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A flurry of studies indicates that population size has a positive effect on innovation, however, cross-country empirical
evidence remains sparse. In this paper, we add to the literature by investigating the relationship between population size
and innovation efficiency at the country level through constructing three relative indexes based on the datasets of patent ap-
plications and Research and Development (R&D) investment. Different from previous studies based on absolute innovation
indicators, the relative indexes can reflect the core innovation efficiency of economies by excluding the impact from the
difference of economic development level, with a view putting all economies into a comparable standard framework. For all
of the three relative indexes, their long-term trends show significant correlations with population size, and the economy with
a larger population usually has better and stable performance on the trends of innovation efficiency. In addition, we find
that there is a critical population size, over which the economy would be more likely to have a spontaneous improvement
on innovation efficiency. This study provides direct evidence in supporting the population size advantage on the trends of
innovation efficiency at the economy level and provides new insight to understand the rapid development of innovation in a

few populous countries.
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1. Introduction

Over a long time in the past, technological progress
was assumed to be an exogenous variable and independently
determined the equilibrium level of economic development.
After Romer and Lucas’ pioneering work of the endoge-
nous growth model,!'?! some economists revealed technology
evolves endogenously, 3! and were gradually exploring how to
germinate, accelerate, and improve technological change ef-
ficiently in this new complicated situation.!*° A substantial
amount of relevant studies have thus consecutively emerged,
in which a crucial focus is how the population relates to tech-
nological development.

As early as the last century, some researchers have found
that a large population probably boosts innovation. They pro-
posed as the population rises, so does the rate of techno-
logical progress.'”8 Major innovation cycles must be gener-
ated at a continually accelerating rate to sustain growth and
avoid stagnation or collapse.”! In the paradigm of Boserup,
population determines the pace of technological change, con-
tributing to escaping the Malthusian trap.''”! Galor and Weil
constructed a model which completely agrees with Boserup’s
viewpoint and further suggests population size is the cru-
cial factor that allows a transition from Malthusian to the
post-Malthusian regime.!'!! Additionally, Kremer combined
a Malthusian equation with a technological change equation,
building a highly stylized model where the technology growth
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rate is linearly proportional to the population, and to the pop-
ulation growth rate.[!?!

Why is technological progress heavily dependent on pop-
ulation size? Some explanations are offered in Romer’s well-
known paper published in 1990.[8! Firstly, a large-scale group,
equivalent to a large and diverse talent pool, can enable more
people to engage in research and innovation, thereby driving
faster technological progress and higher productivity. Gomez-
Lievano et al. revealed that the number of people engaged
in ten different urban phenomena, including innovative activi-
ties, scales as a power law with population size.!'3] Recently,
Liang made it clear in his latest work that a large population
seems to be the most important source of advantage for in-
novative activities and specifically summed up three channels
of population size exerts on innovation.!'"*! Some recent stud-
ies also reported the impact of urban population size on urban
innovation activity 161 and found the critical population of
innovative cities.'”? Much historical evidence has proved that
cities are the principal engines of innovation.!'8! In Betten-
court’s canonical works, he suggested that most urban socioe-
conomic indicators fit power-law functions of population size
with similar scaling exponents.[®!°! Later, Pan et al. demon-
strated that social-tie density scales super-linearly with popu-
lation density in cities.”?”) Lobo er al. empirically found that
there is a systematic dependence of urban productivity on city
population size.!?!! More empirical observations and theoret-
ical explanations of scaling laws of urban population with ur-
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ban metrics could be found in Gao’s review paper./?*! Further-
more, Li et al. mentioned that a local active population plays
a deterministic role in the evolution of city populations, road
networks, and socioeconomic interactions.!?*! These findings
provide implicit evidence for a positive correlation between
population size and innovation.

More importantly, a larger population not only increases
the supply of potential researchers but also stimulates demand
for their services by expanding the size of the market.[?* Al-
though the population is not an exact metric of market size, the
population growth of a region is always in direct proportion to
the size of its market.[?>! Therefore, it is reasonable to treat a
populous country as an extensive local market.

As for the significant and robust effects of market size
on innovation, scholars in relevant fields have reached a
consensus.?%?7] In the empirical study of the Chinese man-
ufacturing industry, Beerli et al. found an increase in market
size by 1 percent leads to an increase in firm-specific total
factor productivity by 0.46 percent.[?8] Total factor productiv-
ity is attributed to the evolution of technology by the famous
economist Solow.!?°! In Romer’s model, larger markets induce
more research and faster economic growth. Gao and Jefferson
argued that it is because large and fast-growing markets create
a premium for research-intensive industries, ! while Desmet
deemed it due to more fierce competition.3!! In the study of
the first industrial revolution, Deane pointed out that, it is only
when the potential market is large enough, and demand elas-
tic enough, to justify a substantial increase in output, that en-
trepreneurs break away from traditional techniques and turn
to the door of new technology.*?! Indeed, only immense mar-
kets can bear the fixed costs of capital investment, and help
entrepreneurs get profits from the adoption of new technolo-
gies.

Taken together, population size certainly relates to inno-
vation. However, previous results were almost derived from
theoretical research, few studies have attempted to prove the
relationship between population size and innovation based on
empirical analysis. In our study, we take innovation efficiency,
the main driving force for prospective economic growth due to
the scarcity of innovation resources, [*3! as a metric of innova-
tion performance in conducting our empirical research.

Innovation efficiency can be defined as the ratio of output
over input, representing the ability of economies to translate
innovation inputs into innovation outputs.’3#! It is related to
the concept of productivity. Innovation efficiency is improved
when with the same amount of innovation inputs more inno-
vation outputs are generated or when few innovation inputs
are needed for the same amount of innovation outputs. Given
the multi-input and multi-output of innovation systems, the
data envelopment analysis (DEA) is widely applied to mea-
sure innovation efficiency. The DEA model has become rela-

tively flawless through continuous modification and optimiza-
tion. However, it dismays us that almost all studies use the
raw data of innovation input and output, such as R&D invest-
ment, the number of patent applications and papers, neglect-
ing the impact from the difference of economic development
level.[3337] In fact, innovative activity is closely linked with
economic performance.*® There are considerable technology
differentials within innovation systems due to the differences
in countries’ economic development.**! If we are reckless of
this issue, corresponding to assuming that economies use the
same technology to transform innovation inputs to innovation
outputs, the cross-country comparison of innovation efficiency
would not be accurate.3¥! Because innovation efficiency it-
self is a reflection of the national technology level, it is unfair
to compare economically developed and technologically ad-
vanced countries, such as the United States, with backward
and developing countries.

In this paper, we propose three “relative indicators” by
excluding the impact from the difference of economic devel-
opment level, to accurately measure the innovation efficiency
of each economy, and achieve the cross-country comparison.
We reveal that all of the three relative indicators show signifi-
cant correlations with population size, and discover the critical
population. This present paper finds empirical support for the
claim that population size is positively correlated with innova-
tion efficiency. In the following sections, we firstly introduce
the data sources and the construction of three relative indexes
(Section 2), and then dig out the difference hidden in the tra-
jectories of economies in several indicator spaces (Section 3),
as well as the correlation between the trends of innovation ef-
ficiency and population size of economies (Section 4), finally
conclude our study together with a discussion of limitations
and further research (Section 5). As we will introduce below,
we find that the economies with a larger population size have
better performance on the trends of innovation efficiency.

2. Data and methods
2.1. The datasets

The datasets used in our analysis are all derived from
the database of the World Bank (https://www.worldbank.org/),
including the number of patent applications, Research and
Development (R&D) investment, the gross domestic product
(GDP), population and income per capita of each economy
over the period from 1985 to 2019. The details of two major
datasets can be found as follows:

(1) The number of patent applications

Patent applications of each economy are granted through
the Patent Cooperation Treaty procedure or its national patent
office. It is one of the major types of outputs on innovation.
The data of 153 economies all over the world is collected.
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(ii) The R&D investment

The R&D investment refers to both current and capi-
tal expenditures of systematic innovation efforts, usually rep-
resenting the level of innovation input.[*%*!l In our study,
R&D investment is calculated using R&D investment as a pro-
portion of GDP and GDP. After removing the null and the
double-counted, we retain 149 economies including all major
economies and large population centers.

2.2. The relative R&D cost per patent

Generally, the innovation efficiency of an economy can
be measured by the cost of innovation and the outputs of inno-
vation, respectively. The lower the cost, the higher the outputs,
the higher innovation efficiency. A natural metric of the cost
of innovation is the investments required to produce a patent
application. Therefore R&D cost per patent, which refers to
R&D investments required for each patent application, is used
to be the basic indicator of innovation efficiency. R&D cost
per patent is defined as
m:HQ,

N

)]

where R! is R&D cost per patent, representing the average
R&D cost required for each patent application of economy
in year ¢, and P!, G}, and N/ are R&D investments (as a pro-
portion of GDP), GDP, and the number of patent applications
of economy i in year ¢, respectively. It should be noticed that
R&D cost per patent R is not an exact average cost for each
patent application, since R&D investments are not all invested
in patent development and the patent application is not all of
the R&D outputs. Indeed, it is hard to get the exact investment
on patent development of each economy, but R can reflect the
level of cost on patent development in cross-country compar-
ison to a large extent because the patent is the representative
part of R&D output and the number of patent applications also
is widely used as an effective key indicator of R&D output.

However, as mentioned above, the great disparity on
the development level between different economies would
strongly impact the level of R&D cost per patent and weaken
the effectiveness of the direct comparison using R&D cost
per patent, since economies at different stages of development
may have different modes of innovation system. The impact
of economic development level thus should be eliminated be-
fore the comparison on R&D cost per patent. The method is
introduced as follows:

Firstly, we plot the trajectory of each economy in a space
of GDP per capita and R&D cost per patent. For GDP per
capita, because the value of GDP per capita is impacted by the
exchange-rate shift, we use standard GDP per capita instead of
it. The standard GDP per capita is defined as the ratio between
the GDP per capita of an economy in a year and the global

average of GDP per capita in the same year. Since the strong
heterogeneity in the distribution of GDP per capita, the log-
arithmic value of the standard GDP per capita is used in this
analysis:

i

ol @

db4

where g! is the logarithmic standard GDP per capita of econ-
omy i in year ¢, G! is the GDP per capita of economy i in year
t, and (G,) represents the global average of GDP per capita in
year t. Similarly, for the R&D cost per patent, we also build
the logarithmic standard value instead of its original value:

i
= 5 ®
where 7/ is the logarithmic standard R&D cost per patent of
economy i in yeart, R! is the R&D cost per patent of economy
iin year ¢, and (R,) represents the global average of R&D cost
per patent in year Y.

After taking a logarithmic of the original values, the data
points in different years generally distribute in the same range,
indicating that the data of each economy in different years
have been efficiently incorporated into a standardized space
(g and r). As shown in Fig. 1(a), we get the trajectories of
economies in the space. Note that China and India’s trajecto-
ries are strikingly different from others due to their downward
trend. It means the R&D cost per patent in both economies
decreases as the economy grows. Averagely speaking, r is
positively dependent on g.

We process all the data points in the space as a whole and
use the moving average method to obtain the mean curve (the
dashed curve in Fig. 1(a)). The width of the moving window
in this calculation is fixed as 0.5 to balance the accuracy on
g and the data size in the moving window. This mean curve
represents the global average of r for the economies with sim-
ilar economic development levels, points out a natural trend
of r depending on the economic development at the global
level, and gives us a set of benchmarks to judge how much
an economy’s R&D cost per patent is higher or lower than the
case with natural growth. For an economy with the R&D cost
per patent just on the global expectation level, its trajectory
in this space should follow the mean curve in its economic
development. The data point above the mean curve indicates
that the R&D cost per patent of the corresponding economy
already exceeds the level of global expectation at the current
economic level, that is to say, the economy’s innovation pro-
cess is not efficient enough. The higher the data point leaves
the mean curve, the higher the R&D cost per patent, signify-
ing the weaker the economy’s efficiency on the transforma-
tion from innovation input to innovation output, even though
the absolute level on the innovation output possibly is high

068903-3



Chin. Phys. B 31, 068903 (2022)

(for some high-income economies). The one below the mean
curve means the opposite case. It inspires us that, the devia-
tion of each economy’s data point from the mean curve can be
used as a new benchmark to evaluate an economy’s real level
on R&D cost.
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Fig. 1. The trajectories of economies in the space of the logarithmic standard
GDP per capita (g) and the logarithmic standard value of two types of cost
per patent: (a) the logarithmic standard value r of R&D cost per patent from
1996 to 2018, (b) the logarithmic standard value / of holistic labor cost per
patent from 1996 to 2018. The colored curves correspond to the trajectories
of 11 representative economies, and the gray curves show the trajectories
of other economies. The colored arrows depict the direction in which the
trajectories move. The dashed line in each panel is the mean curve created
by the moving window with a width of 0.5.

However, the distribution of the deviation for the data
points with different g also would be different. Thus the devi-
ation also should be standardized by the average deviation in
each moving window. For a data point (g!, r!), its standardized
deviation L/ is

= (s
t t
L= "—F"", “)
o(g
where (r)(g!) represents the average value of data points in
the moving window, and o (g!) refers to the standard deviation
of data points in this moving window centered by g = g (the
width is 0.5). The standardized deviation I; is called the rela-
tive R&D cost per patent. It already eliminates the impact of
economic development level and puts all economies in differ-
ent development levels into a comparable standard framework.

It can better capture the intrinsic difference on innovation ef-
ficiency of economies, and thus /; is used as one of the main
indicators to evaluate each economy’s R&D cost level in the
following analysis instead of the original R&D cost per patent
R.

Previous studies have found that this type of relative in-
dex shows better performance on the metric of innovation
capability.[*?] Similarly, since almost all the indicators rele-
vant to innovation efficiency are strongly impacted by the eco-
nomic development level, they are also converted to be their
relative indexes in our analysis.

2.3. The relative holistic labor cost per patent

The R&D cost per patent can partially reflect the level of
the cost of innovation. However, because of the large differ-
ences in the labor costs in different economies, the R&D cost
per patent can not directly reflect how much workload can sup-
port a patent application in the economy. We thus propose a
metric called “the holistic labor cost” to measure the level of
this workload. The holistic labor cost H is defined as the ratio
of the R&D cost per patent to income per capita:

1
H = ZL 5)
where H! is the holistic labor cost required for each patent
of economy i in year ¢, R! is the R&D cost required for each
patent of economy i in year ¢, and E/ represents the income per
capita of economy i in year . Obviously, H is a type of time
length and represents the labor cost on time that can support a
patent application in the economy. In other words, H is not the
average labor investment on a patent application but a holistic
labor cost on time at the level of the economy.

Similarly, we replace the original value with the relative
holistic labor cost per patent, which is constructed in exactly
the same way as the relative R&D cost per patent. It can be
simply summarized as follows: We first plot the trajectory of
each economy on a space of h and g, where £ is the logarith-
mic standard value of H, as shown in Fig. 1(b), and then get
the mean curve through a moving window with a fixed width
of 0.5, and calculate and standardize the deviation from each
data points to the mean curve, finally the standardized devia-
tion I is the relative index of the holistic labor cost per patent.

2.4. The relative index of innovation output

Besides the above two relative indexes I, and I, measur-
ing the level of innovation cost, we also analyze the innovation
efficiency of economies by measuring the level of innovation
output. The natural metric of innovation output level is the
number of patent applications per capita n, which is mightily
dependent on both the economic development level and the in-
novation input level. The innovation input level of an economy
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can be reflected by the percentage of the R&D investments in
GDP p, also depending on the economic development level.
We thus first build the relative index of the number of patent
applications per capita and the relative index of the percent-
age of the R&D investments in GDP, to exclude the impact of
economic development level. The construction method of the
two relative indexes is exactly the same as that of I, and I,
in which the original indicators R and H are just respectively
replaced as n and p, as shown in panels (a) and (b) of Fig. 2.
Using this method, two relative indexes I, and I, are obtained,
corresponding to # and p respectively.

The trajectory of each economy in the space of the two

relative indexes I, and I, are shown in Fig. 2(c), and show-
ing an obvious correlation between I, and I,. Its reason is
that the innovation outputs also depend on the innovation in-
put level. We further eliminate the impact of I, from I,,, and the
standardized deviation from each data point to the mean curve
(getting using the moving window with width 0.5) is used to be
a new relative index I,, which expresses an expected level of
innovation output (patent applications) of the economy in the
condition assuming all economies have the same economic de-
velopment level and the same innovation input level. [, is the
relative index of innovation output that will be used in the fol-
lowing analysis.
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Fig. 2. (a) The trajectories of economies in the space of the logarithmic standard GDP per capita g and the logarithmic standard number n of patents per
capita. (b) The trajectories of economies in the space of g and the logarithmic standard percentage p of the R&D investments in GDP. (c¢) The trajectories
of economies in the space of the relative percentage of the R&D investments in GDP and the relative number of patents per capita. The colored curves
correspond to the trajectories of 11 representative economies, and the gray curves show the trajectories of other economies. The colored arrows depict the
direction in which the trajectories move. The dashed line in each panel is the mean curve created by the moving window with a width of 0.5.

3. Trajectory analysis

An obvious feature presented in Fig. 1 is that with the eco-
nomic development, economies with large populations (such
as China and India) have a glaringly downward trend in both
the R&D cost per patent and the comprehensive labor cost per
patent. What is more, as can be seen from Fig. 2(c), the rela-
tive number of patents per capita of economies with large pop-
ulations is constantly improving over the period from 1996 to
2018, especially the curve of China. In view of these phe-
nomenons, it is reasonable to suspect that the trends of inno-
vation efficiency would be correlated to population size.

To test our conjecture, we first analyze the trajec-
tory directions of economies with different populations,
which present the apparent discrepancy in Figs. 1 and 2.
All economies are divided into three groups according to
population < 2 x 107 (Group 1), 2 x 107 < population < 2 x
108 (Group 2) and population > 2 x 10® (Group 3). Given
the characteristics of population growth, “population” here is
the geometric average of the population from 1996 to 2018
for each economy. Before the comparison, standardized treat-
ment is needed to put the trajectories in different indicator

spaces into a same comparable square framework. Taking the

Fig. 1(a) for an example, g and r are replaced by Ag’ and Ar':

i i
i &1 &
Agt,z+l - s

8&max — &min

6)

ir
ti+1
year f to year ¢t + 1, g is the logarithmic standard GDP per

where Ag is the standard difference of g of economy i from
capita of economy i in year ¢, g§ 41 in year £+ 1, and gmax
and g, represent the maximum and minimum values of g,
respectively. Similarly, Ar’ is obtained according to Eq. (6),
where just replaces g as r. Based on Ag’ and A7, we calculate
the coordinate azimuth angle of two adjacent years for each

economy i:
Arl
i o tt+1
6,11 = arctan ——, @)
8t i+1
where 6/, 41 18 the coordinate azimuth of economy i between

year t and year t + 1, Ag”, | is the standard difference of g of
economy i from year  to ’year t+1,and Ar? | is the standard
difference of r of economy i from year ¢ to year t+1.

Exactly the same way is used to compute the azimuth an-
gle of trajectories in Figs. 1(b) and 2(c). To balance the data
size, the sliding window is fixed as 10° to count the frequency
from —180° to 180°. The normalized frequency distributions

of the azimuth angle are shown in Fig. 3, in which panels (a),
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(b), and (c) show the azimuth angle distribution of the R&D
cost per patent, the holistic labor cost per patent and the index
of innovation output, respectively. In each panel, the blue area,
the green area and the red area represent Group 1, Group 2, and
Group 3, respectively.

As shown in Fig. 3, there are apparent differences among
the three groups, especially between Group 3 (the group with
the largest population size) and the other two groups. In panels
(a) and (b), the most probable value of the coordinate azimuth
angle of each group decreases as the typical population size of
the group increases. The coordinate azimuth angle of Group 1
and Group 2 are mostly concentrated on the range (30°, 90°),
which means the R&D cost per patent and the holistic labor

cost per patent is going along with the growing economy. Con-

0.012 - 0.016 1
0.012+
0.008 +

0.008
0.004 4 0.004 1
& 0 - 01
.004 4

0.004 4 000
0.008 4
0.008 + 0.012+
0.012 - 0.016 -

population<2x107

2X107<population<2x108

versely, the coordinate azimuth angle of Group 3 is strikingly
negative (mainly in the range —90° and 0°), indicating that
economies with population size more than 2 x 10% typically
cost less to invent a patent, both the R&D cost and the holistic
labor cost.

Similarly, figure 3(c) also shows the obvious difference
between Group 3 and the other two groups. Group 1 and
Group 2 are mostly distributed in (—180°, 0°) while Group 3 in
(0°, 180°), showing that the economies in Group 3 have more
possible to show an improvement trend on the level of innova-
tion output. All of the above results emphasize that the larger

the population, the better the tendency of innovation cost and

innovation output.

0.012 4
0.008
0.004

04
0.004 -
0.008

0.012-

population>2x108

Fig. 3. The distribution of coordinate azimuth angle of the trajectories in Figs. 1(a), 1(b) and 2(c). Panels (a), (b), and (c) respectively correspond to Figs. 1(a),
1(b), and 2(c). The blue, green, and red curves correspond to the groups of population < 2 x 107, 2 x 107 < population < 2 x 103 and population > 2 x 108,

respectively.
4. Correlation analysis

To exactly investigate the relationship between the trends
of innovation efficiency and population size of the economy,
the change of three relative indicators (the relative R&D cost
per patent I;, the relative holistic labor cost per patent I,, and
the relative index of innovation output /,) of each economy
above over the period from 1996 to 2018 is calculated simply
using the last year’s value minus the first year’s value. For
example, the change of I is AL = I|2018 — I|1996. For the
economies with missing 1996 or 2018 data, we replace the
missing data with the data of the nearest adjacent years in the
period from 1996 to 2018. For instance, if an economy is miss-
ing data for 1996 and 1997, and thus its 1998 data is used as
the first year’s value. Obviously, Al and Al are lower, and Al,
is higher, which means a better trend of innovation efficiency.

The scatterplots of the relationships between the changes
(AL}, Al,, and Al,) and the population size of each economy are
shown in Fig. 4. Notice that, the value of the population size of
each economy is the geometric average of the economy’s an-
nual population in the period from 1996 to 2018 because the
population size of each economy changes every year. For the
economies with missing 1996 or 2018 data, the start year and
the end year of the period of geometric average of the annual

population are replaced by the nearest adjacent years in the pe-
riod from 1996 to 2018. Also using the previous example, for
an economy with missing data for 1996 and 1997, the period
of its geometric average of the annual population is from 1998
to 2018. In Fig. 4, the total number of economies shown in
panels (a), (b), and (¢) is 109, 97, and 109, respectively. Corre-
spondingly, in the three panels, the total number of economies
with no data missing is 41, 37, and 41, respectively.

As the features plotted in Fig. 4, most economies have
positive Al; and Aly, and negative Al,, implying that their in-
novation cost tends to increase and the efficiency of their in-
novation output tends to reduce. In other words, innovation
efficiency in most economies does not show an improvement
trend.

All the three relationships shown in Fig. 4 can be well
linearly fitted, and the fitting slopes are —0.467, —0.513, and
0.442 respectively. Correlation analysis shows that AL, Al
and Al, are all significantly correlated with the population size
with the significance level P < 5 x 10~ (the three panels in
Fig. 4). The correlations of Al; (Fig. 4(a)) and Al (Fig. 4(b))
is negative, and the Pearson correlation coefficients r respec-
tively are —0.37 and —0.38, indicating that the economies
with large population size tend to have smaller increase on
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the innovation cost. The positive correlation between Al, and
population size (the Pearson correlation coefficient r = 0.34,
as shown in Fig. 4(c)) shows that the efficiency of innovation

outputs of the economies with large population size usually
have smaller decline, which also indicates an advantage on the

trends of innovation efficiency.
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Fig. 4. The correlations between the change of three relative indicators and the logarithm of population size: (a) The difference of the relative R&D cost per
patent I, between 1996 and 2018. (b) The difference of the relative holistic labor cost per patent I, between 1996 and 2018. (c) The difference of the relative
index of innovation output I, between 1996 and 2018. The colored data points correspond to the 11 representative economies, and the gray circles denote
other economies. In each panel, the linear fitting result is shown by the dashed line, the dashed dot line shows y = 0, and the x value of the cross point is

denoted by the vertical dot line.

All fitting lines in Fig. 4 have a cross point with the line
y = 0. The x values (the logarithmic population size) of the
cross points are 8.75 for Al;, 8.34 for ALy, and 8.97 for Al,,
respectively, which correspond to the population size about
0.56 billion, 0.22 billion, and 0.93 billion, respectively. From
the left side to the right side of the cross point, the innovation
efficiency transforms from a downward trend to an improve-
ment trend in an average sense. The cross point, therefore,
indicates the critical size of the population, revealing that av-
eragely speaking, the economies with a huge population (over
the critical size of population) have an endogenous advantage
to produce positive feedback that can spontaneously improve
their innovation efficiency.

We further observed that the stability of the trends of in-
novation efficiency is also correlated to the economy’s popula-
tion size. For each economy, the standard deviations of the an-
nual change (0 (Al), 6(Al,), and 6(Al,)) of the three relative
indexes (I, Iy, and I,) are calculated respectively to represent
the economy’s stability of the trends of innovation efficiency.
The correlations between the population size and the standard

shown in Fig. 5. The standard deviations are all significantly
negatively correlated with population size (The P-value are
all smaller than 5 x 10’3), and the Pearson correlation coeffi-
cients r respectively are —0.50, —0.41, and —0.30, indicating
that the economy with a larger population has a more stable
trend in innovation efficiency.

Figure 5 also contains the information of the average of
standard GDP per capita g (shown by the color of each data
point) and the average annual growth rate of g (denoted by
the diameter of each data point) of each economy over the
period 1996-2018. The economies with different economic
development levels and different economic growth rates are
clearly clustered in different regions of Fig. 5. In every panel
of Fig. 5, the high-income economies are mostly below the
fitting lines, indicating the high-level stability on the change
of innovation performance of these economies. The rapidly
developing economies are mainly concentrated in the regions
close to the fitting lines, implying the relative position of each
economy’s data point may be related to the speed of economic

deviations of the three relative indexes during 1996-2018 are ~ growth.
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Fig. 5. The correlations of population size and the standard deviation of the annual change in the three relative indexes during 1996-2018. Logarithms are
taken for both population size and the standard deviation. The relative index in panels (a), (b), and (c) respectively is I, I, and I,, and o represents their
standard deviations of the annual change in these relative indexes. The color of data points correspond to the average of the standard GDP per capita g over
the period 1996-2018, and the diameter of each data point is proportional to the average annual growth rate of g from 1996 to 2018. The dashed line shows
the linear fitting in each panel.
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Fig. 6. The relationship between the average annual growth rate of standard GDP per capita (Ag) and the deviation of the standard deviation of the an-
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with Gauss function fitting, in which the peak points respectively are at §[log;, o (AL)] = 0.15 for panel (a), 8[log;, & (Al,)] = 0.15 for panel (b), and

d[log,( 6(AL,)] = 0.21 for panel (c).

To analyze this relationship, for each panel of Fig. 5, we
calculate the vertical deviation between data points and the fit-
ting line to represent the relative stability of economies’ trend
in innovation efficiency:

8[logig o (Al)] = log,g o(Al) - (logjg o (AD)),  (8)

where 6[log,, 0 (Al)] is the deviation of o(Al), 6(Al) is the
standard deviation of the annual change in the three indexes,
and (log,, 0 (Al)) is the corresponding level of log,;, & (AI) on
the fitting line. Note that / refers to I, I, and I, correspond-
ing to panels (a), (b), and (c) of Fig. 5, respectively. Actually,
O[log,, 0 (Al)] can be seen as the relative stability on the trend
of innovation efficiency excluding the differences on o(Al)
caused by population size.

Figure 6 plots the relationship between the average annual
growth rate of g and the vertical deviation §[log;, 6 (AI)] (here
I =1, I, and I,,). In all panels, the high-income economies are
concentrated in the lower left of space. Overall, with the in-
crease of 8[log,,0(Al)], (Ag) rises and then decreases, pre-
senting an obvious unimodal shape that can be roughly fit-
ted by Guass function. The peaks of fitting curves respec-
tively are at 8[log,,0(AL)] = 0.15, d[log,o0(AlL)] = 0.15,
and d[log,y,0(Al,)] = 0.21, possibly indicating an optimized
stability level that balances the fluctuation on the growth of
innovation performance and the economic development.

5. Conclusion and discussion

This paper proposes the three relative indicators to mea-
sure and compare the innovation efficiency of economies after
excluding the impact of economic development level and ob-
serves the advantage of economies with large population sizes
in the trends of innovation efficiency. A key method in this
study is the construction and the adoption of the relative in-
dexes for innovation efficiency. Different to analysis on the
traditional innovation indexes,**! these relative indexes ex-
clude the impact of economic development level and put all
economies into a comparable standard framework, contribut-
ing to highlighting some potential trends that are obscured by

the strong influence of economic development. (4!

The core finding of this study is that the trends of inno-
vation efficiency are significantly correlated to the population
size of the economy, both in terms of their direction and their
stability, indicating that the economy with a larger population
usually has better and stable performance in the improvement
of its innovation efficiency. Moreover, the critical population
is observed, and the economies over the critical population
would be more likely to achieve spontaneous improvements
in innovation efficiency. The empirical research results will
hopefully serve as useful feedback information for improving
the innovation efficiency of economies.

Another point worth noting is that our findings on the re-
lationship between population size and innovation efficiency
are on the economy/country level. As mentioned above, in the
past decade, the relationship between population size and in-
novation at the urban level has been widely investigated, as
well as the mechanisms behind it.[*3! However, these insights
may not be consistent with the case at the national level. Com-
bined with the significant effect of market size on innovation
mentioned above, we argue that country-level mechanisms are
likely to be explained in terms of market size. Generally, the
large population size of an economy means the economy has
a wide market. If every part in the wide market can be effi-
ciently connected, as China has already done,!**! this market
usually can contain a more complex economic ecosystem: it
not only generates higher efficiency through meticulous divi-
sion of labor and closer collaboration between different en-
terprises and different industries,'*! but also makes more at-
tempts to overhaul techniques to seize competitive advantage,
and also creates higher efficiency on innovation. Moreover,
we also can find the trajectories of China in Figs. 1 and 2 are
enough special, possibly hiding the key of rapid and sustain-
able economic development. Considerable more work, hope-
fully, will be done in this area.

However, we acknowledge that there are some limitations
in our analysis, and these limitations would provide potential
starting points for future research. Firstly, our definition of
innovation output, the number of patent applications, is defec-
tive. It can not fully reflect the innovation output, leading to an
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underestimation of innovation output. Moreover, the patent is
not the ultimate goal of innovation.®) Therefore, a more suit-
able and reliable index is required in future studies. Secondly,
a tough question is time lag when innovation input is trans-
formed into innovation output. Unfortunately, the length of
time lag has never completely reached a consensus,*’! which
makes input-output correspondence complicated. This is also
an urgent problem to be solved in the future.

In summary, this study empirically proves the contribu-
tion of population size on innovation performance at econ-
omy level, and may also provide new methodologies and view-
points to understand many problems in the field of innovation,
such as the sustained and rapid development of innovation in
China. In addition, the internal mechanism on how population
size affects innovation efficiency, and the impact of popula-
tion structure changes on innovation are also worth our further
consideration.
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