, 1994; Young, 2003; Wang et al., 2009), rather than
intangible resources, such as technological progress and TFP. However, the determinants of output growth in China has
undergone substantial change. On the one hand, China’s working-age population (i.e., 15–64 years) peaked in 2013 and
has been declining ever since. Younger population (i.e., 0–14 years), an important source of labor, has steadily declined
and has barely grown since 2010, while aging population (i.e., over 65 years) increased and the dependency ratio was
rising. These phenomena indicate that the labor pool of China is gradually drying up. On the other hand, investment
(i.e., capital stock) growth has almost stagnated and steadily decreased from approximately 20.0% in 2013 to less than
1.0% in 2018. Changes in labor and investment implied an important conclusion: China’s economic growth now, and
at least for a period in the future, cannot rely on the growth of tangible resources (Cheng et al., 2019). What are the
divers of China’s future economic growth? How to enhance competitive advantage in an environment of increasingly
fierce international competition? Intangible resources are the most likely answer to the above questions.
A fundamental step in the study of economic development process is to evaluate the growth potential of a region,
i.e., the drivers of sustainable economic growth. Within the last decade, intellectual capital (IC), knowledge and
creativity have been acknowledged as important drivers of sustainable economic and social development by
international experts (Wu et al., 2017; Suciu and Năsulea, 2019). As with business enterprises, the growth potential of
a region heavily depends on intangible assets and unique skills (Nitkiewicz et al., 2014). Drucker (1993) foresaw a
society dominated by a competitive landscape in the allocation of intellectual resources and IC. Today, such a society
is gradually becoming a reality. IC contains all intangible resources and represents China’s potential economic growth
drivers and future competitive bets. Therefore, a major objective of the present study is to identify a reliable
methodology for evaluating China’s regional intellectual capital (RIC) and thus indirectly understand China’s
sustainable economic growth drivers.

2. Literature review
A significant number of academic literatures on IC theory and its accompanying frameworks, constructs, and
measures are stemmed from an accounting and financial perspective, focusing on the firm level analysis (Bontis, 2004;
Pedro et al., 2018). Theorists have extrapolated the initial conceptual levels of IC at the regional and national scales,
that is, RIC (Schiuma et al., 2008; Atkinson and Wu, 2017; Markhaichuk and Zhuckovskaya, 2019) and national
intellectual capital (NIC) (Bradley, 1997; Edvinsson and Stenfelt, 1999; Bounfour, 2003; Bontis, 2004; Lin and
Edvinsson, 2008; Käpylä et al., 2012). National economic departments have attempted to find reliable ways of
measuring knowledge assets to understand how they relate to future economic performance (Malhotra, 2000). Many
studies have shown that IC has a positive effect on economic performance (Lin and Edvinsson, 2008; Zhang and Wang,
2017), innovation, and sustainability at the macro level (Vairinhos et al., 2019), and it is an important driver for the
further exploration of the connotation and measurement of IC at the regional and national levels. The concept of IC has
not reached a consensus at the macro level. However, from the above mentioned concept of IC at the regional and
national levels, we summarized the principles of RIC as follows: (1) it can be applied to a geographical area rather than
to a company or an organization; (2) it is a combination of a region’s intangible resources, representing all types of
information and intellectual property that arise from individuals, organizations, communities, and cities (Pedro et al.,
2018); and (3) its goal is to add value and contributes to the region’s economic growth, human development, and social
sustainability (Pedro et al., 2018). Edvinsson and Sullivan (1996) stated that IC should also contain tangible resources,
such as computers and telephones, with a large amount of intangible knowledge.
Edvinsson and Malone (1997) and Labra and Sánchez (2013) focused on the taxonomy of intangible assets
evaluation at the firm level. Their study is an important contribution to the evaluation of IC at the macroeconomic level.
Subsequently, many researchers evaluated NIC and RIC to improve economic performance (Lin and Edvinsson, 2011;
Ståhle et al., 2015). Therefore, we conducted a systematic review of existing literatures on the evaluation of NIC and
RIC in present study (Table 1), such as Bounfour (2003), who constructed IC dynamic value (IC-dVAL) to evaluate
IC dynamic index of 17 countries; Bontis (2004), who proposed national intellectual capital index (NICI) to evaluate
NIC in the Arab region; and Andriessen and Stam (2005), who built IC monitoring (ICM) model to assess IC of 15
European countries.
However, we also found that studies on RIC evaluation have some gaps. First, most of the models for measuring IC
focused on the organizational and national levels, and the research on the regional level is insufficient. Most limited
studies draw lessons from NIC indicators, while many region-specific indicators were not considered (Chen, 2006;
Schiuma et al., 2008). Second, reference literature for IC management in China is lacking (Chen, 2006). Third, scholars
seem to have reached a consensus that promoting regional economic growth and sustainable development is an
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important goal of RIC (Nitkiewicz et al., 2014; Pedro et al., 2018). However, the research on measuring the regional
sustainable economic growth drivers from an intellectual capital perspective is still insufficient.
Therefore, based on the NIC and RIC evaluation literature review, we proposed a model to measure China’s RIC
from 2004 to 2016 and analyzed its dynamic characteristics from the temporal and spatial perspectives in present study.
The model includes the selected indicator system and measurement method. The most important feature of the indicator
system is that it draws lessons from IC measurement indicator system at the organizational and national levels, while
adding regional-specific indicators, such as intra-regional relational capital and regional cultural structural capital. In
addition, exploratory spatial data analysis methods were used to explore the relationship between spatial location and
IC. Based on the research results, we finally provided policy recommendations for regional economic development
from an IC perspective. In summary, the research of this study makes up for the three shortcomings of existing regional
intellectual capital index (RICI) measures mentioned above to some extent.

3. RIC measurement model
3.1. RIC structure and indicators
In this section, we reviewed the mainstream empirical literature on IC evaluation at the regional and national levels
to identify the dominant structure that forms RIC and gave its metrics and indicators. IC measurement models as well
as their element capitals are shown in Table 1. According to the literature, it is the consensus of most researchers that
IC includes human capital, structural capital, and relational capital.
Table 1
Elements included in the existing intellectual capital (IC) measurement models.
Reference

Model

Bounfour (2003)
Bontis (2004)
Andriessen and Stam (2005)
Weziak-Bialowolaska (2007)
Lin and Edvinsson (2008)
Schiuma et al. (2008)
Navarro et al. (2011)
Käpyläet al. (2012)
Atkinson and Wu (2017)
Frequency of each capital

IC-dVAL
NICI
ICM
ICI
ICN
RICI
NIKC
MSNICP
NEI

Reference

Model

Human
capital
√
√
√
√
√
√
√
√
√
9

Structural
capital
√

Social
capital
√

Process
capital

√
√
√
√
√
√
8

Element
Relational
capital
√
√
√

Market
capital
√
√

Renewal
capital
√

√

√
√

√
4

√
4

Cultural
capital

Innovation
capital
√

√
√
√
7
Element
Customer
capital

Bounfour (2003)
IC-dVAL
Bontis (2004)
NICI
√
Andriessen and Stam (2005)
ICM
Weziak-Bialowolaska (2007)
ICI
Lin and Edvinsson (2008)
ICN
√
Schiuma et al. (2008)
RICI
√
√
√
Navarro et al. (2011)
NIKC
Käpyläet al. (2012)
MSNICP
√
Atkinson and Wu (2017)
NEI
√
Frequency of each capital
3
3
1
1
1
Note: The second column is the abbreviation of national intellectual capital (NIC) or regional intellectual capital (RIC) evaluation model proposed
by the references listed in the first column. IC-dVAL, intellectual capital dynamic value; NICI, national intellectual capital index; ICM, intellectual
capital monitor; ICI, intellectual capital index; ICN, intellectual capital navigator; RICI, regional intellectual capital index; NIKC, national index of
knowledge capital; MSNICP, measurement system for national intellectual capital performance; NEI, new economy index. “√” indicates that the
model corresponding to the row contains the element capital corresponding to the column.

According to different analytical dimensions and empirical approaches, previous studies have used different names
for the same IC concepts and metrics. For example, social capital represents social knowledge that can be derived from
social relations and networks (Käpyläet al., 2012), and it is the relational capital within a country or a region. Market
capital is achieved by investments in foreign relations and exports of quality products and services. It shows a country’s
competitiveness in the external market (Bontis, 2004) and is the external relational capital of a country or a region.
Therefore, social capital and market capital of a country or a region are sub-categories of its relational capital. For
another example, process capital refers to structural knowledge assets including transportation and information
technology skills, such as information system, hardware, software, database, laboratory, and national infrastructure (Lin
and Edvinsson, 2011). Process capital and structural capital are similar concepts, except that the terminology used is
different. Thus, we decided to group some of the different types of capital into one dimension because previous studies
had used the same or similar measurement indicators (e.g., Käpyläet al., 2012; Pedro et al., 2018). Structural capital,
cultural capital, renewal capital, innovation capital, and process capital were re-grouped as “structural capital”.
Relational capital, market capital, social capital, and customer capital were re-grouped as “relational capital”.
Subsequently, RIC structure proposed in this study is shown in Figure 1.
Regional human capital (RHC) usually refers to the intangible capital embodied in people in a region, who generally
have accepted general education and vocational training (Lin and Edvinsson, 2008). RHC is the sum of various
production knowledge, labor and management skills, and health of human beings (Lin, 2018). It is the most active
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Fig. 1. Proposed structure of regional intellectual capital (RIC) in this study.
factor in RIC, the link to other capitals, and the basis for realizing regional value appreciation. For the sustainable
growth of regional economy, the contribution of human capital depends on the amount, structure, and input of human
capital; this contribution is the potential driving force of human capital for economic growth.
Regional relational capital (RRC) refers to various links established by a region with relevant interest entities of other
regions, cities, or organizations to achieve value objectives (Schiuma et al., 2008). It includes external relational capital
(Bontis, 2004) and internal relational capital (Käpyläet al., 2012). External relational capital refers to the interaction
between the region and relevant foreign interest entities to achieve value objectives. Internal relational capital represents
the interaction between the region and relevant domestic interest entities outside the region to achieve value objectives.
Regional structural capital (RSC) represents tangible assets relevant to the development, acquisition, management,
and diffusion of technical and informational knowledge (Lin and Edvinsson, 2011; Lin, 2018), as well as educational
infrastructure within a region (Bontis, 2004). Moreover, it includes the intangible capital of institutions, culture, and
customs.
To calculate RICI, we first defined a list of indicators to measure the seven dimensions of the second level of the
proposed RIC structure shown in Figure 1. This process was slightly difficult due to the lack of a standard list
ofmetrics for IC component assessment. The definition of indicators should be relevant to the specific needs of IC
assessment. For our research, we selected 45 indicators through a two-step indicator selection process (Table 2). The
first step was to select a comprehensive list of relevant indicators based on the literature review of NIC and RIC
evaluation (Bounfour, 2003; Bontis, 2004; Andriessen and Stam, 2005; Weziak-Bialowolaska, 2007; Lin and
Edvinsson, 2008; Schiuma et al., 2008; Navarro et al., 2011; Käpyläet al., 2012; Wu and Li, 2014; Atkinson and
Wu, 2017). The selected indicators likely contained redundant indices. The second step was to evaluate the selected
indicator list using a Delphi analysis. A panel of policymakers and experts in the field of IC and knowledge
management judged the relevance of each indicator of the third level by a Likert scale.

3.2. Selection of indicators and revision process based on the Delphi analysis
3.2.1. Functions of the Delphi analysis
Expert positive coefficient (K) is the degree to how many experts pay attention to consulting activities. The formula
is as follows:
(1)
K  m / n,
where n is the total number of experts who were invited to participate in the score, and m is the number of experts who
gave feedback.
Whether the expert is authoritative or not has a great influence on the reliability of scoring. Therefore, when dealing
with evaluation results, it is necessary to consider the degree of expert authority (CR). CR is generally determined by
two factors: the basis of judgment made by the expert (Ca), and the expert’s familiarity with the problem (Cb). The
formula of CR is as follows:
C  Cb
CR  a
.
(2)
2
The quantitative evaluation of expert authority is shown in Table 3.
Full score frequency of indicator i (ki) is the percentage of the number of experts who gave full score to indicator
i (mi) to the number of experts who gave feedback (m) to indicator i. The formula of ki calculation is:
m
ki  i .
(3)
m
Generally, the higher the average score of an indicator, the higher the relative importance of this indicator. The
formula of average score of indicator i (Ci) is as follows:
1
Ci   mj1 Cij ,
(4)
m
where Ci is the average score of indicator i evaluated by m experts; Cij is the score value of indicator i by the jth
expert; and m is the number of experts who participated in the scoring.
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Table 2
Components and indicators of regional intellectual capital (RIC) structure in this study.
First-level indicator

Second-level
indicator
Regional
human
capital
investment

Regional human capital
(RHC)

Regional
human
capital
structure

Regional
human
capital
accumulation

Regional relational
apital
(RRC)

Regional
external
relational
capital
Regional
internal
relational
capital

Regional
technical
structural
capital
Regional structural
capital
(RSC)
Regional
cultural
structural
capital

Third-level indicator
1. Social donation education funding (×104 CNY)
2. Private school funding (×104 CNY)
3. Corporate training investment (×104 CNY)
4. Proportion of funds for science, education, culture, and health care in the total fiscal
expenditure (%)
5. Proportion of high school education population in the total population (%)
6. Proportion of the undergraduate population to the total population (%)
7. Number of R&D scientists and engineers per 10,000 people
8. Proportion of corporate R&D scientists and engineers in the total R&D scientists and engineers
in society (%)
9. Per capita disposable income of urban residents (CNY)
10. Per capita disposable income of rural residents (CNY)
11. Number of hospital beds per 10,000 people
12. Number of traffic accidents
13. Number of fires per year
14. Per capita medical and health care fiscal expenditure (CNY)
15. Proportion of social security and employment expenditure in the total fiscal expenditure (%)
16. Per capita possession of public library collections
17. Number of people participating in urban basic medical insurance
18. Ecological environment level
19. Foreign trade volume (×108 USD)
20. Number of inbound tourists (×104)
21. Foreign direct investment (×108 USD)
22. Contract amount of foreign contracted project and labor cooperation
23. Number of internet users (×104)
24. Freight volume (×104 t)
25. Post and telecommunications business volume (×108 CNY)
26. Transaction value of commodity market above 1.0×108 CNY (×108 CNY)
27. Total retail sales of social consumer goods (×108 CNY)
28. Number of buses per 10,000 people
29. Number of employed persons in railway and air transport industry
30. Number of scientific papers per 10,000 R&D people
31. Coefficient of national science and technology achievement award
32. Proportion of high-tech industrial added value in the total industrial added value (%)
33. Labor productivity of employment in high-tech industry (×104 CNY/person)
34. Technology market turnover (×104 CNY)
35. Number of patent grants per 10,000 people
36. Proportion of large and medium-sized industrial enterprises’ experimental development
expenditures in the total R&D expenditures of a region (%)
37. Number of household cars per 100 households in town
38. Number of computers per 100 households in town
39. Number of art performance venues
40. Number of public libraries
41. Number of museums
42. Number of urban community service facilities
43. Per capita urban road area (m2)
44. Total profit of industrial enterprises above designated size in the region (×108 CNY)
45. Number of listed companies

Note: R&D, research and development.

Table 3
Quantitative evaluation of expert authority.
Judgment basis
Practical experience
Theoretical analysis
Peer understanding
Intuitive judgment

Ca
0.8
0.6
0.4
0.2

Familiarity
High familiarity
Moderate familiarity
Familiarity
Unfamiliarity
Very unfamiliarity

Cb
1.0
0.8
0.4
0.2
0.0

Note: Ca represents the score of judgment basis evaluated by experts for the problem; Cb represents the score of expert’s familiarity with the problem.

Variation coefficient of indicator i (Vi) represents the degree of difference in experts’ understanding of the relative
importance of indicator i. The smaller the Vi, the higher the degree of consensus on indictor i among experts. The
formula is:
S
(5)
Vi  i ,
Ci

1 m
 j 1 (Cij  Ci ),
m
where Si is the standard deviation of indicator i score.
Si 

(6)
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3.2.2. Indicator adjustment steps based on the Delphi analysis
(1) Setting up a project working group. The working group comprised six members and its main tasks were:
inviting expert members, compiling expert consultation questionnaires, issuing and recycling questionnaires and
statistics, and processing and analyzing the questionnaires data.
(2) Experts invitation. Experts included two categories: senior government managers engaged in regional
economic management and scholars engaged in regional economic research. The invited experts should meet the
following requirements: engaged in regional economic management or regional economic research for more than
ten years, with professional and technical titles at or above the vice-senior level or cadres at or above the deputy
department level. Taking into account the workload of data collection and processing, the number of experts was
determined to be ten.
(3) Expert consultation. Based on the literature review, the working group preliminarily constructed the indicator
system consisting of 3 first-level indicators, 7 second-level indicators, and 54 third-level indicators. The working
group following drew up the “first-round expert questionnaire” and “expert questionnaire description”. The purpose
and task of this survey, the characteristics of the Delphi analysis, and the description of the questionnaire filling
process were introduced in detail. This study adopted a seven-point Likert scale questionnaire design, in which each
expert evaluated the relative importance of each indicator on a seven-point scale from “not important”
(corresponding to score of 1) to “very important” (corresponding to score of 7). The first round of the expert survey
involved questionnaire distribution and collection, data collection, and calculation of the average score of each
indicator. The average score of indicator was taken as the basis for indicator selection. Then, the first round of
statistical results, expert opinions, and selected indicators were fed back to the experts, and the second round of
questionnaire survey was administered for the experts to re-evaluate the indicator system. After questionnaires were
collected, the value of each indicator’s function was calculated. The results of the main functions of experts’ scores
for the second- and third-level indicators are shown in Tables 4 and 5, respectively.
Table 4
Main functions of experts’ scores of the second-level indicators in RIC structure.
Second-level indicator
Ci
ki
Regional human capital investment
6.60
0.60
Regional human capital structure
6.50
0.60
Regional human capital accumulation
6.60
0.60
Regional external relational capital
6.20
0.40
Regional internal relational capital
6.70
0.70
Regional technical structural capital
6.20
0.40
Regional cultural structural capital
6.00
0.40
Note: Ci, average score of indicator i; ki, full score frequency of indicator i; Si, standard deviation of indicator
indicator i.

Si
Vi
0.52
0.08
0.71
0.11
0.52
0.08
0.79
0.13
0.48
0.07
0.79
0.13
0.94
0.16
i score; Vi, variation coefficient of

3.3. Sample and data accessibility
One of the main objectives of this study is to investigate the temporal and spatial characteristics of China’s RIC.
Thus, we collected data of 31 provinces (including municipalities and autonomous regions) from 2004 to 2016 as
research samples. It should be noted that Hong Kong of China, Macao of China, and Taiwan of China were excluded
due to lack of data. We divided China into three regions: eastern, central, and western China. Eastern China included
11 provinces and municipalities: Liaoning, Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong,
Guangdong, and Hainan. Central China included eight provinces: Jilin, Heilongjiang, Shanxi, Anhui, Jiangxi, Henan,
Hubei, and Hunan. Western China included 12 provinces, municipalities, and autonomous regions: Inner Mongolia,
Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang (Li et al.,
2019). In this paper, the term “region” refers to one of the 31 provinces (including municipalities and autonomous
regions).
The data used in this study were extracted from the China Statistical Yearbook (National Bureau of Statistics of
China, 2005–2017), China Statistical Yearbook on Science and Technology (National Bureau of Statistics of China and
Ministry of Science and Technology of the People’s Republic of China, 2005–2017), and local statistical yearbooks of
the 31 provinces (including municipalities and autonomous regions). Some of the data came from official data released
on government websites and annual statistical reports; all the data were issued by relevant government departments in
accordance with national statistical standards, with high objectivity and authority. Given the lack of partial annual data,
we used the linear interpolation method and the dummy variable method to fill the missing values.

3.4. RICI calculation
We used the base period method to standardize the raw indicator data, and the base period value was defined as the
average value of the third-level indicator for the 31 regions in 2004 in this study. The standardized third-level indicator
were calculated as follows:
t
zijk
 xijkt x 2004
jk ,

x 2004

jk

1 31 2004
 xijk ,
31 i 1

(7)
(8)

where xtijk is the value of the kth third-level indicator belonging to the jth second-level indicator for the ith region in the
tth year; ztijk is the standardized value of the kth third-level indicator belonging to the jth second-level indicator for the ith
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Table 5
Main functions of experts’ scores of the third-level indicators in RIC structure.
Second-level
indicator

Regional human
capital investment

Regional human
capital structure

Regional human
capital accumulation

Regional external
relational capital

Regional internal
relational capital

Regional technical
structural capital

Regional cultural
structural capital

Third-level indicator

Ci

ki

Si

Vi

1. Social donation education funding
2. Corporate training investment
3. Proportion of funds for science, education, culture, and health care in
the total fiscal expenditure
4. Private school funding
5. Number of books per 10,000 people
6. Proportion of junior high school education population in the total
population
7. Proportion of high school education population in the total population
8. Proportion of the undergraduate population to the total population
9. Number of R&D scientists and engineers per 10,000 people
10. Proportion of corporate R&D scientists and engineers in the total
R&D scientists and engineers in society
11. Number of persons engaged in scientific and technological activities
12. Number of professional and technical personnel in state-owned
enterprises and institutions
13. Per capita disposable income of urban residents
14. Per capita disposable income of rural residents
15. Number of hospital beds per 10,000 people
16. Number of traffic accidents
17. Number of fires
18. Per capita medical and health fiscal expenditure
19. Proportion of social security and employment expenditure in the total
fiscal expenditure
20. Per capita possession of public library collections
21. Number of people participating in urban basic medical insurance
22. Ecological environment level
23. Foreign trade volume
24. Export volume
25. Number of inbound tourists
26. Foreign direct investment
27. Contract amount of foreign contracted project and labor cooperation
28. Number of internet users per 10,000 people
29. Freight volume
30. Passenger volume
31. Total amount of telecom service
32. Post and telecommunications business volume
33. Transaction value of commodity market above 1.0×108 CNY
34. Total retail sales of social consumer goods
35. Number of buses per 10,000 people
36. Number of employed persons in the railway and air transport industry
37. Number of scientific papers per 10,000 R&D person
38. High-tech industry employment labor productivity
39. Technology market turnover
40. Proportion of large and medium-sized industrial enterprises’
experimental development expenditures in the total R&D
expenditures of a region
41. Number of patent grants per 10,000 people
42. National science and technology achievement award coefficient
43. Proportion of high-tech industrial added value in industrial added
value
44. Number of household cars per 100 households in town
45. Number of computers per 100 households in town
46. Number of art performance venues
47. Number of public libraries
48. Number of museums
49. Number of urban community service facilities
50. Proportion of expenditure on culture, education and entertainment in
urban families
51. Per capita urban road area
52. Volume of books in public libraries
53. Number of listed companies
54. Total profit of industrial enterprises above designated size in the
region

6.40
6.10

0.60
0.50

0.84
1.10

0.13
0.18

5.90

0.30

0.99

0.17

5.60
2.70

0.30
0.00

1.17
0.67

0.21
0.25

3.00

0.00

0.67

0.22

6.10
5.30
5.20

0.50
0.20
0.20

1.20
1.25
1.23

0.20
0.24
0.24

5.90

0.40

1.20

0.20

3.90

0.10

1.52

0.39

2.50

0.00

0.85

0.34

6.00
5.20
6.20
5.40
5.40
5.60

0.40
0.20
0.50
0.10
0.30
0.30

1.15
1.32
1.03
1.14
1.26
1.17

0.19
0.25
0.17
0.21
0.23
0.21

5.60

0.40

1.35

0.24

5.90
6.20
5.70
5.80
3.20
5.50
6.20
5.60
6.20
5.90
2.60
3.00
5.40
5.60
5.63
6.00
6.10
5.70
6.00
5.50

0.40
0.40
0.20
0.40
0.00
0.20
0.50
0.30
0.50
0.40
0.00
0.00
0.20
0.40
0.20
0.40
0.50
0.20
0.40
0.40

1.20
0.79
0.95
1.23
1.23
1.27
1.03
1.17
1.03
1.10
0.70
0.82
1.17
1.43
1.19
1.05
1.10
0.95
1.05
1.35

0.20
0.13
0.17
0.21
0.38
0.23
0.17
0.21
0.17
0.19
0.27
0.27
0.22
0.26
0.21
0.18
0.18
0.17
0.18
0.25

5.60

0.20

1.07

0.19

5.70
5.80

0.30
0.40

1.06
1.23

0.19
0.21

5.70

0.40

1.25

0.22

5.70
5.20
4.67
6.30
5.67
6.20

0.40
0.20
0.20
0.50
0.30
0.30

1.25
1.69
1.73
0.95
1.22
0.63

0.22
0.32
0.37
0.15
0.22
0.10

2.40

0.00

0.52

0.22

5.44
2.30
5.60

0.20
0.00
0.10

1.13
0.82
0.84

0.21
0.36
0.15

5.50

0.10

1.35

0.25

2004
jk

region in the tth year; x
is the value of the kth third-level indicator belonging to the jth second-level indicator for the
31 regions in 2004; and x2004
is the average value of the kth third-level indicator belonging to the jth second-level
jk
indicator for the 31 regions in 2004.
The synthetic calculation of RICI was divided into three steps.
Step 1: Seven second-level indicator values were calculated by the standardized third-level indicator data. Each
second-level indicator value was calculated by finding the average value of all the third-level indicators belonging to
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the second-level indicator. The calculations were done using the following formulas:
m

hij  k h1j hijk / mh j ,
sij  

(9)

ms j
k 1 ijk

(10)

mr j
k 1 ijk

(11)

rij  

s / ms j ,

r / mrj ,

values of the kth third-level indicator belonging to the jth second-level indicator

where hijk, sijk, and rijk are the normalized
of human capital, structural capital, and relational capital for the ith region, respectively; mh , ms , and mr are the number
of the third-level indicators corresponding to each second-level indicator; and hij, sij, and rij are the jth second-level
indicator value of human capital, structural capital, and relational capital for the ith region, respectively.
Step 2: Three first-level indicators were calculated using the following formulas:
1
(12)
H i  3j 1 hij ,
3
1
(13)
Ri  3j 1 rij ,
2
1
(14)
Si  3j 1 sij ,
2
where Hi, Ri, and Si are the ith region’s human capital indicator, relational capital indicator, and structural capital
indicator, respectively.
Step 3: RICI of the 31 regions was calculated as follows:
(15)
RIC-Indexi  (Hi  Ri  Si ) / 3 (i=1, 2,…, 31),
where RIC-Indexi is the RICI of the ith region.
j

j

j

4. Temporal and spatial characteristics of China’s RIC
Based on the data analysis described in the preceding section, the RICI in the 31 regions from 2004 to 2016 is
presented in Table S1. The top ten regions in the overall ranking list are, in order, Guangdong, Jiangsu, Beijing,
Shanghai, Zhejiang, Shandong, Hubei, Tianjin, Liaoning, and Sichuan. The bottom ten regions are Yunnan, Jilin,
Guangxi, Xinjiang, Gansu, Guizhou, Hainan, Qinghai, Tibet, and Ningxia. A quick review of Table S1 shows that,
although the ranking is for RICI, the results agree with the general perception that the top ten regions are well-developed
regions with a relatively high economic and social status, and the bottom ten regions are developing regions afflicted
with a certain degree of economic or social problems in the past decade. The results were compared with each other
from the temporal and spatial perspective to understand the changing characteristics of IC.

4.1. Temporal characteristics of China’s RIC
Figure 2 shows the average RICI trend in eastern, central, and western China as well as of the whole China from
2004 to 2016. The average value of China’s RICI increased annually from 9.56 in 2004 to 33.15 in 2016, with an
average annual growth rate of 20.56%. Eastern, central, and western China had similar growth trends.

Fig. 2. Average value of the regional intellectual capital index (RICI) in eastern, central, and western China as well
as the whole China from 2004 to 2016.
We found that eastern China had a higher RICI value than the central and western China from 2004 to 2016.
Furthermore, the RICI trend line in eastern China was steeper than those in central and western China, which
indicated that the difference between the RICI in eastern and western China gradually widened over time. This
finding indicated that the RICI value was also related to geographical location and socioeconomic status.
The main reason for this phenomenon is the big difference in the level of innovation investment among regions,
resulting in the Matthew effect (the rich get richer and the poor get poorer) on the development of RICI in different
regions of China. In addition, regional innovation investment is affected by special conditions, such as regional
factor endowment, economic development level, industrial structure, innovative national strategy, etc.
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4.2. Spatial differentiations of China’s RIC
We used the system clustering analysis method to classify the 31 regions by RICI, which enabled us to intuitively
analyze the differentiation of the spatial distribution of RICI among regions. Moreover, to compare the spatial
differentiation characteristics with time, we clustered the 31 regions by RICI in 2004, 2007, 2010, 2013, and 2016. The
homogeneity of variance test and ANOVA test were conducted to ensure the rationality and reliability of classification
results. We followed three principles when choosing the clustering scheme: (1) the coefficient of the homogeneity of
variance test is not significant (i.e., greater than 5%); (2) the ANOVA test is satisfied; and (3) the sample is grouped in
a reasonable number. Given these principles, this study chose a clustering scheme that divided the 31 regions into nine
clusters. The smaller the cluster number, the higher the cluster’s RICI value, i.e., the first cluster had the highest RICI
value, whereas the ninth cluster had the lowest RICI value. We divided the classification results of the nine clusters of
each year into three levels. The first three clusters were classified as the high-level regions, the middle three clusters as
the medium-level regions, and the latter three clusters as the low-level regions. The classification results are presented
in Table S2. To more intuitively display the spatial distribution characteristics of RIC, we mapped the results of
classification in Figure 3.

Fig. 3. Spatial distribution of China’s RICI in 2004 (a), 2007 (b), 2010 (c), 2013 (d), and 2016 (e). Note that this map
is based on the standard map (No. GS (2019) 1684) of the Map Service System (http://bzdt.ch. mnr.gov.cn/) marked by
the Ministry of Natural Resources of the People’s Republic of China, and the base map has not been modified. It should
be noted that Hong Kong of China, Macao of China, and Taiwan of China are not included in the research scope of this
paper due to lack of data.
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As shown in Figure 3, RICI decreased gradually from eastern to western China at the spatial scale. According to
Table S2, we calculated the average number of regions in high, medium, and low RICI level by the five cross-sections
(in 2004, 2007, 2010, 2013, and 2016). Among them, there were 4 high-level regions, 9 medium-level regions, and 18
low-level regions. Most of the four high-level regions are in the eastern coastal areas of China. This is because the level
of economic development in these regions is relatively high. Approximately all the 18 low-level regions are distributed
in western, northeastern, and southeastern China, where economic development is lagging. The remaining nine
medium-level regions are adjacent to the high-level regions. The spatial distribution characteristics of the 31 regions in
2016 also strongly supported this conclusion (Table 6).
Table 6
RICI level clustering results of the 31 regions in 2016.
Cluster
number
Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5
Cluster 6

RICI level
High-level

Eastern China

Medium-level
Tianjin, Fujian, Hebei, and Liaoning

Cluster 7
Cluster 8
Cluster 9

Central China

Western China

Guangdong
Beijing
Jiangsu
Shanghai, Zhejiang, and Shandong

Low-level
Hainan

Hubei
Henan
Anhui, Hunan, and
Jiangxi
Heilongjiang, Jilin,
and Shanxi

Sichuan and Shaanxi
Chongqing
Guangxi, Inner Mongolia, Yunnan,
Xinjiang, Gansu, and Guizhou
Tibet, Qinghai, and Ningxia

From the spatial evolution of RICI in 2004–2016 (Fig. 3), the eastern coastal areas contributed to the development
of China’s RIC, forming a ribbon-like area of high RICI value on the eastern coast. Inland areas, such as Shaanxi,
Sichuan, Hubei, Henan, Hunan, Anhui, and Jiangxi, adjacent to the eastern coastal areas, experienced frequent jumping
of RICI levels over time. By 2016, RICI values of Hubei, Shaanxi, Sichuan, Henan, and other regions rose to the
medium-level, and central China has gradually formed a medium-level RICI circle that has spread to the surrounding
regions, with Hubei as the center. RICI values were generally low in western, northeastern, and southwestern China.
The spatial distribution characteristics of China’s RICI showed a gradient spatial distribution pattern along the eastern
coastal intellectual intensive belt, the central inland intellectual circle, and the western intellectual sparse annulus.
With the gradual emergence of the economic effects of national strategic plans, such as the “Rise of Central China
Strategy” and the “Great western development Strategy”, we predicted that the unequal regional development of RICI
in eastern, central, and western China would continue to expand and the differences of RICI between the eastern and
western regions would be relatively greater than those between the eastern and central regions. Moreover, RICI
polarization diffusion zones may be formed with the Yangtze River Delta, the Pearl River Delta, the Beijing–Tianjin–
Hebei region, and the Hubei intellectual circle as the main body in the future.
As shown in the temporal and spatial change characteristics of RIC in China, the variations of RIC had a clear
relationship with regional economic development and geographic location. We verified this hypothesis in the following
section.

4.3. Structural characteristics of RIC
To further explore the characteristics of IC structure in different geographic regions, this paper took the RICI
measurement results of the 31 regions in China in 2016 to analyze the structural characteristics of the second-level IC
indicator in each region. Finally, according to the structural characteristics, we divided the 31 regions into ten categories.
The classification results are shown in Table 7 and intuitively displayed by the radar chart in Figure 4.
Table 7
Classification of IC structure in the 31 regions of China in 2016.
Classification
Strong external relational capital
Strong technical structural capital and external relational capital
Strong external relational capital and cultural structural capital
Strong external relational capital and technical structural capital
Strong external relational capital and weak human capital structure
Weak human capital
Strong cultural structural capital, strong internal relational capital, and weak
human capital structure
Strong cultural structural capital, and weak human capital investment
Strong technical structural capital, weak human capital investment, and weak
human capital structure
Strong human capital accumulation, weak human capital investment, and
weak internal relational capital

Region
Guangdong
Beijing and Shanghai
Jiangsu, Shandong, and Zhejiang
Hubei, Tianjin, and Shaanxi
Liaoning, Sichuan, and Fujian
Chongqing, Hunan, Anhui, and Jiangxi
Henan and Hebei
Guangxi, Yunnan, Inner Mongolia, Shanxi, and Guizhou
Heilongjiang, Jilin, Xinjiang, and Gansu
Qinghai, Hainan, Ningxia, and Tibet

The results shown in Figure 4 demonstrated that regions with similar IC structures usually have similar regional
characteristics, including geographical location, transportation, economy, history, and culture; for example, Guangdong,
which is located in the east coast, occupies a superior geographical location and has a good environment for economic
development. As the forerunner of China’s “Reform and Opening Up Policy”, Guangdong has outstanding advantages
in foreign exchanges, showing an IC structure of “strong external relational capital” (Fig. 4a). Shanghai and Beijing are
respectively the municipality and megacity in China; they are also the two most developed and prosperous cities in
China. Beijing is the center of China’s politics, culture, international contacts, and technological innovation. Shanghai
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is an important economy, transportation, technology, industry, finance, exhibition, and shipping center in China. It is
also the location of China’s first free trade zone, i.e., China (Shanghai) Pilot Free Trade Zone, in Chinese Mainland.
Shanghai Port ranks first in the world in cargo throughput and container throughput and is a good international port.
Therefore, technical structural capital and external relational capital are more prominent in Beijing and Shanghai,
showing a “strong technical structure and external relational capital” IC structure (Fig. 4b). Like the eastern regions,
Jiangsu, Shandong, and Zhejiang, the three eastern coastal areas, have strong relational capital. The difference is that,
although these regions have a large population and rich human resources, the proportion of highly educated population
and the proportion of knowledge-intensive talents such as scientists and engineers are relatively low. Therefore, these
regions’ IC structure is a “strong relational capital and weak human capital structure” (Fig. 4c). For Hubei, Tianjin, and
Shaanxi, external relational capital and technical structural capital are more prominent than other sub-dimensions of
IC, but they do not perform well in terms of human capital investment. Therefore, the three regions included in this
category are represented as a “strong external relational capital, strong technical structural capital, and weak human
capital investment” IC structure (Fig. 4d).

Fig. 4. Radar chart of the second-level indicator of IC structure in the 31 regions of China in 2016. CSC, cultural
structural capital; TSC, technical structural capital; IRC, internal relational capital; ERC, external relational capital;
HCA, human capital accumulation; HCS, human capital structure; HCI, human capital investment.
Because of rich historical and cultural heritage, Henan and Hebei have many museums, art performance venues,
public libraries, and other cultural venues, which are the contents of cultural structural capital. The developed
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transportation structure in Henan and Hebei also promotes economic and cultural exchanges with other regions at home
and abroad. In addition, although Henan and Hebei are two of China’s populous provinces, their human capital structure
is relatively weak due to the low proportion of its highly educated population, the number of scientists and engineers,
etc. Therefore, the two regions show a “strong cultural structural capital, strong internal relational capital, and weak
human capital structure” (Fig. 4g). For Liaoning, Sichuan, and Fujian, regional external relational capital has certain
advantages, but human capital structure is relatively imperfect, showing a “strong external relational capital and weak
human capital structure” (Fig. 4e). In Anhui, Chongqing, Hunan, and Jiangxi, human capital investment, structure, and
accumulation are relatively weak, and the other sub-dimensions are relatively balanced, showing a “weak human
capital” IC structure (Fig. 4f). Guangxi, Inner Mongolia, Yunnan, Shanxi, and Guizhou are represented as a “strong
cultural structural capital, weak human capital investment, and weak human capital structure” (Fig. 4h), because these
regions have relatively prominent cultural structural capital, insufficient human capital investment, and imperfect
human capital allocation structure. Due to the relative shortage of human capital investment and human capital
structure, Heilongjiang, Jilin, Xinjiang, and Gansu exhibit a “weak human capital investment and human capital
structure” (Fig. 4i). Qinghai, Hainan, Ningxia, and Tibet have low levels of economic development and are lack of
capital investment in education, enterprise employee training, etc. So, human capital investment in these regions is
insufficient. Moreover, because of their remote geographical location and poor transportation structure, the regions
have infrequent economic and cultural exchanges with other regions in the country. Therefore, they have a “weak
human capital investment and internal relational capital structure” (Fig. 4j).
We found that almost all types of RIC structure perform poorly in human capital, especially in human capital
investment and human capital structure. It is also found that the shape of the radar chart of IC structure in the eastern
coastal areas is usually biased towards “strong external relational capital”, and this is also the cases in Guangdong (Fig.
4a), Beijing and Shanghai (Fig. 4b), Shandong, Jiangsu, and Zhejiang (Fig. 4c), Fujian (Fig. 4e), and others. Regions
in central and western China usually have more prominent structural capital (cultural or technological structural capital),
such as cultural structural capital in Henan, Inner Mongolia, Guangxi, and Yunnan, and technological structural capital
in Chongqing, Heilongjiang, Jilin, Xinjiang, Gansu, and other regions. The characteristics of RIC’s temporal and spatial
changes in China show that the changes in RIC have a clear relationship with regional economic development and
geographical location.

4.4. Spatial correlation analysis of RICI
The new economic geography theory posits that geographical location and difference have a non-negligible effect
on the economic growth mechanism. Economic growth distribution and convergence research should emphasize
spillover effects and spatial dependence of regional economic growth differences. Similarly, we assumed that IC
distribution characteristics are geographically and economically dependent. In this section, we conducted an
exploratory spatial data analysis to explore the correlation between RICI and geographic and economic spaces of
regions.
The first step in calculating the spatial correlation of RICI between regions is to choose spatial weights, including
geographic, economic, and population weights. This study selected geographic neighbor weight (w1), geographic
distance weight (w2), and economic distance weight (w3) to analyze the spillover effects of RIC. To calculate w1, we
used the contiguity distance between adjacent regions with common boundaries. That is, when regions i and j are
adjacent, wij is 1, and when regions i and j are non-adjacent, wij is 0 (Zhao and Wu, 2018). To calculate w2, we used the
reciprocal of the absolute value of the linear distance between the provincial capitals of any two provinces (i.e.,
wij=1/|xij|, where xij is the distance between province i and province j); when i=j, wij=0 (Zhao and Wu, 2018). To
calculate w3, we used the reciprocal of the absolute value of the difference in GDP per capita of each region (i.e.,
wij=1/|gij|, gij is the difference in GDP per capita between province i and province j); when i=j, wij=0 (Pan, 2018).
Moran’s I (MI) is a common indicator used by domestic and foreign scholars to measure the spatial correlation
between regions. The formula are as follows:
W= in1 nj 1 wij ,
(16)
1 n
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where W is the sum of all spatial weights; wij is the weight value of the (i, j) element in the normalized spatial weight
matrix, which is used to measure the distance between regions i and j; n is the number of regions; Yi is the outcome of
interest in region i; Y is the average value of Yi; and S2 is the sample variance. MI ranges from –1.000 to 1. 000. When
MI>0.000, the space is positively correlated. That is, a region with a high MI value is adjacent to a region with a high
MI value, and a region with a low MI value is adjacent to a region with a low MI value. When MI<0.000, the space is
negatively correlated. That is, a region with a high MI value is adjacent to a region with a low MI value. When
MI=0.000, the space is random and no spatial correlation exists.
Table 8 shows the MI values of RICI on geographic and economic weights from 2004 to 2016. The Z-statistic test
showed that all the MI values were significant at the 5% level, except in 2016, when w1 was the weight matrix and MI
was significant at the 10% level.
First, from the perspective of the three spatial weights, RICI’s MI is different. When the spatial weight is w1, MI is
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significantly positive at the 5% level, with an average value of 0.200. Therefore, the regions with high and low RICI
values have a relative agglomeration phenomenon. That is, the regions with high RICI values are adjacent to each other,
and the regions with low RICI values are adjacent to each other. When the spatial weight is w2, MI is significantly
positive at the 5% level, but its average value is 0.051, which indicated that the correlation of RICI in geographical
distance is not strong. Therefore, the IC development between adjacent regions has a significant positive correlation,
but this correlation will become weak and disappear as the geographical distance increases. When the spatial weight is
w3, MI is significantly positive at the 5% level, with an average value of 0.261. This showed that when the level of
economic development between regions is equivalent, the RICI of these regions is also equivalent. Thus, we predicted
Table 8
Moran’s I (MI) value of RICI from 2004 to 2016.
w1
w2
w3
MI
P
MI
P
MI
P
**
***
2004
0.215
0.017
0.058
0.006
0.286
0.010**
**
***
2005
0.219
0.015
0.061
0.005
0.277
0.012**
2006
0.213
0.017**
0.058
0.006***
0.271
0.013**
2007
0.204
0.021**
0.054
0.009***
0.261
0.016**
2008
0.208
0.020**
0.054
0.008***
0.271
0.013**
2009
0.205
0.022**
0.056
0.007***
0.263
0.016**
2010
0.189
0.032**
0.048
0.015**
0.243
0.025**
2011
0.212
0.018**
0.053
0.010**
0.249
0.022**
2012
0.207
0.020**
0.051
0.011**
0.249
0.021**
2013
0.187
0.031**
0.043
0.021**
0.235
0.027**
2014
0.198
0.026**
0.047
0.016**
0.263
0.016**
2015
0.181
0.038**
0.044
0.020**
0.262
0.016**
2016
0.167
0.052*
0.039
0.030**
0.257
0.018**
Average value
0.200
0.051
0.261
Note: w1, geographic neighbor weight; w2, geographic distance weight; w3, economic distance weight; ***, the null hypothesis is rejected at the 1%
significance level; **, the null hypothesis is rejected at the 5% significance level; *, the null hypothesis is rejected at the 10% significance level; -, no
data.
Year

that economic activity between regions with comparable economic levels has a two-way impact on each other’s IC
development, which exceeds the limit of geographic distance.
Second, from the time axis perspective, when the weight matrix is w1, MI value fluctuated as years passed, showing
that RICI correlation in geographically adjacent spaces in China is gradually weakening (Fig. 5). Conversely, when the
weight matrix is w3, MI value showed a U-shaped growth trend as years passed. That is, MI showed a downward trend
from 2005 to 2012 and an upward trend from 2012 to 2016.

Fig. 5. Values and trends of Moran’s I (MI) for geographic neighbor weight (w1) and economic distance weight (w3).
Finally, from the difference in MI caused by different spatial weights, we concluded that the two main channels of
IC spillover exist between regions, adjacent geographical space (i.e., w1 is the spatial weight matrix), and economic
space (i.e., w3 is the spatial weight matrix); and the influence of both channels exists simultaneously for all regions.
Thus, when the two regions are adjacent, RIC interaction effect between them can be jointly promoted by the dual
factors of geographic and economic space. Conversely, when two regions are not adjacent, RIC spillover can only be
channeled through the economic space because geographical distance is a huge obstacle (i.e., when the spatial weight
is w2, MI value is close to 0.000).
The dependence of RIC on economic space is significantly stronger than that on geographical space (Fig. 5), because
the mutual influence of RIC is channeled by economic cooperation and exchange. When the two regions are adjacent,
the economic cooperation and exchange are more active, and the interaction effect of RIC is stronger. On the contrary,
when the two regions are non-adjacent, the economic cooperation and exchange between regions with large differences
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in economic level are less active, and RIC has a weak effect. If economic level is high, knowledge exchange can also
occur even if there is a long distance.

5. Discussion and conclusions
Similar to the phrase “knowledge is power”, RIC is an economic growth driver for a country. Based on the literature
and theoretical review and Delphi analysis, this paper proposed a RIC measurement model to evaluate China’s regional
sustainable economic growth drivers. Although models for measuring RIC already exist, the existing models are only
based on literature or theory, such as IC-dVAL (Bounfour, 2003), NICI (Bontis, 2004), and MSNICP (Käpyläet al.,
2012). The list of indicators selected in this study is subjective and contains many redundant indicators. The difference
is that this study further used the Delphi analysis to evaluate and modify the model, getting a more scientific and
reasonable RIC measurement model, compared with previous studies. In addition, the existing RIC evaluation models
in China mostly draw lessons from the evaluation models based on other countries (Chen, 2006). Due to the different
national backgrounds, some indicators are not compatible with the current situation of China to a certain extent. This
paper took local indicators of China into account when selecting indicators. In addition, the existing researches do not
provide further analysis of RIC characteristics of different regions, such as geo-spatial features and RIC internal
structure characteristics (Bounfour, 2003; Chen, 2006; Käpyläet al., 2012). The findings in this paper reveal that China
is a vast country with many regions exhibiting different RIC stocks and IC structures.
The results in this paper show that China’s RICI increases annually and is consist with the level of economic
development. Thus, regions with high levels of economic development have more advantages in cultivating future
economic growth drivers. RICI follows the trend of “high in the east and low in the west” in terms of geo-spatial space,
decreasing gradually from eastern to western China. The spatial distribution characteristics of China’s RICI show a
gradient spatial distribution pattern along the eastern coastal intellectual intensive belt, the central inland intellectual
circle, and the western intellectual sparse annulus. Through these spatial distribution characteristics of IC, the
polarization diffusion zones of economic growth drivers with the Yangtze River Delta, the Pearl River Delta, the
Beijing–Tianjin–Hebei region, and the Hubei intellectual circle as the main body may be formed in the future. In terms
of RIC structure, we found that the shape of the radar chart of IC structure located in the eastern coastal areas is usually
biased towards “strong external relational capital”, while that in western China is generally biased towards structural
capital. In terms of spatial correlation, China’s RICI is regionally dependent on geographically adjacent and economic
spaces. The dependence on geographic space is weaker than that on economic space. The former has a weakening trend,
and the latter is characterized by a U-shaped change, that is, it shows a weakening trend first and then a strengthening
trend from 2004 to 2016 (Fig. 5).
Based on these results, we proposed three countermeasures. First, the regional government should create good social
innovation environment and research and development support conditions, including the institutional, social, and
cultural environment, and strengthen the incentive mechanism in the field of innovation. Second, development
strategies for regional integration should be implemented. There is a certain correlation between RICI of different
regions with similar geographic and economic spaces, so we suggest that geographical adjacent regions with the same
level of economic development should jointly establish economic development alliance to increase the links between
them and give full play to the positive correlation of inter-RIC, such as the integration of the Yangtze River Delta in
China. These experiences can be replicated in some inland areas of China, such as the establishment of a regional
integration development alliance centered on Wuhan in Hubei Province. Third, all regions should implement the
“economy drive ‘knowledge’ and ‘knowledge’ feedback economy” strategy. From the perspective of geographic space,
the level of RICI is consist with the level of economic development. On the one hand, as the core element of economy
production, IC is a powerful driving force for sustainable economic development. On the other hand, economically
developed regions can make use of their good economic foundation to increase investment in IC to establish a virtuous
circle between IC and economic development. Therefore, underdeveloped regions should look for breakthroughs in the
development of knowledge-intensive industries using overall design and reasonable planning, and try to establish a
virtuous circle path between IC investment and economic development through government subsidies, fiscal and tax
support, and other policy support.
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Region
Guangdong
Jiangsu
Beijing
Shanghai
Zhejiang
Shandong
Hubei
Tianjin
Liaoning
Sichuan
Fujian
Henan
Hebei
Shaanxi
Hunan
Anhui
Chongqing
Heilongjiang
Jiangxi
Shanxi
Inner Mongolia
Yunnan
Jilin
Guangxi
Xinjiang
Gansu
Guizhou
Hainan
Qinghai
Tibet
Ningxia

2004
26.28
20.19
22.17
21.34
17.99
13.70
8.74
10.63
10.59
8.45
10.78
8.06
9.28
8.18
8.91
6.76
6.42
8.07
5.88
7.66
6.62
6.43
6.47
5.37
5.32
5.19
4.13
4.43
4.75
3.96
3.73

2005
31.18
23.35
23.92
24.34
21.55
16.82
10.03
12.64
12.17
9.38
11.90
9.58
10.73
9.83
10.24
7.75
7.46
9.33
6.94
8.89
7.36
7.20
7.85
6.47
6.76
6.26
5.04
5.89
5.30
4.66
4.23

2006
36.79
27.78
28.21
28.19
24.31
19.90
11.66
14.45
13.35
11.06
12.95
10.70
11.83
11.00
11.89
8.93
8.24
10.01
8.10
9.30
7.75
7.99
8.87
7.05
7.18
6.48
5.21
7.42
5.10
8.05
5.04

2007
44.64
32.14
32.98
34.16
28.07
23.78
13.75
15.93
15.61
14.81
15.07
13.11
13.57
11.12
13.13
10.34
9.18
11.40
9.56
10.55
9.25
8.84
10.11
8.05
7.86
7.20
6.16
6.87
5.65
5.95
5.38

2008
48.03
34.93
37.44
37.79
30.15
27.26
15.92
17.94
18.03
15.60
15.88
14.43
16.16
12.68
14.10
11.75
10.90
12.13
10.37
11.55
10.24
9.60
10.32
9.83
9.40
7.89
6.88
8.09
6.70
6.80
6.31

2009
50.49
38.31
38.63
40.37
33.51
31.39
18.97
19.20
20.87
18.15
17.21
16.77
16.93
14.04
15.13
13.81
12.55
13.61
11.94
12.43
11.84
11.61
11.99
11.15
10.76
9.68
8.08
8.97
7.84
7.73
7.56

2010
59.09
46.81
43.36
42.39
38.47
36.78
22.15
21.14
22.69
23.49
19.62
19.36
19.32
16.68
17.20
15.84
14.51
14.10
13.25
13.73
13.22
13.18
12.99
12.95
11.83
10.55
9.19
9.38
8.24
8.72
7.94

2011
64.16
53.27
48.11
45.71
41.98
39.26
22.84
23.08
24.44
24.16
22.59
22.04
21.25
18.55
18.27
18.48
16.51
15.61
14.94
15.35
15.06
14.28
13.94
14.12
12.57
11.49
10.12
10.72
9.33
9.50
9.19

2012
72.85
59.87
55.19
47.68
47.53
42.79
25.90
25.99
27.17
24.06
24.68
24.37
23.29
21.24
21.13
21.29
18.89
16.98
16.74
16.91
17.51
16.44
15.33
15.70
14.54
12.19
11.70
11.60
10.09
10.57
10.40

2013
82.50
63.81
60.55
49.18
49.94
45.75
31.78
28.72
29.07
26.73
26.28
26.15
26.41
24.28
23.87
23.21
20.96
17.92
19.10
17.36
17.23
17.90
16.66
17.36
15.24
13.45
13.22
12.44
10.82
10.67
11.21

2014
76.83
66.44
64.20
52.73
48.05
49.85
34.44
30.82
27.07
29.15
27.84
28.62
25.38
25.83
24.22
23.68
23.30
18.49
20.53
17.88
18.22
19.61
16.62
18.69
17.33
14.44
15.60
12.50
12.09
12.07
13.29

2015
88.79
68.38
71.15
56.00
57.23
53.25
36.78
33.77
29.22
32.77
29.59
29.81
27.53
28.66
24.65
26.61
24.47
20.29
22.50
18.31
18.95
19.83
18.98
19.64
16.72
15.94
16.28
13.38
13.38
12.15
13.15

2016
94.00
71.34
76.80
59.92
59.48
56.71
40.15
35.31
29.97
36.60
32.11
31.61
30.99
31.79
26.28
27.71
27.33
22.00
24.25
19.15
20.35
20.18
20.48
21.30
19.76
17.47
17.65
14.91
14.95
12.74
14.51

Table S1
Regional intellectual capital indicator (RICI) values of 31 provinces (including municipalities and autonomous regions) of China from 2004 to 2016.

Appendix

Average
59.66
46.66
46.36
41.52
38.33
35.17
22.55
22.28
21.56
21.11
20.50
19.59
19.44
17.99
17.62
16.63
15.44
14.61
14.16
13.77
13.35
13.31
13.12
12.90
11.94
10.63
9.94
9.74
8.79
8.74
8.61

Rank
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
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2016
Guangdong
Beijing
Jiangsu
Shanghai, Zhejiang,
and Shandong

2013
Guangdong
Jiangsu and Beijing
Zhejiang and Shanghai

2010
Guangdong
Jiangsu
Beijing and Shanghai

2007
Guangdong
Shanghai, Beijing, and Jiangsu
Zhejiang

Beijing and Shanghai

Jiangsu

Cluster 2

Cluster 3

Heilongjiang, Guangxi,
Jilin, Inner Mongolia,
Yunnan, Xinjiang,
Shanxi, Guizhou, and
Gansu
Qinghai, Hainan,
Ningxia, and Tibet

Liaoning, Tianjin,
Sichuan, Hebei, Fujian,
and Henan
Shaanxi, Hunan, Anhui,
and Chongqing
Jiangxi, Heilongjiang,
Yunnan, Shanxi, Guangxi,
Inner Mongolia, Jilin, and
Xinjiang
Gansu, Guizhou, Hainan,
Ningxia, Qinghai, and
Tibet

Tianjin, Fujian, Henan, and
Hebei

Hunan, Shaanxi, and Anhui
Chongqing, Heilongjiang,
Shanxi, Jiangxi, Inner
Mongolia, Yunnan, Jilin,
Guangxi, Xinjiang, and
Gansu
Hainan, Guizhou, Tibet,
Qinghai, and Ningxia

Hubei, Hebei, Hunan, and Henan
Heilongjiang, Shaanxi, Shanxi,
Anhui, Jilin, Jiangxi, Inner
Mongolia, Chongqing, and
Yunnan
Guangxi, Xinjiang, Gansu, and
Hainan

Guizhou, Tibet, Qinghai, and
Ningxia

Fujian, Tianjin, and Liaoning

Hebei, Hunan, Hubei,
Sichuan, Shaanxi,
Heilongjiang, Henan, and
Shanxi

Anhui, Inner Mongolia, Jilin,
Yunnan, Chongqing, Jiangxi,
Guangxi, Xinjiang, and Gansu

Qinghai, Hainan, Guizhou,
Tibet, and Ningxia

Cluster 6

Cluster 8

Cluster 9

Cluster 7

Anhui, Chongqing,
Hunan, and Jiangxi

Hubei

Sichuan, Liaoning, and
Hubei

Tianjin, Liaoning, Fujian, and
Sichuan

Shandong

Cluster 5

Low-level

Hubei
Sichuan, Tianjin,
Fujian, Shaanxi,
Henan, Hebei, and
Liaoning

Shandong

Zhejiang and Shandong

Shandong

Cluster 4

Zhejiang

Mediumlevel

RICI level
High-level

2004

Cluster 1

Cluster number

Guangdong

Table S2
Clustering results of RICI in 31 provinces (including municipalities and autonomous regions) of China in 2004, 2007, 2010, 2013, and 2016.
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Developing countries are encouraged to pursue environmental protection and
industrial development simultaneously, although it is a big challenge to reach
win-win situation. This study explored the relationship between environmental
regulations and the industry enhancement in developing countries through
conducting an empirical analysis of the impact of environmental regulations
on Chinese automobile industry. In the empirical analysis, a total of 64 Chinese
automobile enterprises were investigated, the Malmquist index of total factor
productivity was adopted to determine the productivity of Chinese
automobiles, and the two-step system Generalised Method of Moments
(GMM) estimation was used for the regression analysis. The results showed
that environmental regulations negatively affected the productivity and
technology of Chinese automobile industry during 2004–2018. The production
cost of automobile industry in China was rising sharply, and the productivity
and technological progress of Chinese automobile industry were impeded
significantly. The case of Chinese automobile industry illustrated that strict
environmental requirements can negatively impact industry productivity by
increasing production costs and squeezing industry profits.

1. Introduction
To protect the environment, countries in the world have involved in campaigns to reduce CO2 emissions, such as the
Kyoto Protocol, Copenhagen Accord, and Paris Agreement. In these campaigns, countries make commitments on
reducing CO2 emissions as per their situations. Developed and developing countries set their own targets in the
environmental protection campaign and adopted relevant environmental policies. As the largest global producer of
automobile, China has pledged to cut carbon emissions by 40%–45% from 2005 levels by 2020 (United Nations, 2007).
China’s commitment was fulfilled by 2017, reflecting that it has been implementing strict environmental policies
(United Nations, 2018).
Conventionally, the viewpoint is that strict environmental regulations could increase production costs, thus harming
enterprises’ production efficiency and competitiveness (Cropper and Oates, 1992; Jaffe and Palmer, 1997; Zhang and
Jiang, 2019). Empirical studies have verified that strict environmental regulations do reduce industries’ productivity
(Barbera and McConnell, 1990; Boyd and McClelland, 1999; Lanoie et al., 2008; Zhang and Jiang, 2019). However,
Porter and Van der Linde (1995) proposed the Porter Hypothesis, which presents that appropriate environmental
regulations can stimulate the technological innovation of industries and promote productivity and competitiveness.
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E-mail address: liangx@szu.edu.cn (LIANG X.).
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Several studies have empirically analyzed the Porter Hypothesis (Lanjouw and Mody, 1996; Xepapadeas and de Zeeuw,
1999; Van Leeuwen and Mohnen, 2017; Bu et al., 2020). It is accepted by the policymakers optimistically that
environmental regulation can improve industries’ ability and competitiveness. The ‘win-win’ view, which is adopting
environmental regulations while realising industry competitiveness, is advocated by many policymakers, such as the
European Commission and World Bank (World Bank, 1992; Jenkins, 1998; Wang and Feng, 2021).
Whether environmental regulations could effectively force industries to achieve technological progress is actually a
complicated process (Sun and Wang, 2012; Nallusamy et al., 2015). In order to realize environmental regulations that
push industries’ progress, policy makers should design environmental policies properly and choose appropriate policy
implementation methods (Porter and Van der Linde, 1995; Jaffe et al., 2002; Brouillat and Saint, 2020). Environmental
policy implementation methods can be generally characterized as either command and control approaches or marketbased approaches, which are regarded as providing more powerful incentives for companies on adopting better
technologies (Jaffe et al., 2002).
In developing countries, it is highly probable that implementing environmental regulations do not lead to positive
influences on the industries. To the best of our knowledge, it is a big challenge for developing countries to set
appropriate environmental regulations and make suitable environmental policies (Nallusamy, 2016). Developing
countries usually are short of advanced social management, sound institutions, and governance systems.
Additionally, for such countries, industrial development is still the primary driving force for economic growth and
social development (Luken, 2006; Unite Nations, 2007). Therefore, exploring how environmental regulations affect
industries’ enhancement in developing countries is meaningful to their sustainable development strategy planning.
This article aims to study the impact of environmental regulations on the industries in developing countries, with
Chinese automobile industry as the case study. The automobile industry is China’s pillar industry, but its
development is not as successful as the government expects (Chen et al., 2020). Generally speaking, Chinese
automobile industry is large but not strong (Yan et al., 2013). The industry is less competitive globally although it
has taken four decades to enhance its automobile industry. To follow the commitments, China has gradually
strengthened emission requirements on the automobile industry. For Chinese automobile industry, all kinds of
environmental regulations have been implemented. However, empirical analysis on this subject is scare. The existing
researches were mainly focused on case studies or qualitative analyses with limited conclusions (Sun and Wang,
2012; Zheng, 2012). Therefore, this study implemented an empirical analysis on Chinese automobile industry in
order to clarify the relationship between environmental regulations and industry’s development.

2. Chinese automobile industry
In the seventh Five-year Plan for the National Economic and Social Development of China issued in 1986, the
automobile industry started to be listed as one of the country’s pillar industries. Since the late 1990s, the
enhancement of automobile industry’s competitiveness has been emphasized in Chinese industry development
strategy (Chu, 2009). In 2019, the total Chinese automobile production reached approximately 0.26×109, which is
significantly higher than that in 1980 (only 5000). Currently, in terms of production and selling, China ranks the
first in the world (Li, 2017). Although China’s automobile industry has the largest production scale, its
competitiveness is relatively low. Moreover, Chinese automobile industry does not established its own global wellknown brand, production costs are relatively high, and core technologies are generally weak (Li et al., 2009). Thus,
enhancing Chinese automobile industry continues to be an important issue in China’s national development plan.
Accompanying China’s implementation of the CO2 emission reduction strategy, the automobile industry has been
restricted because of environmental regulations. Table 1 lists the national emission standards for petrol passenger
cars during 2001–2017, showing that the carbon monoxide (CO) emission needs to be reduced from 2.27 g/km in
2001 to 1.00 g/km in 2017. Compared with the European Union (EU), the US, and Japan, which are the leading
automobile producers globally, China has a closed emission reduction speed (Table 2). As shown in Table 2, China’s
CO2 emission limit in 2006 was 189 g/km, close to the EU and lower than the US; it was 118 g/km in 2020, almost
the same as the US (113 g/km).
Table 1
National emission standards for petrol passenger cars in China.
Year
Carbon monoxide (CO) (g/km)
Nitrogen oxides (NOx) (g/km)
2001
2.72
2004
2.20
2007
2.30
0.15
2011
1.00
0.08
2017
1.00
0.06
Note: Source: China Society of Automotive Engineers (2015). “-” means no data.

Hydrocarbon (HC)+NOx (g/km)
0.97
0.50
-

Table 2
CO2 emission limit for petrol passenger cars in China, the European Union (EU), the US, and Japan.
Year

China
2006
189
2015
161
2020
118
Note: Source: China Society of Automotive Engineers (2015).

CO2 emission limit for passenger cars (g/km)
EU
US
160
242
130
140
95
113

Japan
147
126
105
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3. Methods and data sources
3.1. Malmquist index of total factor productivity (TFP)
Productivity effectively reflects an industry’s development. Thus, this study applied the Malmquist index of TFP
to estimate the productivity of Chinese automobile industry using the DEAP software. The Malmquist index was
originally developed by the Swedish economist Malmquist in 1953, based on data envelopment analysis; it has been
gradually employed for productivity estimation (Farrell, 1957; Färe et al., 1994). The Malmquist index measures
TFP change in two adjacent periods by calculating the ratio of the distances of each data point relative to a common
technology. Following Färe et al. (1994) and Coelli et al. (2005), TFP change index (M0) between period t and period
t+1 can be calculated as follows:
D0t ( xt 1, yt 1 ) D0t 1 ( xt 1, yt 1 ) 12
(1)
M 0 ( xt 1 , yt 1 , xt , yt )  [ t

] ,
D0 ( xt , yt )
D0t 1 ( xt , yt )
where Dt0 (xt+1, yt+1) measures the maximal proportional change in outputs required to make (xt+1, yt+1) feasible in
relation to the technology at t. Dt+1
0 (xt+1, yt+1) meaaures the maximal proportional change in outputs required to make
(xt+1, yt+1) feasible in relation to the technology at t+1. Dt0 (xt, yt) is defined as the reciprocal of the “maximum”
proportional expansion of the output vector yt, given input xt. Similarly, one may define a distance function that
measures the maximal proportional change in output required to make (xt, yt) feasible in relation to the technology
at t+1 which calls Dt+1
0 (xt, yt). xt and xt+1 mean the input of industry in period t and period t+1, respectively; and yt
and yt+1 mean the output of industry in period t and period t+1, respectively. A value of M0 greater than 1 indicates
the positive TFP growth from period t to period t+1, while a value of M0 lower than 1 indicates the negative TFP
growth from period t to period t+1. Notably, Equation 1 is the geometric mean of two TFP indices: the first is
evaluated for period t technology and the second for period t+1 technology.
The equivalent formula of the productivity index is as follows:
Dt 1 ( x y )
Dt ( x y )
Dt ( x y ) 1
(2)
M 0 ( xt 1, yt 1, xt , yt )= 0 t t 1, t 1  [ t +10 t 1, t 1  t 01 t , t ] 2 ,
D0 ( xt , yt )
D0 ( xt +1 , yt +1 ) D0 ( xt , yt )
where

[

D0t ( xt 1, yt 1 )
Dt ( x y ) 1
 0 t, t ] 2
D0t +1 ( xt +1 , yt +1 ) D0t 1 ( xt , yt )

measures the change in the technological level of the best enterprise (TECH), which

means the shift in frontier, that is, the technological progress between period t+1 and period t.

D0t 1 ( xt 1, yt 1 )
D0t ( xt , yt )

measures

the technical efﬁciency change between period t+1 and period t, which is the change in the relative distance of the
observed automobile enterprises’ production from the maximum potential production.
According to Coelli et al. (2005), technical efficiency change can be decomposed into pure technical efficiency
(PTE) change and scale efficiency (SE) change. Overall, PTE change represents the change of management practices
of the enterprises, and SE change represents the scale efficiency change of the enterprises. Therefore, the Malmquist
index of TFP could be presented as follows:
(3)
( xt 1, yt 1, xt , yt )  TEP  TECH  PTE  SE .
The investigated Chinese automobile enterprises were primarily from the listed automobile companies in
Shanghai and Shenzhen stock exchanges. Except for the companies with incomplete data, a total of 64 Chinese
automobile enterprises were selected for analysis. According to the availability of data, we selected the net fixed
assets and the number of employees as input variables, while choosing the revenue of enterprise as the output
variable. The studied period was from 2004 to 2018.

3.2. Dynamic panel data model and data sources
We adopted the two-step system Generalised Method of Moments (GMM) proposed by Arellano and Bover
(1995) and Blundell and Bond (1998) to overcome issues related to dynamic panel bias and potential endogeneity
of regressors (Arellano and Bond, 1991; Blundell and Bond, 1998). The two-step system GMM is asymptotically
more efficient than the one-step system GMM. However, the two-step system GMM might produce a bias of
uncorrected standard errors when the instrument count is high, implying that the number of instruments should be
less than the individual dimensions (Blundell and Bond, 1998).
Because four variables (TFP, TECH, PTE, and SE) with different meanings were considered in the estimation of
productivity of Chinese automobile industry, these variables were selected as dependent variables, and therefore,
four regression analyses were conducted. The panel data equations are presented below:
(4)
TEPi ,t  α0  α1TEPi ,t 1  α2ER i ,t  α3ER i2,t  φX i ,t  εi ,t ,
TECHi ,t  β0  β1TECHi ,t 1  β2ER i ,t  β3ER i2,t  φX i ,t  εi ,t ,

(5)

PTEi ,t  γ0  γ1PTEi ,t 1  γ2ER i ,t  γ3ER  φX i ,t  εi ,t ,

(6)

SEi ,t  δ0  δ1PTEi ,t 1  δ2ER i ,t  δ3ER i2,t  φX i,t  εi,t ,

(7)

2
i ,t

where i and t represent automobile enterprises and years, respectively; TFP i,t means the annual total factor
productivity change (Malmquist index); TFP i,t–1 is a first-order lag variable of TFPi,t; TECHi,t represents the annual
technological change; TECHi,t–1 is a first-order lag variable; PTEi,t is the annual pure technical efficiency change;
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PTEi,t–1 is a first-order lag variable; SEi,t represents the annual scale efficiency change; SEi,t–1 is a first-order lag
variable; α, β, γ, and δ describe the possible dynamic effects; ER represents the environmental regulations; ER2 is
the quadratic term, which is used to check the nonlinear relationship between enterprises’ productivity; and Xi,t refers
to the control variables comprising seven control variables, including an enterprise’s age (AGE), return on equity
(RE), ratio of operating cash flow to operating profit (CA), total asset growth rate (DE), receivables turnover ratio
(CP), debt asset ratio (AB), and enterprise scale (SC); and Ɛi,t refers to the error term. We chose these seven control
variables based on previous studies and theories.
The variations of dependent variables (TFP, TECH, PTE, and SE) represented productivity change, technological
change, pure technical efficiency change, and scale efficiency change of Chinese automobile enterprises,
respectively. The explanatory variables in the model were environmental regulations. There was no clear definition
of environmental regulations, and different studies have employed various methods to measure it. Some studies have
used pollutant emissions for estimation (Zhao and Sun, 2016), while others have taken penalty for environmental
pollution for making measurements (Xie et al., 2017); nevertheless, other studies adopted the investment on
pollution treatment for calculation (Wang and Shen, 2016; Lei et al., 2017). In this study, environmental regulations
were measured by the investment in automobile industrial pollution treatment multiplied by the ratio of the output
of the enterprise to the total output of the automobile industry. This could effectively capture the specific
environmental regulation adjustments.
There were seven control variables (AGE, RE, CA, DE, CP, AB, and SC) in the panel data model, which are all
related to an enterprise’s operations. Therefore, these control variables could influence the productivity and
technology of an enterprise. AGE was determined by the number of years of an automobile enterprise has existed.
Generally, the assets of an old enterprise were higher than those of a young one. RE was determined by the ratio of
net income to the value of stakeholders’ equity. High RE means that an enterprise could effectively manage assets
to create profit, thus improving the company’s productivity. CA could measure the cash from operating activities as
a percentage of sales revenue in a given period. High operating cash flow may promote an enterprise’s productivity
as there is more available capital invested in production. DE, which was the ratio of asset increase to the total assets,
reflects an enterprise’s capital growth. Sound asset growth rate indicates the healthy and smooth development of an
enterprise. CP, which was an accounting measure, was determined by the ratio of net credit sales to average accounts
receivable. It measures how efficiently a company is collecting revenue and using its assets. AB was calculated
through total liabilities divided by the total assets. It reflects the proportion of an enterprise’s assets financed through
debt. SC was determined by the asset of each enterprise, which could influence technological progress. Table 3
summarizes all variables in the model and data sources.
Table 3
Summary of variables used in this study as well as their sources.
Item

Dependent
variables

Explanatory
variables

Variable
Total factor
productivity (TFP)
Technological (TECH)
Pure technical
efficiency (PTE)
Scale efficiency (SE)
Environmental
regulation (ER)
Enterprise’s age
(AGE)
Return on equity (RE)

Control
variables

Ratio of operating
cash flow to operating
profit (CA)
Total asset growth rate
(DE)
Receivables turnover
ratio (CP)

Calculation

Data source

Using the DEAP software to estimate the Malmquist
index.

Annual company’s reports, Wind Economic
database, and CSMAR database.

The investment in automobile industrial pollution
treatment multiplied by the ratio of the output of the
enterprise to the total output of the automobile industry.
The number of years that the automobile enterprise has
existed.
The ratio of net income to the value of stakeholders’
equity.
The ratio of operating cash flow to sales revenue in a
given period.
The ratio of asset increases to the total assets.
The ratio of net credit sales to average accounts
receivable.

Debt asset ratio (AB)

Total liabilities is divided by the total assets.

Enterprise scale (SC)

The assets of an enterprise.

Chinese Statistical Yearbooks and Chinese
Statistical Yearbooks on Environment.
Annual company’s reports.
Annual company’s reports, Wind Economic
database, and CSMAR database.
Annual company’s reports, Wind Economic
database, and CSMAR database.
Annual company’s reports, Wind Economic
database, and CSMAR database.
Annual company’s reports, Wind Economic
database, and CSMAR database.
Annual company’s reports, Wind Economic
database, and CSMAR database.
Annual company’s reports, Wind Economic
database, and CSMAR database.

Note: CSMAR, China Stock Market and Accounting Research.

The data of Chinese automobile enterprises’ input and output as well as those of control variables were sourced
from local annual reports, Wind Economic database (https://www.wind.com.cn), China Stock Market and
Accounting Research database (http://cndata1.csmar.com), Development Research Centre of State Council database
(http://www.drcnet.com.cn/www/int), and Chinese Statistical Yearbook (National Bureau of Statistics of China,
2005–2019). In the dynamic panel data model, environmental regulations were regarded as an independent variable,
with the data from Chinese Statistical Yearbook (National Bureau of Statistics of China, 2005–2019) and Chinese
Statistical Yearbook on Environment (National Bureau of Statistics Ministry of Environmental Protection, 2005–
2019).
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4. Impact of environmental regulations on Chinese automobile industry
4.1. Productivity of Chinese automobile industry
Table 4 summarized the Malmquist index estimates and changes in Chinese automobile industry. The Malmquist
index of TFP represents the productivity variation in a given period. Overall, the mean Malmquist index of TFP for
Chinese automobile industry was 1.175, which suggests an improvement in the performance of automobile enterprises
during 2004–2018. However, the TEP decreased from 1.327 to 0.942 during 2005–2014 and then slightly increased
from 2014 to 2018.
Table 4
Malmquist index to estimate the productivity of Chinese automobile industry during 2004–2018.
Period
2004–2005
2005–2006
2006–2007
2007–2008
2008–2009
2009–2010
2010–2011
2011–2012
2012–2013
2013–2014
2014–2015
2015–2016
2016–2017
2017–2018
Mean value

Malmquist index
TFP
1.327
1.130
1.420
1.125
1.363
1.391
1.288
0.912
1.069
0.942
1.064
1.155
1.213
1.220
1.175

TECH
1.883
0.777
0.872
0.981
0.974
1.207
4.689
1.007
0.917
0.925
0.662
0.826
0.947
0.919
1.239

PTE
0.889
1.189
1.235
0.857
1.342
1.169
0.617
1.081
1.055
0.969
1.064
1.182
1.006
1.090
1.050

SE
0.825
1.236
1.543
1.372
0.977
1.165
0.835
0.863
1.137
1.060
1.551
1.179
1.316
1.266
1.155

Essentially, the enterprises’ Malmquist index of SE and PTE showed positive changes from 2004 to 2018. On
average, the Malmquist index of PTE increased by 5.0% while that of SE contributed to a 15.5% increase from 2004
to 2018, suggesting that during the study period, the automobile enterprises mainly experienced an improvement in
optimum size rather than an increment in terms of technical efficiency. However, the results showed that Chinese
automobile industry exhibited a decline in the Malmquist index of TECH in almost every year in the periods when
the Malmquist index values are mostly smaller than 1. This suggested that there has been a deterioration in the
performance of the best practicing automobile enterprise in China. In addition, the Malmquist index of TECH
showed an unusual value of 4.689 in 2010–2011, which may be because of a typing error in the database because
other values from this period are normal. Thus, the productivity distance between a normal enterprise and the best
one is very close. There may be technological spillover within the automobile enterprises through engineers and
technicians’ turnover and learning together.

4.2. Empirical results
Following the study of Roodman (2009), the validity of the instruments implemented in the two-step system
GMM can be tested using the Hansen and Arellano-Bond’s AR(2) tests for estimating autocorrelation. As shown in
Table 5, the result of the AR(2) test was not significant; thus, the estimators from the two-step system GMM were
not subject to serial correlations of order two. Additionally, we also had a non-significant result for the Hansen test,
suggesting that the methodology used was valid. Therefore, we can reasonably consider that our estimators are
unbiased and consistent for further analysis.
Table 5
Regression results of the impact of environmental regulations on Chinese automobile industry.
Variable
TFP
TECH
PTE
SE
TFPi,t–1
0.428* (1.770)
TECHi,t–1
0.050 (0.199)
*
PTEi,t–1
0.212 (1.710)
SEi,t–1
0.004 (0.113)
*
**
**
*
ER
–1.060 (–1.704)
–1.171 (–2.443)
–1.212 (–2.131)
–0.306 (–1.895)
ER2
0.164* (1.755)
0.078** (2.213)
0.111*** (2.957)
0.028** (2.164)
***
AGE
0.067 (1.514)
–0.023 (–1.121)
0.048 (2.789)
0.017** (2.062)
RE
–6.072** (–2.316)
1.178** (2.187)
0.941 (0.775)
–1.536* (–1.775)
CA
–0.028** (–2.196)
–0.024 (–0.900)
–0.011 (–1.055)
0.070** (2.096)
CP
–0.003 (–1.269)
–0.001 (–0.452)
0.000 (0.271)
0.002 (0.866)
DE
0.944*** (5.381)
0.743* (1.665)
–0.565 (–0.947)
–0.069 (–0.278)
AB
–0.539** (–2.546)
0.739 (1.421)
3.192* (1.774)
–0.884** (–2.546)
SC
–3.213 (–1.625)
0.184 (0.229)
–1.364** (–2.220)
–0.427 (–1.215)
*
***
Constant
20.361 (1.765)
3.707 (0.968)
10.072 (2.835)
4.751** (2.234)
Observations
944
944
899
899
AR(1) test
0.002
0.029
0.034
0.014
AR(2) test
0.194
0.542
0.240
0.346
Sargan test
0.860
0.957
0.990
0.980
Hansen test
0.992
0.997
0.976
1.000
* **
***
Note: , , and demonstrate significance at the 0.1, 0.05, and 0.01 levels, respectively; values in parentheses represent the z-values; “-” means no value.
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Table 5 shows the regression results about the influence of environmental regulations on Chinese automobile
industry. This study adopted the Malmquist index to evaluate the productivity of Chinese automobile industry, and
four indicators were used as the dependent variables (TFP, TECH, TE, and SE). Accordingly, Table 5 reflects the
estimation results of the dependent variables. The time lag dependent variables (TFPi,t–1, TECHi,t–1, TEi,t–1, and SEi,t–1)
have significantly aggravated the current dependent variables, indicating that the change in the productivity and
efficiency of Chinese automobile enterprises is a continuously accumulating process.
The coefficients of explanatory variable environmental regulation shown in Table 5 were all negative and statistically
significant for the four dependent variables, which means that environmental regulations have negatively influenced
Chinese automobile industry, consistent with previous research results (Zheng, 2012). Specifically, Zheng (2012)
statistically estimated automobile enterprises in Beijing and found that environmental regulations negatively influenced
the productivity of enterprises. According to Table 5, one unit increase in ER could lead to the decreases of 1.060 units
of TFP, 1.171 units of TECH, 1.212 units of TEP, and 0.306 units of SE. This illustrated that with strict environmental
demands, Chinese automobile enterprises’ production efficiency, technology, and scale are hindered significantly. In
addition to the technology of the best practicing enterprise, the other enterprises technical capacity are also negatively
impacted. Therefore, environmental regulations are hampering the development of entire Chinese automobile industry.
It can be seen from Table 5 that the coefficients of the square term of environmental regulation were positive and
statistically significant, which certified the nonlinear relation between productivity of automobile enterprise and
environmental regulations. This means that there may be a U-shaped relationship between environmental regulation
and automobile enterprise’s productivity. If this proposition was correct, the empirical estimation in this study could
reflect the left part of the U shape; further, environmental regulations may stimulate enterprises’ improvement in the
future (i.e., entering into the right part of the U shape). However, due to the model’s limitation, this study could not
verify whether there is a U-shaped relationship between environmental regulations and automobile enterprises’
productivity. This could be an analysis point for future studies.

5. Discussion
The Chinese environmental policies for its automobile industry are mostly implemented based on the command and
control approaches, which set and tightened emission standards for pollutants, resulting in the increases of production
cost of automobile enterprises (Jaffe et al., 2002). In order to meet the compulsory emission standards, Chinese
automobile enterprises must improve their technologies before the new standards come into force. For instance, the
catalytic converter of an exhaust pipe system used to reduce toxic gases and pollutants from car engines needs to be
improved and upgraded with each new emission standard (Ma and Yi, 2011). Notably, the catalytic converter is a hightech product that Chinese automobile enterprises are unable to produce it or find local suppliers. Another effective way
of cutting emission is to reduce vehicle weight. A 10% weight reduction can reduce emissions by 6%–8%. Advanced
high-strength steels are effective materials for reducing weight while maintaining crash safety standards (Ma and Yi,
2011). European automobile enterprises have been using advanced high-strength steels since the 2000s so that both
light-weighting and crash safety can be guaranteed. Chinese automobile enterprises are following suit and using more
advanced high-strength steels despite they are more expensive and difficult to stamp onto car components.
Consequently, Chinese automobile enterprises are paying international prices, which increase production costs (Chen
et al., 2020).
As mentioned previously, the CO2 emission requirements on the automobile industry in China is closer to that in
developed countries. For petrol passenger cars, China adopts CO2 emission standards similar to that of the EU. As
shown in Table 6, China’s implementation time is only 6–8 years behind the EU. As per our research, the EU’s
environmental controls are the strictest in the world (China Society of Automotive Engineers, 2015).
Table 6
Comparison of emission standards for petrol passenger cars as well as implementation time between China and the EU.
Standard
level
I
II
III
IV
V

Carbon monoxide (CO)
(g/km)
2.7
2.2
2.3
1.0
1.0

Nitrogen oxides (NOx)
(g/km)
0.15
0.08
0.06

Hydrocarbon (HC)+NOx
(g/km)
0.9
0.5
-

Implementation time
China
EU
2001
1992
2004
1996
2007
2000
2011
2005
2017
2009

Note: “-” means data are unavailable. Source: China Society of Automotive Engineers (2015). I, II, III, IV, and V mean different national emission standard
levels in China.

However, the technological level of Chinese automobile industry is not close to that of the leading automobile
industries in the world, despite China has the world’s largest car production (Xu and Li, 2014; Li, 2017). For instance,
European automobile enterprises have more advanced fuel efficiency technology. As can be seen from Figure 1,
passenger cars in China consume more petrol per 100 km than European passenger cars of the same weight. Under the
condition of the similar weight, the less petrol a car consumes, the more technologically advanced it is. Although
Chinese automobile industry is large, it is not strong (Yan et al., 2013). In order to meet the requirements of
environmental policies, automobile enterprises need to update production parts and processes, which will increase
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production costs corresponding. On the other hand, environmental regulations promote automobile enterprises to carry
out technological innovation.

Fig. 1. Petrol consumption difference of passenger cars between China and the EU. Source: Society of Automotive
Engineers (2015).

6. Conclusions
An empirical analysis about the impact of environmental regulations on Chinese automobile industry was
implemented to illustrate the relationship between environmental improvement and industries’ enhancement in
developing countries, taking Chinese automobile industry as an example. Specifically, the Malmquist index was
applied to determine the productivity of Chinese automobile industry, and the two-step system GMM was used to
estimate the impact of environmental regulations. The results of the study reflected that environmental regulations
have negatively influenced the productivity and technology of Chinese automobile industry. Strict environmental
requirements for CO2 emissions and energy conservation led to increased production costs, resulting in increased
capital input and reduced industry productivity.
Should we improve the environment or strengthen the industry in economic development? It is not easy for
developing countries to achieve win-win strategic outcomes. Various preconditions such as adaptive environmental
policies and implementation methods are necessary to realize the positive influences of environmental policies on
the automobile industry’s development. To satisfy these preconditions, a country must have sound and completely
developed governance and institution system. In recent years, Chinese government is gradually improving the
implementation of environmental policies. It will effectively help the automobile industry to adapt to the new
environmental requirements with higher technological abilities.
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Changes in the weather will cause variations in the hydrological system. Arid
areas, with fragile hydrological systems, are very sensitive to changes in the
weather, so the coupling analysis of short-term weather and runoff in arid areas
is of great significance. The Daihai Lake is a closed inland lake in an arid area
of China. In this paper, Weather Research and Forecasting model
mode-Hydrological module (WRF-HYDRO) is used to simulate the coupling
of weather and hydrology in the Daihai Lake Basin. Regional optimization of
WRF-HYDRO is carried out to determine the optimal parameters. The optimal
WRF-HYDRO model is applied to couple the short-term weather and runoff in
the Daihai Lake Basin to reproduce several rainstorm and flood events. It is
found that runoff infiltration parameter (REFKDT) in WRF-HYDRO is the
parameter that has the most severe effect on runoff in the Daihai Lake Basin.
WRF-HYDRO can capture the rainstorm moment of the rainstorm events in
the Daihai Lake Basin, especially the first rainstorm moment, and its simulation
accuracy is good. WRF-HYDRO has a strong ability to capture flood peak, but
there is a discrepancy between WRF-HYDRO flood peak and Soil
Conservation Service Curve Number (SCS-CN) calculation result at the flood
peak moment. The northern part of Zuoyun County should guard against the
occurrence of flood disaster in wet season. The coupling of weather and
hydrology can not only make up for the lack of runoff data in arid basins, but
also provide a basis for water resources management and disaster prevention
and mitigation in the basins.

1. Introduction
Under the influence of global warming and human activities, weather, climate, and hydrological processes in arid
areas have undergone drastic changes (Liu et al., 2014). Affected by global warming, arid areas have become the
most sensitive regions to climate change (Liu et al., 2014; Meng et al., 2018). Drought, rainstorm, snowstorm, and
other extreme weather events occur frequently in arid areas, and the uncertainty of the spatial and temporal
distributions of rainfall is increasing (Abula et al., 2019). Along with the hydrological uncertainty, the frequency of
the occurrence of extreme hydrological events is also increasing (Wang et al., 2017). In arid areas, water resources
* Corresponding author.
E-mail address: liudw@imu.edu.cn (LIU D.).
https://doi.org/10.1016/j.regsus.2021.11.005
Received 24 July 2021; Received in revised form 16 October 2021; Accepted 10 November 2021
Available online 25 November 2021
2666-660X/© 2021 Xinjiang Institute of Ecology and Geography, Chinese Academy of Sciences. Publishing services by Elsevier B.V. on
behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

WANG J., et al.: Coupling analysis of short-term weather and runoff in an arid lake …

265

not only determine the quality of the ecological environment, but also affect the quality of the economic development
and human social life (Hao et al., 2004). For this reason, it is urgent to clarify the process and mechanism of the
interaction between weather and water resources in order to provide a scientific reference for the macro-control of
water resources as well as disaster reduction and prevention in arid areas. The Daihai Lake is a closed inland lake in
arid area of China and one of important ecological protection areas in north of China. The study of weather and
hydrological coupling in the Daihai Lake Basin can not only make up for the lack of runoff data in the basin, but also
provide a basis for water resources management and disaster reduction and prevention in this basin.
The abrupt and short-time changes of hydrological information in arid areas are mainly caused by weather and
hydrological events resulted from the meltwater of ice and snow or heavy rainfall. There are few hydrological
observation points in arid areas; as a result, it is difficult to capture abrupt hydrological events. The coupling
model research on weather and hydrology in arid areas undertaken by global researchers can make up for this
deficiency. In this vein, Silver et al. (2017) used the coupling of Weather Research and Forecasting model (WRF)
and Weather Research and Forecasting model mode-Hydrological module (WRF-HYDRO) to simulate six storm
events in arid and semi-arid areas of Israel and Jordan to evaluate the performance of the coupling model in flood
prediction in the drought environment. They proposed a method for calibrating WRF-HYDRO flood prediction
models for arid areas. Tian et al. (2019) combined WRF and the Hebei rainfall-runoff model using WRF
three-dimensional variational (3DVar) data assimilation module to build a coupled atmospheric and hydrological
model to simulate four storm events of the Beijing-Tianjin-Hebei region in North China, with a half coupling
system in arid areas of the implementation of the flood forecasting performance. They found that the coupling
model has a very good effect on flood forecasting. Scholars also coupled WRF with WRF-HYDRO to study the
extreme weather events that affected the United Arab Emirates in March 2016 (Wehbe et al., 2019), and revealed
that the coupling model can simulate the spatial distribution of rainfall and soil moisture very well. At the same
time, they proved that the coupling model can enhance the hydrological and meteorological forecast in the
ultra-arid environment (Wehbe et al., 2019). Using WRF and a self-designed distributed snowmelt runoff model,
Chinese researchers established a short-term seasonal snowmelt runoff prediction system based on coupled
climate and hydrology models, and applied it to simulate the strong runoff events caused by snow and ice melt in
the Juntang Lake Basin, Tianshan Mountains of China in March 2009, with a simulation coefficient as high as
0.85. This system can provide a method for the simulation and prediction of runoff events caused by snow melt
water in arid areas (Qin et al., 2010). WRF-HYDRO, as a two-way atmospheric and hydrological coupling model,
has been increasingly applied in the field of meteorology and hydrology. WRF-HYDRO is the hydrological
extension of WRF (Gochis et al., 2013); it can simulate hydrological processes on the land surface at a higher
spatial scale than WRF. In addition, WRF-HYDRO enhances the simulation of land surface heat and water flux in
WRF, thus, improving the simulation of rainfall and the land water cycle in WRF (Rummler et al., 2018; Zhang et
al., 2019).
In this study, the Daihai Lake Basin is taken as a case study in arid areas of China. Firstly, based on the
meteorological data of meteorological stations and runoff data determined by the Soil Conservation Service Curve
Number (SCS-CN) method, we carry out parameter calibration on WRF-HYDRO taking July 2018 as the
calibration period. The parameters for calibration include runoff infiltration parameter (REFKDT), channel
Manning roughness parameter (MannN), surface retention depth scaling parameter (RETDEPRTFAC), and
overland flow roughness scaling parameter (OVROUGHRTFAC). The optimal values of the parameters are
selected and the optimal WRF-HYDRO is used to simulate two rainstorm events in the Daihai Lake Basin to
verify the superiority of WRF-HYDRO in short-term weather simulation and prediction, and to determine the
flood peak, flood duration, and flood inundation area. This study will provide an important foundation for water
resources management, disaster mitigation and prevention, and water ecological environment protection in the
Daihai Lake Basin.

2. Materials and methods
2.1. Study area
The Daihai Lake Basin (40°48′–40°55′N, 112°10′–112°59′E), with a basin area of 2312.75 km2 (Fig. 1), is
located in the central region of Inner Mongolia Autonomous Region of China (Wang et al., 2019). It is a closed
inland salt-water lake basin between the Yongding River Basin and the Yellow River Basin (Hu et al., 2014).
There are 22 rivers in the Daihai Lake Basin, among which the larger eight rivers are the Wuhao River, Gongba
River, Suodaigou River, Muhua River, Buliang River, Shuicaogou River, Tuchengzi River, and Tiancheng River
(Fig. 1b). Among them, the Gongba River is the longest (70 km). Most of the rivers flowing into the Daihai Lake
are intermittent, with runoff only during rainfall. A large number of rivers replenish lakes only during the period of
heavy rain or flood, but the replenishment time is relatively short (Chen et al., 2013). Surface rainfall and
groundwater are the main water sources of the Daihai Lake (Chen et al., 2020).

2.2. Model description
2.2.1. Basic setup
WRF-HYDRO can simulate and forecast water cycle elements such as rainfall, soil moisture, and runoff yield,
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Fig. 1. Overview of the study area (a) and geographic elevation and river distribution in the Daihai Lake Basin (b).
and improve the calculation ability of hydrological and climatic elements (Liu et al., 2019). WRF-HYDRO needs to
define the model domains, generate initial model conditions, and import climatic and geospatial parameter files
before running. The basic process is as follows: firstly, GEOGRID, a geospatial definition tool in the pre-processing
module of WRF preprocessing system (WPS), is used to generate the model domain and related geographic data
(GEO_EM.D0X.NC). Then the files and high-resolution geographic elevation data are input into the ArcGIS
WRF-HYDRO geographic preprocessing tool to generate high-resolution water system and water grids, and to
assemble such grids and geospatial data in GEO_EM.D0X.NC to form all WRF-HYDRO surface physical
geographical input data files. The climatic input data for WRF-HYDRO are generated by WRF.
In this paper, WRF4.1.5 and WRF-Hydro5.1.1 are coupled online. Two layers of nested domains are established
for the Daihai Lake Basin. The basic settings for WRF and WRF-HYDRO are shown in Table 1. The coverage
scope and geographical location of the two-layer nested domains are shown in Figure 1a. The boundary of Domain
2 is slightly larger than that of the Daihai Lake Basin. According to the hydrological model and the size of the
study area, the high-resolution rainfall products based on the downscaling of WRF are more suitable for
WRF-HYDRO input. There are different physical parameterization options in WRF, and the simulation accuracy
of the model depends on the parameterization scheme (Liu et al., 2013). Parameterization schemes are usually set
in advance before model simulation. The most widely used physical parameter scheme in northern China is
adopted for parameters that have an important impact on rainfall and runoff output data, as shown in Table 2 (Liu
et al., 2020). Among them, different from other previous studies, this research analyzes the hydrological
interaction information of lake basin in an arid area, so the lake option is turned on. WRF downscaling climate
output data drive the operation of WRF-HYDRO. The basic setup for the online coupling WRF-HYDRO is shown
in Table 3.
Table 1
Basic settings for Weather Research and Forecasting model (WRF) and Weather Research and Forecasting model
mode-Hydrological module (WRF-HYDRO).
Parameter
Domain horizontal resolution (km)
Domain center
Number of horizontal grids in the domain
Scale
Vertical layers
Pressure of top layer (kPa)
Integration time step (s)
Output time step (h)

Setting
Domain 1
3
40°30′34.3′′N, 112°38′45.5′′E
40×60
3:1
38
5
30
6

Domain 2
1
40°30′34.3′′N, 112°38′45.5′′E
64×82
3:1
38
5
30
6
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Table 2
Physical parameters used in WRF.
Parameter
Microphysics scheme
(mp_physics)
Longwave radiation
(ra_lw_physics)
Shortwave radiation
(ra_sw_physics)
Land surface scheme
(sf_surface_physics)
Lake physics
(sf_lake_physics)

Scheme selection

Basic significance

2, Purdue Lin scheme (Lin et al., 1983)

Suitable for high resolution simulation of real data

1, Rapid Radiative Transfer Mode
(RRTM) scheme (Eli et al., 1997)

Fast radiative transfer model with accurate solution
using lookup tables to improve efficiency
Simple downward integration can effectively absorb
and scatter clouds and clear skies
Four layers of soil temperature and moisture, partial
snow, and frozen soil physical properties

1, Dudhia scheme (Dudhia et al., 1989)
2, Noah (Dudhia et al., 1989)
1, Common Land Model 4.5 (CLM4.5)
lake model

Planetary boundary layer
(bl_pbl_physics)

1, Yonsei University scheme (Hong et
al., 2005)

Cumulus parameterization
(cu_physics)

1, Kain-Fritsch scheme

The lake scheme comes from CLM4.5
An explicit inclusion layer and a parabolic K-shape
nonlocal K-scheme are presented in the unstable
mixing layer
Shallow and deep convective sub-grid scheme using
mass flux method

Table 3
Basic setup for the online coupling WRF-HYDRO.
Parameter

Setting

Hydro output interval (h)

6

Surface model

Noah

Re-interpolation factor

10:1

Depth of soil column (m)

2

Thickness of soil layer (cm)

10, 30, 60, and 100

Built in resolution (m)

100

Model time step (s)

10

Subsurface routing (SUBRTSWCRT)

1, Yes

Overland flow routing (OVRTSWCRT)

1, Yes

Channel routing (CHANRTSWCRT, channel_option)

1, Yes; 3, with diffusive wave

Baseflow bucket model (GWBASESWCRT)

0, No

The terrain of the Daihai Lake Basin is steep and the flood confluence time is short; coupled with high-intensity
and short-term rainfall, it is easy to cause serious flood disasters. The Daihai Lake Basin is a lake basin in an arid
area. Rainfall infiltration is concentrated in regions with thin soil layer and low vegetation coverage (Liu et al., 2020).
The soil aeration zone is often in a state of water shortage. Runoff production process is accompanied by a mixed
mechanism of excess infiltration capacity and excess water storage capacity, so it is reasonable to set the soil layer at
2 m. In semi-humid and semi-arid areas, the current conceptual bucket model is relatively poor in describing the base
flow, because the groundwater recharge may not be collected into the river network, especially in the shorter river
channel (Lahmers et al., 2019). The current conceptual bucket model is often closed in areas with insufficient
information on channel characteristics. In northern China, water from channels often infiltrates into local aquifers for
recharge, which is not reflected in the model at present (Liu et al., 2020). Therefore, considering the short and fine
channel characteristics of the Daihai Lake Basin as well as its location in an arid area, the current conceptual bucket
model is disabled in the study in order to avoid unrealistic simulation of river network base flow due to the lack of
sufficient information on channel characteristics.

2.2.2. Parameter calibration
Before the application and analysis of the model, the sensitivity test and calibration of the main parameters in
WRF-HYDRO should be conducted (Liu et al., 2019; Sun et al., 2020). As a distributed hydrological model,
WRF-HYDRO involves a large number of complex parameters, of which only some play a key role in the runoff
process. These sensitive parameters can be roughly divided into two categories: parameters that have a great impact
on the total runoff, and parameters that have a great impact on the hydrological process (Sun et al., 2020).
Considering the calculation cost, the manual step-by-step approximation method is used to adjust the main parameters
to avoid consuming a lot of time (Yucel et al., 2015). The manual step-by-step approximation method refers to driving
the model with appropriate steps for a certain parameter within a reasonable range, and quantitatively evaluating the
simulation results in combination with the indicators, so as to determine the best parameters. The parameter
calibration sequence is determined as REFKDT (runoff infiltration parameter), MannN (channel Manning roughness
parameter), RETDEPRTFAC (surface retention depth scaling parameter), and OVROUGHRTFAC (overland flow
roughness scaling parameter). The setting values of the above-mentioned parameters in WRF-HYDRO are shown in
Table 4.
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Table 4
Calibration parameters and their setting values in WRF-HYDRO.
Parameter classification

Parameter
REFKDT
MannN
RETDEPRTFAC
OVROUGHRTFAC

Global parameters
Local parameters

Setting value
1.0, 2.0, 2.5, 3.0, 3.5, and 4.0
1.0, 1.2, 1.5, 1.8, and 2.0
0.1, 1.0, and 1.5
0.1, 1.0, and 1.5

Note: REFKDT, runoff infiltration parameter; MannN, channel Manning roughness parameter; RETDEPRTFAC, surface retention depth
scaling parameter; OVROUGHRTFAC, overland flow roughness scaling parameter.

Percentage bias (PBIAS), Pearson correlation coefficient (R), root mean square error (RMSE), and Nash
efficiency (NSE) are selected as evaluation indices in this study. Their calculation formula, value range, and basic
meanings are described below.
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where PBIAS (%) represents the average trend of the relationship between simulated runoff and observed runoff
(greater or less) (Naabil et al., 2017; Reda et al., 2021); Yoi is the ith observed runoff (mm); Ysi is the ith simulated
runoff (mm); and n is the total number of observed values.
R represents the strength of the relationship between simulated runoff and observed runoff. The calculation
method is shown in Equation 2.
R


 (Y

n

i 1

n

i

oi

(Yoi  Yo )(Ysi  Ys )

 Yo )

2



n
i

(Ysi  Ys )

(2)

，
2

where 𝑌̅s is the mean value of simulated runoff (mm); and 𝑌̅o is the mean value of observed runoff (mm).
RMSE represents the standard deviation of the prediction error of the model, and the small value means that the
model error is small and the model performs well (Naabil et al., 2017). The calculation method is shown in
Equation 3.
RMSE=
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NSE is commonly used to validate hydrological model simulations. The value range is from –∞ to 1 and the
model confidence range is from 0 to 1. The closer the NSE is to 1, the better the model quality is; the closer the
NSE is to 0, the closer the model simulation results are to the average level of the observed results (Liu et al.,
2020). The calculation formula is shown in Equation 4.
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2.3. Simulations of rainstorm events
In this study, the simulation time of rainstorm events in WRF-HYDRO parameter calibration is from 6 July
2018 to 24 July 2018. Flood season in the Daihai Lake Basin is concentrated from June to September, and 2018 is
a wet year with more rainfall than many years. In addition, there are several heavy rainfall events in July 2018
(Yun et al., 2019), with significant changes in rainfall and runoff.
In this study, we carry out WRF-HYDRO rainstorm flood simulation on two major rainstorm events (i.e., Storm
I and Storm II) in the history of the Daihai Lake Basin. The specific information is shown in Table 5. These two
rainstorm events belong to severe rainstorms in the Daihai Lake Basin, and both caused varying degrees of flood
disasters.
Table 5
Details of the selected two rainstorm events in the history of the Daihai Lake Basin.
Event
Storm I
Storm II

Weather station
Liangcheng County in Inner
Mongolia Autonomous Region
Liangcheng County in Inner
Mongolia Autonomous Region

Start time (UTC)

End time (UTC)

At 00:00 on 1 August 2015

At 19:00 on 1 August 2015

At 03:00 on 25 July 2020

At 19:00 on 25 July 2020

The simulation settings of the two major rainstorm events are shown in Table 6, in which the output step length
is adjusted from 6 to 1 h to observe the changes of rainstorm and flood in real time. In addition, although the
simulated rainstorm for Storm I occurs in August, the leaf area index (LAI) data should be in July, because there is
no drastic change in LAI in early August.

WANG J., et al.: Coupling analysis of short-term weather and runoff in an arid lake …

269

Table 6
Simulation settings of the selected two rainstorm events in the Daihai Lake Basin.
Event
Simulation start time (UTC)
Simulation end time (UTC)
Output time step (h)
Static database using land use
Static database using leaf area index

Storm I
At 18:00 on 31 July 2015
At 00:00 on 2 August 2015
1
MOD12Q1 2015
MOD15A1 201507

Storm II
At 18:00 on 24 July 2020
At 00:00 on 27 July 2020
1
MOD12Q1 2020
MOD15A1 202007

2.4. Data analysis
There is no perennial hydrological observation station in the Daihai Lake Basin, so real-time hydrological
observation data are lacking. The meteorological data are from the Liangcheng Station in the basin.
In order to make up for the lack of measured hydrological data, we use SCS-CN, a small watershed runoff
calculation model, to calculate runoff under multiple rainstorm events (Darji et al., 2020; Zhou et al., 2021).
SCS-CN model is an empirical method based on the measured data of more than 150 small watersheds of the
United States Water and Soil Conservation Service. Although this model does not have a strict physical basis, it
represents the correlation law between rainfall and runoff (Yang et al., 2012). This model assumes that the following
relationship (Eq. 5) exists between rainfall and runoff production after a rainfall event (Mahmood et al., 2020).
F
Q
,
(5)

S Qm
where F is the amount of post-loss (mm), mainly referring to the amount of infiltration after the beginning of runoff;
Q is the actual surface runoff (mm); S is the maximum possible infiltration amount (potential infiltration amount)
before runoff begins (mm); and Qm is the maximum possible runoff (potential runoff) before runoff begins (mm). The
calculation method of Qm is shown in Equation 6, and that of F is shown in Equation 7 (Hussein et al., 2021).
(6)
Qm  P  Ia ,
(7)
F  P  Q  Ia ,
where P is the total rainfall (mm); and Ia is the initial loss of runoff caused by vegetation interception, initial
infiltration, and subsidence (mm).
Based on the above-mentioned formulas, we can obtain the actual surface runoff (Q; mm) using Equation 8.

( P  I a )2
.
(8)
S  P  Ia
From the above formula, it can be seen that the actual surface runoff of the basin is determined by the amount of
rainfall, potential infiltration, and initial loss. The values of total rainfall come from the meteorological stations. The
calculation of initial loss of runoff is very complicated, which is related to soil water condition, land use, soil type,
and vegetation type before runoff begins. In order to simplify the formula, researchers established a simple linear
relationship (Equation 9) between the initial loss of runoff and the maximum potential infiltration amount by using a
large number of measured data (Mahmood et al., 2020; Hussein et al., 2021).
(9)
Ia  0.2S .
By combining Equations 8 and 9, we can get Equation 10 (Xiao et al., 2011; Darji et al., 2020):
 ( P  0.2S )2

P  Ia
Q   P  0.8S
.
(10)

0
P  Ia

It can be seen from Equation 10 that the key element of runoff calculation is the amount of potential infiltration. It
is determined by soil type, soil texture, land use, and soil moisture condition. In SCS-CN model, a large number of
experimental data are used to introduce the parameter curve number (CN) and an empirical formula to calculate the
potential infiltration amount (S), as shown in Equation 11 (Wang et al., 2020):
25400
S
 254 .
(11)
CN
The steps to determine the values of CN are as follows (Yang et al., 2012; Mahmood et al., 2020): first, we divide
the soil types into four categories on the basis of soil texture and infiltration rate: A, B, C, and D (see Table 7).
Second, according to the total rainfall in the five days before the rainfall event, we classify the soil moisture in the
preceding five days into three types: dry (AMC I), average (AMC II), and wet (AMC III) (see Table 8). Third, we
classify land use types in the basin and determine CN values under different soil types, soil moisture status, and land
use types according to the lookup table. Finally, we revise CN values according to the actual situation of different
regions.
In fact, the calculation of CN is determined on the basis of land use types of the Daihai Lake Basin and soil moisture
content measured by the meteorological stations in the early stage of the rainstorm, rather than adopting the default
values. Measurements are made at all three meteorological stations, and the average value of CN is calculated as the
final CN value. It should be noted that the value of CN in each rainstorm event needs to be calculated.
Q
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Table 7
Classification criteria of soil types in Soil Conservation Service Curve Number (SCS-CN) model.
Soil type
A
B
C
D

Minimum infiltration rate (%)
>7.26
3.81–7.26
1.27–3.81
<1.27

Soil texture
Sandy soil, loamy sandy soil, and sandy loam
Loam and silt loam
Sandy clay loam
Clay loam, silty clay loam, sandy clay, silty clay, and clay

Table 8
Classification criteria of soil moisture degree in SCS-CN model.
Soil moisture classification
Dry (AMC I)
Average (AMC II)
Wet (AMC III)

Rainfall in the five days before the rainfall event (mm)
Crop growth stage
Non crop growth stage
<30.0
<15.0
30.0–50.0
15.0–30.0
>50.0
>30.0

According to the above methods, we calculate runoff in the Daihai Lake Basin on 6 July, solstice, and 24 July,
as well as compare and verify the output runoff with WRF-HYDRO parameters. The verification data of the
rainstorm events are also determined by this method.

3. Results
3.1. Parameter calibration results
3.1.1. Runoff infiltration parameter (REFKDT)
The reasonable range for REFKDT is from 0.1 to 10.0, which controls the total runoff. It is set to 1.0 to 4.0 in
this study. Figure 2 shows the comparison between simulated runoff and observed SCS-CN calculation when
WRF-HYDRO is coupled with REFKDT of 1.0, 2.0, 2.5, 3.0, and 4.0.

Fig. 2. Surface runoff curves with different parameter values: surface runoff curves with different values of runoff
infiltration parameter (REFKDT) in 2018 (a); surface runoff curves with different values of surface retention
depth scaling parameter (RETDEPRTFAC) in 2018 (b); surface runoff curves with different values of overland
flow roughness scaling parameter (OVROUGHRTFAC) in 2018 (c); and surface runoff curves with different
values of channel Manning roughness parameter (MannN) in 2018 (d). SCS-CN, Soil Conservation Service Curve
Number.
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It can be seen from Figure 2a that REFKDT has a great influence on surface runoff of the Daihai Lake Basin. In
the case of unsaturated soil permeability, the higher the REFKDT value is, the smaller the surface runoff is. The
reason is that surface runoff comes from excess rainfall infiltrated by surface soil. With the increase of REFKDT,
the decrease rate of the total volume of surface runoff slows down. There are two large peak runoffs from 6 July
2018 to 24 July 2018. At the first peak runoff, for REFKDT of 3.0, its runoff is lower than the runoff for REFKDT
of 1.0 but higher than the runoff for other REFKDT values. At the same time, when REFKDT values are 2.0, 2.5,
3.5, and 4.0, the first peak runoff decreases by 68.09%, 0.08%, 36.39%, and 6.92%, respectively, compared with
the first peak runoff value of the last REFKDT value. With the increase of REFKDT, the time of runoff peak
appears gradually advanced. At the second runoff peak, the time of runoff peak is basically the same. For
REFKDT values of 2.0, 2.5, 3.5, and 4.0, peak runoff decreases by 53.60%, 33.88%, 65.43%, and 25.00%,
respectively, compared with the first peak runoff value of the last REFKDT value.
WRF-HYDRO hydrological simulation results of different REFKDT values are evaluated and analyzed. The
specific evaluation results are shown in Table 9. It can be seen from it that REFKDT of 1.0 has a much larger
RMSE than other REFKDT values and its NSE is less than 0.00, so this value is excluded. For other REFKDT
values, RMSE is around 2.00, not much different. Except REFKDT of 1.0, simulated runoff at other REFKDT
values is less than observed runoff of SCS-CN, and when REFKDT equals to 2.0, they are the closest. REFKDT
of 3.0 has the highest NSE of 0.83. Further, when REFKDT equals to 2.5, NSE is 0.80. For REFKDT higher than
2.5, the value of R between SCS-CN and simulation results is greater than 0.90.
Table 9
Evaluation results of different physics parameters.
Parameter

REFKDT

RETDEPRTFAC

OVROUGHRTFAC

MannN

Value
1.0
2.0
2.5
3.0
3.5
4.0
0.1
0.5
1.0
0.1
0.5
1.0
1.0
1.2
1.5
1.8
2.0

RMSE
11.15
2.34
1.95
1.79
2.09
2.20
5.43
3.70
1.79
4.10
4.73
1.79
1.40
3.71
4.95
5.03
5.62

PBIAS (%)
198.92
–4.79
–28.42
–18.56
–46.78
–54.02
58.51
13.85
–18.56
37.13
31.56
–18.56
–0.18
0.38
0.64
0.68
0.81

NSE
–5.54
0.71
0.80
0.83
0.77
0.74
–0.55
0.28
0.83
0.12
–0.18
0.83
0.83
–0.18
–1.10
–1.17
–1.71

R
0.49
0.84
0.91
0.93
0.92
0.93
0.93
0.93
0.93
0.93
0.93
0.93
0.93
0.93
0.93
0.93
0.93

Note: RMSE, root mean square error; PBIAS, percentage bias; NSE, Nash efficiency; R, Pearson correlation coefficient.

In conclusion, in WRF-HYDRO coupling model of the Daihai Lake Basin, REFKDT of 3.0 is more appropriate,
with the smallest RMSE, the highest NSE, and the largest R value.
REFKDT is the parameter that has the most severe effect on runoff in the Daihai Lake Basin in WRF-HYDRO
model. On the whole, with the increase of REFKDT value, the curve of runoff becomes smooth, the volume of
runoff curve becomes smaller, and the peak runoff decreases.

3.1.2. Surface retention depth scaling parameter (RETDEPRTFAC)
In this calibration, RETDEPRTFAC is set at 0.1, 0.5, and 1.0. Figure 2b shows the comparison results between
WRF-HYDRO hydrological simulation and SCS-CN data under different RETDEPRTFAC values. As can be seen
from the figure, compared with RETDEPRTFAC of 0.1, runoff peak value decreases by 19.65% and 35.08% at
RETDEPRTFAC of 0.5 and 1.0, respectively.
WRF-HYDRO output runoff results are evaluated under different RETDEPRTFAC values. The evaluation
results are shown in Table 9. RMSE gradually decreases with the increase of RETDEPRTFAC. When
RETDEPRTFAC equals to 1.0, RMSE is the smallest (1.79). When RETDEPRTFAC equals to 0.1 and 0.5,
simulated runoff is generally larger than SCS-CN runoff, while when RETDEPRTFAC equals to 1.0, simulated
runoff is smaller than SCS-CN runoff. NSE is negative when RETDEPRTFAC equals to 0.1, so simulation result
of this value is poor and it can be excluded for the model. When RETDEPRTFAC equals to 1.0, NSE is the largest
(0.83) and the model quality is the best. In conclusion, RETDEPRTFAC of 1.0 is more appropriate for
WRF-HYDRO coupling simulation in the Daihai Lake Basin.

3.1.3. Overland flow roughness scaling parameter (OVROUGHRTFAC)
In this calibration, OVROUGHRTFAC is set to 0.1, 0.5, and 1.0. Figure 2c shows the comparison results of
runoff between WRF-HYDRO hydrological simulation and SCS-CN under different OVROUGHRTFAC values.
It can be seen from the figure that from OVROUGHRTFAC of 0.1 to OVROUGHRTFAC of 0.5, the peak runoff
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value increases slightly, with an increase rate of 8.86%. However, from OVROUGHRTFAC of 0.5 to
OVROUGHRTFAC of 1.0, the peak value decreases and the reduction rate is 43.41%.
WRF-HYDRO output runoff results under different OVROUGHRTFAC values are evaluated, and the
evaluation results are shown in Table 9. When OVROUGHRTFAC equals to 0.5, NSE is negative, so simulation
result of this value is poor and it is excluded from the model. RMSE is the minimum (1.79) when
OVROUGHRTFAC equals to 1.0. When OVROUGHRTFAC equals to 0.1 and 0.5, simulated runoff is generally
greater than SCS-CN runoff, and when OVROUGHRTFAC equals to 1.0, it is smaller than SCS-CN runoff. NSE
is the maximum (0.83) when OVROUGHRTFAC equals to 1.0, and the model quality is the best. In conclusion,
OVROUGHRTFAC of 1.0 is more appropriate for WRF-HYDRO coupling simulation in the Daihai Lake Basin.

3.1.4. Channel Manning roughness parameter (MannN)
After surface runoff is transported to the river network, the channel water transportation also affects the shape
of the runoff process line (the total flow). The initial condition of the river channel is shown in Table 10. The
calibration of MannN does not directly change the value of MannN, but it alters the constant value, and then the
constant is multiplied by the channel initial to adjust the MannN. In this study, MannN values are set as 1.0, 1.2,
1.5, 1.8, and 2.0.
Table 10
Initial conditions of the river channel.
River grade
1
2
3
4
5
6
7
8
9
10

BW (m)
1.5
3.0
5.0
10.0
20.0
40.0
60.0
70.0
80.0
100.0

Hlink (m)
0.02
0.02
0.02
0.03
0.03
0.03
0.03
0.10
0.30
0.30

ChSSlp (m/m)
3.00
1.00
0.50
0.18
0.05
0.05
0.05
0.05
0.05
0.05

MannN
0.55
0.35
0.15
0.10
0.07
0.05
0.04
0.03
0.02
0.01

Note: BW, the width of the river bottom; Hlink, the initial depth of the river channel; ChSSlp, the river slope.

The comparison of WRF-HYDRO hydrological simulation results under different MannN conditions is shown
in Figure 2d. As can be seen from the figure, peak runoff increases with the constant increase of MannN.
Compared with MannN of 1.0, peak runoff increases by 77.13%, 18.88%, 0.86%, and 7.39%, respectively, at
MannN of 1.2, 1.5, 1.8, and 2.0. There is a large increase of peak runoff from MannN of 1.0 to MannN of 1.2, and
the runoff curves are very similar with MannN of 1.5 and MannN of 1.8. In addition, with the increase of MannN
from 1.0 to 1.8, the growth rate of peak runoff gradually decreases. As the value of MannN increases, the curve
becomes sharper and sharper.
The hydrological simulation results of different MannN values are evaluated in Table 9. RMSE increases with
the increase of MannN. Except for MannN of 1.0, simulated runoff at all other MannN values is larger than
SCS-CN runoff. In addition, NSE is greater than 0.00 only when MannN equals to 1.0, which has the significance
of the model simulation.

3.2. Coupling precision of the rainstorm event
3.2.1. Accuracy analysis of rainfall simulation
(1) Storm I
Simulated rainfall from WRF-HYDRO and observed rainfall from Liangcheng Station for Storm I in 2015 are
shown in Figure 3. Correlation coefficient between WRF-HYDRO simulated rainfall and observed hourly rainfall
is 0.60, indicating that the simulation effect is moderately above the average. In most cases, however, simulated
rainfall is slightly smaller than observed rainfall. We use WRF-HYDRO to simulate and calibrate the timing of
this rainstorm event, especially the first rainstorm time, both for duration and extreme rainfall value, with good
simulation accuracy. However, during and after the second rainstorm event, although the forecast time of the
rainstorm is accurate, the amount of rainfall and the duration of the rainstorm are underestimated.
(2) Storm II
Simulated rainfall from WRF-HYDRO and observed rainfall from Liangcheng Station for Strom II in 2020 are
shown in Figure 3b. Correlation coefficient between WRF-HYDRO simulated rainfall and observed hourly
rainfall is 0.59, indicating a moderate simulation effect of WRF-HYDRO. In addition, at the time of heavy
rainfall, the simulated rainfall is larger than the observed rainfall, and at the time of light rainfall, the simulated
rainfall is smaller than the observed rainfall. Meanwhile, we use WRF-HYDRO to simulate and calibrate the
timing of this rainstorm event, especially the first rainstorm time, both in duration and extreme rainfall value, with
good simulation accuracy. However, although the forecast of the second and subsequent rainstorms is accurate, the
extreme value of the rainstorm is greatly overestimated and the duration of the rainstorm is underestimated.
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Fig. 3. Comparison of simulated and observed rainfall and surface runoff for Storm I in 2015 (a) and Storm II in 2020
(b). Rainfall R, correlation coefficient between simulated rainfall and observed rainfall; Runoff R, correlation
coefficient between simulated runoff and observed runoff.

3.2.2. Accuracy analysis of runoff simulation
(1) Storm I
WRF-HYDRO runoff simulation and SCS-CN runoff calculation for Storm I in 2015 are compared in Figure 3a. It
can be observed from the figure that the time distribution of WRF-HYDRO simulation and SCS-CN calculation data
is not significantly different and the spatial conijin sistency is high, indicating that WRF-HYDRO has a strong ability
to capture the flood peak. However, the flood peak value of WRF-HYDRO is smaller than that of SCS-CN
calculation at the flood peak moment. The duration of the flood simulated by WRF-HYDRO is shorter than that
calculated by SCS-CN, and the difference is more obvious when the second flood peak appears. This is similar to the
underestimation of peak and duration in rainfall simulations for Storm I.
The specific precision evaluation index values of Storm I’s rainstorm and flood event simulation are shown in
Table 11. The value of PBIAS is −50.15%, indicating that the simulation result of WRF-HYDRO is lower than the
calculation result of SCS-CN, and the simulation result is only half the calculation result of SCS-CN at the extreme
value. RMSE of the overall error evaluation parameter is 0.28, and the error is small. NSE of the simulation process is
0.38, which indicates that the simulation process has physical significance and practical value, and the reliability of
the simulation process is at a medium level.
Table 11
Evaluation indices of runoff simulation accuracy in the selected two rainstorm events.
Event
Storm I
Storm II

R
0.70
0.76

PBIAS (%)
–50.15
34.04

RMSE
0.28
0.77

NSE
0.38
0.52

(2) Storm II
WRF-HYDRO runoff simulation and SCS-CN runoff calculation results for Storm II are compared in Figure 3b.
WRF-HYDRO simulates and captures the peak times of all three floods. However, the maximum value of flood peak
simulated by WRF-HYDRO is higher than that calculated by SCS-CN, and the duration of the simulated flood peak
is shorter than that of the calculated flood peak. In the second flood peak, the high rainfall simulation also leads to the
high flood peak simulation, which is the main error in the runoff simulation of the rainstorm event. The runoff curve
of WRF-HYDRO is relatively sharp compared with that of SCS-CN, which is in strong agreement with the rainfall
curve. This indicates that WRF-HYDRO is not very effective in the simulation of the runoff accumulation process.
The specific precision evaluation index values of Storm II’s rainstorm and flood event simulation are shown in
Table 11. As can be seen from the table, the value of R is 0.76, indicating that the simulation effect of Storm II is
good, and the value of PBIAS is 34.04%, implying that the simulation result is slightly larger than the SCS-CN
calculation result, and at the extreme value, the simulation result is only three times that of the SCS-CN calculation
result. RMSE of the overall error evaluation parameter is 0.77, which is relatively small compared with that of the
runoff peak value. NSE of the simulation process is 0.52, which indicates that the simulation process of the rainstorm
event has good effect and high reliability, precision, and quality.

3.3. Analysis of rainstorm event coupling results
3.3.1. Storm I
(1) Rainfall analysis
The spatial distribution of Storm I’s rainfall simulation is shown in Figure 4. As can be seen from the figure that
this rainfall event starts from the north of Zuoyun County and the southeast of Liangcheng County, and gradually
extends due north. The rainfall reaches the maximum from 00:00 on 1 August 2015 to 12:00 on 1 August 2015.
The cumulative rainfall in Liusumu Town of Liangcheng County reaches more than 80.0 mm in 12 h, and most
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areas in the study area reaches 5.0 mm. The area of heavy rainfall expands. Since 12:00 on 1 August 2015, rainfall
gradually weakens, transfers to the northeast of Liangcheng County and the northwest of Fengzhen County, and
decreases to less than 5.0 mm accumulated rainfall in 12 h. In addition, rainfall in the southeast of Caoran Manchu
Town in Liangcheng County and the north of Zuoyun County decreases to about 1.0 mm and ends in most areas.

Fig. 4. Spatial distribution of rainfall simulation in Storm I. (a), accumulated rainfall from 18:00 on 31 July 2015 to
00:00 on 1 August 2015; (b), accumulated rainfall from 00:00 on 1 August 2015 to 12:00 on 1 August 2015; (c),
accumulated rainfall from 12:00 on 1 August 2015 to 00:00 on 2 August 2015.
According to the above rainfall simulation curves, the first extreme rainstorm occurs around 09:00 on 1 August
2015. At this time, rainfall in Liangcheng County gradually weakens outward from the center of Liumu Town. The
second extreme rainstorm appears at about 15:00 on 1 August 2015. Rainfall gradually weakens outward from the
southeast corner and the northeast corner of Liangcheng County. Therefore, it can be inferred that rainfall in the
study area generally decreases from the center with a certain point to the surrounding areas.
(2) Runoff analysis
The spatial distribution of simulated surface runoff for Storm I is shown in Figure 5. It can be observed that
surface runoff caused by this rainfall event starts from the north of Zuoyun County and gradually expands to the
northwest and flows into the Daihai Lake. After 00:00 on 1 August 2015, the rivers in the south of Zhuozi County
and the northwest of Liangcheng County also gradually flows into the Daihai Lake. The accumulated surface
runoff in Liusumu Town and Caoran Manchu Town of Liangcheng County reaches more than 500.0 mm from
00:00 on 1 August to 00:00 on 2 August, 2015, and covers a huge area. Therefore, it can be speculated that
large-scale flood disasters occur in these two regions. By combining this data with the rainfall distribution map, it can
be seen that this phenomenon is caused by high intensity rainfall.

Fig. 5. Spatial distribution of simulated surface runoff (mm/6 h) in Storm I. (a), surface runoff from 18:00 on 31 July
2015 to 00:00 on 1 August 2015; (b), surface runoff from 00:00 on 1 August 2015 to 12:00 on 1 August 2015; (c),
surface runoff from 12:00 on 1 August 2015 to 00:00 on 2 August 2015.
It is found in the figure that although there is a flood in the middle part of the Bantan river, the accumulated runoff
of the river flowing into the Daihai Lake in 12 h is less than 20.0 mm. In this rainstorm flood event, the rivers flowing
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into the Daihai Lake are mainly concentrated in the south of the Daihai Lake (Gongba River, Wuhao River, Buliang
River, and Tiancheng River), and there is a river (half a beach) in the east with surface runoff flowing into the Daihai
Lake. So, the rivers in the Daihai Lake Basin are generally seasonal rivers. In other words, when there is rainfall,
there will be a continuous runoff into the Daihai Lake to replenish the water.
At the same time, combining this with the spatial distribution of rainfall, it can be seen that runoff generation has a
certain time lag compared with the rainfall occurrence, and runoff process will continue for some time after the
rainfall ends.

3.3.2. Storm II
(1) Rainfall analysis
The spatial distribution of simulated rainfall for Storm II is shown in Figure 6. There are two rainfall peaks during
the event. The first starts from the northwest of Liangcheng County and gradually extends to the southeast. Rainfall
reaches the highest from 00:00 on 25 July 2020 to 12:00 on 25 July 2020. The accumulated rainfall in Manhan Town
of Liangcheng County reaches more than 50.0 mm in 12 h, and it reaches 20.0–30.0 mm in the northwest of Youyu
County. Since 12:00 on 25 July 2020, rainfall gradually weakens. In Manhan Town of Liangcheng County, rainfall
decreases, with accumulated rainfall of less than 5.0 mm in 12 h. In addition, rainfall in most areas decreases to less
than 0.5 mm. The second rainfall peak occurs from 00:00 on 26 July 2020 to 12:00 on 26 July 2020. Rainfall peak
starts from the north of Zuoyun County and the southeast of Liangcheng County, and gradually decreases in the
northwest direction. Rainfall in the north of Youyu County is 50.0 mm, and some areas even reach more than 80.0
mm. By 00:00 on 27 July 2020, rainfall in most areas generally ends, except for the northern part of Liangcheng
County where rainfall is mainly light to moderate.

Fig. 6. Spatial distribution of accumulated rainfall for Storm II. (a), accumulated rainfall from 00:00 on 25 July
2020 to 12:00 on 25 July 2020; (b), accumulated rainfall from 12:00 on 25 July 2020 to 00:00 on 26 July 2020;
(c), accumulated rainfall from 00:00 on 26 July 2020 to 12:00 on 26 July 2020; (d), accumulated rainfall from
12:00 on 26 July 2020 to 00:00 on 27 July 2020; (e), accumulated rainfall from 00:00 on 27 July 2020 to 12:00 on
27 July 2020.
(2) Runoff analysis
The spatial distribution of simulated surface runoff for Storm II is shown in Figure 7. According to the spatial
distribution of rainfall with two high-intensity rainfall events, surface runoff is expected to have two high-intensity
rapids. The first rapid has two directions: one extends from the northwest of Liangcheng County to the southeast
and flows into the Daihai Lake, with a basic flow of 5.0–10.0 mm and up to 100.0 mm in some areas; the other
flows into the Daihai Lake from the south of Liangcheng County, but runoff is not huge, lasting from 00:00 on 25

276

Regional Sustainability 2021 Vol. 2 No. 3

July 2020 to 00:00 on 26 July 2020. The first high-intensity runoff flowing into the Daihai Lake is mainly from
the Gongba River in the south of the Daihai Lake. The second rapid also has two directions: one is from the
northwest of Liangcheng County to southeast into the Daihai Lake, the other is from the southeast to northwest
into the Daihai Lake. The second flood has a surface runoff of 500.0 mm in several areas in the southwest and
southeast of the Daihai Lake, in the north of Zuoyun County, and in the southeast of Liangcheng County, and
flows into the Daihai Lake until 00:00 on 27 July 2020. The second flood flows into the Daihai Lake mainly from
the Buliang River and Tiancheng River. It can be speculated that there may be flood disaster in the area where the
second runoff reaches 500.0 mm.

Fig. 7. Spatial distribution of simulated surface runoff (mm/6 h) for Storm II. (a), surface runoff from 00:00 on 25
July 2020 to 12:00 on 25 July 2020; (b), surface runoff from 12:00 on 25 July 2020 to 00:00 on 26 July 2020; (c),
surface runoff from 00:00 on 26 July 2020 to 12:00 on 26 July 2020; (d), surface runoff from 12:00 on 26 July
2020 to 00:00 on 27 July 2020; (e), surface runoff from 00:00 on 27 July 2020 to 12:00 on 27 July 2020.

4. Discussion
4.1. Parameter sensitive discussion
In arid and semi-arid regions, the conceptual bucket model used in WRF-HYDRO gives a relatively poor
description of the base flow because groundwater recharge does not necessarily reach the river network, especially
in short channels (Lahmers et al., 2019). The conceptual bucket model is shut down due to inadequate description
of the channels. In northern China, water from river courses often seeps into local aquifers for recharge, and such
recharge sources are not reflected in the model at present (Liu et al., 2020). Therefore, in order to avoid unrealistic
simulation of the base flow of the river network due to lack of sufficient information about channel characteristics,
we disable the conceptual bucket model in this study. However, closing the base-flow model will result in runoff
simulation error during the rainstorm events.
The simulation results of WRF-HYDRO are not only affected by the values of model parameters, but also by
the driving data. Inherent uncertainties of climate prediction will inevitably lead to parallel uncertainties of
hydrological prediction (Yucel et al., 2015). The best values and recommended ranges for parameters may be
affected by drive data to some extent.
In arid and semi-arid regions, WRF-HYDRO parameters can be eliminated by modifying or eliminating
WRF-HYDRO base-flow mid-bucket model, allowing deep groundwater recharge. Reasonable application of the
groundwater model can obtain better results of runoff simulation. Considering the limitations of WRF-HYDRO
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base-flow mid-bucket model, coupling WRF-HYDRO with the groundwater model may contribute to the accuracy
of runoff simulation in the future.

4.2. Rainstorm event simulation
Combined with these two events (Storm I and Storm II), it is found that WRF-HYDRO simulation performance
for rainstorm event prediction will be reduced if there are two or more high-density rainfall events. WRF-HYDRO
is accurate in capturing the time of rainstorm, but it has some deviations in estimating the duration and extreme
value of rainstorm. This error may be due to input rainfall products because it directly affects the accuracy of
model simulation and prediction results. Therefore, the research and development of high-quality rainfall products
with high spatial and temporal resolutions for China are of great importance to flood simulation and prediction,
especially for mountain flood prediction (Chao et al., 2021).
WRF-HYDRO also has simulation errors for the flood peak and the duration of the flood peak combined with
the two rainstorm and flood event simulations. The error may come from many aspects, such as the uncertainty of
rainfall, the accuracy of the river network, and model parameters (the determination of the base flow model)
(Yucel et al., 2015). Further, it may come from the prediction of underlying surface conditions in the early stage of
the rainstorm event. Premature rainfall or drought may cause errors in the prediction of soil hydrological content
on the underlying surface, resulting in the uncertain flood peak and duration.
Due to the lack of real-time observation data in the Daihai Lake Basin, the accuracy of flood simulation and
prediction is reduced. WRF-HYDRO simulation of flood inundation areas can be verified from the side. The
government has reported that mountain torrents are caused by heavy rainfall in Liangcheng County on the
afternoon of 1 August 2015, which is basically consistent with the conclusions drawn from the above analysis. In
addition, some people encounter a sudden flood at the junction of Zhuozi County and Liangcheng County, which
is consistent with the simulated flood points in the distribution map. It is recorded that rainfall in some areas of
Liangcheng County reaches 100.0 mm on 1 August 2015, which is similar with the simulation results. Therefore,
WRF-HYDRO has great advantages and good performance for rainstorm and flood simulation in the Daihai Lake
Basin and other similar arid basins; it can also simulate and predict the submerged area, submerged amount, and
submerged time.

5. Conclusions
In this study, we first calibrate WRF-HYDRO parameters, then use the optimal WRF-HYDRO model to
simulate several rainstorm events in the Daihai Lake Basin, and finally analyze the risk prediction of rainstorm
and flood and the feasibility of WRF-HYDRO application in the Daihai Lake Basin. For WRF-HYDRO coupling
model of the Daihai Lake Basin, REFKDT of 3.0, RETDEPRTFAC of 1.0, OVROUGHRTFAC of 1.0, and
MannN of 1.0 are more appropriate, with the minimum RMSE, the highest NES, and the largest R value. The R
values between simulated rainfall of WRF-HYDRO and observed hourly rainfall data are 0.60 and 0.59 for Storm
I and Storm II, respectively, which are within the acceptable range. It can be seen from the rainfall curve that
WRF-HYDRO can accurately capture the rainstorm time in the Daihai Lake Basin, especially the first rainstorm
time, with high simulation accuracy, whether it is the duration or the rainfall extreme value. However, during the
second rainstorm time and after the rainstorm, although the rainstorm time forecast is accurate, the extreme value
of the rainstorm and the duration of the rainstorm are underestimated. The R values between WRF-HYDRO runoff
simulation and SCS-CN runoff calculation are 0.70 and 0.76 for Storm I and Storm II, respectively, with good
performance of WRF-HYDRO. It can be seen from the runoff curve that WRF-HYDRO has a strong ability to
capture flood peaks, but there is a certain error between WRF-HYDRO flood peak value and SCS-CN calculation
result at the flood peak moment, and the flood duration of WRF-HYDRO is shorter than that of SCS-CN
calculation result. This difference is more obvious when the second flood peak appears. Short-term weather runoff
events mainly occur from June to September in the Daihai Lake Basin, and are significantly affected by natural
rainfall; their variations are basically the same. Surface runoff is easily interrupted in the dry season.
WRF-HYDRO coupling of climate and hydrology in the Daihai Lake Basin not only makes up for the
deficiency of observation data, but also accurately obtains the time and range of short-term weather events in the
basin, which will provide a basis for water resources management and disaster prevention and mitigation in the
basin.
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Non-timber forest products (NTFPs) play a significant role in the improvement
of the forest-dependent people’s livelihoods around the world, strengthening
protection for the sustainable use of forests. The purpose of this research was to
evaluate the influence of occupational category-wise (fuelwood collectors,
farmers, small-scale businessmen, day labourers, and tea estate labourers)
dependency on NTFPs and the role of NTFPs on household income around the
Khadimnagar National Park (KNP) in northeastern Bangladesh. In 2014, 178
purposively selected respondents from four villages (out of 22 villages around the
KNP) were interviewed face-to-face using a semi-structured questionnaire. The
study observed that these forest-dependent communities utilized resources of the
KNP mainly for domestic energy supply, household income, and house
construction. Results showed that income from NTFPs made a significant
contribution to family income. Income data analysis indicated that small-scale
businessmen earned relatively more income from NTFPs, followed by tea estate
labourers and day labourers. The study revealed significant negative relationships
of the distance of households from the forest with the amount of NTFPs
collected (P<0.01) and monthly income from NTFPs (P<0.01). Positive
significant relationships were found between the amount of NTFPs collected and
the time spent in NTFP collection (P<0.001), as well as between monthly income
from NTFPs and family size (P<0.001). The fuelwood collectors and farmers
collected significantly greater amounts of NTFPs per trip (P<0.001) than other
occupational categories. The households that were moderately to highly
dependent on NTFPs collected significantly higher amounts of NTFPs per trip
(P<0.01) than the households that were moderately dependent and less
dependent on NTFPs. Community dependence on KNP’s resources,
community’s appreciation of the KNP’s ecosystem services for villagers’
livelihoods, and community’s high levels of concern for forest conservation
provided a foundation for the sustainable management of the KNP. The study
findings will be useful for designing an effective forest management plan and
policy for NTFP management and forest conservation with the active
involvement of the forest-dependent people in northeastern Bangladesh.
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1. Introduction
Over the past few decades, non-timber forest products (NTFPs) produced in forests—any product or service other
than timber, but including wood products, such as those used for woodcarving or fuel, have been playing a significant
role in the improvement of livelihoods of about 1.6×109 people around the world through cash income, food security,
health care, nutrition improvement, and other social and cultural ecosystem services (Shackleton and Shackleton, 2004;
CIFOR, 2011; Shackleton et al., 2011; Endamana et al., 2016; Ojea et al., 2016). In addition, NTFPs meet the
subsistence fuel needs of those living in and around forest areas across the world (Kim et al., 2008; Heubach et al.,
2011; Pengelly and Davidson-Hunt, 2012). Moreover, in many places, NTFPs are considered as a safety net to fill the
gaps if an agricultural shortfall or any kind of emergency arises (Shackleton and Shackleton, 2004; Dash and Behera,
2013). Studies (e.g., Angelsen et al., 2014; Steele et al., 2015; Mugido and Shackleton, 2019) have reported that the
value of NTFPs per hectare may be higher than that of timber globally, but these studies have not received as much
attention as they should for NTFP conservation and management (Suleiman et al., 2017).
Based on existing literature, several internal factors affecting the collection of NTFPs from forests and the utilization
of NTFPs for household in developing countries have been identified, and the factors varied according to economic
and cultural contexts (Suleiman et al., 2017). The most common factor is the size of NTFP-dependent households. For
example, larger families have a higher demand for forest resources; thus, compared to smaller households, they collect
more NTFPs to fulfill the demand (Adhikari et al., 2004; Suleiman et al., 2017; Mushi et al., 2020), leading to higher
income from NTFPs (Adhikari et al., 2004; Appiah et al., 2009; Sunderland et al., 2014). Dash et al. (2016), Suleiman
et al. (2017), and Mushi et al. (2020) reported that household composition, gender, and age structure are more important
factors than the number of family members. Studies have found that young people may be more dependent on NTFPs
than elderly people, as the collection of NTFPs is a labour intensive activity and also a risky job (Cavendish, 2000;
Mamo et al., 2007; McElwee, 2008). Moreover, having more female members in a household indicates more
dependency on NTFPs, as females are more likely to be engaged in NTFP collection (Heltberg et al., 2000; Adhikari et
al., 2004; Adhikari, 2005; Paumgarten and Shackleton, 2011; Dash et al., 2016; Mushi et al., 2020). Furthermore, poor
households in general exhibit greater dependence on NTFPs than wealthy/rich households (Cavendish, 2000; Escobal
and Aldana, 2003; Paumgarten and Shackleton, 2011; Nerfa et al., 2020). In addition, external factors, such as closer
distance to forest areas (Suleiman et al., 2017; Mushi et al., 2020) and greater access to markets, often accelerate NTFP
extraction and induce people to earn more income by selling NTFPs in the local market (Mujawamariya and Karimov,
2014; Steele et al., 2015).
Forest protected areas (FPAs), covering nearly 14.9% of the Earth (UNEP-WCMC and IUCN, 2016), are critically
important to fulfill global environmental agreements, such as the Strategic Plan for Biodiversity 2011–2020, the 20
Aichi Biodiversity Targets, and the Sustainable Development Goals (UNEP-WCMC and IUCN, 2016). However, the
protection effect of FPAs is questioned (Heino et al., 2015), with smaller protected areas often under great threat
(Maiorano et al., 2008). In addition to their conservation role, FPAs are intended to provide benefit to the forestdependent people and to support their sustainable livelihoods (Oldekop et al., 2015). However, experience has shown
that legal rights and protection measures are not enough to ensure the achievement of effective forest conservation goals
(Chowdhury and Koike, 2010). It is difficult to achieve both forest conservation and socio-economic benefits (Bebber
and Butt, 2017), and positive conservation changes are not always produced (Laurance et al., 2012). Local community
involvement in FPA management is therefore regarded as an effective and appropriate strategy to achieve the goals of
sustainable forest management (Geldmann et al., 2015), with this simply called “collaborative management” or “comanagement” in FPA management (Chowdhury and Koike, 2010; Rahman, 2013).
From 2003 to 2018, the Bangladesh Forest Department (BFD) implemented three co-management projects funded
by the United States Agency for International Development (USAID) in 18 FPAs. Co-management projects have
applied different alternative income generation activities through payments for ecosystem services and by regulating
forest use (Chowdhury and Koike, 2010; Rahman et al., 2017). Scholars have reported that co-management projects in
FPAs of Bangladesh have significantly reduced people’s forest dependency, improved people’s livelihood status,
decreased illegal logging and poaching, increased voluntary involvement in forest conservation and protection
initiatives, etc. (Chowdhury and Koike, 2010; Rahman, 2013; Rahman and Miah, 2017; Rahman et al., 2017).
If sustainably used, NTFPs play a critical role in the daily life and economy of Bangladesh, providing off-farm
employment and income-generating for rural people and enhancing forest conservation (Zashimuddin, 2004). The
combination of NTFP utilization and co-management in the FPAs can be a solution to reduce people’s dependency on
timber; thus, NTFPs can be a sustainable source of household income for forest dwellers (Cocksedge, 2001).
Nonetheless, research is still lacking on the importance of NTFPs to forest sustainable management and to guarantee
the livelihood of the forest-dependent people in the FPAs of Bangladesh. The purpose of the present research was to
evaluate the dependency of different occupational categories on NTFPs, the status and economic importance of NTFPs,
and people’s attitudes towards NTFP utilization and forest sustainability, as well as the prospective role of NTFPs in
the conservation of an FPA named Khadimnagar National Park (KNP) in northeastern Bangladesh. The study aimed to
answer the following research questions:
(1) What types of NTFPs are collected from the KNP?
(2) What are the community perceptions and attitudes towards NTFPs?
(3) What are the consumption patterns of major NTFPs by villagers living around the KNP?
(4) Which occupational category of people is most dependent on NTFPs?
(5) What factors influence NTFP collection from the KNP?
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The findings are intended to help the BFD, policy makers, and researchers to understand the importance of NTFPs
to the forest-dependent households and to formulate new effective and related policies and strategies to meet
Bangladesh’s sustainable development goals.

2. Materials and methods
2.1. Profile of the Khadimnagar National Park (KNP)
The KNP is located in North Sylhet range-1, which is under the jurisdiction of Sylhet Forest Division and lies
between 24°56′–24°58′N and 91°55′–91°59′E (Fig. 1). The KNP is situated at a distance of 15 km on the northeastern
of the centre of Sylhet City Corporation. Formerly known as the Khadimnagar Reserve Forest, the KNP was declared
as a national protected park with an area of 679 hm2 in 2006 (IPAC, 2009). The forest carbon inventory in 2014
estimated that the KNP had a total area of 779 hm2, with 479 hm2 covered by forests (CREL, 2015). About threequarters of the forest is mixed evergreen plantation forest, while the rest comprises degraded hills with fodders and
grasses. The forest was composed of stands of natural bamboo and rattan that were gradually harvested and converted
to plantations during 1951–2004, such as Tectona grandis, Michelia champaca, Swietenia mahagoni, Lagerstroemia
speciosa, Terminalia arjuna, and Emblica officinalis (IPAC, 2009). Several watersheds, locally known as ‘chara’, flow
throughout this forest. The hills of this forest, locally known as ‘tilla’, are generally low and gently sloping at heights
of 10–50 m. Soil types on the hills range from clay loams to pale brown clay (acidic) loams (Khan et al., 2011). The
tropical monsoon climate prevails in this area with an average maximum temperature of 30.7C, average minimum
temperature of 18.9C, and annual precipitation of 3931.0 mm (IPAC, 2009). According to the forest carbon inventory
in 2014, KNP has 217 species of flora and 160 species of fauna. Specifically, the KNP contains 884 seedlings/hm2, 796
saplings/hm2, 954 live trees/hm2 and 793.1 mg CO2/hm2 (CREL, 2015). The globally threatened capped langur
(Trachypithecus pileatus) and the nationally scarce Lophura leucomelanos are the common wildlife in this forest.

Fig. 1. Location of the Khadimnagar National Park (KNP) and the surveyed four villages. KhTE, Khadimnagar Tea
Estate; KATE, Kalagul Tea Estate; CTE, Charagang Tea Estate.
The KNP is surrounded by six tea estates and 22 villages, including tea estate villages, with all villages located at a
range of 0–5 km outside the forest. Of the tea estate villages, four have a moderate dependency level on the KNP, as
much of their labour is involved with NTFP collection and illegal timber felling, while the rest of the tea estate villages
have minor dependency (IPAC, 2009). Only one indigenous community, called the Patra community, lives outside the
forest in Faringura village. Traditionally, Patra community depends on the forest for livelihood; for example, the
members usually cut trees to make charcoal for subsistence and cash income (Rahman et al., 2011a, b). Co-management
in the KNP was established in October 2009, with the “Co-Management Committee” formed with the engagement of
key local stakeholders, including local government administration departments and representatives from each village.
The BFD has implemented two USAID-funded co-management projects in the KNP, namely, the Integrated Protected
Area Co-management Project (IPAC Project) during 2009–2013 and the Climate Resilient Ecosystems and Livelihoods
Project (CREL Project) during 2013–2017, with the involvement of local stakeholders in forest management (Rahman
and Alam, 2016; Rahman and Miah, 2017).

2.2. Data collection
During May to December 2014, we conducted investigations by using different tools and approaches to collect
quantitative data and supplemented qualitative data from forest-dependent households in the KNP. Specifically, we
collected quantitative data through a semi-structured questionnaire and qualitative data through informal discussion
with community people as well as field observations. Field observations comprised entering the forest to investigate
local people’s NTFP collection patterns, visiting markets to survey the sale of NTFPs, and taking photographs inside
the forest and in markets. Field observations were conducted with the help of a local guide to obtain insights into the
villages, communities, resource background, usage patterns, and the degree of forest dependency. For the 22 villages,
four villages, namely, Khadimnagar Tea Estate (KhTE) village, Charagang Tea Estate (CTE) village, Bajartal village,
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and Kalagul Tea Estate (KATE) village were selected purposively for the study. These villages were selected
systematically to represent the distance gradient (various distances from the forest, ranging from 0–3 km; see Table 1);
they could also be considered as clusters (as depicted in their forest resource dependency levels).
The forest dependency level in the study area was classified into the following categories (IPAC, 2009) as shown in
Table 1: moderate to high dependency (CTE village, KhTE village and KATE village) and moderate dependency
(Bajartal village).
Table 1
Profile of sample villages around the Khadimnagar National Park (KNP).
Village
Charagang Tea Estate (CTE)
Khadimnagar Tea Estate (KhTE)
Bajartal
Kalagul Tea Estate (KATE)

Household size
(N)
142
462
37
247

Sample size
(n)
31
70
37
40

Location and distance
(km)
Adjacent (0–1)
Outside (1–2)
Outside (2–3)
Adjacent (1–2)

Forest dependency
level
Moderate to high
Moderate to high
Moderate
Moderate to high

Notes: Location and distance means the position relationship between village and the KNP and the distance between village and the KNP,
respectively.

In the four villages, 178 respondents from 178 households were purposively selected in such a way that the route of
every village entering the forest would be covered by the survey. We first prepared a list of households who collected
NTFPs from the KNP for each village. According to the list, we then simply selected the desired number of households
using the lottery method for the household questionnaire interview. Finally, we interviewed one family member in each
household for the study. Our target was to collect data covering at least 15% of each village, particularly for the large
KhTE village (a total of 462 households) and KATE village (a total of 247 households). Using this method, the lotterydrawn sample size was 15%–100% of the total number of households in each village, that is, 15% for KhTE village,
22% for CTE village, 100% for Bajartal village, and 16% for KATE village. Table 1 provides a brief profile of the
sample villages and respondents for the questionnaire interview, along with their forest dependency.
All interviews were conducted with the full willingness of the respondents, who were assured of anonymity, so the
chances of getting genuine answers were increased. Interviews were conducted with those household members who
collected NTFPs from the KNP, irrespective of their ages and socio-economic conditions. As a result, the ages of
respondents varied from 16 to 54 years. In most cases, the head of a household or the mother of a young person was
present during interviews. Furthermore, for most households, more than one person was an NTFP collector from the
KNP, but for this study, we only interviewed the major NTFP collector from each household. Interviews were conducted
during daytime, particularly in the morning (before going to work) and before dusk (after coming back from work),
with an average interviewing duration of about one hour.
During the household questionnaire interviews, we collected the following information: socio-demographic
characteristics of households (age, sex, level of education, occupation, and income source), patterns of NTFP collection,
quantities of NTFP collection, number of NTFP collection per week, purpose of NTFP collection, economic
contribution of NTFPs to household income, understanding of possible ecological impacts and of forest conservation
and management issues, etc.
Several informal discussions were also arranged in common places and/or at local tea stalls where local people
frequently gathered to socialize and pass leisure time. Almost all participants were male, and almost all were middleaged. They were willing to share their knowledge about NTFP collection in the KNP, the usage patterns of NTFPs in
and around the KNP, and the importance of NTFPs for household consumption and subsistence income. No formal
invitations were made in these informal discussions.
To estimate the collected NTFPs’ economic value, the survey team obtained economic data from respondents through
specific questions, such as: (1) what amount of NTFPs do you collect from the forest? (2) how many times do you enter
the forest in a week? (3) what is the market value of different NTFPs? (4) does the market value of NTFPs change from
season to season? (5) do you sell NTFPs directly to the user or to a wholesaler? and (6) how much does the price differ
between the user and the wholesaler? The study team also cross-checked the market value of NTFPs provided by
households through surveying nearby markets during weekly market days. The present study randomly surveyed four
NTFP traders at the local markets of Shahparan Bazar, Shaheb Bazar, Pirerbazar, and Majortila. The prices of different
NTFPs were then calculated from the average of the prices provided by respondents and traders.

2.3. Data analysis
In order to investigate the dependency level of respondents from the sampled villages, we categorized households
into three distinct economic classes according to the percentage of their income gained from NTFPs: less dependent
(less than 35% of income), moderately dependent (35%–55% of income), and moderately to highly dependent (larger
than 55% of income). Descriptive statistics were analyzed using SPSS Statistics 20.0 (IBM, New York, USA). We
further analyzed data from respondents by calculating frequencies and percentages of responses for each indicator
included in the survey and calculated bivariate relationships between socio-demographic factors and household income
from NTFPs.
Simple linear regression analysis was performed to examine the relationships between response variable (dependent
variable, y) and independent variables (explanatory variables, x), as well as their interactions (Schnerider et al., 2010)
The mathematical formula of the linear regression is as follows:
y=b0+b1×x+e,
(1)
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where b0 is the intercept of the regression line, that is, the predicted value when x=0; b1 is known as the regression
coefficients; and e is the error term or residual error.
In the present study, the dependent variables were NTFPs collected per trip (kg/trip) and monthly income from NTFP
collection (USD), whereas the explanatory variables were distance between household and forest (km), time spent in
NTFP collection (h), and family size of households (person). In this study, we used one-way analysis of variance
(ANOVA) to obtain the influence of occupational category and dependency level on NTFPs in the surveyed four
villages. Box and Whisker plots (simply called box plots) were also used to show the occupation-wise NTFP collection
per trip and NTFP collection per trip according to the forest dependency levels. Analyses used for linear regression,
one-way ANOVA, and box plots were performed with R 3.6.1 (R Core Team, 2019).

3. Results
3.1. Demographic characteristics of the surveyed respondents
Table 2 shows the demographic characteristics of the surveyed 178 respondents. The highest number of respondents
(39.3%) was from KhTE village, followed by KATE village (22.5%), Bajartal village (20.8%), and CTE village
(17.4%). Among the respondents who engaged in NTFP collection and selling, 78.1% were male. Most of the
respondents (42.7%) were aged 16–30 years. Most households (83.1%) contained one to five family members. About
34.8% of the respondents were illiterate and could only sign their name, while 36.5% had completed primary education.
In this study, we identified five occupational categories among people who collected NTFPs from the KNP, namely,
fuelwood collectors (fuelwood collection as their only occupation), farmers (agricultural farming as their primary
occupation), small-scale businessmen (business as their primary occupation), day labourers (e.g., agricultural labourers,
porters, masons, construction workers, rickshaws, van pullers, etc.), and tea estate labourers (tea plucking in tea estates
as their primary occupation). Of the respondents, 23.0% were identified being fuelwood collectors with fuelwood
collection as their primary source of income (mostly students, youths, and unemployed persons).
Table 2
Demographic characteristics of the surveyed respondents.
Parameter
Age range
16–30 years
31–45 years
46–55 years
Sex
Male
Female
Family size
1–5 persons
6–8 persons
>8 persons
Education (years of schooling)
Illiterate and can only sign (0 year)
Primary (1–5 years)
Junior secondary (6–8 years)
Senior secondary (9–10 years)
Occupational categories (income source)
Fuelwood collectors
Farmers
Small-scale businessmen
Day labourers
Tea estate labourers

Percentage of the respondents (%)
CTE
Bajartal
KATE

Total

57.1
28.6
14.3

41.9
38.7
19.4

40.5
40.5
18.9

20.0
62.5
17.5

42.7
40.4
16.9

58.6
41.4

77.4
22.6

91.9
8.1

100.0
-

78.1
21.9

81.4
18.6
-

83.9
16.1
-

78.4
18.9
2.7

90.0
10.0
-

83.1
16.3
0.6

32.9
37.1
27.1
2.9

35.5
38.7
16.1
9.7

32.4
37.8
29.7
-

40.0
32.5
27.5
-

34.8
36.5
25.8
2.8

34.3
14.3
4.3
15.7
31.4

19.4
22.6
12.9
16.1
29.0

8.1
21.6
21.6
16.3
32.4

20.0
25.0
22.5
17.5
15.0

23.0 (P)
19.7 (S)
13.5 (S)
16.3 (S)
27.5 (S)

KhTE

Notes: The numbers in KhTE, CTE, Bajartal, and KATE columns mean the percentage of the respondents who are eligible for the condition of
each row of this village to the total respondents of this village. The numbers in total column mean the percentage of the total respondents who
are eligible for the condition of each row to the total 178 respondents in the study. P, primary income source; S, secondary income source; -, no
data.

3.2. Perceptions about the status and usage patterns of collected NTFPs
Tree poles, fuelwood (twigs, branches, and split woods), bamboo, rattan, medicinal plants, fodder, wild fruits, honey,
Imperata cylindrica, Thysanolaena maxima, vegetables, and hunting and poaching of wildlife were the common NTFPs
collected and used by the KNP-dependent people. Respondents’ opinions about the status of the available NTFPs both
at the current time and before the implementation of co-management projects (i.e., before 2009) are presented in Table
3. All types of NTFPs were mainly used for house-building materials, cooking, handicrafts, food, vegetables, and
fodder, as well as for curing ailments. As shown in Table 3, the status of almost all NTFPs have been improved due to
intensive forest patrolling by the community patrolling groups under co-management projects. The overall stocks of
bamboo, rattan, medicinal plants, and tree poles have increased from the past to the present, due to the reduction of
illegal collection level. However, the current stocks of fodder, I. cylindrica and T. maxima, have decreased, due to the
restoration of degraded and denuded hills inside the forest.
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Table 3
Basic information of available non-timber forest products (NTFPs) in the KNP.
NTFP type

Bamboo

Rattan

I. cylindrica

Medicinal
Plants

Tree poles

Fuelwood

Usage pattern
House-building
materials,
handicrafts,
furniture,
fuelwood, and
vegetable
House-building
materials,
handicrafts, and
furniture
House-building
materials
(thatching
materials of roof
and shade),
making brooms,
fodder, and
fuelwood
Curing different
types of ailments
House-building
materials,
furniture, and
fuelwood
Residential and
commercial
cooking, brick
burning, and rice
parboiling

Degree of
NTFPs
collection

Availability trend
Status before coCurrent
management
status
projects

Percentage of
perception as
NTFPs (%)

Reason for the observed
trends

Moderate

+++

++

71.9

Illegal bamboo harvesting
has decreased due to forest
patrolling under comanagement projects.

High

+++

++

63.5

Illegal rattan harvesting
has decreased due to forest
patrolling under comanagement projects.

High

++

+++

57.3

Due to increased plantation
areas in denuded hills, the
growing area has reduced.

High

+++

++

48.9

Less

+++

++

51.1

High

+++

++

53.4

Over exploitation has
decreased due to forest
patrolling under comanagement projects.
Illegal trees harvesting has
decreased due to forest
patrolling under comanagement projects.
Extensive fuelwood
harvesting has decreased
due to forest patrolling
under co-management
projects.
Due to increased plantation
areas in denuded hills, the
growing area has reduced.
Over fruit collection has
decreased due to forest
patrolling under comanagement projects.
Illegal honeycomb
harvesting has decreased
due to forest patrolling
under co-management
projects.

Fodder

Cattle feeding
and fuelwood

High

++

+++

50.6

Wild fruits

Seasonal food for
nutritional and
medicinal
purposes

Less

+++

++

51.7

Wild honey

Food for
nutritional and
medicinal
purposes

Less

++

+

48.3

Moderate

+

++

43.8

Due to increased plantation
areas in denuded hills, the
growing area has reduced.

Moderate

+++

+++

56.2

Over harvesting has
decreased due to forest
patrolling under comanagement projects.

80.3

Illegal hunting and
poaching have decreased
due to forest patrolling
under co-management
projects.

T. maxima

Seasonal
vegetables

Wildlife
hunting and
poaching

Making brooms,
fuelwood,
fodder, and lime
washing of
building walls
Vegetables and
curries food for
nutritional and
medicinal
purposes
Food for
nutritional and
medicinal
purposes, rituals
for festivals, and
illegally sale in
the markets

Less

+++

+

Note: +++, available in good condition; ++, available in moderate condition; +, available in rare condition; I. cylindrica, Imperata cylindrica;

T. maxima, Thysanolaena maxima.

3.3. Community attitudes towards NTFP collection and usage
The survey results showed that 84.8% of the respondents from the four surveyed villages collected fuelwood from
the KNP for their own consumption as well as for sale, while 58.4% collected medicinal plants for health care to cure
different types of ailments (Table 4). Nearly half of them (45.0%) entered the forest for NTFP collection every day,
although the proportion was not uniformly distributed among the four villages. About 72.5% of the respondents spent
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3–5 h on collecting NTFPs per trip, with NTFPs mainly collected to sell in the local market to obtain cash as subsistence
income (39.3%). About 84.3% of the respondents stated that NTFPs from the KNP were available throughout the year
and were also free of cost, enabling them to meet their daily fuel and other needs. Most respondents (73.6%) indicated
that the stocks of NTFPs had decreased before the implementation of co-management projects, due to over-harvesting
and unsustainable-harvesting from the forest. This was considered to be the reason why the BFD and local people
planted fuelwood and fruit-bearing trees on the vacant and denuded land as well as in private homestead forests to meet
community demand (60.7% of the respondents) (Table 4).
Table 4
Respondents’ attitudes towards NTFP collection and usage.
Statement
Major types of NTFPs derived from the forest
Fuelwood
Wild vegetables and fruits
House-building materials
Tree poles
Medicinal plants
Bamboo and rattan
Intensity of NTFP collection
Daily
3–4 times per week
Weekly
Time spent for NTFP collection per trip in the forest
<3 h
3–5 h
>5 h
Purposes of NTFP collection
For own use
For sale in market
For own use and sale
Reasons for collecting NTFPs from the forest
Available and free of cost
Don’t need much afford to collect
Other cooking fuels are expensive
Reactions regarding unavailability of NTFPs from the forest
Unsustainable harvesting from the forest
Planting fuelwood and fruit-bearing trees
Buying from the market
Switching over to other available fuels
Don't know what to do

KhTE

Percentage of the respondents (%)
CTE
Bajartal
KATE

Total

82.9
44.3
61.4
21.4
67.1
31.4

87.1
45.2
51.6
29.0
48.4
22.6

86.5
73.0
56.8
32.4
51.4
27.0

85.0
50.0
45.0
25.0
57.5
35.0

84.8
51.7
55.1
25.8
58.4
29.8

58.6
31.4
10.0

45.1
32.3
22.6

32.4
45.9
21.6

32.5
40.0
27.5

45.0
36.5
18.5

42.9
51.4
5.7

19.4
80.6
-

13.5
81.1
5.4

95.0
5.0
0.0

23.0
72.5
4.5

34.3
37.1
28.6

45.2
35.5
19.4

32.4
40.5
27.0

25.0
45.0
30.0

33.7
39.3
27.0

87.1
57.1
41.4

83.9
67.7
61.3

75.7
64.9
67.6

87.5
75.0
70.0

84.3
64.6
56.7

65.7
54.3
21.4
30.0
14.3

87.1
58.1
51.6
29.0
22.6

78.4
51.4
35.1
21.6
32.4

72.5
82.5
47.5
30.0
32.5

73.6
60.7
35.4
28.1
23.6

Note: The numbers in KhTE, CTE, Bajartal, and KATE columns mean the percentage of the respondents who are eligible for the condition of
each row of this village to the total respondents of this village. The numbers in total column mean the percentage of the total respondents who
are eligible for the condition of each row to the total 178 respondents in the study. -, no data.

3.4. Community attitudes towards NTFP conservation and management
About 60.1% of the respondents agreed that the BFD and local community should conserve forest resources
together, as over-harvesting of NTFPs has already significantly impacted the forest in the KNP (42.1% of the
respondents). More than half of the respondents (52.8%) believed that the declaration of the FPAs could manage
NTFPs in a sustainable way. About 77.0% of the respondents agreed that involvement of local people in forest
management would improve the present stocks of NTFPs in the KNP, and 85.4% believed that NTFPs could play a
positive role in balancing the livelihoods of community members and forest conservation (Table 5).

3.5. Collection and consumption patterns of major NTFPs
The types of NTFPs collected from the KNP by the four surveyed villages are shown in Table 6. Twigs and
branches collected from the KNP were used as fuelwood by 39.3% of the respondents. Split woods made from trees
in the KNP were used as fuelwood by 28.1% of the respondents. Small- and medium-sized tree poles sold in local
markets for house-building materials were collected by 15.7% of the respondents. The major NTFPs collected from
the KNP were bamboo (22.5% of the respondents) and rattan (22.5% of the respondents). I. cylindrica and T. maxima
were grown in the denuded and deforested areas within the KNP, with 45.5% of the respondents harvesting them
for their own use and for sale to the market to obtain subsistence income. These two types of grasses were important
elements for daily household work such as cleaning floors and walls. Moreover, medicinal plants, vegetables,
available wild fruits, and honey were harvested and used seasonally by 41.6% of the respondents, as well as being
critically important sources of food to meet nutritional demands and providing subsistence income for households.
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Table 5
Respondents’ attitudes towards NTFP conservation and management.
Attitude

KhTE

Percentage of the respondents (%)
CTE
Bajartal
KATE

Protection measures can conserve the forest resources
Yes, the BFD and local people together can conserve
65.7
51.6
There is a need to implement the strict conservation zone
14.3
22.6
Restriction protection measures must be implemented
20.0
25.8
Impact of over-harvesting of NTFPs on forest ecology
Significantly
32.9
67.7
Not significantly
38.6
19.4
No idea
28.6
12.9
Protected area can manage NTFPs in a sustainable way
Yes, it can manage sustainably
61.4
51.6
No, the situation remains the same
15.7
35.5
No idea
22.9
12.9
Involvement of local people in NTFP management could improve the present stocks
Agree
77.1
71.0
Disagree
17.1
19.4
Possibly
5.7
9.7
Increased NTFP collection could balance livelihoods and conservation in the protected area
Positively
85.7
87.1
Negatively
5.7
3.2
No idea
8.6
9.7

Total

54.1
21.6
24.3

62.5
22.5
15.0

60.1
19.1
20.8

37.8
27.0
35.1

42.5
30.0
27.5

42.1
30.9
27.0

43.2
27.0
29.7

47.5
30.0
22.5

52.8
24.7
22.5

78.4
13.5
8.1

80.0
15.0
5.0

77.0
16.3
6.7

89.2
2.7
8.1

80.0
7.5
12.5

85.4
5.1
9.6

Note: The numbers in KhTE, CTE, Bajartal, and KATE columns mean the percentage of the respondents who approval the statement described
in each row of this village to the total respondents of this village. The numbers in total column mean the percentage of the total respondents
who approval the statement described in each row to the total 178 respondents in the study. BFD, Bangladesh Forest Department.

Table 6
Description of NTFPs collected from the KNP.
NTFP type

Unit

Twigs and branches (fuelwood)
Tree poles (fuelwood+other uses)
Split wood (fuelwood)
Bamboo (fuelwood+other uses)
Rattan
I. cylindrica and T. maxima
Medicinal plants, seasonal fruits
and seeds, fodder, and vegetables

Stake (1 stake=5 kg)
Piece
Bundle (1 bundle=5 kg)
Bundle (2–5 pieces)
Bundle (5–10 pieces)
Stake (1 stake=5 kg)

KhTE
27.1
7.1
34.0
32.5
27.5
34.6

-

54.3

Percentage of the respondents (%)
CTE
Bajartal
KATE
22.9
25.7
24.3
25.0
35.7
32.1
28.0
22.0
16.0
27.5
20.0
20.0
30.0
32.5
10.0
25.9
17.3
22.2

Total
39.3
15.7
28.1
22.5
22.5
45.5

35.5

41.6

35.1

30.0

Note: The numbers in KhTE, CTE, Bajartal, and KATE columns mean the percentage of the respondents who are eligible for the condition of
each row of this village to the total respondents of this village. The numbers in total column mean the percentage of the total respondents who
are eligible for the condition of each row to the total 178 respondents in the study. -, no data.

Generally, the respondents made specific trips to the KNP to collect NTFPs as far as 0.4–2.3 km from their location.
However, simple linear regression analysis found a very weak negative significant relationship (R2=0.04, P<0.01)
between the amount of NTFPs collected and the distance between household and forest. This implied that households
closer to the forest could collect more NTFPs than households further away. The respondents also spent, on average,
2–6 h to collect NTFPs per trip. Simple linear regression analysis found a moderate positive significant relationship
(R2=0.34, P<0.001) between the amount of NTFPs collected and the time spent on NTFP collection. This indicated that
the more time spent on NTFP collection per trip, the higher amount of NTFPs collected, and thus, more income was
obtained from NTFPs for a household.

3.6. Marketing and income earning opportunities from major NTFPs
Illegally collected bamboo and rattan culms were traded in the local markets. The major determining factors of
bamboo and rattan prices were the length, color, and thickness, with the price change also subject to seasonal demand
and the availability of mature products. The usual price of a single bamboo culm in the local market was 1.8–5.9 USD
(1.0 USD=84.8 Bangladeshi Taka (BDT)). Rattan was mainly used as the basket binder by local people and for
manufacturing rattan-based products (e.g., bed, sofa, chair, table, shelf, etc.). The usual price of a single rattan culm in
the local market was 0.9–2.4 USD. It was found that a family could earn 5.9–14.2 USD/month from selling rattan and
bamboo (Table 7).
The fuelwood price in the local market was usually at 2.1–2.9 USD/bundle, and a family could earn 17.7–23.6 USD
per month from selling fuelwood (Table 7). Around the KNP, several sawmills and furniture manufacturing shops were
in operation. Sawmills bought tree poles from collectors at a cheaper price (e.g., 3.5–5.9 USD/m3), whereas they sold
them at a higher price (5.9–9.4 USD/m3), which was twice as much. Collecting tree poles was very risky for collectors,
but they could earn about 9.4–11.8 USD per month from selling them (Table 7).
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Table 7
Selling price of NTFPs and income earned from NTFPs.
NTFP type

Selling price

Bamboo
Rattan
Twigs, branches, and split woods
Tree poles
Seasonal fruits
I. cylindrica and T. maxima

1.8–5.9 USD/culm
0.9–2.4 USD/culm
2.1–2.9 USD/bundle
3.5–5.9 USD/m3
3.5–5.9 USD/basket
3.5–5.9 USD/bundle

Approximate income earned from
NTFPs (USD/month)
11.8–14.2
5.9
17.7–23.6
9.4–11.8
5.9–11.8
5.9–11.8

Moreover, the KNP-dependent people collected the available wild seasonal fruits, such as Aegle marmelos,
Artocarpus chama, Artocarpus heterophyllus, Artocarpus lakoocha, Baccaurea ramiflora, Calamus spp., Dillenia
pentagyna, Diospyros peregrina, Elaeocarpus robustus, Garcinia pedunculata, Mangifera indica, Phyllanthus emblica,
Spondias pinnata, Syzygium spp., Tamarindus indica, Terminalia arjuna, Terminalia bellirica, and Ziziphus mauritiana
for their own consumption, as well as selling them in the villages or at the local markets at a lower price than those
charged by the market fruit sellers. During the summer and winter seasons, each household could earn 5.9–11.8 USD
from selling wild fruits (Table 7).
I. cylindrica and T. maxima are the most common types of fodder and roofing/thatching materials for low-cost house
building in rural areas in Bangladesh. After NTFP collection from the KNP during November–February, the two types
of grasses would be dried (sometimes green) and bound into a bundle, then be sold to neighbors and local markets.
Households could earn 5.9–11.8 USD/season from I. cylindrica. Furthermore, T. maxima was used to made brooms
(locally called ‘Phool jhadu’) that were widely used for cleaning floors and walls; its green leaves and tender culms
made good feed, thus T. maxima owned a very good demand level in the rural, semi-urban, and urban markets in
Bangladesh.

3.7. Different occupational categories’ dependency level on NTFPs
Different occupational categories of people typically collected different types of NTFPs, according to their needs
and demand. For example, a small-scale businessman was not highly dependent on fuelwood to some extent. Similarly,
a farmer and a tea estate labourer were generally more dependent on fodder for cattle than a day labourer. As shown in
Table 8, 47.8% of the respondents were moderately to highly dependent on NTFPs, followed by 44.4% of the
respondents who moderately dependent, while the remaining 7.9% were less dependent on NTFPs. On the other hand,
most households in KhTE village (62.9% of the respondents) were found to be moderately to highly dependent on
NTFPs, 57.5% of the respondents were moderately dependent on NTFPs in KATE village, and 16.2% of the
respondents were less dependent on NTFPs in Bajartal village.
Table 8
Village-wise dependency level on NTFPs of the surveyed respondents.
Village
KhTE
CTE
Bajartal
KATE
Total

Percentage of the respondents (%)
Moderate to high dependency
Moderate dependency
62.9
32.9
51.6
45.2
32.4
51.4
32.5
57.5
47.8
44.4

Less dependency
4.3
3.2
16.2
10.0
7.9

Note: The numbers in KhTE, CTE, Bajartal, and KATE rows mean the percentage of the respondents who are belong to the classification group
of each column of this village to the total respondents of this village. The numbers in total row mean the percentage of the total respondents
who are belong to the classification group of each column to the total 178 respondents in the study.

From the survey, the level of dependency on NTFPs was found to vary among different occupational categories in
the four villages (Fig. 2). In KhTE village, tea estate labourers (70.6% of the respondents), small-scale businessmen
(66.7%), farmers (70.0%), day labourers (63.6%), and fuelwood collectors (58.6%) were moderately to highly
dependent on NTFPs. In CTE village, small-scale businessmen (75.0%) and fuelwood collectors (75.0%) were
moderately dependent on NTFPs, whereas tea estate labourers (57.1%) were moderately to highly dependent on NTFPs.
In Bajartal village, tea estate labourers (66.7%), farmers (60.0%), and day labourers (55.6%) were moderately
dependent on NTFPs, whereas small-scale businessmen (57.1%) were moderately to highly dependent. In KATE
village, tea estate labourers (71.4%), farmers (75.0%), fuelwood collectors (62.5%), and small-scale businessmen
(55.6%) were moderately dependent on NTFPs (Fig. 2).
In the case of occupational category and NTFP collection, fuelwood collectors (19.5 (±3.3) kg/trip) and farmers (19.5
(±2.7) kg/trip) collected similar but higher amounts of NTFPs compared to small-scale businessmen (19.0 (±3.1)
kg/trip) and other categories (F=7.47, P<0.001) (Fig. 3a). Households that were moderately dependent on NTFPs
collected significantly higher amounts of NTFPs (19.5 (±2.8) kg/trip) than those who were moderately to highly
dependent on NTFPs and those who were less dependent on NTFPs (F=6.26, P<0.01) (Fig. 3b). The reason may be
that households who were moderately to highly dependent on NTFPs entered the forest almost every day to collect
NTFPs for their own consumption as well as to sell. As a result, their collection in each trip was lower compared to
households who were moderately dependent and less dependent on NTFPs.
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Fig. 2. Percentage of different occupational categories’ dependency level on NTFPs for the surveyed respondents.
LD, less dependency; MD, moderate dependency; MHD, moderate to high dependency.

Fig. 3. Relationships between the amount of NTFP collection per trip and different occupational categories of the
surveyed respondents (a), and between the amount of NTFP collection per trip and various dependency levels of the
surveyed repondents (b). The three lines in each box from bottom to top indicate the 25th percentiles, the median,
and the 75th percentiles, respectively, with ±1.5×interquartile range as whiskers. n means the number of the
respondents.

3.8. Income earned from NTFPs and contribution to family income
In the case of monthly income from NTFPs earned by different occupational categories, small-scale businessmen
earned the highest monthly income (40.3 USD), followed by tea estate labourers (26.1 USD), from NTFP collection,
processing, and trading (Table 9). Furthermore, one-way ANOVA showed that household income from NTFPs was
significantly different among different occupations (F=3.24, P=0.014). The average income contribution of NTFPs
accounted for 56.9% of the total household income of the respondents (Table 9).
The study also assessed that households living in CTE village (within 0–1 km of the forest) earned the highest
income (26.6 USD/month), followed by those living in KhTE village (within 1–2 km of the forest) (26.5
USD/month) and Bajartal village (within 2–3 km of the forest) (22.2 USD/month), while households living in KATE
village earned the lowest income (within 1–2 km of the forest) (21.2 USD/month) (Table 9). Simple linear regression
analysis also revealed a weak negative significant relationship (R2=0.04, P<0.01) between the distance of
households from the forest and their monthly income from NTFPs. This implied that households living closer to the
forest earned more income from NTFPs than those living further away. Moreover, the linear regression analysis also
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Table 9
Occupation-wise monthly income from NTFPs for the surveyed respondents.
Average monthly income from NTFPs (USD)
Occupational category
Tea estate labourers
Fuelwood collectors
Day labourers
Farmers
Small-scale businessmen
Mean

KhTE

CTE

Bajartal

KATE

Mean

28.8
24.2
28.2
26.3
30.7
26.5

28.3
22.0
34.4
22.4
21.4
26.6

25.7
26.6
19.0
16.0
21.9
22.2

18.0
26.8
21.1
16.1
23.3
21.2

26.1
24.6
25.7
20.8
40.3
24.4

Contribution to
household income
(%)
58.4
55.0
61.4
51.3
58.3
56.9

indicated a weak positive significant relationship (R2=0.08, P<0.001) between monthly income from NTFPs and family
size of NTFP collectors. This implied that the more members of a household had, the higher the amount of NTFPs
collected, i.e., more income from NTFPs for these households.

3.9. Influencing factors of NTFP collection
Family size (P<0.01) and time spent (P<0.05) in the activities of NTFP collection were found to be factors that
significantly and positively influenced the income obtained from NTFPs (Table 10), while distance between household
and forest (P<0.05) negatively influenced the household income from NTFPs. This meant that income from NTFPs
decreased as the distance increased between household and forest.
Table 10
Bivariate relationships between socio-demographic factors and household income from NTFPs.
Socio-demographic factor of the respondents
Age
Gender
Years of schooling
Family size
Time spent for NTFP collection
Distance between household and forest
Off-farm income

r value
–0.134
0.140
–0.009
0.175*
0.300**
–0.195**
0.172

Note: *, P<0.05; **, P<0.01.

Furthermore, as shown in Table 11, one unit increase of time spent on NTFP collection significantly increased the
income from NTFPs by 5.7%. Similarly, with an increase of family members involved in NTFP collection, income
from NTFPs increased by about 5.6%. Moreover, with one unit increase in distance between household and forest,
income from NTFPs decreased by 13.7%.
Table 11
Regression analysis of relationships between influencing factors and annual income from NTFPs.
Influencing factor
Time spent on NTFP collection
Family size
Distance between household and forest
Regression constant
Multiple r
R2

β value
0.057**
0.056
–0.137*
7.600**
0.352
0.124

Standard error
0.025
0.021
0.081
0.125
-

t value
2.231
2.673
–1.680
60.710
-

Note: *, P<0.05; **, P<0.01; -, no data.

4. Discussion
4.1. Community perceptions and attitudes towards NTFP collection and forest conservation
Community dependence on NTFPs, community awareness of forest ecosystem services for their livelihoods, and
community concern for forest conservation provide a foundation for the sustainable management of forests in
northeastern Bangladesh as well as in southern Myanmar (Allendorf et al., 2018). The present study found that
households around the KNP harvested different types of NTFPs for various usage patterns, such as house-building
materials, cooking fuel, curing ailments, subsistence income, etc. Community perceptions confirmed that the present
status and stocks of NTFPs had been improved, due to the implementation of co-management projects. Similar findings
were also reported by other studies in northeastern Bangladesh (Rahman, 2013; Rahman and Alam, 2016; Rahman and
Miah, 2017), southern Myanmar (Allendorf et al., 2018; Soe and Yeo-Chang, 2019), northern Laos (Boissière et al.,
2014), Botswana (Garekae et al., 2016), Cameroon (Epanda et al., 2019), Slovenia (Nastran, 2015), India and Nepal
(Allendorf, 2007; Karanth and Nepal, 2012), Benin (Vodouhêet al., 2010), South Korea (Yeo-Chang, 2009), and southeastern Madagascar (Vuola and Pyhälä, 2016). Therefore, the perceptions and attitudes of local communities
concerning forest conservation need to be carefully considered when designing and implementing forest management
programmes in future (Soe and Yeo-Chang, 2019).
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4.2. NTFPs and forest-dependent livelihoods
The present study indicated that NTFPs were critically important to local forest villagers as a primary, secondary,
or supplementary source of income and provided employment opportunities. Most of the collected NTFPs were
consumed by collectors themselves and their families, with some being important mainstays in household economy.
The collection and usage of NTFPs varied from village to village owing to the distance of the villages from the
forest, while the demand for different types of NTFPs varied according to different occupational categories. For
example, farmers, small-scale businessmen, day labourers, and tea estate labourers collected NTFPs by necessity
(e.g., medicinal plants and fuelwood), or when they had time for resource collection from the forest (after finishing
their work or completing their business work).
Bamboo, rattan, and tree poles were collected, carried out, and traded only by adult male family members. They
usually preferred to collect tree poles and bamboo at dawn and dusk when there were few people or no crowds.
Although NTFP collection from the KNP was illegal for most people of the surrounding villages, some villagers
had permission under mutual benefits for the collection of NTFPs (only dry products) from the KNP as they were
members of community patrolling groups for forest protection with the BFD staffs. No demarcated boundary existed
between the KNP and surrounding villages (or the tea estates), and the unavailability of the forest guards also made
it easy for people to enter the park illegally.
The study findings revealed that NTFP usage patterns might also influence the collection patterns and economic
importance of NTFPs among different occupational categories. Furthermore, although rich- and middle-class people
or NTFP consumers were not directly involved with NTFP collection, they purchased the collected NTFPs from
collectors, as reported by the respondents. Shackleton and Shackleton (2006) also found that richer households were
likely to buy some or all of NTFPs that they used, compared to poorer households in South Africa. Other studies,
such as Cavendish (2000) in Zimbabwe, Escobal and Aldana (2003) in Brazil, Paumgarten and Shackleton (2011)
in South Africa, and Nerfa et al. (2020) in southern Malawi revealed that poor households were relatively more
dependent on NTFPs.

4.3. Trade and income of NTFPs
The present study found that the surveyed households sold different types of NTFPs (e.g., bamboo, rattan,
fuelwood, tree poles, seasonal fruits, I. cylindrica, and T. maxima) in the local markets to earn cash income.
Furthermore, the selling price and income from NTFPs depended on the availability and seasonality of products.
The study conducted by Kar and Jacobson (2012) revealed that poor households in the Chittagong Hill Tracts of
Bangladesh were comparatively more dependent on the income from NTFPs than wealthier households. Moreover,
wholesale traders purchased NTFPs (mostly fuelwood, bamboo, and rattan) from collectors, and stacked them in
rural and urban markets. Rahman et al. (2021) found that commercial consumers, such as restaurants, tea stalls, and
bakeries, used fuelwood for their daily cooking in northeastern Bangladesh. In this way, they inspired poor collectors
to collect more NTFPs.
Income generated from NTFPs varied according to the types of products and the quantities of sales. The higher
contributions to household income were fuelwood, bamboo, and tree poles. Many households traded multiple
NTFPs; the more products be traded, the greater cash income be earned, resulting in more household income from
NTFPs. Similarly, Fardusi et al. (2011) estimated that the forest-dependent people in northeastern Bangladesh earned
0.8–1.2 USD/d from selling NTFPs, during the collection period of 3–7 months per year. Mahonya et al. (2019)
found that communities in southwest Malawi earned 20.0–456.0 USD per year from selling fuelwood, edible
orchids, and bamboo.
This study found that NTFPs met the demand for medicine, vegetables, and seasonal fruits for villagers around
the KNP. This phenomenon was also observed in northeastern Bangladesh by Fardusi et al. (2011). Kar and Jacobson
(2012) assessed that the forest-adjacent households to Chittagong Hill Tracts in Bangladesh earned their high income
from bamboo, wild vegetables, and I. cylindrica. Other studies reported that wild edible NTFPs, such as honey in
Philippines (Matias et al., 2018), palm fruits in Brazil (de Sousa et al., 2018), vegetables, fruits, mushrooms, and
orchids in Malawi (Mahonya et al., 2019), and spices in Cameroon (Ndumbe et al., 2019), were used to meet the
nutritional demands and were regarded as an income source for local communities.
The results of the present study showed that monthly income earned from NTFPs made a significant contribution
to family income, but it varied from occupation to occupation and from village to village around the KNP. Scholars
have reported that NTFP selling has been the most widespread way of earning cash income, and it has defended the
forest-dependent people’s livelihood security and created new opportunities for culturing entrepreneurs, particularly
for female entrepreneurs (Kim et al., 2008; Heubach et al., 2011; Cunningham et al., 2017). In Bangladesh,
enterprises of bamboo (Rana et al., 2010), rattan (Rahman et al., 2012), and agar (Aquilaria agallocha) (Uddin et
al., 2008) are growing more and more importance and are receiving increasingly attention in the country’s
employment and economy fields, although their socio-economic importance is not well documented.

4.4. Influencing factors of NTFP collection and consumption
The present study found that larger household family size, the amount of time spent on NTFP collection, and the
travel distance between the KNP and households significantly influenced the collection, consumption, and sale of
NTFPs. Other studies, such as Adhikari et al. (2004) in Nepal, Prado Córdova et al. (2013) in Guatemala, Aung et
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al. (2015) in Myanmar, Suleiman et al. (2017) in Nigeria, Mugido and Shackleton (2019) in South Africa, and Mushi
et al. (2020) in Tanzania all reported that family size was significantly and positively related to absolute NTFP
income, with larger households potentially having greater labour resources to collect NTFPs from forests. As with
the findings of the present study, Dash et al. (2016), Dinda et al. (2020), and Lepcha et al. (2020) in India found that
the time spent on NTFP collection significantly influenced the amount of NTFP income. Dash et al. (2016) reported
that the time spent on NTFP collection and the distance to the market had no influence on NTFP prices in India as
the products were regarded as free resources by most buyers, with no capital investment and labour costs.
In the case of distance between household and forest, Kar and Jacobson (2012) in Bangladesh, Mugido and
Shackleton (2019) in South Africa, and Mujawamariya and Karimov (2014) in Kenya assessed that this distance
had no significant effect on NTFP collection and selling. As observed in the present study, Mushi et al. (2020) in
Tanzania and Suleiman et al. (2017) in Nigeria reported that the distance between household and forest significantly
and negatively influenced the utilization of NTFPs. These studies also found that the frequency of NTFP collection
decreased with increasing distance from village to forest. As with the findings of the present study, Mukul et al.
(2010) reported that the income from NTFPs decreased with increasing distance between household and forest in
northeastern Bangladesh.

4.5. Management of NTFPs and the FPAs
Although the collection of NTFPs is restricted in the core zone and buffer zone of the KNP, the implications are
negligible. The local forest-dwellers continue to depend upon NTFPs despite these restrictions, without following
any specific rules as it is a free and easy source of income for them. In many other tropical countries, accessing to
the collection and harvesting of NTFPs has been restricted in the FPAs to protect forest biodiversity (Hedge and
Enters, 2000; Das, 2005; Gubbi and MacMillan, 2008). The forest-dependent people of Bangladesh are no longer
interested in remaining as deforesters, if alternative income generation activities are provided or are available in
their localities (Mukul et al., 2010; Rahman, 2013; Rahman and Alam, 2016; Rahman and Miah, 2017).
The present survey revealed that the local villagers’ continuous dependency on NTFPs in the KNP imposed severe
pressure on forest resources. However, the pressure was found to vary from season to season; for example, in the rainy
monsoon season, villagers collected and stocked additional amount of NTFPs to tackle any emergency, as reported by
Rahman and Alam (2016). Scholars claimed that sustainable harvesting and management of NTFPs could positively
contribute to sustainable forest management (Belcher and Schreckenberg, 2007; Stanley et al., 2012; Melese, 2016)
and biodiversity conservation (Arnold and Pérez, 2001; Sunderland et al., 2011; Hernández-Barrios et al., 2014; Chou,
2018), but empirical evidence of NTFP’ roles remained unexplored (Chou, 2018). Under co-management projects in
the KNP, authorities used forest health monitoring system to collect regular forest management data, such as illegal tree
felling, wildlife hunting, encroachment, and other forest destruction activities, and prepared monthly reports based on
these data to present the data on the monthly community meeting (Rahman and Miah, 2017).
As a result of lessons learned from co-management projects, villagers living around the KNP answered that they
do not necessarily have to remove the entire tree, thus would not hamper the survival and regeneration of the tree
species. Most of the time, they collected rattan and bamboo only when the trees became mature and reached a usable
height. Frequently, they collected fallen, dead, over-mature, and low-quality trees. Moreover, co-management
projects worked with communities to reduce villagers’ forest-dependency by changing their fuel source and using
fuelwood more efficiently. In the case of alternative fuel sources for daily cooking, dung cakes were found to be
used by half of the surveyed respondents (53.9%), followed by using improved cooking stoves (25.3%) distributed
under co-management projects.
Therefore, community participation is essential not only for the proper management of NTFPs but also for the
building capacity of communities, ensuring villagers’ sustainable livelihood and alleviating villagers’ poverty
through reducing forest dependency. Several encroachers have already changed their minds to become forest
protectors (involved in community patrolling groups) to conserve forest resources for future generations. Therefore,
people from all occupational categories should be motivated to view the forest as a common property for all, so it
can be protected from illicit felling, over-harvesting, and other types of exploitation. In addition, handicrafts and
NTFPs-based enterprises involving youth and women, such as nurseries raising, ecotourism development,
manufacturing, and the use of improved cooking stoves, would be long-term and sustainable alternative income
generation activities for the poor forest-dependent people around the KNP.

5. Conclusions
The aim of this study was to evaluate the KNP-dependent people’s attitudes towards NTFP utilization and forest
sustainability, as well as the dependency level of different occupational categories on NTFPs for their sustainable
livelihoods. The survey data revealed that NTFP collectors were among five occupation categories that were
dependent on the KNP, not only for their income but also for their overall livelihoods. The amount of collected
NTFPs was slightly and negatively correlated with the distance between household and forest. The dependency level
was found to range from less dependency to moderate to high dependency. It can be stated, without doubt, that
unsustainable collection of NTFPs bring changes to the forest ecosystem. The communities showed positive
attitudes towards co-management projects and were enthusiastic about cooperating with the BFD if they received
appropriately alternative income generation activities for their sustainable livelihoods.

M.H. Rahman, et al.: Contribution of non-timber forest products to the livelihoods of the…

293

Officially, the co-management project activities were finished in mid-2018, with no further technical and financial
support received from donors. Therefore, the BFD faces significant challenge of how to continue forest protect
activities and how to monitor the communities’ adoption of the lessons learned from co-management projects to
meet villagers’ non-forestry income and livelihoods. The BFD could prepare and implement a NTFP development
and marketing plan for the KNP by involving all forest stakeholders under “Sustainable Forests and Livelihoods
(SUFAL) Project”, which is currently being implemented (2019–2023). It would then be possible to manage the
forest to meet Bangladesh’s sustainable development goals without hampering the KNP’s ecological structure.
Under this strategy, the Bangladesh government should undertake policy interventions to decrease villagers’ forest
dependency level and to make roles to ensure the sustainable management of forest resources and conserve forest
biodiversity.
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