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Identifying urban vitality is the key to optimizing the urban structure. Previous studies on urban multisource data and urban
vitality often assume that they follow a predefined (linear or nonlinear in terms of parameters) relationship, and few studies
have explored the causality of urban multisource data on urban vitality. The existing machine learning methods often pay
attention to the correlation in the data and ignore the causality. With the continuous emergence of new needs, its
disadvantages gradually begin to appear and face a series of urgent problems in interpretability, robustness, and fairness. In
this paper, we use a combination of causal inference and machine learning to deeply explore and analyze the causal effects of
multisource data on the 16 administrative districts of Shanghai, taking Shanghai as an example. The analysis results show that
each data indicator has different degrees of influence on the urban vitality of the 16 administrative districts of Shanghai,
resulting in different heterogeneous effects, and through the analysis result, each administrative district can better optimize
urban resources and improve urban vitality according to its situation. This discovery guides urban planning and has

enlightenment significance for cities seeking construction facility investment and facility construction-oriented development.

1. Introduction

The concept of “urban vitality” was proposed by Jane Jacobs
in “The Death and Life of Great American Cities.” With the
unprecedented global urbanization since the 20th century,
large cities have witnessed economic prosperity and cultural
diffusion and due to the rapid growth of population in cen-
tral cities, the severe shortage of urban infrastructure capac-
ity has brought about traffic congestion, environmental
pollution, traffic chaos, operational inefficiency, etc. In addi-
tion, the expansion of cities has also led to residential
vacancy, population loss, and degradation of ecosystems
and these problems have seriously constrained the sustain-
able development of cities. A growing number of studies
have used urban vitality to understand the complex relation-
ships of urban disruption, and creating urban vitality is cru-
cial for developing urban centers. We need to understand
the spatial-scale causal effects of urban multisource data on

urban vitality in order to better optimize urban resource
allocation to further stimulate urban vitality. Causal infer-
ence on the spatial extent of urban multisource data can help
us analyze the essence of the problem and provide a new way
to alleviate the problems of unbalanced resource allocation
and blind urban expansion.

With the advent of the big data era, we can make full use
of urban multisource data to explore the urban structure and
the laws behind it. Compared with the data obtained from
traditional questionnaires, the urban vitality analysis based
on big data can allow us to obtain a wide variety of temporal
and spatial data about the city, with the help of which, we
can build a model from the traditional way to the identifica-
tion of spatial causal effects. Causal inference is a process of
identifying the causes that lead to an outcome. It refers to the
relationship between quantities, where a change in one
quantity is the cause of a change in another quantity. Causal
reasoning is a broad scientific framework rather than a set of
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methods and has gained wide popularity in several fields
such as medicine, economics, and education.

In statistics, correlation is not the same as causality. The
existence of a correlation between two variables in an event
does not mean that a change in one of the variables is caused
by a change in the other variable. Because there are often
confounding factors in an event that may affect both vari-
ables, it is impossible to say that there is a causal relationship
between the two variables. Therefore, we want to explore the
degree of influence of one variable on the other and we must
perform a causality analysis, not a correlation analysis.

Sung et al. (2015) tested the importance of built environ-
ment features and assessed their relative importance in pro-
moting urban vibrancy; Liu et al. [1] proposed a method to
extract vibrancy zones and integrate spatiotemporal feature
clustering to analyze the spatiotemporal distribution pat-
terns of vibrancy zones and their correlation with land use.
Although there are papers studying the correlation of spatio-
temporal distribution patterns of urban vitality, association
Not Causation. In this paper, we design a causal inference
method combined with machine learning to identify spatio
causal effects using multiple sources of Shanghai data.

Thus, the contributions of this paper are as follows.

(1) The first proposal is to use causal machine learning
models to explore the impact of multisource data
on urban dynamics

(2) It is more robust and rational and interpretable than
the traditional direction of correlation research

(3) Planning recommendations are given for each ward
to improve urban vitality

The rest of the paper is organized as follows. Section 2
gives a brief review of urban vitality. Section 3 describes
the causal machine learning method and analysis of the spa-
tio causal effects of urban vitality. Section 4 detailed causal
analysis for each administrative region. At last, Section 5
concludes the research and points to future research
directions.

2. Related Work

Creating urban vibrancy has been the focus of urban plan-
ners [2]. The vitality of cities stems from people and their
activities in space [3]. Attoe and Logan [4] argue that behav-
iors associated with everyday urban life are the basis and
starting point of urban vitality. Lynch argues that vitality is
the level of support for life and the demands on ecology
and humanity [5]. These important theories lay the founda-
tion for the study of urban dynamics.

Urban vitality is an important basis for evaluating urban
development and spatial balance. In the era of big data, the
quantitative analysis of urban vitality has become a research
hotspot in the field of urban sustainable development and
planning research [1]. Jacobs [6] and Lynch [7] define urban
vitality as the ability of an urban system to sustain its inter-
nal survival, growth, and development, which evolves from a
satisfactory urban form. Montgomery [2] describes urban
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vitality as the degree to which the urban atmosphere is
active.

Urban vitality is the source and key engine of urban
development [8], which is commonly used in the quality
assessment of urban development. It reflects human activi-
ties in different places and times [9]. It also reflects the
essential elements for achieving quality of life in cities, which
results from good urban form, developed urban functions,
and adequate urban activities [10]. Urban morphology
understands urban vitality as the urban life and activities
shaped and influenced by the urban spatial form [11]. From
the perspective of urban sociology, scholars understand cit-
ies as the reflection and existence of economy, society, and
culture and urban vitality consists of three parts: economic
vitality, social vitality, and cultural vitality [12] which dem-
onstrate the ability of cities to provide facilities and spaces
for the activities of their residents.

The concept of urban vitality states that urban vitality is
shaped by the continuous human activity in the area during
the day, rather than by the crowd gathering effect during
peak hours [6]. Urban vitality can be measured in two ways:
objectively by measuring the level of activity in a place and
subjectively by measuring people’s perceptions of the vitality
of a place. Assessing urban vitality in a traditional data envi-
ronment is mainly based on a qualitative perspective or
through field observations and questionnaires [13]. For
example, March et al. [14] noted that measuring vibrancy
should take into account the different experiences required
for a healthy life. Sung & Lee [13] conducted a telephone
survey to examine the daily walking activities of Seoul resi-
dents, further revealing the link between the residential envi-
ronment and walking activities. As the importance of cities
as consumption centers has increased, the measurement of
economic vitality has gradually shifted from macroproduc-
tion indicators to the level of the consumer economy and
scholars have begun to experiment with POI [15]. The spa-
tial distribution characteristics of economic dynamism have
been characterized by the use of data such as POI and public
reviews [16].

Urban spatial vitality is an urban activity based on the
influence of the urban spatial form. A vibrant city can con-
tribute to a better performance of the spatial layout and thus
respond to the constant challenges faced by cities [17]. Rapid
population expansion and a severe shortage of urban infra-
structure capacity have brought about problems such as traf-
fic congestion, environmental pollution, disorder, and
operational inefficiency. These problems have seriously con-
strained the sustainable development of cities [18-22].
Therefore, it is urgent to deeply analyze the spatiotemporal
dynamic characteristics of urban human spatial activities
and their relationship with urban resource allocation, so as
to provide a reliable basis for urban infrastructure construc-
tion and optimal resource allocation. The study of the urban
spatiotemporal dynamics model provides a new way to alle-
viate the problems of blind urban expansion and unbalanced
resource allocation [1].

Many scholars are currently researching the factors
influencing urban vitality [23]. Yang et al. [24] illustrated
the nonlinear association and synergistic effect relationship
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between metro access and land use and urban vitality in
Shenzhen. Lu et al. [25] studied the impact of the built envi-
ronment on the city. Xia et al. [26] analyzed the spatial rela-
tionship between urban land-use intensity and urban vitality
at the neighborhood level. Liu et al. [27] used a method
based on principal component analysis to quantitatively
evaluate the economic vitality of cities in the Yangtze River
Delta. Lopes and Camanho [28] studied the impact of the
public green space utilization on urban vitality. Lan et al.
[29] investigated how population inflow and social infra-
structure affect urban vitality. Yue and Zhu [30] conducted
a study on the relationship between urban vitality and street
centrality based on retrospective data of social networks in
Wuhan. Sulis et al. [31] proposed a computational approach
for urban vitality by analyzing new forms of spatial data to
obtain quantitative measures of urban quality, which are
often used to assess cities. Yue et al. [32] explored the rela-
tionship between neighborhood vitality and the mix and
diversity of POIs using a linear regression model.

In general, the current directions are mainly (1) center-
ing on the influence of certain factors on urban vitality, such
as population flow, public green space, and built environ-
ment [13, 24-30] and (2) proposing a linear or nonlinear
model to explore the connection between multisource data
and urban vitality [1, 13, 31, 32]. Although these methods
have their own advantages, the problem with these direc-
tions is that they cannot exclude the influence of confound-
ing factors other than the study object on urban vitality and
the results obtained lack interpretability and rationality.

3. Methodology

3.1. Data and Variables. The study used multisource data
from Shanghai. Shanghai has a total land area of 6,340
square kilometers and a population of about 25 million. It
is one of the four top-tier cities in China—Beijing, Guang-
zhou, and Shenzhen. This study focuses on the 16 adminis-
trative districts of Shanghai, Pudong New Area, Huangpu
district, Xuhui district, Changning district, Jing’an district,
Putuo district, Hongkou district, Yangpu district, Minhang

district, Baoshan district, Jiading district, Jinshan district,
Songjiang district, Qingpu district, Fengxian district, and
Chongming district.

3.1.1. Socioeconomic Data. The socioeconomic data used in
this study mainly include data on the resident population
and its density and built environment. The resident popula-
tion is the number of people who have lived in the city for
more than six months. This indicator is different from the
household population, which may not live in the city. The
resident population is a better indicator of the actual popu-
lation distribution in a city. Permanent population data
and built environment data are obtained by consulting the
yearbook of each region.

3.1.2. Point of Interest (POI). The POI data used in this study
were obtained from AMAP (Gaode Map), one of the largest
map search engines and providers in China. AMAP is part
of the Beijing-based company AutoNavi, which provides a
free application programming interface to collect data from
different layers and functions. The POI data were labeled
for all types of facilities. These POIs are divided into 14 cat-
egories: textile and food, restaurants, transportation, compa-
nies and businesses, retail and wholesale, scientific,
educational and cultural services, government and organiza-
tions, residential, finance and insurance, sports, healthcare,
public facilities, hotels and entertainment, and scenic spots.
We selected the more representative points of interest of
food and beverage services; scientific, educational, and cul-
tural services; health care services, public life services; scenic
spots; and transportation facility services. The variable name
and variable description are shown in Table 1. The impor-
tance of variables and details is shown in Table 2.

The “city vitality index” goes beyond the “economy-
centered” city development evaluation model and takes into
account the development goals of building new cities and the
existing development level of cities in China and designs the
following calculation method for the city vitality index: point
of population (Pop), point of land use (Polu), point of POI
(Ppoi), and urban vitality score (UvS).

Pop = (Ba % Pd) * 0.00001, (1)
Pol (Fas % 0.05 + Ass * 0.25 + Sofs * 0.2 + Ssa * 0.15 + Sma * 0.15 + Saa * 3 + Asfa * 10 + Spa * 0.03) 2)
olu = ,
area of the district
Ppoi = (Fsd # 0.15 + Sed * 0.25 + Hsd * 0.25 + Lsd * 0.2 + Dss * 0.1 + Td  0.05) * 100, (3)
UvS = (Pop + Polu + Ppoi)~0.5. (4)

We cannot always count all the poi points in a certain
place when we count the POI of each district, but we think
that the proportion of the number of poi points in each dis-
trict is almost constant, so we use all the detected poi points
in a certain district in a certain year as the base and divide it
by the total number of such poi points in Shanghai, and the

percentage that we get can be considered real and valid for
calculation. Restaurants include general and fast-food res-
taurants, tea or coffee shops, pastry stores, and cold-drink
stores. The health care service business includes all kinds
of hospitals, clinics, pharmacies, emergency centers, etc. Sce-
nic facilities include tourist attractions, parks and squares,
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TaBLE 1: Variable name and variable description.

Variable name

Variable description

Building area

Population density

Land use

Factory area share

Area share of science and education zone
Share of office floor space

Share of shopping area

Share of medical area

Share of accommodation area

Area share of film and theater area
Share of park area

POI

Food service density

Science and education service density
Health service density

Life service density

Density of scenic spots

Transportation density

Total floor area of the administrative district (10,000 square meters)

Total population of the administrative district/total floor area (people/km?)

Factory floor area/total floor area of the district
School floor area/total floor area of the district
Oftice building floor area/total floor area of the district
Floor area of the mall/gross floor area of the district
Hospital floor area/gross floor area of the district
Hotel floor area/gross floor area of the district
Theatre floor area/total floor area of the district

Park floor area/gross floor area of the district

Number of restaurant POIs/total restaurant POIs

Number of science and education service POIs/total Edu POIs

Number of health service POIs/total number of health POIs
Life service POI volume/total life POI volume

Number of scenic POI/number of scenic POI

Number of transportation POIs/total number of transportation POIs

TaBLE 2: Importance of variables and details.

Categories Variables Importance part Details
Max Min Mean
_ _ Building area (Ba) 0.001 1210.41 20.46 396.2831
Point of population . .
Population density (Pd) 0.01 34315 577 13024.688
Factory area share (Fas) 0.05 5986 123 1762.688
Area share of school (Ass) 0.25 777 86 237.75
Share of office floor space (Sofs) 0.2 2120 80 560.6042
) Share of shopping area (Ssa) 0.15 1820 102 509.6041
Point of land use .
Share of medical area (Sma) 0.15 130 9 47.8125
Share of accommodation area (Saa) 0.03%100 384 23 94.91667
Area share of film area (Asfa) 0.1%100 15 1 4.58333
Share of park area (Spa) 0.03 790.38 16.99 194.0304
Food service density (Fsd) 0.15 0.234502 0.11793 0.065625
Science and education service density (Sed) 0.25 0.212796 0.01 0.064312
) . Health service density (Hsd) 0.25 0.23233 0.01724 0.063125
Point of interest (POI) ] ) )
Life service density (Lsd) 0.2 0.28812 0.001 0.06351
Density of scenic spots (Dss) 0.1 0.19126 0.02 0.06291
Transportation density (Td) 0.05 0.355389 0.01 0.106465

churches, temples, and other monuments. Life service facili-
ties include courier services, business offices, offices, sales
outlets, barber stores, banks, and travel agencies. Scientific,
educational, and cultural services include schools, research
institutions, training institutions, media institutions, and
various knowledge and cultural pavilions. Transportation
facility services include airports, railway stations, port termi-
nals, various stations, and subway stations. Table 3 shows
that the vitality index has been calculated and ranked for

the last three years for each administrative region. The heat
map of urban vitality is shown in Figure 1.

3.2. Causal Machine Learning Preliminary. The type of ques-
tion that machine learning is currently very good at answer-
ing is the predictive one. Compared to simple linear models,
machine learning models allow for more flexible relation-
ships between dependent and independent variables and
thus are better able to capture complex nonlinear
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TaBLE 3: Vitality index of each administrative region.

Administrative district Score 1 Rank Score o Rank Score 200 Rank
Pu dong 8.809499 1 8.868721 1 8.952615 1
Huang pu 6.390004 2 6.311164 2 6.517 2
Min xing 6.146185 3 6.03454 3 5.835692 3
Jing an 5.791503 4 5.627998 4 5.667912 4
Xu hui 5.502869 5 5.326254 6 5.256 6
Bao shan 5.236984 6 5.078386 5 5.305133 5
Yang pu 5.200576 7 5.289908 7 5.028372 8
Hong kou 5.169065 8 5.062258 8 5.232655 7
Pu tuo 5.086245 9 4.972422 9 4.970099 9
Song jiang 5.027535 10 4.96695 10 4.941703 10
Jia ding 4.776406 11 4.776305 11 4.877614 11
Chang ning 4.660506 12 4.524272 12 4.7015 12
Qing pu 4.064888 13 4.21615 13 4.291804 13
Feng xian 3.957069 14 4.012427 14 4.267434 14
Jin shan 3.306435 15 3.35312 15 3.757067 15
Chong ming 3.011241 16 3.026724 16 3.069579 16
Chongming

Baoshan

Jiading

Fengxian

300
Low

FIGURE 1: 2018 heat map of urban vitality index by district.



relationships between variables and are also better able to
exploit the information embedded in nonnumerical vari-
ables to improve predictive accuracy [33] and we can do
all kinds of wonderful things with machine learning things.
The only requirement is that we define our problem as a pre-
diction problem.

But the current machine learning is only used as a special
function f(x) that can be fitted to the data or to fit some
polynomial distribution. But just a simple superfitting func-
tion is unable to understand the deep abstract relationship
behind it like the human brain does and needs to be inferred
from the logical relationship of facts to be more intelligent.

ML is not a panacea. It can perform miracles under very
tight bounds, but it can be very ineffective if it uses data that
deviates slightly from what the model is used to. ML is
known to perform poorly on these types of reverse causality
problems. They ask us to answer “what if” questions, which
economists call counterfactuals. What would happen if
instead of this price, I currently demanded a different price
for a commodity? What would happen to urban vitality if I
reduced the amount of green space in my city?

The core of the abovementioned question is causal infer-
ence, and we would like to know the answer. The causal
effects estimated by causal inference studies are mainly
obtained from the differences between the actual observa-
tions of the observed samples and their hypothesized or con-
structed counterfactual results, and the presence of the
aforementioned influencing factors can affect the accuracy
of the counterfactual results to varying degrees and conse-
quently cause potential bias in the estimates of causal
effects [34].

The reason why it is very difficult to solve the abovemen-
tioned problem is mainly that the link is not causal. For
example, if a reduction in urban green space shows a
decrease in urban vitality, is it true that the reduction in
urban green space leads to a decrease in urban vitality?
The answer is obviously not. If we need to study the effect
of green space on urban vitality, we need to remove other
urban data and estimate it unbiasedly.

Currently, in the fields of economic and financial poli-
cies, public policies, and health policies, there is an increas-
ing interest in the response of individuals or subgroups to
a particular policy or measure [35-37]. With the predictive
superiority of machine learning methods, combined with
causal inference, it can be better for unbiased estimation
and be applied to the estimation of the abovementioned het-
erogeneity effects, which will be a very promising direction
for theoretical research and practical application.

There are multiple different analytical frameworks for
causal inference research, and the two main types of main-
stream research nowadays are the “structural causal model
(SCM)” [38] and the “potential outcome (PO) framework”
[39]. The SCM framework can be described as a mathemat-
ical representation of a causal graph, where causality is a set
of structural equations consisting of a series of nonlinear and
nonparametric equations, and the causal effect is considered
as the difference between the fact and the counterfactual. In
the PO framework, the causal effect is viewed as the differ-
ence between the actual outcome of the sample in the exper-
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iment and the potential outcome that results from being
subjected to randomization.

In terms of theoretical model representation, there are
major differences between the SCM framework and the PO
framework, with the SCM framework being more concerned
with portraying complex relationships between variables and
using cause-effect diagram tools to visually analyze and
explain the relationships between various variables. How-
ever, as pointed out by [40], the PO framework has advan-
tages over the SCM framework in five areas relative to the
SCM framework: premise assumptions, economic theory
relevance, model simplicity, heterogeneity assumptions,
and experimental design. Therefore, this paper also intends
to analyze the causal effects of urban multisource data on
urban dynamics by using causal inference under the PO
framework.

To analyze the impact of specific city data on urban
vitality, we introduce a machine learning approach com-
bined with causal inference to unbiasedly estimate the spatial
impact of city-specific data on urban vitality in Shanghai.

To better illustrate the study that follows, we introduce
some notation. The fundamental problem of causal infer-
ence is that something happens and we cannot observe its
counterfactual because there are confounding variables. To
solve this problem, we will conduct a study on potential out-
comes, which we will call factual outcomes and nonoccur-
rence outcomes, counterfactuals. Use Y, to denote a
potential outcome where event i does not occur; Y,; denotes
a potential outcome where event i occurs. With the potential
outcomes, we can define the individual treatment effect:

ITE=Y,; =Yy, (5)
Usually, we focus more on the average treatment effect:
ATE=E[Y, - Y. (6)

The difference between supervised learning and causal
inference is shown in Figure 2.

3.3. Construct the Causal Machine Learning Model. The pro-
cessing flow of causal inference is shown in Figure 3.

In social science, it is often difficult to conduct a truly
“randomized” social experiment, so it is necessary to make
full use of the actual observed data to create “randomized”
conditions as much as possible. In reality, the observed data
are biased, i.e., there are features X that affect both the target
outcome OutcomeY and TreatmentT. Then, before causal
modeling, we need to perform a debiasing process so that
TreatmentT is independent of feature X, and only the effect
of TreatmentT on OutcomeY is of interest.

3.3.1. Randomized Controlled Trial (RCT). After that, causal
modeling can be performed.

In causal inference, we use the do-operator to implement
the randomized controlled experiment hypothesis, i.e., the
hypothesis does (T = t) represent the effect of using a Treat-
mentT on OutcomeY in a randomized social experiment
without any confounding factors. After using the do-
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Supervised machine learning

Model (W,X,Y) = Label

Find the proper parameters to
make the model prediction close to
the label

<W, X, Y>

Cross-validation

Cause inference

Model (W,X,Y) = potential outcome
Difference between potential and
actual results predicted by the model
under the same conditions

<W, X, Y>

Refute

Prediction Decision-Making
FIGURE 2: Supervised learning vs causal inference.
Identify the t t Estimat 1 ;
Causal model en ‘fY, ¢ targe SHmae casud Refute estimate
estimand effect

Causal
effect

FIGURE 3: The process of constructing causal inference.

operator again, ATE can be represented as follows:

ATE=E[Y|do(T=1) - Y|do(T =0)] )
=E[Y|do(T =1)] - E[Y|do(T = 0)].

A central problem in many data-driven decision making
scenarios is the estimation of the heterogeneous treatment
effects (HTE). To briefly recall, our goal is to compute the
average treatment effect (ATE), i.e., what is the causal effect
of the intervention (T) on the output outcome (Y) for a
sample with a particular feature set. In the analysis of the
impact of urban multisource data on urban dynamics, since
we need to analyze a specific variable, we need to calculate
the CATE (conditional average causal effect conditional
average treatment effect):

CATE=E[Y, - Y,|X=X),
CATE = E[Y(do(T = 1)|X = x;] - E[Y (do(T = 0) X = x;].

(®)

Condition X means that we now allow treatment effects
to vary depending on the characteristics of each unit,
because not all conditions respond well to treatment, and
we want to take advantage of this heterogeneity to identify
the causal effects of different conditions.

We can estimate the effect of conditional treatment in a
certain way denoted by SY/ST; in this way, we can estimate
the different CATE or elasticity of each partition, the elastic-
ity being the slope of the function from T to Y. Thus, being
able to generate partitions where the slope or elasticity is dif-
ferent means that entities on these partitions respond differ-
ently to the treatment.

Causal inference focuses on the unbiased estimation of
feature effects on the target, and machine learning excels in
giving accurate predictions. Double machine learning [41]
combines the approach of causal inference with machine
learning and uses a causal forest [42], which not only
achieves a better sample than the traditional nearest neigh-
bor matching method matching results, but also has point-



by-point consistency and asymptotic normality in the esti-
mation of heterogeneous causal effects. In this paper, we
use CausalForestDML abbreviated as DML to explore the
impact of analyzing urban multisource data on urban vitality
and we attempt to assess the causal effect of multisource data
on urban vitality rather than the correlation between
variables.

Next, we need to perform causal effects for estimation,
which needs to be modeled first, using conditional outcome
modeling: conditional outcome modeling (COM):

T=Ey[E[Ydo(T=1)|X=x;] - [E[Ydo(T=0)|X=x], (9)

where 7 is the causal effect that we want.

To estimate the causal effect, the most straightforward
idea is to model the two expectations shown using a causal
forest. As mentioned before, we only care about the effect
of TreatmentT on OutcomeY, so we can first regress T using
X to get a residual of T, then regress Y using X to get a resid-
ual of Y, and finally regress Y using the residual of T resid-
uals, and the estimated parameter is the CATE that we want.

(Y- (Y ~X)~(T-(T~X))

(10)
Y = E[Y;[Xj] =7+ (T; - E[T}|X}]) + .
Thus, the specific DML method came out, the core idea
of which is that the machine learning algorithm predicts T
and Y based on X and then regresses the residuals of Y using
the residuals of T.

—

Y- M, (X)) =7 (Y- M(X)) ve, (1)

where X/I;(Xl) modeling E[T|X] and M, (X,) modeling E[Y
|X].

Why is it that DML can debias?

In fact, the key is M, (X ;), which implements the debias-
ing of treatment. The residual of T can be viewed as the
amount left after removing the action of X on T from T.
The residual of T is then independent of X.

And the role of I/I;(Xi) is to remove the variance of Y,

i.e., the variance of Y caused by X is removed from Y.

DML is an algorithmic framework to obtain unbiased
CATE estimation even if the W (nuisance parameter) esti-
mation is biased by residual estimation moments (obeying
Neyman orthogonality) during the study of HTE (heteroge-
nous treatment effect).

Finally, the residual modeling is then regressed, i..,
CATE is obtained.

Next, we model the paper in the specific context of this
paper.

We construct DML models to analyze the spatial causal
effects of urban multiple-source data on urban dynamics.
The following table is used to represent the labels of DML-
related variables. The notations of DML are shown in
Table 4.

The process for assessing urban vitality by causal infer-
ence is shown in Figure 4.
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In this paper, the 2018 year and the 16 administrative
districts of Shanghai are used as control variables because
we need the same year and district to infer the heteroge-
neous treatment effect of urban multisource data on urban
dynamics HTE. In addition to setting the other urban multi-
source data except as study variables to X, the goal is to esti-
mate without any bias 0(X). If we can achieve this goal, the
causal inference between Y and T can be captured as a way
to better understand the heterogeneous causal effects of
urban multisource data on urban dynamics.

First, we construct the linear regression DML model as
equations (1) and (2) for discussion.

Y=0(X)T+g(X,W)+U, whereE[UIX,W]=0, (12)

T=f(X,W)+V, whereE[V|X, W]=0, (13)
where g(X, W) and f(X, W) are trained using two machine
learning methods and U and V are random noise. 0 is a
parameter representing the causal effect. Given the exact
parameters X and control variables W, the effect of urban
research data on urban dynamics can be inferred.

In order to estimate 8(X), (12) can be converted to (14)
as follows:

Y -E[Y|X, W] =0(X)(T - E[T|X, W]) + U. (14)
After that, we use random forest to train two models g

(X, W) and f(X, W) to represent the two expectations in
(14).

g(X, W) =E[Y|X, W], 5
f(X, W) =E[T|X, W]. 1)

In the next step, equation (14) can be expressed in terms
of the residuals of the actual and predicted values, as shown
in equation (16):

Y- g(X, W) =0(X)(T-f(X,W))+U. (16

Finally, we can get 6(X)as in equation (17), the esti-
mated value of 8(X) using random forest to train the final
model.

0(X) = argminE[(Y ~ q(X, W)) = 0(X)(T - f(X, W))].
(17)

How can we assess the validity of the causal effects that
we derived? We use the refutation method to verify.

3.3.2. Effect Estimates for Our Causal Estimator. The main
rebuttal is made using the following methods.

(1) Adding random common causes: the robustness of
causal inference is tested by estimating whether the
method will change its estimates after adding a con-
founder as a common cause to the dataset. Expected
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TaBLE 4: Notations of DML.

Notations Variables Descriptions

Y Outcome variable Urban vitality at Y at S (suburb)

T Treatment variable Study-specific city data at Y

X Features Excluding study-specific city data

w Control variable Precipitation at stage Y, S

0(X) Treatment effect Given X, how much influence TreatmentT has on OutcomeY
X
Y

Causal effect for each
administrative region

DML

Loop 15 indicators ~ Importance of each Optimize urban

asT indicator in the structure to improve
administrative urban vitality
region

FIGURE 4: Process for assessing the causal effects of urban multisource data on urban vitality.

value: the new causal effect is similar to the previous
causal effect

(2) Adding unobserved variables: it adds an unobserved
confounding variable to the dataset and whether the
estimation method changes its estimate. Expected
value: the new causal effect is similar to the previous
causal effect

(3) Placebo treatment: what happens to the estimated
causal impact when replacing real variables with
independent random variables? Expected value: the
new causal effect tends to be close to zero

The estimated values are shown in Table 5.

We can conclude that the overall robustness of causal
inference is still relatively stable and there are some discrep-
ancies in some individual indicators, so the heterogeneous
causal effects that we derived using DML are more
convincing.

To compare more clearly the differences between the
previous work and our model, we have selected some repre-
sentative work for comparison; the results are shown in
Table 6.

4. Results

A heat map of causal effects is shown in Figure 5.

Taking the 2018 data as an example, we take 15 indicators
in turn as T to analyze their causal effects on the 16 adminis-
trative regions of Shanghai. After debiased estimation by the
abovementioned modeling method, the relative contribution
of each indicator in each region to the region can be obtained,
as a way to explore the analysis of which indicator in the
region has a greater impact on the importance of the urban
vitality index in the region. We conduct the analysis as follows:

4.1. Pudong New Area Analysis. Pudong New Area is a
municipal district of Shanghai, named after its location east
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TaBLE 5: Urban multisource data robustness test for causal inference for each data (bold = poor effect).

Data refute

Random vs new random

Unobserved vs new unobserved

Placebo vs new placebo

0.00239 vs 0.001315
0.0597 vs 0.0600
0.465 vs 0.482
0.168 vs 0.178
0.326 vs 0.300
1.700 vs 2.00
1.0373 vs 0.966
—4.0220 vs —11.722
0.358 vs 0.358
2090.452 vs 149.234
1944911 vs 154.735
2144.268 vs 176.677
1461.368 vs 230.915
1980.187 vs —36.0728

0.00239 vs 0.000488
0.0597 vs 0.000823
0.465 vs —0.129
0.168 vs —0.000200
0.326 vs 0.0222
1.700 vs —0.340
1.0373 vs —0.0881
—4.0220 vs —1.40567
0.358 vs —0.00456
2090.452 vs 102.148
1944911 vs 78.394
2144.268 vs —317.822
1461.368 vs —100.435
1980.187 vs —131.854

Human 0.00239 vs 0.00144
Factory 0.0597 vs 0.0588
School 0.465 vs 0.444
Office 0.168 vs 0.175
Shop 0.326 vs 0.311
Hospital 1.700 vs 1.380
Hotel 1.0373 vs 0.980
Theater —4.0220 vs —11.437
Park 0.358 vs 0.387
Restaurant 2090.452 vs 1991.236
Edu 1944911 vs 1780.390
Health care 2144.268 vs 2060.782
Life 1461.368 vs 1520.191
Scenery 1980.187 vs 2093.490
Transport 249.075 vs 366.321

249.075 vs 83.696 249.075 vs —24.373

TABLE 6: Results of comparison with previous work.

Research name Research area Research variables Methods Relationships
[27] Yangtze River Delta region Economy Principal component analysis Correlation

[28] 174 European cities Public green space Data envelopment analysis technique ~ Correlation

Yue et al.,2019 [30] Wuhan Street centrality Spatial regression models Correlation

Sung et al.,2019 [13] Seoul Walking activity Multilevel regression models Correlation

Lu S et al.,2019 [25] Beijing and Chengdu Social media check-in data Regression model Correlation

Our research Shanghai Multisource data Causal machine learning Causality

of the Huangpu River. Pudong is bordered by Fengxian dis-
trict and Minhang district in the south, Xuhui district,
Huangpu district, Hongkou district, Yangpu district, and
Baoshan district in the west and Chongming district in the
north, across the Huangpu River. According to the data of
the 7th census, Pudong New Area has a resident population
of 5,681,512. Pudong New Area is an important transporta-
tion hub in Shanghai and an advanced international logistics
port. Air transportation, railroad rail transportation, and
intercity highway together build a trinity of water, land,
and air transportation system. The Pudong River Bridge,
submarine tunnel, Maglev trains, and subway lines form a
dense transportation network.

The contribution of the causal effect values of each indi-
cator in Pudong New Area relative to the 16 districts accord-
ing to the model is as follows: human (16), factory (1),
school (1), office (7), shop (1), hospital (1), hotel (10), the-
ater (1), park (1), restaurant (1), Edu (1), health_care (10),
life (1), scenery (1), and transport (1). The contribution of
each indicator to regional vitality in Pudong New Area is
shown in Figure 6.

Pudong New Area ranks first among the 16 administra-
tive districts in the urban vitality. As one of the fastest-
growing administrative districts in Shanghai since the
reform and opening up, Pudong New Area’s ranking of the

relative contribution to the multisource data, 11 indicators
ranked first among the districts. However, Office is ranked
7th, and hotel, health_care is ranked 10th. Next, Pudong
New Area should build on its strengths and find ways to
improve some supporting facilities of office, hotel, and
health_care to further stimulate the city’s vitality.

4.2. Huangpu District Analysis. Huangpu district, which is
part of Shanghai, is located at the southwest end of the con-
fluence of Huangpu River and Suzhou River. According to
the data of the 7th census, the resident population of
Huangpu district was 662,030. As the urban origin and
transportation hub center of Shanghai, Huangpu district
has a very convenient three-dimensional transportation
network.

The contribution of the causal effect values of each indi-
cator in Huangpu district relative to the 16 districts accord-
ing to the model is as follows: human (12), factory (4),
school (4), office (12), shop (14), hospital (10), hotel (14),
theater (10), park (6), restaurant (12), Edu (8), health_care
(16), life (11), scenery (13), and transport (10). The contri-
bution of each indicator to regional vitality in Huangpu dis-
trict is shown in Figure 7.

Huangpu district ranks second among the 16 adminis-
trative districts in the urban vitality. Among the 15
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FIGURE 5: A heat map of causal effects by administrative regions of factory in 2018.

indicators of Huangpu district, factories, schools, theaters,
and parks are highly competitive and play a major role in
the district’s urban vitality but the two indicators of hotels
and health services play a smaller role in the district’s urban
vitality. Considering that Huangpu district is located in the
city center and hotels are more expensive, we can consider
the next two indicators to improve urban services and fur-
ther stimulate urban vitality.

4.3. Xuhui District Analysis. Xuhui district, a district under
the jurisdiction of the city of Shanghai, is located in the
southwestern part of the central city of Shanghai, adjacent
to Huangpu district in the northeast, facing the Huangpu
River in the east and looking across the river from Pudong
New Area, divided from Minhang district in the west, and
bordering Jing’an district and Changning district in the
north. According to the data of the 7th census, the Xuhui
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FiGUure 6: Contribution of each indicator to regional vitality in Pudong New Area in 2018.
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Ficure 7: Contribution of each indicator to regional vitality in Huangpu district in 2018.

district resident population is 1,113,078. Xuhui is one of the
central urban areas in Shanghai that completed the trans-
formation of old areas earlier. Xuhui focuses on the devel-
opment of information technology, modern biomedicine,
new nanomaterials, and other high-tech industries, the for-
mation of the district industrial electronic information
industry, and biomedical industry development on an
industrial scale. Xuhui territory has Shanghai Jiaotong
University, East China University of Science and Technol-
ogy, Shanghai Normal University, and other institutions of
higher learning: Shanghai Botanical Garden, Shanghai

Song Qingling Former Residence Memorial Hall, and
Xujiahui source for the national 4A-level tourist
attractions.

The contribution of the causal effect values of each indi-
cator in Xuhui district relative to the 16 districts according
to the model is as follows: human (13), factory (5), school
(5), office (13), shop (10), hospital (8), hotel (15), theater
(5), park (9), restaurant (9), Edu (6), health_care (13), life
(10), scenery (10), and transport (7). The contribution of
each indicator to regional vitality in Xuhui district is shown
in Figure 8.
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F1GUre 8: Contribution of each indicator to regional vitality in Xuhui district in 2018.

Xuhui district ranks fifth among the 16 administrative
districts in the urban vitality. Xuhui district has many local
colleges and universities, so schools and education are the
main indicators to drive the district’s urban vitality, and con-
sidering a large number of local students, the district can add
more supporting infrastructure, increase cultural and recre-
ational facilities, and develop high-tech industries to further
stimulate urban vitality.

4.4. Changning District Analysis. Changning district is
located in the western part of the central city of Shanghai,
connecting Jing’an district to the east, Minhang district to
the west and southwest, Xuhui district to the southeast,
and Putuo district to the north with the Wusong River
(Suzhou Creek) as the boundary. According to the data of
the 7th census, 693,051 people reside in Changning district.
Changning has the most concentrated foreign-related high-
standard residential business office complex in Shanghai,
Gubei New District, Xinhua road, the traditional high-class
residential area of old Shanghai, Hongqiao Garden Villa Dis-
trict, middle- and high-class residential areas along Suzhou
River, and ordinary new village residential areas. Changning
district is strategically located with convenient transporta-
tion and is the “Y” pivot point where the Shanghai-
Nanjing and Shanghai-Hangzhou development axes con-
verge and are the “bridgehead” connecting Shanghai to the
Yangtze River Delta.

The contribution of the causal effect values of each indi-
cator in Changning district relative to the 16 districts
according to the model is as follows: human (2), factory
(11), school (7), office (11), shop (13), hospital (14), hotel
(5), theater (13), park (13), restaurant (15), Edu (16),
health_care (6), life (15), scenery (16), and transport (11).
The contribution of each indicator to regional vitality in
Changning district is shown in Figure 9.

Changning district ranks 12th among 16 administrative
districts in terms of urban vitality. Changning district is
mainly a residential area, so schools, hotels, and office build-
ings with high population density are the indices that mainly
stimulate the urban vitality of the district, and the district
can develop more facilities for people’s convenience to fur-
ther optimize resources to enhance urban vitality.

4.5. Jing’an District Analysis. Jing’an district is part of Shang-
hai, located in the center of Shanghai, with six districts adja-
cent to the east and Huangpu district, Hongkou district,
Baoshan district as neighbors; west Changning district,
Putuo district, and Baoshan district border; south of Changle
road, and Xuhui District interface; and north and Baoshan
district border. According to the data of the 7th census, Jin-
gan district’s resident population is 975,707 people. Jing’an
district is strategically located, with convenient transporta-
tion, and is well connected by rail, elevated, subway, bus,
and other transportation networks and is known as Shang-
hai’s “northern gate on land.”

The contribution of the causal effect values of each indi-
cator in Jing’an district relative to the 16 districts according
to the model is as follows: human (14), factory (3), school
(3), office (14), shop (12), hospital (5), hotel (16), theater
(8), park (4), restaurant (10), Edu (4), health_care (15), life
(8), scenery (9), and transport (6). The contribution of each
indicator to regional vitality in Jing’an district is shown in
Figure 10.

Jing’an district ranks fourth among the 16 administrative
districts in the urban vitality. Jing’an district is located in the
northern part of Shanghai’s center and has an advantageous
location, which has a strong positive effect on urban vitality
in many indicators, but the contribution of office areas,
shopping malls, hotels, and health care to the district’s urban
vitality is relatively weak and has some potential, so the dis-
trict can further optimize these resources in depth.
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F1GURE 9: Contribution of each indicator to regional vitality in Changning district in 2018.
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Ficure 10: Contribution of each indicator to regional vitality in Jing’an district in 2018.

Therefore, the district can further optimize the allocation of
these resources to better stimulate urban vitality.

4.6. Putuo District Analysis. Putuo district, which belongs to
Shanghai, is located in the northwest of Shanghai’s central
urban area and is the starting point of the Shanghai-
Nanjing development axis, as well as an important land gate-
way and transportation hub connecting Shanghai with the
Yangtze River Delta and the Mainland. It is bordered by
Jiading district and Baoshan district to the west and north
and by Jing’an district and Changning district to the east

and south. According to the data of the 7th census, Putuo
district had a resident population of 1,239,800. It is the start-
ing point of the Shanghai-Nanjing development axis and an
important land gateway and transportation hub connecting
Shanghai to the Yangtze River Delta and the Mainland.
The contribution of the causal effect values of each indi-
cator in Putuo district relative to the 16 districts according to
the model is as follows: human (6), factory (10), school (16),
office (16), shop (15), hospital (11), hotel (11), theater (11),
park (16), restaurant (16) Edu (15), health_care (11), life
(16), scenery (14), and transport (14). The contribution of
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FiGure 11: Contribution of each indicator to regional vitality in Putuo district in 2018.

each indicator to regional vitality in Putuo district is shown
in Figure 11.

The urban vitality of Putuo district ranks ninth among
the 16 administrative districts. The contribution of each of
the 15 indicators of Putuo district to the urban vitality of
the district is relatively average, with certain advantages in
factories, hospitals, and theaters. The district should find
advantages unique to the district, such as developing some
industries with special characteristics and building more
parks to stimulate the urban vitality of the district.

4.7. Hongkou District Analysis. Hongkou district, a district
under the jurisdiction of the city of Shanghai, is located in
the northeastern part of the central city of Shanghai, border-
ing Yangpu district in the east, adjoining Jing’an district in
the west, looking across the river from Pudong New District
and adjacent to Huangpu district in the south, and bordering
Baoshan district in the north. According to the data of the
7th census, Hongkou district has a resident population of
757,498.

The contribution of the causal effect values of each indi-
cator in Hongkou district relative to the 16 districts accord-
ing to the model is as follows: human (1), factory (8), school
(6), office (10), shop (16), hospital (15), hotel (7), theater
(14), park (2), restaurant (13), Edu (12), health_care (9), life
(14), scenery (15), and transport (8). The contribution of
each indicator to regional vitality in Hongkou district is
shown in Figure 12.

Hongkou district ranks eighth among the 16 administra-
tive districts in the city vitality, with one indicator ranking
first among the 16 administrative districts, which is human,
and the second indicator of park, which is very competitive
in these two indicators, but life, and scenery are relatively
weak; the district should improve the supporting facilities

around park and increase recreational activities to further
stimulate urban vitality.

4.8. Yangpu District Analysis. Yangpu district, a part of
Shanghai, is located in the northeastern part of Shanghai’s
central city, on the northwestern bank of the lower Huangpu
River, across the river from Pudong New Area to the west of
Hongkou district, and the north from Baoshan. According
to the data of the 7th census, 1,242,548 people reside in
Yangpu District. Yangpu is located in one of the four major
subcenters of Shanghai and one of the ten major commercial
centers, the new Jiangwan city, the third-generation interna-
tional community in Shanghai, the Tongji Knowledge-
Economy Circle, the Dalian Road Headquarters R&D Clus-
ter, and the East Bund, where the world’s top 500 companies
gather. Yangpu is rich in scientific and educational
resources, with 14 colleges and universities located in the
area, the number of which exceeds one-third of the total
number of colleges and universities in Shanghai, and is
known as the “central district of Shanghai’s universities.” It
is known as the “central district of Shanghai”, including
Fudan University, Tongji University, Shanghai University
of Finance and Economics, Shanghai University of Technol-
ogy, Second Military Medical University, and other
universities.

The contribution of the causal effect values of each indi-
cator in Yangpu district relative to the 16 districts according
to the model is as follows: human (10), factory (7), school
(10), office (15), shop (11), hospital (7), hotel (12), theater
(6), park (14), restaurant (14), Edu (11), health_care (12),
life (13), scenery (12), and transport (12). The contribution
of each indicator to regional vitality in Yangpu district is
shown in Figure 13.

Yangpu district ranks seventh among the 16 administra-
tive districts in the city vitality. The district has many
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FiGgure 12: Contribution of each indicator to regional vitality in Hongkou district in 2018.
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F1cure 13: Contribution of each indicator to regional vitality in Yangpu district in 2018.

colleges and universities and is highly competitive in factory,
school, shop, and theater. Next, it is recommended that the
district improves the supporting facilities around colleges
and universities, develops diversified entertainment facilities,
and increases innovation to further stimulate the city’s
vitality.

4.9. Minhang District Analysis. Minhang district is a part of
Shanghai, located in the middle of Shanghai, shaped like a
“key,” bordering Xuhui district and Pudong New District
in the east, Fengxian district in the south by Huangpu River,

Songjiang district and Qingpu district in the west, and
Changning district and Jiading district in the north. Accord-
ing to the data of the 7th census, 2,653,489 people reside in
Minhang district. The construction of the core area of the
southern Shanghai Science and Innovation Center is at full
speed. Focusing on the south of Minhang, the south river-
side area around Jiaotong University and Huashi University,
the “Big Zero Bay Global Innovation and Entrepreneurship
Cluster” will be built, with 300,000 square meters of new sci-
ence and innovation carriers along Jianchuan road and
Canyuan road. After the incubation space for innovation



Wireless Communications and Mobile Computing

and entrepreneurship, four enterprises have landed. During
the year, 81 projects were awarded above municipal level sci-
ence and technology progress awards.

The contribution of the causal effect values of each indi-
cator in Minhang district relative to the 16 districts accord-
ing to the model is as follows: human (15), factory (2),
school (2), office (8), shop (2), hospital (2), hotel (13), the-
ater (2), park (8), restaurant (2), Edu (2), health_care (14),
life (2), scenery (2), and transport (2). The contribution of
each indicator to regional vitality in Minhang district is
shown in Figure 14.

Minhang district urban vitality ranks third among 16
administrative districts, with a superior geographical loca-
tion and a number of indicators in the top 15 indicators.
Minhang district should take advantage of its superior geo-
graphical location to increase the development of transpor-
tation support facilities, but office is relatively weak, and
the district can make up for the weakness by supporting
more office with the advantage of transportation to further
stimulate urban vitality.

4.10. Baoshan District Analysis. Baoshan district is located in
the north of Shanghai, bordering the Yangtze River in the
northeast, the Huangpu River in the east, adjoining Yangpu,
Hongkou, Jing’an, and Putuo in the south, bordering Jiading
District in the west, and neighboring Taicang city in Jiangsu
province in the northwest. According to the data of the 7th
census, 2,235,218 people reside in Baoshan district. Located
at the intersection of Huangpu River and Yangtze River,
Baoshan is the “waterway gateway” of Shanghai, connecting
more than 400 ports in 164 countries and regions by sea,
with container throughput accounting for more than 70%
of Shanghai’s port, and well-developed intermodal transpor-
tation and inland river shipping; on land, it has formed a
well-connected transportation network of railroads, rail-
ways, and highways. Hongqiao and Pudong international
airports are within half an hour’s drive away.

The contribution of the causal effect values of each indi-
cator in Baoshan district relative to the 16 districts according
to the model is as follows: human (8), factory (13), school
(15), office (9), shop (4), hospital (6), hotel (9), theater (4),
park (15), restaurant (11), Edu (10), health_care (7), life
(12), scenery (6), and transport (13). The contribution of
each indicator to regional vitality in Baoshan district is
shown in Figure 15.

Baoshan district ranks sixth among the 16 administrative
regions in the city vitality. Baoshan district has certain
advantages in the 15 indicators of shop, hospital, theater,
and scenery more forward, but the population is small, so
Baoshan district should attract a large number of talents
and improve the transportation infrastructure to further
stimulate urban vitality.

4.11. Jiading District Analysis. Jiading district, which belongs
to Shanghai, is located in the northwestern part of Shanghai.
According to the data of the 7th census, 1,834,258 people
reside in Jiading district. In 2018, 21 new municipal science
and technology small giant (incubation) enterprises were
added to Jiading district and the number of municipal sci-
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ence and technology small giant (incubation) enterprises in
the district reached 207 times.

The contribution of the causal effect values of each indi-
cator in Jiading district relative to the 16 districts according
to the model is as follows: human (9), factory (6), school
(12), office (6), shop (9), hospital (4), hotel (8), theater (7),
park (3), restaurant (8), Edu (5), health_care (8), life (4),
scenery (4), and transport (16) (available for year analysis).
The contribution of each indicator to regional vitality in
Jiading district is shown in Figure 16.

The urban vitality of Jiading district ranks 11th among
16 administrative districts, and hospital, park, Edu, life,
and scenery have a greater contribution to urban vitality in
each index, but transport is at the last of all districts, which
indicates that the transport system of Jiading district is rela-
tively backward, which largely restricts the impact of urban
vitality, and next, we need to increase the improvement of
the transportation system to further enhance the city vitality.

4.12. Jinshan District Analysis. Jinshan district is part of
Shanghai, a distant suburb in the southwest of Shanghai,
located south of the Yangtze River and on the south bank
of the upper Huangpu River in China, bordering Fengxian
district in the east, Songjiang district and Qingpu district
in the north, and Pinghu and Jiashan in Zhejiang province
in the west. According to the data of the 7th census, the res-
ident population of the Jinshan district was 822,776.

The contribution of the causal effect values of each indi-
cator in Jinshan district relative to the 16 districts according
to the model is as follows: human (5), factory (16), school
(14), office (3), shop (7), hospital (13), hotel (2), theater
(15), park (12), restaurant (5), Edu (14), health_care (2), life
(9), scenery (11), and transport (4). The contribution of each
indicator to regional vitality in Jinshan district is shown in
Figure 17.

Jinshan district urban vitality ranks 15 among 16 admin-
istrative districts, at the seaside so some tourist facilities have
strong competitiveness, in shop, hotel, restaurant, health_
care, and other indicators which contribute to the urban
vitality of the district; the district should continue to
improve tourism resources while strengthening the con-
struction of transport infrastructure to further attract people
to improve urban vitality.

4.13. Songjiang District Analysis. Songjiang district, located
in the southwestern part of Shanghai, has a long history
and culture and is known as the “root of Shanghai.” It is
located in the upper reaches of Huangpu River, neighboring
Minhang district and Fengxian district in the east, bordering
Jinshan district in the south and southwest, and bordering
Qingpu district in the west and north. According to the data
of the 7th census, the resident population of Songjiang dis-
trict was 1,909,713.

The contribution of the causal effect values of each indi-
cator in Songjiang district relative to the 16 districts accord-
ing to the model is as follows: human (11), factory (9),
school (9), office (5), shop (3), hospital (3), hotel (6), theater
(3), park (5), restaurant (4), Edu (3), health_care (5), life (3),
scenery (3), and transport (15). The contribution of each
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F1cure 15: Contribution of each indicator to regional vitality in Baoshan district in 2018.

indicator to regional vitality in Songjiang district is shown in
Figure 18.

Songjiang district urban vitality ranks 10 out of 16
administrative districts. Songjiang district has a notable con-
tribution to urban vitality in 15 indicators, but the contribu-
tion of the transport indicator is relatively small because
there are fewer subway lines and imperfect transportation
facilities in Songjiang district, which limit urban vitality, so
Songjiang district should further improve transportation
facilities to enhance urban vitality.

4.14. Qingpu District Analysis. Qingpu district, a municipal
district of Shanghai, China, is located in the west of Shang-
hai, downstream of Taihu Lake and upstream of Huangpu
River. It is adjacent to Minhang district in the east, bordered
by Songjiang district and Jinshan district in the south, and
Jiashan county in Jiaxing city, Zhejiang province, connected
to Wujiang district and Kunshan city in Suzhou city, Jiangsu
province in the west, and Jiading district in the north.
According to the data of the 7th census, the resident popula-
tion of Qingpu district was 127,424.
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The contribution of the causal effect values of each indi-
cator in Qingpu district relative to the 16 districts according
to the model is as follows: human (3), factory (12), school
(8), office (4), shop (5), hospital (9), hotel (4), theater (9),
park (7), restaurant (6), Edu (7), health_care (4), life (5),
scenery (5), and transport (9). The contribution of each indi-
cator to regional vitality in Qingpu district is shown in
Figure 19.

The urban vitality of Qingpu district ranks 13 out of 16
administrative districts. Qingpu district has a relatively aver-

age contribution of each index to the urban vitality of the
district among 15 indexes, and since Qingpu district is in a
more remote place in the west of Shanghai, where the popu-
lation density contributes relatively more to the urban vital-
ity of the district, the district needs to increase the
improvement of the infrastructure and further attract talents
to improve the urban vitality.

4.15. Fengxian District Analysis. Fengxian district, which
belongs to Shanghai, is located at the southeastern end of
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the Yangtze River Delta, in the south of Shanghai, bordering
Pudong New Area to the east, Jinshan district and Songjiang
district to the west, Hangzhou Bay to the south, and Min-
hang district to the north across the Huangpu River.
According to the data of the 7th census, Qingpu district
has a resident population of 1,140,872.

The contribution of the causal effect values of each indi-
cator in Fengxian district relative to the 16 districts accord-
ing to the model is as follows: human (4), factory (14),
school (13), office (2), shop (6), hospital (12), hotel (3), the-
ater (12), park (10), restaurant (7), Edu (9), health_care (3),

life (7), scenery (7), and transport (5). The contribution of
each indicator to regional vitality in Fengxian district is
shown in Figure 20.

Fengxian district’s urban vitality ranks 14 out of 16
administrative districts. Fengxian district is located in the
south of Shanghai near the sea, with good tourism resources
and a good air environment, so human, office, shop, care,
life, scenery, and transport contribute a lot to the urban
vitality of this district, and next, Fengxian district should
give full play to the advantages of tourism resources, and
at the same time, further next, Fengxian district should make
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F1cure 21: Contribution of each indicator to regional vitality in Chongming district in 2018.

use of the advantages of tourism resources and further  according to the model is as follows: human (7), factory
improve transportation and other infrastructure to attract (15), school (11), office (1), shop (8), hospital (16), hotel

people and improve urban vitality. (1), theater (16), park (11), restaurant (3), Edu (13),
health_care (1), life (6), scenery (8), and transport (3). The
4.16. Chongming District Analysis. Chongming district, ~ contribution of each indicator to regional vitality in
under the Shanghai municipality, is located at the mouth ~ Chongming district is shown in Figure 21.
of the Yangtze River. The whole district is flat and consists Chongming district’s urban vitality ranks 16 out of 16
of Chongming, Changxing, and Heng Sha islands. Accord-  administrative districts. Chongming is the largest estuarine
ing to the data of the 7th census, Chongming district has a  alluvial island in the world and the third largest island in
resident population of 637,921. China after Taiwan and Hainan. The climate is suitable,
The contribution of the causal effect values of each indi-  the environment is beautiful, and the tourism resources are

cator in Chongming district relative to the 16 districts very competitive. Among the 15 indicators, human, office,
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shop, hotel, restaurant, health_care, life, scenery, and trans-
port contribute a lot to the city’s vitality. Chongming district
should give full play to the advantages of its tourism
resources, do a good job of supporting facilities for tourism
resources, and try to do more advertising, and at the same
time, because it is located on the island, it can add more
cruise services and find ways to increase the flow of people
to enhance the vitality of the city.

In general, to improve their urban dynamics, boroughs
should first focus on the top ranking of these indicator var-
iables for themselves, as these are the indicators that contrib-
ute the most to them. Figure 22 shows the performance of
each borough under each indicator. In the case of theater,
for example, Pudong, Baoshan, Minhang, and Songjiang
perform better, so these regions still need to focus on their
strengths in the theater.

According to our model, the urban vitality indices of Pu
dong, Huangpu, Minhang, and Jingan are in the top 4 of the
16 administrative regions, while the urban vitality indices of
remote areas are lower, indicating that the urban vitality of
Shanghai gradually decreases from the central city core to
the urban periphery, while the urban vitality of several old
urban areas is almost on par with that of the new ones,
showing a polycentric. This indicates that Shanghai’s urban
vitality gradually decreases from the central core to the
periphery of the city. Over the past three years, the overall
index of Shanghai’s urban vitality has been on an upward
trend, reflecting the increase in urban vitality and Shanghai’s
competitiveness.

We find that Pudong, one of the centers of Shanghai, has
strong economic vitality, but it is sparsely populated and has
room for further growth, while Xuhui, Huangpu, Yangpu,
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and Hongkou, even though they are still in the center of the
city, are hampered in their development of urban vitality
because they are sparsely populated and should further opti-
mize their industrial structure and develop high-precision
industries to enhance urban vitality. Changning district is
mainly a residential area, so it can develop more facilities
for people’s convenience to Yangpu district; Hongkou,
Putuo, Jing’an, Baoshan, and Jiading should improve the
transportation, cultural, and recreational industries; Min-
hang district has strong transportation advantages and can
support more commercial industries to increase vitality,
and Chongming, a suburb, is far away from the city center,
but it relies on tourism to make its leisure and entertainment
industries not inferior to the city center. To sum up, we
believe that Shanghai needs to make more efforts in develop-
ing the economy of noncenter areas, increasing investment
in education, medical care, technology, and social security
to attract the population, and build more urban green areas
and public spaces in the future.

Shi et al. [43] concluded that Shanghai urban vitality
shows a monocentric spatial pattern decreasing gradually
from the center to the periphery and Shanghai urban vitality
shows a significant positive spatial correlation in space and
regional vitality is influenced by the surrounding areas. It
is suggested to increase the vitality level of suburban areas,
attract the population, and build more public spaces to meet
people’s activity needs.

Yue et al. [44] concluded that urban vitality in Shanghai
declines from the urban core but also shows a polycentric
vitality pattern; suburban large transportation infrastructure
has a negative impact on urban vitality; it is suggested to
strengthen the development of new subcenters and pay
attention to the coordination of built environment planning
and human activities.

Yue et al. [23] concluded that the urban development of
Shanghai shows a “monocentric” pattern decreasing from
the central city to the peripheral city; the built environment
of Pudong New Area tends to be monotonous compared to
the vibrant old city of Shanghai; the urban population activ-
ity tends to decrease from the center to the periphery.
Shanghai’s urban vitality seems to be closely related to urban
planning, and it is recommended that urban planning
should be carried out carefully.

Previous authors have well corroborated our view in dif-
ferent degrees and perspectives, proving again the validity of
our model.

Different from previous studies on urban vitality, this
paper proposes a new causal machine learning-based eval-
uation model for exploring urban vitality changes, which
provides a causal analysis of urban vitality and unbiased
estimation of the impact of multisource data indicators
on each district as well as their relative contribution, to
better optimize urban resources and improve urban vital-
ity. The research in this paper provides a new perspective
for the study of urban vitality, which can help us better
understand the relationship between urban multisource
data and urban vitality, and the results of the study can
provide a decision basis for the government to formulate
relevant policies.
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5. Conclusion

In this paper, we design a framework combining causal
inference and machine learning to evaluate the spatial causal
effects of urban multisource data indicators on urban vital-
ity. This paper is the first to combine causal inference with
machine learning to unbiasedly estimate the contribution
of each indicator to urban vitality, understand the situation
of each region, and optimize urban resources for better
urban vitality.

The shortcomings of this paper and future work only
consider the spatial causal effects of urban indicators on
urban vitality in isolation, without considering changes over
time evolution. In addition, causal representation learning
methods that integrate deep learning methods and causal
inference have great potential in representing complex
potential causal effects between urban multisource data
and urban vitality, which can be explored in more aspects
in the future deeper causal effects.
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The data used to support the findings of this study are
included within the article.
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