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The advancement of the economy and society has driven the increase of the urban floating population,
and its analysis plays an important role in urban development. In this paper, ten influencing factors
including gross domestic product (GDP) and gross industrial output value were selected to analyze the
status of the floating population in ten cities such as Chengdu and Tianjin in 2010 and 2020. Two
irrelevant factors were eliminated by the Pearson correlation coefficient, and the remaining eight factors
were used to cluster different urban categories by an improved K-means method. The results showed that
from 2010 to 2020, the increase of the floating population in Chengdu and Xi ‘an was more than 100%,
indicating that cities with higher GDP had a stronger ability to absorb the floating population, while high
housing prices did not facilitate such absorption. These analysis results provide some references for
further research on the status of the urban floating population, which can be applied in actual urban

population management.

Povzetek: Razvita je bilai izboljSana K-means metoda za razvrséanje urbanih kategorij na podlagi osmih
vplivnih dejavnikov, kot sta BDP in bruto industrijska proizvodnja, pri analizi urbanega migracijskega
prebivalstva. Rezultati kazejo, da so mesta z visjim BDP ucinkovitejsa pri njihovem privabljanju, medtem

ko visoke cene stanovanj negativno vplivajo.

1 Introduction

Under the impact of continuous economic development,
population migration has become inevitable [1]. In the
course of accelerated urbanization, the number of urban
floating population is also increasing [2]. On the one hand,
it provides a large labor force for urban development and
stimulates urban construction and consumption [3]; on the
other hand, it also brings new pressure to traffic, housing,
and public security [4]. A comprehensive understanding
of the status of urban floating population and a clear
identification of the influencing factors of attracting the
floating population can provide cities with a scientific
foundation for effectively absorbing or transferring this
population, which has far-reaching significance. With the
progress of technology, many approaches have been
applied in population research [5]. A summary of related
works is presented in Table 1.

Table 1: A summary table of related works

Wu et al. | Four latent | Different LVA approaches
[7] variable analysis | all had their advantages
(LVA) and disadvantages when
approaches extracting behavior
patterns from the
aggregated  population,
and the employment of
multiple LVA methods to
find common patterns
provided a more robust
explanation for population
dynamic changes.
Liu et al. | The multi-level | The employment
[8] multinomial preferences of the floating
Logistic population predominantly
regression leaned towards  the
model traditional service industry
and secondary sector, with
notable spatial variations.
Chen et al. | The grey model | The elderly population
[9] and a long short- | would grow rapidly in the
term  memory | next 15 years.
model

Approach Result
Zhou et al. | Difference and | Young elderly people with
[6] system good educational
generalized backgrounds  had a
method of | positive impact on
moments models | economic  growth  and
could partially alleviate
the negative impact of the
overall elderly population.

From current research, it can be seen that there is relatively
little study on the floating population in studies related to
population changes. Literature [8] analyzed the
employment characteristics of the floating population and
pointed out their spatial differences. In practice, there is a
significant correlation between the floating population and
employment. However, there is still limited research on
the factors influencing the floating population. Therefore,
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this paper mainly studied the influencing factors of the
status of the urban floating population. Based on an
improved clustering algorithm, the analysis of the status
of the floating population in different cities was realized,
and the relationship between different influencing factors
and their absorption capacity was analyzed. This work
provides some reference bases for improving the level of
urban floating population absorption and the management
of the floating population.

2 The status of the urban floating
population and relevant
influencing factors

2.1 The status of the urban floating
population

The mobility of the population can be attributed to social,
economic, cultural, and other motivations, such as seeking
better career development and livelihood conditions,
pursuing better education levels and medical services, and
obtaining a better social environment and life experience
[10]. According to the floating population data platform
(https://www.chinaldrk.org.cn), China's floating
population statistics from 1978 to 2017 are shown in
Figure 1.
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Figure 1: The status of China's floating population from
1978 to 20171

From Figure 1, it can be found that in the ten years
from 1978 to 2017, the number of floating population in
China has always remained above 200 million, which
indicated that the number of floating population was huge.
Large-scale floating population has become a basic feature
of cities and a part of urban modernization that cannot be
ignored. However, there are also differences in the
floating population between different cities. The data from
2015 was taken as an example. The composition of the
proportion of floating population is shown in Figure 2, and
the proportion of floating population absorbed by different
regions is shown in Figure 3.
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Figure 2: Proportion composition of the four types of
floating population in 20152

West, 23.50%

Figure 3: Proportion of floating population absorbed by
different regions in 20153

Combined with Figures 2 and 3, it can be found that
the floating population mainly flowed from rural to urban
areas [11], exceeding a proportion of 48.9%. The
proportion of the population floating from urban to urban
was the second largest, reaching 37.9%. The proportion of
the population floating from rural to rural and from urban
to rural were small. In the statistics of different regions,
the eastern region had the largest proportion of absorption,
reaching 54.8%, exceeding the sum of the central and
western regions. The proportion of the floating population
absorbed by the west region was the smallest, only
reaching 23.50%. It was concluded that the main feature
of the floating population is that it flows from rural to
urban areas and mainly flows to the economically
developed eastern region [12].

According to the reasons for China's floating
population in 2016 released by the floating population
data platform, 48.55% of them are for work, followed by
family migration, accounting for 22.32%, and then for
business, accounting for 14.65%. From this point of view,
the flow of the floating population is mainly based on
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economic demand. Therefore, it is bound to be related to
the economic development of a city.

According to China's urban scale classification
standard, supercities and megacities have a large-scale
permanent population and also have a strong capacity to
accommodate and absorb floating populations. Despite
nearing their population limits, these cities still experience
frequent population flows. Therefore, this paper mainly
analyzes the situation of the floating population in
supercities and megacities. This paper selects four
supercities and four megacities. The data on the floating
population comes from the census, as shown in Table 2.

Table 2: Status of floating population in eight cities

2010/pers | 2020/pers | Increas
on on e
amplitu
de
Megaci | Chengd | 4179469 8459609 302.41
ty u %
Tianjin | 2991500 | 3534816 | 18.16%
Wuhan | 2648373 | 3945369 | 48.97%
Shenzh | 8221754 | 12438738 | 51.29%
en
Superci | Shenya | 1360148 | 2386818 | 75.48%
ty ng
Nanjin | 1912592 | 2651812 | 38.65%
g
Xi'an 1744754 | 3746945 114.75
%
Dalian | 1660316 | 2420624 | 45.79%

Table 2 shows that the magnitude of floating
populations is higher in megacities than in supercities. In
2010, the magnitude of floating populations in Shenzhen
was more than eight million, and in 2020 it was more than
12 million, which was the largest among the eight cities
studied. In terms of the increase amplitude of the floating
population, Xi'an was the largest, reaching 114.75%,
followed by Chengdu, reaching 102.41%, and Tianjin had
the smallest increase amplitude, only 18.16%.

2.2 Analysis of influencing factors

Based on the analysis of the status of urban floating
population, this paper considers the following factors:

(1) GDP,  reflecting the overall economic
development level of a city;

(2) gross industrial output value,
industrial development level of a city;

(3) investment in fixed assets,
investment scale of a city's fixed assets;

(4) total retail sales of consumer goods, reflecting the
consumption level of a city;

(5) the average salary of employed persons, which is
an important reference factor for the floating population to
choose work;

(6) the number of hospitals, reflecting the medical
level of a city;

reflecting the

reflecting the
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(7) passenger traffic volume, reflecting the traffic
level of a city;

(8) education funding,
investment in education;

(9) the number of students in ordinary colleges and
universities, reflecting the scale of higher education in a
city;

(10) the average sales price of commercial housing,
which is related to the cost of renting a home for a floating
population (the higher the housing price, the higher the
living cost).

The relevant data in 2010 and 2020 were obtained
from the statistical yearbooks and bulletin of each city.
Then, they were cleaned by eliminating data with more
than 70% of missing values. The other missing values
were supplemented by mean values, so did the abnormal
values. All the data were standardized to make the data
have the same dimension:

’ x—min

reflecting the level of

max—min’
where x' denotes the standardized data, x is the original
data, max and min refer to maximum and minimum
values.

The relationship between influencing factors and
floating population was analyzed using the Pearson
correlation coefficient [13] and Spearman correlation
coefficient [14]. The correlation analysis results are
presented in Tables 3 and 4.

Table 3: Pearson correlation analysis of influencing
factors and floating population

Influencing factor 2010 2020
GDP 0.564** 0.567**
Total industrial output 0.212* 0.221*
Investment in fixed assets | 0.133* 0.113*
Total retail sales of | 0.489** 0.492**
consumer goods

The average salary of | 0.322* 0.484**
employed persons

Number of hospitals 0.000 0.000
Passenger traffic volume 0.000 0.000
Education funding 0.141* 0.131*
The number of students in | 0.137* 0.133*
ordinary  colleges and

universities

The average sales price of | -0.125* -0.0127*
commercial housing

Note: * indicates it is significant at the confidence level of
5%; ** indicates it is significant at the confidence level of
1%.

Table 4: Spearman correlation analysis of influencing
factors and floating population

Influencing factor 2010 2020
GDP 0.567** 0.577**
Total industrial | 0.375* 0.302*
output

Investment in fixed | 0.215* 0.221*
assets
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Total retail sales of | 0.412** 0.433**
consumer goods

The average salary of | 0.369** 0.418**
employed persons

Number of hospitals | 0.000 0.000

Passenger traffic | 0.000 0.000

volume

Education funding 0.142* 0.145*
The  number  of | 0.121* 0.123*
students in ordinary

colleges and

universities

The average sales | -0.207* -0.211*
price of commercial

housing

Note: * indicates it is significant at the confidence level of
5%; ** indicates it is significant at the confidence level of
1%.

By combining the data from Tables 3 and 4, it can be
observed that a stronger correlation existed between
influencing factors and the floating population when the
absolute value of the correlation coefficient was larger. A
correlation coefficient of 0 indicated no correlation.
Notably, both types of correlation analysis yielded similar
results. In 2010 and 2020, there was no significant
correlation  found  between the  number  of
hospitals/passenger traffic volume and the floating
population; therefore, these variables were excluded in
subsequent studies while retaining the remaining eight
influencing factors for further research.

2.3 Analysis of the clustering algorithm

To further explore the influence of various factors on the
status of the floating population in the eight cities listed in
Table 1, this paper classified these cities by a clustering
algorithm and discussed the status of the urban floating
population under different influencing factors. K-means is
a method of data division [15], and its procedure is as
follows.

(1) The number of target class clusters, i.e., k, was
determined, and k initial clustering centers were randomly
selected from n samples.

(2) The distance from each sample to k was calculated,
and the samples were assigned to the nearest cluster.

(3) Cluster centers were recalculated.

(4) Steps (2) - (3) were repeated until there were no
further changes in the cluster centers.

In K-means, the initial clustering center and the
number of clusters have a great influence on the results
[16]. To obtain better urban classification results, this
paper designed an optimized K-means algorithm to
enhance these two points and further improve the urban
classification effect.

Firstly, the K-means++ method [17] was used in the
determination of the initial clustering center. The K-
means++ method improved the initial clustering centers in
the K-means algorithm, which can avoid differences in
clustering results due to the selection of initial points. It
achieved optimization by ensuring that the distances
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between initial clustering centers are as far apart as
possible. The details are as follows.

(1) One sample was randomly selected from N
samples as the first initial clustering center c;.

(2) The distance of each sample to c; was computed.

(3) The point with the largest distance was selected as
(P

(4) Steps (2) - (3) were repeated until k initial cluster
centers were selected.

For the subsequent clustering, this paper used the K-
medoids method [18]. The K-medoids method addresses
the sensitivity of outliers in the K-means algorithm, and it
can partially alleviate the issue of local optima. Its
procedure is as follows.

(1) K initial clustering centers were obtained by K-
means++.

(2) The samples were divided into the nearest cluster.

(3) The cluster center was recalculated, the sum of the
distance between each point and other points was
calculated, and the point with the minimum value was
taken as the new cluster center.

(4) Steps (2) and (3) were repeated until the cluster
centers no longer changed.

In determining the number of clusters, the elbow
method [19] was adopted. The principle is that the finer
the sample is divided, the smaller the sum of squared error
SSE. According to the curves of SSE and k, the best k
value can be observed at the inflection point. The
computation formula of SSE is:

SSE = Zi'(:l Zpecilp —myl?,

where c; is the i-th cluster, p is the sample point in the
cluster, m; is the centroid, and |p — m;|? is the square of
the distance between sample point p and center of mass
m,;. The smaller the value of SSE, the better the clustering.

3 Clustering results and analysis

First, the value of k was determined according to the
elbow method, and the results are presented in Figures 4
and 5.
0.02
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0.006 +
0.004
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0
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Figure 4: Determination of k value by the elbow method
for data from 20104
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Figure 5: Determination of k value by the elbow method
for data from 20205

According to Figures 4 and 5, as the k value increased,
the value of SSE gradually decreased. The inflection
points for the data in both 2010 and 2020 occurred at k =
3, and the change of SSE tended to be smooth as the value
of k continued to increase. Therefore, it was confirmed
that k = 3 could achieve a good clustering effect. In the
clustering of 2010 and 2020, the value of k was
determined as 3, i.e., the eight cities were divided into
three classes (Table 5).

Table 5: Clustering results

2010 Category 1 Tianjin
Category 2 Chengdu, Wuhan,
Shenyang,
Nanjing, Dalian
Category 3 Shenzhen, Xi’an
2020 Category 1 Shenzhen
Category 2 Chengdu, Tianjin,
Wuhan, Nanjing,
Xi’an
Category 3 Dalian, Shenyang
W Category 1 mCategory 2 = Category 3
Value
0 02 0.4 0.6 0.8 1 1.2

eeeeee—— 09871
0.8514
0.7142

Gross industrial _ 0.8765
output 0.8077
0.7033

Investment in [ 0.8215

fixed assets 0.7864
0.7155

GDP

Total retail sales of TN 0.3521

| 0.7114
consumer goods

0.4125

The average salary [ 0.8126
of employed persons 0.7856
0.6125

J—— 0.8025
0.9021
0.7744

| —— 0.7491

Education funding

The number of students
in ordinary colleges
and universities

0.9014
0.5126

The average sales 0.7523
price of commercial 0.5512 G
housing 2

Figure 6: The clustering result analysis of year 2010
(confidence interval = 95%)
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The influencing factors of different types of the urban
floating population in 2010 are presented in Figure 6.

Combined with Table 5 and Figure 6, the influencing
factors of different categories of urban floating population
were analyzed.

(1) Category 1: Tianjin is the only city in this category.
It has a high GDP, high economic development level, low
consumption level, high employment income, high
education level, and moderate housing price. In 2010,
Tianjin's GDP level reached 683.08 hillion yuan, and the
total retail sales of consumer goods reached 286.02 billion
yuan. The average salary of employed persons stood at
51,489 yuan, and the housing price averaged at 8,230 yuan
per square meter. Under such favorable conditions,
Tianjin successfully absorbed a large number of floating
population.

(2) Category 2: These cities exhibit a moderate
capacity to absorb a floating population, mainly
characterized by a high GDP level, high consumption
level, high education level, and low housing price level. In
2010, the GDP level of the five cities in Category 2 was
below 600 billion yuan, which fell short of Tianjin. The
primary strengths in absorbing the floating population lie
in their high education level and low housing price level.
Colleges and universities in Chengdu, Wuhan, Nanjing,
and other cities attract a significant influx of new labor
force. The average sales prices of houses in Chengdu,
Wuhan, and Shenyang were all below 6,000 yuan per
square meter. The average sales price of houses in Dalian
was 7,044 yuan/square meter. Only Nanjing was slightly
higher, reaching 9,565 yuan per square meter. The low
living cost brought by the low housing price facilitates the
absorption of floating population; however, due to high
consumption levels as a constraint factor, these cities are
comparatively less effective than Tianjin in absorbing
floating populations.

(3) Category 3: These cities exhibit limited ability to
absorb floating population due to their low employment
income, small education scale, and high housing price
level. Despite Shenzhen’ high GDP level, the housing
price has soared to 19,170 yuan/square meter. In addition,
the number of students enrolled in ordinary colleges and
universities in Shenzhen was merely 67,324 in 2010,
indicating a limited appeal to the floating population.
Xi'an exhibited a relatively low GDP level of only 324.15
billion yuan, suggesting an insignificant agglomeration
effect, a weak capacity for generating new employment
opportunities, and a poor employment attraction.

Different types of influencing factors that impact the
urban floating population in 2020 are presented in Figure
7.
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m Category 1 m Category 2 ¥ Category 3
Value

: 109874
GDP 0.8528

0.8754
Gross industrial output 5

Investment in fixed assets

Total retail sales of 0.8566

consumer goods

0.8769

The average salary of
0.7754

employed persons 0.6241

0.7125

Education funding 0.8658
0.8123
Numhcr(nfsmdcms in 0.6521
ordinary colleges 0.9012

and universities 0.8266

0.9758

The average sales price
of commercial housing

. 0.8247
0.6587

Figure 7: The clustering result analysis of year 2020
(confidence interval = 95%)1

Combined with Table 5 and Figure 7, the influencing
factors of different categories of urban floating population
were analyzed.

(1) Category 1: Shenzhen is the only city in this
category. It has a high GDP level, high consumption level,
high income level, low education scale, and high housing
prices. In 2020, Shenzhen's GDP reached 2,767 billion
yuan, and the average salary of employed persons reached
139,436 yuan. Furthermore, the average sales price of
commercial housing reached 56,829 yuan per square
meter. The number of students in ordinary colleges and
universities was only 109.986 thousand, indicating a
limited education scale. However, the jobs created under
the high economic level and high investment intensity, and
the high income level still have a strong attraction, so the
floating population in Shenzhen in 2020 has exceeded 12
million.

(2) Category 2: These cities exhibit a moderate
capacity to absorb the floating population. They have a
high GDP level, but no more than two trillion yuan, a
medium consumption level, medium employment income,
a large education scale, and a medium housing price level.
The GDP and consumption levels of Chengdu, Tianjin,
and other cities slightly lag behind those of Shenzhen. The
average salary of employed people was around 100,000
yuan. The number of students in ordinary college and
universities was around 1 million, showing a large
education scale. The housing price remained below 25,000
yuan per square meter. Under the high level of economic
development, the large scale of education brings excellent
students, and the medium consumption level and housing
price level are more attractive to the floating population.
Therefore, the phenomenon of population outflow is
minimized while maintaining a strong capacity to absorb
migrants.

(3) Category 3: This category includes Dalian and
Shenyang. They exhibit a limited capacity to absorb the
floating population. The floating population in 2020 was
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less than 2.5 million. They are characterized by low GDP,
consumption level, income level, and housing prices,
suggesting that these cities have a low level of economic
development, insufficient agglomeration effects, limited
investment and employment opportunities, and lack of
competitiveness. Despite possessing a moderate level of
education, college graduates exhibit limited inclination to
remain and work locally. The average salary of employed
people was below 100,000 yuan, which is insufficient to
attract the floating population.

4 Discussion

The floating population is an important part of the
population, and the increase in the floating population
generally contributes to improving the economic level of
cities. However, a large influx of floating population may
also have certain impacts on city infrastructure, medical
standards, etc. Therefore, managing the floating
population is an important aspect of urban population
management. Due to their large numbers and rapid
changes, there is currently limited research on the floating
population and analysis of different factors affecting their
conditions. In order to provide theoretical support for
urban population management, this study analyzed the
influencing factors on the status of the floating population
based on clustering algorithms using data from 2010 and
2020.

From the clustering results, it can be observed that the
improved k-means method effectively compensated for
the shortcomings of the traditional k-means algorithm and
demonstrated better performance in clustering. Based on
the elbow method, the number of clusters was determined
to be 3. Combining the analysis from Figures 6 and 7, it
can be concluded that cities with higher GDP levels and
employee wages had a greater attraction to floating
populations, while cities with higher housing prices and
consumption levels had a smaller attraction to floating
populations. This result aligns with reality.

In summary, Xi'an's GDP has grown from 324.1
billion yuan in 2010 to 1,002 billion yuan in 2020, more
than tripling in size. As the most economically
advantageous city not only in Shaanxi but also in
Northwest China, Xi'an accounted for 38% of Shaanxi's
total economic output in 2020. The city boasts well-
developed urban functions, infrastructure, and education
and healthcare systems. Xi'an Xi'an has emerged as the
preferred destination for a substantial number of migrant
workers. Therefore, in the ten years, Chengdu has
significantly enhanced its capacity to attract the floating
population, leading to a remarkable increase of 114.75%
in their numbers. During this period, Chengdu's
population attractiveness and agglomeration level have
been consistently rising. As the provincial capital city,
Chengdu has a strong ability to attract the population of
surrounding cities, and its rich university resources have
attracted a large number of talent inflows. In contrast,
Tianjin entered the middle and late stage of urbanization
in 2020, and its economic development is relatively
sluggish. Instead of increasing, its GDP is decreasing, and
its absorption capacity for the floating population is also
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declining. In general, the city's economy, employment,
education, housing prices, and other factors will have an
influence on the situation of the floating population.

The present study conducted a certain analysis on the
influencing factors of urban floating population and
obtained some reliable results. However, there are still
some shortcomings, such as only studying the data from
2010 and 2020, insufficient selection of influencing
factors, and lack of analysis on the floating population
situation in all cities in China. Therefore, in future work,
it is necessary to consider more influencing factors and
conduct cluster analysis on the floating population
situation in all cities to better optimize the current level of
management for urban floating population.

5 Conclusion

This paper mainly analyzed the factors that impact the
urban floating population and designed an improved K-
means method for city clustering. It was found that cities
with higher levels of economic development, higher
employment income, and lower housing price levels tend
to attract more floating population, but different
combinations of these influencing factors can also have
varying effects on the capacity to absorb the floating
population. The results of the analysis can provide some
theoretical references for urban population management.
According to the changes in local city's GDP level and
housing price level, different measures can be taken to
absorb or restrict the floating population. For example, for
western cities, attracting the floating population can be
achieved by increasing salary levels and expanding labor
demand. In addition, timely adjustments of relevant
policies based on economic growth and demand changes
can further promote reasonable population mobility.
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