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Abstract. The research on the relationship between the floating population and social-economic
development has always been a key research issue in population economics. This study first
introduced the LightGBM to examine multi-dimensional floating population characteristics can
predict enterprise innovation. Taking the dynamic survey data of China's floating population from
2011 to 2018 and listed enterprises as samples, the study verifies whether the characteristics of a
floating population can predict enterprise innovation. Further, it analyzes the characteristics of the
floating population and its prediction model, which has an excellent ability to predict enterprise
innovation. The researchers have found that: 1) On the whole, the prediction ability to float population
characteristics to enterprise innovation is limited. 2) Among many characteristics, the prediction
ability of population mobility dimensional characteristics is higher. 3) There is a nonlinear relationship
between characteristics and enterprise innovation, and there is a population crowding effect, which
is consistent with the previous theory. 4) It is tested that the population crowding effect is through
mechanisms such as human capital. This study uses the machine learning method to explore the
characteristics of floating population more comprehensively and inspires the formulation and
implementation of the government's industrial and talent policies and the development decisions of
enterprises.
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1. Introduction

The relevant research focuses on the macro level, mainly to explore the impact of a single index
change caused by the floating population on technological innovation in the region, such as rising labor
costs, advanced human capital structure, the increase in the number of floating populations, etc [1-3].
In comparison, there are few studies on the impact of a more comprehensive analysis of the
characteristics of the floating population at the micro-level, such as the impact of corporate
technological innovation. Meanwhile, the research on floating population and enterprise indicators
only pays attention to the causal relationship between them, ignoring the ability to float population
characteristics to predict enterprise indicators. However, the characteristics of the floating population
that can explain the enterprise indicators may not accurately predict the enterprise indicators, so it is
impossible to conclude the prediction effect from the causal inference estimation results of the
traditional measurement. So, can the floating population's characteristics help predict the innovation
ability of enterprises? Which characteristics are more important to predict the innovation ability of
enterprises? What is its prediction mechanism? There are no clear conclusions on these problems in
previous studies on the floating population. Comparing the prediction ability of predictive models with
different variables can reflect the ability to theoretically interpret phenomena, reveal complex laws in
the data, and help to test previous conclusions and put forward to new theories [4]. This paper aims to
explore the prediction effect of floating population characteristics by selecting the index of enterprise
innovation to contribute to this field.

From the perspective of resource factors, the mobility of production factors will have a specific
influence on production efficiency. Some scholars have concluded that the direction of human capital
flow is entirely consistent with population mobility [5]. The dimensions of these floating population
characteristics can be classified into the following five categories. First, in terms of population mobility,
Cui and Chen [3] used the scale of population mobility as a substitute variable for population mobility.
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They got that population mobility can improve the overall level of human capital and positively affect
urban innovation. The other is labor cost. Dai found that the rise of labor costs significantly affects
enterprise innovation [6]. The third is the structure of human capital, which is mainly reflected in
education. Hu concluded that upgrading human capital structure plays various roles in promoting
regional innovation ability [2]. The fourth, the age of the labor force, under the trend of population
aging, the average age of the floating population dominated by the young labor force must increase,
and population mobility has a significant effect on the difference of regional population aging [7]. The
fifth is the residence time of the floating population, which may affect enterprise innovation. Gu [§]
found that the longer the residence time of the floating population, the stronger the willingness to stay
in the inflow area for a long time, which affects the local economic development. It can be seen that
the previous studies on floating populations mainly focus on specific types of characteristics but lack
a comprehensive comparison of the relative importance of floating population characteristics. In
addition, population mobility is a concept and phenomenon produced under China's national
conditions, which makes it difficult for China's floating population research to learn from other
research conclusions directly. Furthermore, former studies have found a nonlinear relationship
between population mobility and regional and regional enterprise innovation [6, 9]. At the same time,
the simple linear fitting model is weak to explain the complex relationship between variables. So, it is
necessary to consider the impact of floating population characteristics on enterprise innovation more
comprehensively.

The main contents of this paper are as follows. Firstly, the machine learning method is applied to
study the problem of floating population and enterprise innovation in China, and to evaluate the
prediction ability to float population characteristics to enterprise innovation as a whole as well as
expand the research perspective of population characteristics and innovation ability, filling and
enriching the theory in the field of "Floating population relationship with innovation ability." Secondly,
the LightGBM regression algorithm is used to avoid the defects of the traditional linear model and
better analyze the nonlinearity and the interaction between variables. Thirdly, explore the importance
of different floating population characteristics for predicting enterprise innovation capability, and
analyze the relatively important floating population characteristics for the prediction mechanism of
enterprise innovation in diverse regions.

2. Data source and variable description

2.1 Data and Variable Description

In this paper, the period of the data is from 2011 to 2018. For the enterprise sample, Chinese A-
share listed companies are selected. In terms of urban samples, the macro panel data of 28 provinces
are picked. The data processing is shown in Figure 1. After processing, this study obtains 5128
observations.

Start

Match data

Input relevant data according to province code

Exclude listed companies Remove enterprise samples
in the financial industry marked as ST, * ST
Eliminate samples Delete samples
with serious missing data with missing consecutive years
Remove sampl
End emove samples

with missing provincial codes

Figure 1. Data processing flow
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Tibet Autonomous region, Ningxia Hui Autonomous region and Hainan Province are not included
in the scope of the study because of the small sample size and the lack of too much enterprise data.
The number of patent applications is used to measure the innovation ability of innovative subjects.
First of all, technological innovation is the ultimate embodiment of resource input and convenience
efficiency. Therefore, the number of patent applications representing innovation output can better
reflect the innovation ability of the innovation subject [ 10]. Secondly, the patent grant requires testing
and annual fees. The uncertainty, instability, and vulnerability are studied to bureaucratic factors [11].
Therefore, the number of patent applications can more truly reflect the level of innovation than the
amount granted. Moreover, the core explanatory variable is the multi-dimensional characteristics of
the floating population summarized in the introduction. In addition, due to the small sample size in the
northeast region, in order to facilitate the research, Shandong and Liaoning are listed as the eastern
region, Heilongjiang and Jilin are classified as the central region with reference to the regional
classification method of the Chinese Science and Technology Statistical Yearbook. The meaning and
measure of each variable are listed in Table I.

Table 1. The Meanings, Measurements, And References of Variables

Variable Meaning and measurement Data source Reference
The innovation ability of the enterprise. The China Stock Market &
LnPatent natural logarithm of the number of patent Accounting Research [12-13]
applications. Database (CSMAR),
The scale of population mobility. The proportion . .
of the difference between the resident population China populatlor_] apd
PFS . . . Employment Statistical [14]
and the registered population to the resident
. Yearbook
population.
The scale of inter-provincial floating population. : . i
LnCPCM| The natural logarithm of inter-provincial mobility China Migrants Dynamic [15]
. : X Survey (CMDS)
in the floating population.
LnWage Labor costs. The natural Iogar!thm of the average CMDS [6]
monthly wage of the floating population.
Human capital structure. The natural logarithm of
LnHCS a college degree or above in the floating CMDS [2]
population of each province.
LA The age of th_e labor force._The age of the floating CMDS [16]
population as of the time of the survey.
RT Lengt_h of stay. T_ake the floating time qf the CMDS 8]
floating population minus the survey time.
LNES The size of the enterprise. The natural logarithm CSMAR [6]
of total assets.
PPE Fixed assets ratio. The ratio of net fixed assets to CSMAR [13]
total assets.
Enterprise ownership. It is classified according to
EN the equity nature of the CSMAR database. CSMAR [1, 3]
Urbanization. The natural logarithm of the China Statistical
LnUR proportion of the urban population to the total Yearbook, China Urban [17]
population. Statistical Yearbook
The level of the urban economy. The natural China Stat_istical
LnUEL logarithm of regional gross doméstic roduct Yearbook, China Urban [13]
g g g P ' Statistical Yearbook
. : : China Statistical
LNCS The size of the city. Th_e natural logarithm of the Yearbook, China Urban [3]
population of each province at the end of the year. -
Statistical Yearbook
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From the causal inference, the above variables are faced with the challenge of endogenous problems.
The way of dealing with the endogenesis of variables is also one of the important differences between
this paper and most of the previous studies on floating population and enterprise innovation. Unlike
the explanatory modeling that focuses on causality, the predictive modeling in this paper mainly
explores the correlation rather than causality, so the evaluation of the prediction effect will not be
affected by the endogenous existence of variables [4, 18].

2.2 Descriptive Statistics

Table II lists the descriptive statistics of predicted variables, floating population characteristics,
enterprise-level, and urban-level variables. For some missing values, the neighborhood mean is used
to fill it. In order to prevent the statistical deviation caused by the extreme value, this paper carries out
1% and 99% Winsorize processing on some continuous variables without affecting the distribution of
the original data as far as possible. The preceding "Ln" means that the variable is processed with a
natural logarithm.

According to the descriptive statistical results and changing trends in the table, combined with the
detailed data of the sample, it can be found that the standard deviation of patent variable (LnPatent) of
enterprises is up to 1.346, indicating that there are some differences in innovation capability among
enterprises. The median population mobility scale (PFS) is 0.095, signifying that the resident
population in most cities is larger than the registered population, and the floating population is an
imperative force in urban construction. The maximum proportion of the inter-provincial floating
population (LnCPCM) is 4.605, which is mainly reflected in the province-level municipality in the
eastern regions with the largest foreign population, such as Beijing, Shanghai, and Tianjin, while the
minimum value is 2.161, mainly in the provinces of Anhui, Shandong, and Hunan. From the median,
maximum, and minimum labor cost (LnWage), it can see that the average monthly wage of most
floating populations is on the high side, which means the increase in labor cost. The average and
median of human capital structure (LnHCS) indicate that the education level of the inflow population
is different. The median age of the labor force (LA) is 34, indicating that most of the floating population
are in the age group with innovative ability, but the overall age structure is aging. The standard
deviation of residence time (RT) is 1.100, and there are differences among floating populations in
various periods and regions.

Table 2. Descriptive Statistical Results of Sample Variables

Variable | Minimum value | Maximum value | Average value | Standard deviation | Median
LnPatent 0.693 9.473 3.259 1.346 3.091
PFS -0.186 0.874 0.112 0.177 0.095
LnCPCM 2.161 4.605 3.858 0.718 4.201
LnWage 7.463 8.942 8.237 0.272 8.248
LnHCS 1.348 3.641 2.513 0.504 2.492
LA 30.229 41.620 33.943 1.705 33.770
RT 2.698 8.570 4.733 1.100 4.544
LnES 17.019 28.520 22.340 1.296 22.131
PPE 0.001 0.876 0.225 0.142 0.196
EN 1.000 7.000 2.980 1.589 4.000
LnUR 3.554 4.495 4.134 0.200 4.161
LnUEL 16.631 28.389 19.793 1.045 19.749
LnCS 6.342 9.337 8.672 0.563 8.732
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3. Research Methods and Model Construction

3.1 GBDT Regression Tree

The machine learning method used in this paper is the LightGBM algorithm, which is essentially
an improved algorithm of Gradient Boosting Decision Tree (GBDT). Multiple decision trees integrate
it, and the accumulation of the results of all decision trees is taken as the final answer, which combines
the decision tree and integration idea in machine learning, effectively avoids the over-fitting problem
of a single decision tree, and has high fitting accuracy in and out of samples [19].

Generally speaking, the core idea of GBDT is to reduce the loss function by constantly learning
the residuals of the previous tree. A loss function mainly describes the accuracy of GBDT, and the
loss function selected in this paper is a square error because it is most commonly used in the analysis
of continuous result variables, and it is easier to derive mathematically. The core algorithm steps

adopted in this paper are as follows [20]. It is supposed {xi Y }|N:1 to be a training sample, and the
set of predictive independent variables is . F(x p)is an approximate function of the dependent

variable Y . The GBDT iterative method comprises M different and independent decision trees
h(x,a),...h(x,an) , and P ={Bi.ai}", is a representative parameter of this set. # is the weight of
each classifier and  is a parameter of the classifier. Ba new prediction function is obtained after

iteration y taking the loss function in the direction of F,.(x) gradient as the input value of the
following regression function.

F,(X) = Fm,l(x)+2_ﬂmh(x,am) (1)

From the above formula, it can be concluded that the model is constructed by using a segmented
directional gradient to improve the decision tree and is constantly iterated and updated by minimization.
Meantime, the LightGBM algorithm with improved GBDT usually has better performance than the
commonly used machine learning methods.

3.2 Model Building

This paper makes a comprehensive consideration of the characteristics of China's floating
population. First of all, a benchmark model is constructed, which includes only the variables at the
enterprise level and the urban level, but does not include the characteristics of the floating population.
The benchmark model consists of six control variables that describe the characteristics of the
enterprise and the city. The variables at the enterprise level include enterprise size (LnES), fixed
assets ratio (PPE), and enterprise ownership (EN). The variables at the urban level include
urbanization (LnUR), urban economic level (LnUEL), and urban size (LnCS). Based on the
benchmark model, the characteristic family of the floating population is added to construct a
prediction model including the characteristics of the floating population, which is referred to as
"benchmark model” and "floating population model,” respectively. The two models are shown in
Table 3.

Table 3. Model Definition

Pred_lcted Model Prediction characteristic variable

Variable

Enterprise Benc_hmark merI LnES, PPE, EN, LnUR, LnUEL, LnCS

innovation Floating population | PFS, LnCPCM, LnWage, LnHCS, LA, RT, LnES, PPE,
model EN, LnUR, LnUEL, LnCS
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The models take the enterprises as the research object, and the annual data of each enterprise will
be taken as a sample in the model construction. Then, the annual characteristics of each enterprise
can be used as a set of input variables of the model. It is drawn lessons from the practice of Fan [21].

t

Suppose the enterprise vector: E}=(x;,x2 ..... X;). xiisthe i characteristic that affects the innovation

ability of enterprises in the t-year, t=2011,2012,..,2018; i=123,..n; pis the number of features

that affect the innovation ability of enterprises; y' is the innovation capability of the J enterprise in
J

the t-year, t=20112012,..,2018; j=123..,n; The input variable is: \7,-{=y‘,-.

After calibrating the model with the samples of known enterprise innovation capability, the
enterprise innovation capability of unknown samples can be predicted by the above formula. Based
on the above theory, the model's main steps are shown in Figure 2.

Set features LightGBM algorithm . .
Start and divide data sets training model Verify the trained model
Adjust model parameters Output evaluation value
Bad
End Obtain prediction model Good Judge prediction effect

Figure 2. Model building

In the process of building the model, it is worth noting that: many previous studies are divided
directly according to proportion, but only one group of the training set and test set are selected, which
may lead to a great difference in the prediction performance of the model between the training set
and the test set, and the prediction accuracy deviates from the actual value [22]. Therefore, this paper
relies on experience to introduce k the (10) fold cross-validation method [23] to improve
information utilization of samples and make the prediction results stable and accurate.

4. Empirical test and result analysis

4.1 Can the Floating Population Characteristics Predict the Innovation Ability of
Enterprises?

To empirically test whether the characteristics of the floating population can greatly improve the
prediction effect of the model on the innovation ability of enterprises, this part uses the trained
forecasting model and the samples of Chinese A-share listed companies. Table IV lists the fitting
effect of the "LightGBM-floating population model” and adds the "LightGBM-benchmark model,"”
which includes variables at the enterprise level and urban level as a comparison. By analyzing the
degree of improvement of the fitting effect of the floating population model compared with the
benchmark model, it can judge the contribution of the characteristics of the floating population as a
whole to the prediction of enterprise innovation capability. Meanwhile, the "OLS-benchmark model”
and "OLS-floating population model™" are taken as the control group to test whether the machine
learning method of LightGBM can significantly improve the model's prediction ability.

The evaluation index is selected regarding the research method of Lu [18]. The goodness of fit
RZ in the sample is calculated from the fitting results of the training set. The external goodness-of-
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fit RS, and external mean square error MSE,, are calculated from the prediction results of the test
set.

In the beginning, the fitting effect of LightGBM in Table 4 is much better than that of the OLS
model, which shows that LightGBM is better than OLS in both training set fitting ability and out-of-
sample fitting ability. For example, in the comparison of floating population models, the index of R}
and R, of LightGBM is 34.758% and 24.019%, which is higher than that of OLS, respectively. It
is proved that Liang [24] and other scholars proposed that traditional linear models are poor in
handling nonlinear relationships or high-dimensional regression problems in complex systems. The
tree-based nonlinear model of LightGBM can effectively carry out feature cross-effects and improve
fitting ability.

Table 4. Model Fitting Result

Evaluation Prediction Benchmark Floating Population Improve
Index Model Model Model Effect
R (9%) LightGBM 61.566 64.597 3.031

! OLS 27.713 29.839 2.126

RE, (%) LightGBM 57.668 60.155 2.487
” OLS 34.875 36.136 1.261

MSE LightGBM 0.904 0.851 -0.053
i OLS 1.422 1.394 -0.028

In addition, compared with the characteristics at the enterprise level and the urban level, the
floating population characteristics play a limited role in predicting the innovation capability of China's
A-share listed companies. Combining the results of various indicators, it is found that the enormous
improvement effect is that the R’ is floating population characteristics on enterprise innovation

capability is 3.031%, which is much lower than that of enterprise-level and city-level characteristics
on enterprise innovation capability prediction (61.566%). It can be seen that although the floating
population can improve the model to predict the performance of enterprise innovation, the ability to
predict enterprise innovation is limited as a whole. The possible reason is that, first of foremost, the
proportion of the floating population with economic activities as the main floating purpose has
consistently accounted for more than half [25], of which migrant workers account for a relatively
large proportion [26]. They generally have a low level of education and skills, and their jobs are
concentrated in labor-intensive low-end production links, which have low requirements for
technological innovation, strong substitutability, and high job mobility [27]. Secondly, the emergence
of new economic forms, such as platform economy, also impacts the outflow of migrant workers out
of the manufacturing industry. More and more migrant workers are turning from original factory
workers to networkers [28]. Some scholars have advised guarding against the threat of this de-skilled
gig economy to the manufacturing industry [29]. Finally, the impact of the floating population on
enterprise innovation is a long-term accumulation process, which should be realized through the
interaction of the association mechanism and the characteristics of the floating population at the
enterprise level and urban level. It will be analyzed and introduced below.

4.2 Analysis on the Importance of Floating Population Characteristics

This paper uses the SHAP model [30] to quantify the impact of floating population characteristics
on enterprise innovation capability and the interaction between characteristics. Figure 3 is a summary
diagram of SHAP, which visually shows the importance of variables in the floating population model
for predicting enterprise innovation. The SHAP model produces a predicted value for each prediction
sample, and the SHAP value is assigned to each feature in the sample. From the LnES to the LA, the
degree of importance decreases successively. The SHAP value shows the distribution of the influence
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of each feature on the output of the model, in which dark color represents high eigenvalue, and light
color means low eigenvalue.

I High
LNES . —*c P
PPE + .
LnCS . ih: e
LnUR —-’-
nCPCM %. .
=2
LNUEL - _._... 3
g
PFS +— - B
o
EN + — e
RT +_
LNHCS +.
LnWage +
LA *
: Low

-1 0 1 2 3 4
SHAP value (impact on model output)

Figure 3. SHAP characteristic analysis

It can be found that among the characteristics of floating population, LnCPCM and PFS have a
significant impact on the model, followed by RT, LnWage, LnHCS, LA. In addition to EN, LnES and
PPE have the greatest impact on the model. In the characteristics of the urban level, the effects of
LnCS, LnUR, and LnUEL are significant. Based on the order of feature importance, except for
individual outliers, LnES, LnCS, LnUR, LnUEL, and LnHCS positively impact enterprise innovation.
Specifically, the higher the value of these characteristics, the greater the SHAP value, and the higher
the enterprise innovation ability corresponding to it, which also verifies the theory of relevant scholars
[2,17,30-33]. Among the characteristics of the floating population, only LnHCS has a positive impact
on enterprises. For improving the innovation ability of different regions and enterprises, upgrading
human capital structure is more and more important [2, 32]. All urban characteristics play a positive
role, indicating that the higher the overall level of urban development, the more sound the collaborative
innovation network is and conducive to promoting enterprise innovation [34].

On the contrary, PPE, LnCPCM, PFS, RT, and LA have significant negative power on the
innovation capability of enterprises. With the increase of eigenvalues, the SHAP value decreases,
making enterprises' innovation capability lower. The characteristics of LnCPCM and PFS show that
when the inflow of floating population makes the size of the urban population beyond the reasonable
range, the promoting effect of population mobility on the innovation ability of inflow will be weakened
and even produce crowding effect [9]. The RT and LA characteristics changes show that most floating
populations live briefly and are mainly young and middle-aged. With the aging, although they have
obtained the qualification of long-term residence, they are in the age stage of low labor ability and
innovation ability. The impact of EN and LnWage on enterprise innovation is both positive and
negative, and there are great differences in innovation capability among non-state-owned enterprises
in enterprise ownership. In contrast, the positive impact of rising labor costs on enterprise innovation
is more than the negative, which is related to the internal factors of the enterprise and the region [1, 6].

4.3 Prediction Pattern of Important Floating Population Characteristics for Enterprise
Innovation

After analyzing the importance of variables, this study found that the scale of population mobility
and the proportion of the inter-provincial floating population are the two most important factors to
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predict the innovation ability of enterprises in the characteristics of the floating population. In order
to explore the relationship between these two characteristics and enterprise innovation, this part first
exploits the SHAP dependence contribution plots to examine the prediction model of the proportion
of the inter-provincial floating population and the scale of population mobility for enterprise
innovation and further introduces the Partial Dependence Plot (PDP) as a robustness test [35].

As shown in Figure 4 (a), when the eigenvalue of PFS changes from 0.0 to 0.8, the value of
LnCPCM increases and the SHAP value of PFS decreases. Under the interaction of the two
characteristics, the larger the scale of population mobility is, the higher the proportion of the inter-
provincial floating population will lower enterprises’ innovation ability. Ignoring the color of the
graph, but focusing on the influence of the changing PFS on the model output, it is found that with
the increase of the PFS value, the SHAP value remains at a low level after decreasing, which agrees
that there is a population crowding effect proposed by scholars [9, 17, 35, 36]. As depicted in Figure
4 (b), The influence trend of PFS and LnCPCM characteristics on enterprise innovation capability is
consistent with the trend of SHAP dependence contribution plots. Furthermore, it is shown the
interval effect, which shows that the SHAP value method is robust to the model recognition results.

Meantime, the positive impact of the change of PFS single feature changes from 0.05 to 0.2 in
Figure 4 (c) on enterprise innovation increases, and it demonstrates the obvious inhibitory effect on
enterprise innovation only after the value up to 0.35, that is, when the scale of population mobility
reaches 35% it will have an apparent inhibitory effect on enterprise innovation. LnCPCM single
feature is positively correlated with enterprise innovation from 3.4 to 3.6. Therefore, it shows an
obvious negative correlation after 4.5. It proves an interaction between the LnCPCM feature and the
PFS feature.
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Figure 4. SHAP Dependence Contribution Plots and Robustness Test Based on PDP

526



BCP Business & Management EMCG 2022
Volume 31 (2022)

For the population crowding effect in the above analysis, the existing highly relevant research
explanations are mainly verified by the human capital mechanism. Moreover, a sub-regional analysis
is carried out because related studies show great differences in human capital in different regions.

1) Verify the influence of the human capital mechanism.

In Figure 5, the population crowding effect is reflected in varying degrees in all three regions.
Figure 5 (a) depicts that when PFS ranges from 0 to 0.1 in the eastern region, the higher the eigenvalue
of LnHCS, the greater the SHAP value of the PFS feature. In other words, when the scale of
population mobility is low, upgrading the human capital structure of the floating population has a
significant positive impact on the innovation ability of enterprises. When the PFS is from 0.3 to 0.4,
the LnHCS eigenvalue increases, while the SHAP value of the PFS feature decreases. It is shown that
when the scale of the floating population continues to expand, the upgrading of human capital
structure does not contribute to enterprise innovation.
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Figure 5. Regional SHAP Dependence Contribution Plots of PFS and LnHCS

Furthermore, through the sample, the eigenvalues of PFS in the range of 0.3 to 0.4 are mainly in
the areas where talents are saturated, such as Beijing, Shanghai, and Tianjin. Some of the floating
population in these areas are unemployed or engaged in low-skilled labor, resulting in the
phenomenon of "false high™ of human capital [36]. In figure 5 (b), when the eigenvalues of PFS in
the western region are in the range of -0.2 to 0, the higher eigenvalues of LnHCS make the SHAP
values of PFS features large. Through further observation of the samples, it is found that the specific
regions of PFS eigenvalues in this interval are mainly Chongging, Sichuan, and Shaanxi, which are
not only the labor export regions but also the regions with the most substantial technological
innovation capability in the western region [37]. Therefore, the inflow of a high-quality population
has a more significant positive impact on the technological innovation of enterprises in these areas,
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while the Xinjiang region with a PFS of 0.8 is affected by its single industrial structure. Human capital
does not play an innovative role in the region.

When the PFS value in the central region of figure 5 (c) varies from -0.2 to -0.05, the level of
LnHCS eigenvalues has little effect on the SHAP value of PFS features but changes after 0.05 and
shows a similar crowding effect. From the sample, it can be found that the population mobility scale
less than 0 is the major provinces with population outflow, such as Henan, Anhui, Jiangxi, etc. Most
of its regional industries are labor-intensive transferred in the eastern regions, such as the first and
second categories, so the corresponding role of human capital is not apparent.

Moreover, the results also prove that in the study of Zhang [36], there is a "crowding effect™ in the
human capital mechanism of urban floating population affecting enterprise export. There is also the
same effect in exploring the human capital mechanism of the impact of floating population on
enterprise innovation. Thus, when the government implements the recruitment policy, it should not
blindly pursue upgrading the human capital structure but pay attention to optimizing it. When
implementing the talent introduction policy, all regions should introduce top talents and emphasize
cultivating and attracting high-level technical and skilled talents to form a reasonable employment
structure and improve the industrial talent system.

5. Conclusion and Countermeasure

This paper comprehensively examines the relationship between multi-dimensional floating
population characteristics and enterprise innovation by using the LightGBM algorithm for the first
time. Among them, this research summarizes the high-dimensional characteristic variables of the
floating population from related studies and studies whether the characteristics of the floating
population can predict enterprise innovation to a large extent. Moreover, it is further analyzed the
characteristics and prediction model of the floating population with a high degree of prediction of
enterprise innovation. It is found that: (1) On the whole, the prediction ability to float population
characteristics for enterprise innovation is weak. That is, the maximum lifting effect is 3.031%. (2)
Among many floating population characteristics, LnCPCM and PFS features ranked fifth and seventh,
respectively. population mobility scale and the proportion of the inter-provincial floating population
have a higher ability to predict enterprise innovation. (3) Through the visual analysis of the SHAP
model, the relationship between the scale of population flow and the proportion of inter-provincial
floating population and enterprise innovation presents a nonlinear characteristic different from the U-
shaped relationship in previous studies. Based on analyzing the impact of the interaction of
characteristics on enterprise innovation, it is found that after the population flow scale is 35% and the
logarithm of the proportion of the inter-provincial floating population reaches 4.4, the model trend
shows a population crowding effect, which is consistent with previous theories. (4) It is tested that the
population crowding effect has an impact on enterprise innovation through mechanisms o such as
human capital, which is consistent with previous research.

This research opens a new dimension of the research on the characteristics of floating population
and enterprise development in China: the ability to float population characteristics to predict enterprise
innovation. It is of great significance for an in-depth understanding of the role of the floating
population in enterprise development. Based on machine learning methods and predictive models,
there is still a broad research space to explore in the future. First of all, Scholars can use machine
learning methods combined with non-structural data to construct variables that cannot be directly
observed to reveal the important characteristics of the floating population that have not been proved
in theory. Second, similar models in this study can explore the ability to float population characteristics
to predict other indicators of enterprises.
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