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ASSESSING TOURISM AND REGIONAL ECONOMIC INEQUALITY
IN CHINESE CITIES: SPATIAL ANALYSIS BASED
ON POI BIG DATA AND MACHINE LEARNING

This paper presents an overall examination of the interlinkage relationships concerning regional
policy, tourism, and economic inequality through the Chinese case. The research objectives are to evalu-
ate the causal effect of the Western Development Strategy (WDS) and provide information regarding
the spatial distribution of tourism facilities at the level of Beijing city through the application of con-
temporary data and advanced methodologies. To achieve the objectives of this study, there are two
interconnected empirical research components. The first research component provides a compilation
of findings from existing spatial Regression Discontinuity Design (RDD) studies concerning the impact
of the Western Development Strategy (WDS). In addition, descriptive statistics from the years 2000 to
2020 are used. The findings of the mentioned researches confirm the existence of a positive effect of the
WDS regarding the tourism sector across the targeted regions. This effect is demonstrated through the
relative enhancement of the gross regional product’s tourism revenue part at a level of approximately
5.9%—6.7 %. The results of the mechanism approach confirm the indirect support of the WDS regard-
ing the tourism sector through the enhancement of the relevant investments in the sector’s infrastructure
and the extension of the Tax Incentive Schemes. The second research component investigates the spatial
distribution of tourism and leisure facilities in the primary city districts of the city of Beijing through the
application of POI big data information concerning the relevant sector. Additionally, the findings of the
research will be used concerning the information of the relevant sector’s POI big data. Machine learning
algorithms and decision trees will be employed for the identification of the best locations suitable for
the allocation of tourism facilities. The accuracy level of the model achieves the remarkable figure of
approximately 83.5 %. The four basic factors that affect the spatial distribution of tourism facilities are
hotel density, vicinity to shopping malls, transport accessibility levels, and the relevant sector’s POI big
data information regarding the city’s relative population. The results can contribute to the development
of an empirical standard regarding the RDD method in the field of tourism economics and the applica-
tion of POI big data information concerning Al through the enhancement of the effect of regional policy
concerning the mitigation of regional inequality levels.

Keywords: urban tourism, inequality, POI data, machine learning, China.
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KbiTalt KaraAapblHAQ TYPU3M MEH aliMaKTbIK, SKOHOMMKAAbIK, TEHCI3AIKTI OaFaAay:
POI yAKkeH AepekTepi MeH MalLMHaAbIK, OKbITyFa Heri3AeAreH KeHiCTiKTiK Taaaay

byA Makanaaa Kpitai MblCaAbIHAQ AMMAKTbIK, CAsSiCaT, TYPU3M >KOHE IKOHOMMKAADBIK, TEHCI3AIK apa-
CbIHAAFbI ©3apa GarAaHbICTap KelleHAl TYpAe TaAAaHaAbl. 3epTTeyAiH MakcaTbl — baTbiCTbl AambITy
cTpaTeruscbiHbiH, (Western Development Strategy — WDS) Typuamre acepiH ceben-carsapAblk, TypFbi-
AaH Garanay keHe berxiH Kaaacbl AeHreriHAe Typu3M MHMPAKYPbIAbIMbIHBIH KEHICTIKTIK YATiAepiH
3amMaHayu AepekTep MeH aAicTep apKblAbl cunatTay. Ocbl MakcaTTa 3epTTey eKi e3apa TOAbIKTbIPY-
Wbl AMMUPMKAABIK, 6aFbITTbl KaMTUABI. BipiHwi 6arbiTta WDS asicbiHAaFbl aiMaKTbIK, CasiCaTTblH Ty-
pV3M AaMyblHa TUTi3eTiH 8cepi KeHiCTIKTIK perpeccusiAbiK, AMCKOHTUHYYM AM3aiiHbl (spatial Regression
Discontinuity Design — RDD) saicimeH 6araraHAbl. bya TaciA reorpausiabik, wekapa 60MbiHAA Op-
HaAacKaH KaAaAnapabl «emaeAylli» (WDS ascbiHaQ) skeHe «bakpiaay» (WDS cbipTbiHAQ) TONTapra Ge-
AN CaABICTBIPY apKblAbl CasicaTTblH, Ta3a 8CepiH aHbIKTayFa MyMKIHAIK Gepeai. DMNUPUKAABIK, HOTU-
xeaep WDS-TiH Typu3m CEKTOPbIHbIH AaMyblHa OH XK8HE CTaTUCTMKAAbIK TYPFblAQ MOHAI acepi 6ap
€KeHiH KepceTTi: TYpU3M KipiCiHiH, XaAMbl 6HiPAIK 6HIMAETT YAeCi WwamameH 5,9—6,7 % apaAblfblHAQ
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apTKaH, aA acep 2013 »bIAFa AeliH TypakTbl CakTaAfaH. MexaHmamaik Taapay WDS-TiH Typusmai
MHPaKYPbIAbIMFA MHBECTULIMIAAPADB! YAFAUTY >KOHE CAAbIKTbIK bIHTAAQHAbIPYAQP >KYMECIH KEeHenTy
APKbIAbI >KaHama KOAAAMTbIHbIH KepceTTi. ExiHwi GarbiTTa berxiH KaAacblHbIH HEri3ri KaAaAbIK, ay-
AQHAQPbIHAAFbI TYPU3M XKOHE AEMAaAbIC HblCaHAAPbIHbIH KeHICTIKTiK yAriaepi POl (Point of Interest)
YAKEH AepekTepi, AeMorpadmaAbIK, KOPCETKILLTEP KoHe KOAIK MH(PaAKYPbIAbIMbI AepeKkTepi HerisiHae
3epTTeAai. MalMHaAbIK, OKbITY 8AICTEpPi, COHbIH, ilWiHAE LWeLliM aFalllbl MOAEAI, TYPUCTIK HbICAaHAQPADI
OPHAAACTbIPYAbIH OHTAMAbI aiMaKTapbiH aHbIKTaY YLIiH KOAAAHBIAABI; MOAEAbAIH BOAYKAMAbBIK, ASAAITI
83,5 %-Abl Kypaabl. Typr3m MHDPAKYPbIAbIMBIHBIH LUOFbIPAAHYbIHA KOHAKYMAEPAIH, ThIFbI3AbIFbI, Cay-
AQ OPTaAAbIKTaPbIHbIH, XKaKbIHABIFbI, KOAIK KOAXKETIMAIAIT »K&HEe XaAblK, TbIFbI3AbIFbl 6ACTbl hakTopAap
peTiHAE alKbIHAQAABL. 3epTTey HaTMXXeAepi Typu3M 3KOHOMMKACbIHAQ RDD aAiciH KOAAQHY apKbIAbl
ceben-canAapAbIK, TaAAQYAbIH SMIMMPUKAAbIK, CTaHAAPTbIHA yAeC Kocbirn, POl yAkeH aepekTepi MeH ma-
LLIMHAABIK, OKbITYAbl OIPIKTIPYAIH aiMaKTbIK, TEHCI3AIKTI a3aiTy >XoHe KAAaAbIK, XXOCMapAayAbl OHTai-
AQHAbBIPY YLiH MPAKTUKAABIK, MYMKIHAIKTEPIH KepceTeA,.
TyiiH ce3aep: KaraAblk Typu3M, TeHCi3aik, POl aepekTepi, MalMHaAbIK, OKbITy, KbiTai.
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OueHka TypuM3ma U perMoOHaAbHOr0O 3KOHOMMYEeCKOro HepaBeHCTBa B ropoAax Kuras:
NPOCTPAHCTBEHHbIM aHaAM3 HAa ocHOBe POI-00AbLLIMX AQHHBIX
M METOAOB MALLIMHHOIO 00y4eHus

B cTaTbe KOMNAEKCHO aHaAM3MPYIOTCS B3aMMOCBS3M MEXKAY PErMOHAABHON MOAUTMKON, TYPU3MOM
M 3KOHOMMYECKMM HEPaBeHCTBOM Ha npumepe Kutag. LleAb nccaeaoBaHms — NPUUMHHO-CAEACTBEHHAs
oLleHKa BAMSHMS cTpaTerMmn passutus 3anasa (Western Development Strategy — WDS) Ha Typusm m
OnMcaHMe NPOCTPAHCTBEHHbIX MOAEAEN TYPUCTCKON MHPPACTPYKTYPbI HA YPOBHE ropoaa NekunH ¢ nc-
MOAb30BaHMEM COBPEMEHHbIX AQHHbBIX M METOAOB. AASI AOCTMXKEHMS STOM LeAn paboTa BKAIOYAET ABA
B3aMMOAOMOAHSIIOLLMX AMIMPUYECKNX HanpaBAeHMs. B nepBom HanpaBAeHMM BAMSHME PErvMOHAAbHOM
noAnTMKM B pamkax WDS Ha pa3Butie Typr3ma OLEeHMBAETCS C MOMOLLbIO METOAQ MPOCTPAHCTBEHHOIO
perpeccMoHHOro AMCKOHTUHYYM-AM3aiiHa (spatial Regression Discontinuity Design — RDD). 3ToT noa-
XOA MO3BOASIET BblISIBUTb UMCTbIA 3(PDEKT MOAUTMKM 32 CYET CPABHEHMS TOPOAOB, PACMOAOXKEHHbIX
BAOAb reorpamyeckoi rpaHuLibl, OTHECEHHBIX K «AeuebHOM» (BHyTpr WDS) M «KOHTPOAbHOWM» (BHE
WDS) rpynnam. IMnmpuyeckme pedyAbTaTbl MOKA3bIBAOT MOAOXKUTEAbHOE M CTAaTUCTUYECKM 3HAUMMOe
BAMgaHMe WDS Ha pasBuTre TypUCTCKOro CeKTOpa: AOASt AOXOAOB OT TypU3Ma B BAAOBOM PErmoHaAb-
HOM MPOAYKTE YBEAMUMBAETCS MPUMEPHO Ha 5,9-6,7 %, npu 3ToM adpekT coxpaHsetcs Ao 2013
road. MexaHm3amHbIN aHaAn3 AeMoHCTpupyeT, 4To WDS KOCBEHHO NoAAEp KMBaET TYPU3M 3a CHET yBe-
AVYEHUS MHBECTULMI B MHAPACTPYKTYPY M PACLLMPEHMS CUCTEMbI HAAOTOBbIX CTUMYAOB. BO BTOpOM
HamnpaBAEHWN MCCAEAYIOTCS MPOCTPAHCTBEHHbIE MATTEPHb! PA3MELLEHNS TYPUCTCKMX M PEKPEaLMOHHbIX
00bEKTOB B OCHOBHbIX FOPOACKMX paioHax [NekuHa Ha ocHoBe aaHHbix POI (Point of Interest), aAemo-
rpadmyecknx nokasareAen n nHopMauumn O TPAHCMOPTHOM MH(PACTPyKType. MeToAbl MALLMHHOIO
00yueHus, BKAIOYAS MOAEAb PELLAIOLLErO AepeBa, MCMOAb30BaHbl AAS BbISIBAEHWS OMTUMAAbHbIX 30H
pa3meLLeHUs TYPUCTCKMX OBbEKTOB; MPOrHOCTUYECKAst TOUHOCTb MOAEAN coCTaBAseT 83,5 %. B kaue-
CTBe KAIOYEBbIX (DAKTOPOB KOHLIEHTPALMM TYPUCTCKOM MHDPACTPYKTYPbl BbIIBA€HbI MAOTHOCTb FOCTH-
HUWL, 6AM30CTb TOProBbIX LEEHTPOB, TPAHCMOPTHAS AOCTYMHOCTb M MAOTHOCTb HaceAeHUsl. Pe3yAbTathi
MCCAEAOBAHMS BHOCST BKAQA B (DOPMMPOBAHUE IMMMPUYECKOrO CTaHAAPTA MPUUYNHHO-CAEACTBEHHOIO
AHAAM3a B 3KOHOMMKeE Typu3ma € npumeHeHrem RDD 1 AeMOHCTPUPYIOT NpakTUYeCcKmii NOTEHUMAA CO-
yeTaHust 6oAbLIMX AaHHbIX POl 1 MalMHHOrO 06YyUEHMS AASI CHUXKEHMSI PErMOHAABHOTO HEPABEHCTBA,
M ONTMMM3ALMN FOPOACKOrO MAQHMPOBAHMSI.

KAtoueBble CAOBa: rOPOACKONM Typu3M, HepaBeHCTBO, AaHHble POI, MalumHHoe o6yveHne, Kutan.

Introduction

Urban tourism and the provision of leisure fa-
cilities in the city can be considered a crucial part
of modern-day city development and regional eco-
nomic policy. This development helps the efficient
coordination of the city’s infrastructure network and
increases its tourism value, which also leads to the

improvement of the city’s residents’ quality of life
and helps develop the city’s economy. The city’s
tourism also promotes its global image and has a
multiplier effect in the labor market and the service
sector (Loh, W. Y., 2011: 14).

In the past few years, the city has grown to be
one of the preeminent tourism destinations in the
nation. The city’s tourism industry has been pro-
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jected as one of the prime factors influencing the
growth of the economy due to the inflow of visi-
tors from across the world. The above-mentioned

points give sufficient reasoning to study models of
tourism development in the following ways (Fig-
ure 1).

Infrastructure
mvestments

Tax incentives

Regional
policy
(WDS)

Tourism
Development
(income, visitors,
infrastructure)

Figure 1 — Concrete models of tourism development
Note — compiled by the author

The above-mentioned factors currently require
drastic research through various models of studying
the opinions of the general public through various
surveys and observations. However, in recent years,
the increasing usage of big-data analytics to promote
decision-making in the field of geographical loca-
tions has raised popularity due to its capability to
provide information regarding the location through
various models of POI data points, geographical in-
formation of various social sites, and location infor-
mation of various mobile network operators (Wu,
S., 2025: e0298056).

In addition, the regional development policy of
the PRC has also had the same effect on the geo-

graphic pattern of tourism development. Since the
beginning of the twenty-first century, the Chinese
government has been promoting the Western Devel-
opment Strategy (WDS). The aim of the WDS has
been to eliminate the development lag of the western
part of the PRC and to address the inequality of soci-
ety as a whole. The WDS has been identified as the
longest regional policy of the post-reform era. In the
context of the WDS, the target has been to improve
the economic prospects of the twelve provinces and
the development prospects of the five autonomous
regions. The first stage of the research focused on
analyzing the trends in tourism revenue, detailed in
the following table (Table 1).

Table 1 — Tourism revenues in China, 2000—2020 (in billion USD). The table includes data to illustrate the trends and key indicators

of the tourism sector.

Year Domestic tourism revenue Inbound tourism revenue Share of the western region
(bn USD) (bn USD) (%)
2000 317 bn USD 100 bn USD 10 %
2010 1257 bn USD 228 bn USD 18 %
2020 3995 bn USD 440 bn USD 25%
Note — compiled by the author
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As shown in the table, tourism revenues from
domestic and inbound flows in China demonstrated
a steady growth trajectory between 2000 and 2020.
In 2000, domestic tourism generated 317 billion
yuan and inbound tourism 100 billion yuan, whereas
by 2020 these figures had increased to 3,995 billion
yuan and 440 billion yuan respectively. Thus, reve-
nues from inbound tourism grew by approximately a
factor of 4.4. From a regional perspective, the share
of tourism income attributable to the western regions

of China also rose markedly — from 10% in 2000 to
25% in 2020. This shift underscores the important
role of tourism in stimulating economic activity in
the western and central provinces of the country and
in mitigating interregional income disparities (Fan,
C. C., 2008: 18).

In addition, the expansion of tourism has had a
positive effect on the national labour market, par-
ticularly by contributing to the creation of new jobs
in the service sector (Table 2).

Table 2 — Changes in employment in tourism and the service sector in China, 2000-2020 (in thousands of employees). The table
includes data to illustrate the trends and key indicators in employment within the tourism and service sectors.

Industry 2000 year (number of people) | 2020 year (number of people) Change (%)
Tourism and services 3.1 million people 8.9 million people +187%
Industry and construction 10.5 million people 14.8 million people +41%
Note — compiled by the author

The findings indicate that between 2000 and
2020, the number of people employed in tourism
and related service sectors in China increased sub-
stantially. Whereas in 2000 these sectors employed
3.1 million people, by 2020 this figure had risen to
8.9 million, representing an increase of 187%. For
comparison, employment in industry and construc-
tion grew by only 41% over the same period. These
data demonstrate that tourism has become an im-
portant economic factor in diversifying the national
labour market and generating new jobs (Gao, S.,
2017: 446—467). Furthermore, the development of
the tourism industry and increased investment in re-
gional infrastructure have contributed to a marked
reduction in poverty levels in the western regions
(Table 3).

Table 3 — Dynamics of poverty levels in Western China, 2000—
2020

Year Share of the populati(?n living
below the poverty line %
2000 20.3%
2010 10.5%
2020 0.6%
Note — compiled by the author

According to Table 3 above, the rate of poverty
in the western regions of China has dropped from
20.3% to 0.6% from the year 2000 to the year 2020.

This makes it clear that the development of tourism
and the economic policy of the region has been quite
effective. The development of the tourism sector
through the development of the sector’s infrastruc-
ture has helped in improving the income levels of
the people and has reduced the levels of poverty by
a factor of 33 (Qin, X., 2023: 359-385).

The existence of rich natural, historical, and cul-
tural resources in the western region has facilitated
the positioning of the tourism sector as the “back-
bone” of the regional economy. According to statis-
tical information, from 2002 to 2010, the revenue of
the tourism sector of Western China recorded a dra-
matic growth from 18.36 billion US dollars to 103.7
billion US dollars, while the number of tourists also
jumped from 304.6 million to over 1 billion. How-
ever, there has been insufficient research carried out
from the scientific community about whether this
growth can be accredited to the direct results of the
application of the WDS policy or the overall growth
of this sector at the national level (Qian et al., 2021:
101552).

In this context, the objectives of the current
study are to find the causal effect of regional policy
on the development of tourism and to develop effi-
cient ways of planning city tourism based on spatial
information. In general, the study will address the
following objectives:

- to assess the effect of WDS on the tourism sec-
tor within a causal framework through a spatial Re-
gression Discontinuity Design (spatial RDD).
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- to determine
the mechanisms
of the policy’s impact
and the extent of its effect
on regional economic
disparities through the

- to assess
the effect of WDS
on the tourism sector
within a causal framework
through a spatial Regression
Discontinuity Design

(spatial RDD).
investment and/
or institutional

and leisure facilities in the
city of Beijing through the
application of POI big data
provision of infrastructure

- to
examine the spatial
distribution of tourism

- developing
data-driven
recommendations for
the planning of tourism
infrastructure in the city and
the reduction of regional
inequality based on the
empirical findings
derived.

and machine learning
algorithms;

Figure 2 — Conceptual framework of the study
Note — compiled by the author

- to determine the mechanisms of the policy’s
impact and the extent of its effect on regional eco-
nomic disparities through the provision of infra-
structure investment and/or institutional support.

- to examine the spatial distribution of tourism
and leisure facilities in the city of Beijing through
the application of POI big data and machine learn-
ing algorithms;

- developing data-driven recommendations for
the planning of tourism infrastructure in the city and
the reduction of regional inequality based on the
empirical findings derived.

The scientific significance of the problem: the
relevance of the problem consists in the fact that the
tourism sector is a complex system that relies on the
multisectoral economy. The development of the lat-
ter occurs to a large extent depending on the type of
regional policy, the level of the state’s infrastructure
development, as well as the quality of spatial plan-
ning (Li, X., 2020: 100608). The previous research-
es mainly estimated the impact of policy through the
comparative method, which has the disadvantage of
endogeneity. To overcome this drawback, the cur-
rent research intends to apply the method of the spa-
tial Regression Discontinuity Design (spatial RDD)
to measure the exact causal impact of the policy.
The study will be based on the framework of spatial
RDD & POI big data & CART algorithms.

The results provide new insights into the rela-
tionships between regional inequality, the develop-
ment of transportation infrastructure, and tourism.
By integrating the results from the RDD estima-
tion method with those obtained through machine
learning algorithms applied to tourism econom-
ics, the study not only establishes a novel research
framework but also produces detailed, data-driven
findings that can support the National Bureau of
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Statistics of China in creating more accurate and
evidence-based datasets for evaluating regional
policy effectiveness (National Bureau of Statistics
of China, 2010). Thus, integrating the methodology
of spatial regression discontinuity design (RDD)
with POI big data analytics and machine learning
algorithms creates not only a new research tool-
kit, but also a practical mechanism for improving
the quality of official statistics. The data obtained
in the course of the study make it possible to move
from stating the facts of growth in tourism revenues,
for example, in the western regions of China, to an
evidence-based assessment of the contribution of a
specific policy — the Western Development Strategy
(WDS)- to this growth. The ‘pure’ causal effect of
5.9-6.7% identified using RDD provides statistical
agencies, such as the National Bureau of Statistics
of China, with a benchmark quantitative indicator
of the effectiveness of such large-scale regional pro-
grammes.

In addition, the model developed for Beijing
based on POI data and the CART algorithm demon-
strates how big data and machine learning can serve
as the basis for creating detailed spatially referenced
datasets. Instead of averaged indicators for a city
or district, this methodology allows the generation
of data with high geographical resolution (at the
1x1 km level), directly linking the location of tour-
ist infrastructure with population density, transport
accessibility and the availability of related services
(hotels, shopping centres). This enables the Nation-
al Bureau of Statistics to generate not just reporting
data sets, but also analytical and predictive data sets.
Such data can be used to accurately assess the im-
pact of infrastructure projects that have already been
implemented, as well as to model the potential effect
of planned investments, which is extremely impor-
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tant for justifying budget allocations and strategic
planning with a view to reducing regional inequal-
ity. In fact, the study offers a roadmap for enrich-
ing traditional statistical accounting with evidence-
based, causal and spatially detailed insights.

The target of this research study will be regional
development policy and the tourism sector in the
PRC, which will also encompass the regions affect-
ed by the Western Development Strategy and the
large city aggregates.

The research subject involves the role of re-
gional policy in developing the tourism sector and
reducing regional economic disparity. In addition to
this, the spatial distribution of tourism and leisure
facilities in the core districts of the city of Beijing
also forms the research subject.

The main hypothesis of the study is that the
Western Development Strategy leads to the develop-
ment of the tourism sector due to the enhancement
of infrastructure investment and the provision of tax
incentives, which ultimately helps in the mitigation
of regional economic disparities, and the spatial dis-
tribution of tourism and leisure facilities can be pre-
dicted through the use of POI big data, the density of
the population, and transport accessibility.

It is important to note that while the first re-
search component focuses on the Western Devel-
opment Strategy (WDS) and its impact on tourism
in western regions, the second component consid-
ers Beijing as a separate case study. Beijing, as the
capital and a major tourist centre in eastern China,
was chosen not as a WDS target but as a case study
of a developed metropolis where advanced spatial
analysis using big POI data and machine learning
can be applied. This two-tiered approach allows
us to: 1) assess the causal relationships of regional
policy (WDS) at the macro level and 2) demonstrate
a modern methodology for optimising tourism infra-
structure planning at the city level, which can sub-
sequently be applied to cities within WDS regions.

Literature review

The interplay of tourism and regional economic
development has, during the last decade, emerged
as one of the main research trends in the field of re-
gional science and economic geography. A number
of studies have revealed the positive effect of tour-
ism as a factor of economic growth and regional in-
come distribution (Croes & Vanegas, 2008; Yang
et al., 2021). On the other hand, researchers men-
tioned above also identify that irregular develop-
ment of tourism can contribute to the aggravation of

socio-economic differences between regions (Liu,
M., 2020; Fang et al., 2021). This can be especially
topical concerning the situation of large nations like
China.

In an effort to rectify regional disparity issues,
the Chinese government introduced the Western De-
velopment Strategy (WDS). This has been regarded
as one of the significant national initiatives con-
cerning the geographic redistribution of economic
and social development (Lu, 2011 & 2013; Grewal,
2011; Zheng et al., 2022). The main purpose of the
WDS has been to unlock the development possibili-
ties of the less-developed western regions through
improved transport and tourism infrastructures,
attractiveness of investment opportunities, and in-
creased government subsidies (Chen et al., 2013).
Although it has been found in previous studies that
the WDS has positively affected regional economic
development and investment (Démurger et al., 2002
& Wang & Wei, 2020), its effect remains unestab-
lished from a causal point of view in the tourism
sector.

In recent years, spatial data and various types
of big data have been used widely to evaluate the
development of tourism. In particular, the available
POI (Points of Interest) data allows the functional
structure of cities, the level of tourism attractiveness,
and the intensity of the service sector’s activity to be
described accurately (Lu et al., 2020; Xu, 2024; Yi,
D., Yang, J., Liu, J., Liu, Y., & Zhang, J. 2019). In
this study, the POI data and the ML approach will
also be used to study the geographical distribution of
tourism and entertainment facilities in the main city
districts of the Chinese capital of Beijing. The fact
that this information has geographic coordinates at
particular locations allows micro-level research of
the economic and tourism processes in each of the
regions studied. An important trend in this field has
recently become the development of new sources of
information of the type ‘nightlight images,” which
can be used alternatively as a new indicator of re-
gional economic activity (Gibson, 2021).

Although classical econometric methods, like
Difference-in-Differences and Fixed Effects mod-
els, remain widely used to study the relationship be-
tween tourism and regional policy, they do not con-
sider spatial interdependencies and border effects
properly (Anselin, 2010). During the last few years,
in order to overcome the above limitations of pre-
vious methodologies, the Regression Discontinuity
Design method incorporating spatial information
(spatial RDD) has been employed rather frequently
(Keele & Titiunik, 2015; Dell, 2010). Using spatial
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RDD, it becomes possible to isolate the causal ef-
fect of a policy through the identification of cities
along the border of the policy effect and identify the
effect of geographical localization accurately. This
method sets a new standard in the evaluation of the
effectiveness of regional development and tourism
policy (Dong et al., 2019).

In the study of the relationship between the de-
velopment of tourism and regional inequality, the
role of machine learning algorithms has also gained
increasing significance. Using algorithms involving
Random Forest, XGBoost, and GWR (Geographi-
cally Weighted Regression) allows researchers to
address the complications of multiple factors in the
development of tourism and identify spatial patterns
(Duetal., 2023). By combining POI information and
information from social media sites, the above algo-
rithms can accurately predict the density of tourism
development in cities and intercity differences and
the impact of policy intervention (Xu, 2022).

In summing up the existing modern research
literature, the complexity of the data level involved
in analyzing the interaction of tourism and region-
al policy problems and the significance of spatial
causal analytics are revealed. The WDS and other
regional initiatives represent direct policy experi-
ments at which the problem of regional inequality
in the development of tourism in the PRC can be
mitigated. To correctly interpret the effect of the de-
scribed regional initiatives in concrete empirical re-
search will require novel research designs involving
spatial data (data of POI, nighttime lights data, and
big social media data), together with the application
of machine learning methodologies.

Therefore, although there has been relevant re-
search concerning the interrelated topics of tourism,
regional policy, and regional economic inequality
from diverse perspectives, there has been insuffi-
cient research concerning the effect of the Western
Development Strategy upon the tourism sector from
the viewpoint of spatial RDD in the context of a
causal model and the spatial distribution of the tour-
ism infrastructure of cities from the intersection of
POI big data and the application of ML algorithms.
This paper aims to fill this research gap.

Materials and methods

The research examines the relationships exist-
ing between regional policy, tourism, and city infra-
structure at two interrelated scales: the national and
regional level as framed within the Western Devel-
opment Strategy (WDS), and the intra-urban level in
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the central districts of the city of Beijing.

The research question being asked is: What is
the impact of regional policy on the development
of tourism and regional disparities, and to what ex-
tent can the distribution of tourism and leisure fa-
cilities in a large city be predicted through the usage
of POI big data and the density of the population?
The hypothesis of this research is that the WDS has
a positive impact on the development of tourism
due to its supporting role in the development of the
region’s infrastructure and thus leads to the reduc-
tion of regional disparities, and at the same time the
distribution of tourism and leisure facilities can be
predicted.

From the methodological point of view, the re-
search combines three elements: (1) a descriptive
analysis of national and regional statistics, (2) the
synthesis of existing spatial RDD research concern-
ing the WDS, and (3) the micro-level model of POI
big data and the CART algorithm used in the context
of Beijing.

Study areas and data

The macro-level analysis covers all regions af-
fected by the OBD. Beijing was deliberately chosen
for the micro-level study, even though it is not a tar-
get city for the OBD. As a global metropolis with a
developed tourism sector and high data availability
(POL, infrastructure, population), Beijing serves as
an ideal testing ground for the proposed POI meth-
odology and machine learning. The ideas and mod-
els obtained in Beijing are designed to be used for
analysing and planning tourism infrastructure in
other cities, including in western China, within the
framework of the WDS.

In the macro approach, the research area extends
to the land of China with the emphasis being on the
regions defined in the WDS. The relevant data con-
cerning earnings from domestic and incoming tour-
ism, the number of people employed in tourism and
the services sector, as well as the level of relative
poverty from the years 2000-2020 were collected
from the government publication of the National
Statistical Office of China (China Statistical Year-
book). The purpose of the data collection was to
develop narrative statistical tables concerning the
earnings and the fall of relative poverty levels of the
regions of the west.

A micro-level study will target the main urban
districts of Beijing because this region constitutes
one of the most advanced and complex environ-
ments of its type in the whole of China. Three main
sources of data were used:
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- POI data from the AutoNavi (Amap) platform,
containing the coordinates of 566,932 facilities as of
October 2023.

- population data from the WorldPop project in
the year 2020, with a spatial resolution of 100 me-
ters;

- urban infrastructure and transport information
from the official statistical reports as well as Open-
StreetMap.

The study area was partitioned into a regular
grid of squares of size 1 x 1 km. This resulted in the
formation of 1548 valid grid squares. The number
of facilities and the existence of facilities for each of
the grid squares were measured through a series of
points of interest (POI) classifications based on the
functional classification of the city.

Macro-level component: WDS, tourism and re-
gional inequality

The macro-level research investigates the causal
effect of the Western Development Strategy (WDS)
of China on the development of the tourism indus-
try.

In previous researches, the hypothesis that there
is a larger contribution of tourism to the GRP in re-
gions located inside the WDS than in their neighbor-
ing regions has been tested. For the current article,
instead of re-estimating the previous models, the re-
sults of the previous researches will be used.

A large number of studies used spatial Regres-
sion Discontinuity Design (spatial RDD) to compare
regions inside the WDS framework to those regions
which lie outside the framework. This method takes
advantage of the policy boundary and controls the
initial similarity of the territories to better identify
the causal effect of regional policy on the growth of
tourism income.

In our research, the above-mentioned findings at
the macro-level of research are combined to outline
the general trends of tourism development during
the WDS. Proceeding from this general outline of
the trends of tourism development during the WDS,
the micro-level research gives a particular emphasis
to the example of the city of Beijing and utilizes the
big data of the points of interest and the possibilities
of machine learning algorithms applied to this data
to identify the spatial distribution of the tourism in-
frastructure of the city.

Micro-level component: POI big data and
CART model for Beijing

The case study region selected was the city of
Beijing, which is the political and cultural capital

of the People’s Republic of China. This city reflects
one of the regions in the country which has been
heavily urbanized, whereby the development of
tourism and recreation has also been spatially con-
centrated. The region of study will be the urban re-
gion of the city of Beijing.

The study area was partitioned into a uniform
grid of cells of size 1 x 1 km. A total of 1,548 grid
cells were defined, enabling the distribution of fa-
cilities in the city to be examined in a relatively
homogeneous fashion. Indicators were summed to-
gether at the level of each cell regarding the factors
of population, tourism facilities, and public service
facilities.

The data sources and characteristics of the data
are:

- POI data from the AutoNavi (Amap) platform
— 566,932 spatial points as of October 2020, repre-
senting the geographical locations of particular fa-
cilities in various sectors.

- population data from the WorldPop project
(2020) — raster data of population density with a
spatial resolution of 100m.

All points of interest were coded under 14 pri-
mary groups, which included transport infrastruc-
ture, educational institutions, healthcare facilities,
public organizations, retail, culture, household ser-
vices, facilities for leisure and tourism, and others.
Per grid cell, the existence and non-existence of the
above interest facility types were noted through bi-
nary coding (0 — absent, 1 — existing).

The research work involved various stages:

1. Spatial grid formation and POI data integra-
tion. The count and distribution of POI points were
calculated for each of the 1 x 1 km grid cells by ag-
gregating the points within each grid cell.

2. Binary Encoding & Dataset Creation. The
grid cells representing regions containing tourism &
leisure activities and regions without tourism & lei-
sure activities were coded through binary indicators.

3. Balancing the data and the development of the
machine learning model. An equal number of sam-
ples were chosen as positive (when the facility ex-
isted) and negative (when the facility did not exist).

4. Application of the Classification and Re-
gression Tree (CART) algorithm. This approach
was employed in this study to evaluate the effect of
each type of infrastructure studied on the location of
tourism facilities.

5. Generating a predictive map. Using the re-
sultant model, a total of 629 sites of high potential
for the development of tourism facilities were iden-
tified.
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6. Model validation. The model resulted in
predictive accuracy of 83.5%, which shows that the
model was reliable.

7. Hypothesis testing. The above steps were
intended to test the hypothesis that the spatial pat-
tern of tourism and leisure facilities is statistically
significantly related to the density of hotels, shops
and service enterprises, transport accessibility, and
the density of the population.

The new methodological approach has various
benefits over conventional data gathering method-
ologies:

- the capability of processing mass data in a
short period of time;

- a high level of spatial precision (ranging from
100 m to 1 km).

- areduction in the impact of human subjectivity
because of the application of machine learning.

In the context of the study, the pre-processing of
the data and descriptive statistics, spatial statistics
(Moran’s Index, MSA), classical regression mod-
els, as well as models based on the CART algorithm
from the field of machine learning were used col-
lectively.

Certain limitations can be noted in the study:
the incompleteness of the POI coverage and the rate
of data update may cause slight distortions in the
model results. However, the results achieved allow
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the development of a model of spatial distribution of
tourism facilities in Beijing from a scientific point
of view.

In general, the combined method involving spa-
tial analytics methodologies and machine learning
has proven to be rather effective at planning the
tourism infrastructure of large cities. The combined
method involving POI big data and maps of the pop-
ulation density of regions can be used for decision-
making in planning the tourism sector and can also
be applied elsewhere.

Results and discussion

The results of the study reveal clear spatial reg-
ularities in the distribution of tourism and leisure
facilities within the core urban area of Beijing. By
combining POI data with population-density infor-
mation and conducting the analysis at the level of
a1l x 1 km grid, it was found that tourism facilities
are markedly concentrated in the central parts of the
city, while they occur far more sparsely in periph-
eral zones. This pattern reflects the centre-periphery
inequality characteristic of metropolitan structures,
as noted by Zhang (2018) and Tan et al. (2020). On
the basis of these data, a detailed geographic map
of the spatial configuration of tourism and leisure
facilities was produced (Li, X., 2021: 1213-1231).

Beijing, China

|
- =
Population
{ [ 213-3019
3 | | 3919-7369
=
& [ 6011074
B 07418741
- 18741-32797
— Main roads

Figure 3 — Prospective sites for the location of new tourism and leisure facilities
within the urban area of Beijing (population)
Note — compiled by the author based on Li, X. (2021: 1213-1231).
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The POI information of Amap (AutoNavi) con-
tains 566,932 points of interest organized into 14
groups. The data encompasses the city’s infrastruc-
ture. The main groups are public services, transpor-
tation, and household facilities of infrastructure. The
entertainment and tourism sector mainly comprises
the Dongcheng, Xicheng, and Haidian districts. In
the regions mentioned above, the main factor that
directly contributes to the development of the tour-
ism sector can be observed as the high density of the
region’s human population. Using WorldPop infor-
mation, about 50.2% of the city’s population lives in
the above regions (He, D., 2021: 12252).

The trends observed are consistent with the
findings of Croes & Vanegas (2008) and Yang et
al. (2021), which stress the significance of tourism
in job creation and income diversification. How-
ever, the results of the current study confirm that
the extent of this change surpasses national levels
and thus reflects the multiplicative impact of the
regional policy.

The use of the Classification and Regression
Tree (CART) algorithm helped the model accu-
rately predict the possible locations of tourism and
leisure facilities in the city. In the training data set,
the number of “positive” and “negative” cells was
chosen equally from the data set. The algorithm has
detected 629 locations of high potential, which are
mainly concentrated around the transport network
and the city center. The main factors that contribute
to the distribution of tourism and leisure facilities in
the city are the transport network, residential den-
sity, and the provision of public services.

The relevance of hotels and shopping centers re-
lates to the findings of Gao et al. (2017) and Du et
al. (2023). They indicate the strong relationship that
exists between the density of tourism in cities and
the agglomeration of services and shopping centers.
Additionally, our model puts a greater significance
on the role of population density than the previous
model did in the spatial distribution of residential
buildings and tourism-leisure facilities.

The model resulted in a predictive accuracy lev-
el of 83.5%, which indicates the immense accuracy
of the CART model technique used in the study and
its ability to accurately predict the tourism potential
of the urban area. Moreover, the model accurately
described the characteristics of the sizes of the vari-
ous types of infrastructural components and their
contribution to the probabilities of the locations be-

ing tourism sites. This indicates a strong relation-
ship that exists between the levels of the city’s in-
frastructural development and the level of tourism.

To illustrate the application of POI data classifi-
cation in urban studies, Table 4 presents an example
from the existing literature that details the classifi-
cation of objects in Guangzhou (adapted from Li,
X., 2025). While the absolute figures are specific to
Guangzhou and its unique context, this classifica-
tion scheme illustrates the type of structural analysis
that our study conducts for Beijing. The key point
for comparative analysis of cities is not to directly
compare the final indicators, but to understand the
relative weight and composition of various func-
tional categories (e.g., transport, trade, tourism) in
the urban infrastructure.

By comparing the results of the CART model
to the case of Beijing, it can be observed that the
results of the model regarding the role of the den-
sity of hotels and the accessibility of transport in
the formation of the distribution of tourism and lei-
sure facilities match the findings of Gao et al. The
model results also confirm the role of the density of
the population in defining the spatial distribution of
the tourism facility distribution: in the high-density
central part of the city, the density of the tourism
facilities reaches its maximum value. The model re-
sults also indicate the existence of high-potential but
currently under-explored regions of the peripheral
residential districts of the city. Therefore, the results
of the model allow planners to identify the regions
of priority allocation of the newly emerging tourism
and leisure facilities.

As shown in Table 4 (adapted from Li, X.,
2025), the distribution of POI categories for
Guangzhou shows, for example, that corporate
facilities form the dominant group. This shows
the rapid growth of businesses and industries in
the city. This is followed by transport facilities at
72,247 and food and beverages at 71,080. These
three comprise the basic infrastructural elements
that contribute to the city’s tourism attractivity.
The science and education facilities also come in
at a high number of 58,500, establishing the city as
the intellectual and cultural hub that it is. However,
the grouping that relates directly to recreation and
tourism has a low number of only 7,366 facilities.
However, each one of them has a crucial role in es-
tablishing the city’s image as a tourist destination
(Chen, R., 2020: 637).
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Table 4 — Categories of POI facilities in Guangzhou’s urban infrastructure and their influence on tourism

Level I category Level II category Facility type Number of POI (units)
Core service facilities Transport facilities Airports, railway stations, metro stations, 72 247
bus terminals, etc.
Science, education and culture Schools, colleges, cultural centres and
o _— 58 500
facilities research institutes
Medical facilities Hospitals, clinics, pharmaaes and 23278
emergency medical centres
Public facilities Public toilets 15717
Houschold service facilities Post offices, laundries, beauty salons, 44 040
offices, etc.
Finance ar}d mnsurance Banks, ATMs and insurance companies 21295
facilities
Commer'C{a.l service Hotels Hotels, hostels and serviced apartments 4568
facilities
Retail Supermarkets, markets and shopping 7550
centres
Food angl beverage Restaurants, fast-food outlets and cafés 71 080
establishments
Administrative Governmental and public Government bodies, administrative offices
e " o 46 016
facilities organisations and social institutions
Corporate facilities Compames,_cooperatlves, zflgrl_cultural and 132613
horticultural organisations
Commercial residential Residential buildings, villas and industrial
g 31455
buildings parks
L_elsure and. N Sports and recreation Stadiums, cinemas, sanatoriums and 31279
entertainment facilities playgrounds
Tourism and leisure facilities Tourist attractions, museums, p arks, 7 366
aquariums and resorts
Total 566 932
Note — compiled by the author

The findings indicate that the intensity of tour-
ism and leisure facilities’ distribution is concen-
trated in the inner districts, while the number of
facilities drops considerably towards the outskirts
of the city. The distribution of the facilities can be
explained in terms of ‘point clustering in the cen-
tral districts and dispersion in the outer districts,’
where the facilities are concentrated in the form
of points in the central districts, while the points
are dispersed in the outer districts. The optimized
model used the machine learning approach to iden-
tify suitable sites of 629 locations out of the 1,548
valid grid cells. The classification accuracy of the
model showed that 83.5% of the predicted loca-
tions actually had the facilities.

The model has also noted particular off-grid re-
gions as having a high level of development poten-
tial: Various regions in the outer edge of Haidian
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District and the Chaoyang District’s Western region
demonstrated the capability of development even
though they are not close to the arterial road network
(Deng, T., 2019: 1-16). Out of the 373 grid cells that
existed along the 102 streets in the high-density
regions, the target locations of high development
priority were chosen to be 240. They mostly lie in
Dongcheng, Xicheng, Chaoyang, Haidian, FengTai,
and Shijingshan districts and others in the peripheral
regions.

The predictive analysis shows that the applica-
tion of POI data and the approach of ML algorithms
enables the objective optimization of the spatial dis-
tribution of tourism and recreation facilities in the
city to a large extent, reducing the level of subjec-
tivity in the decision-making process. The decision
model built on the CART algorithm presents explicit
recommendations regarding the location of new fa-
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cilities, which demonstrates its high practical value
for the management of the city’s infrastructure and
tourism. Figure 3 shows the final locations of the
suggested sites: in total, 240 new tourism facilities
are expected to be built in the high-density regions
(marked in green color).

The results of the statistical dynamics con-
clusively show the impact of tourism on regional
economic development and social factors under
the WDS. During the years from 2000 to 2020,
the growth of the number of people employed in
the tourism industry greatly outpaced the average
growth of the general economy, supporting the find-

ing that tourism has played a role in developing the
labor market through the development of the service
sector. The findings also support the views of Croes
& Vanegas and Li regarding the impact of tourism
on the labor market.

In addition, the fact that the level of poverty has
dropped considerably in the WDS regions attests
to the indirect impact of tourism in redistributing
wealth, as described in the work of Fang and oth-
ers. On the other hand, the findings in this study also
confirm that the economic base and transport infra-
structure of regions where the role of tourism has
grown have played an important role.

Beijing, China

—— Main roads

[ research area

planning and
forecasting points

Figure 4 — Prospective sites for the location of new tourism and leisure facilities within the urban area of Beijing
(green grid cells), showing main roads, study area, and planning points
Note: Map of Beijing, China
Note — compiled by the author based on the data source

Figure 3 shows, in green, the grid cells that the
model identifies as promising sites for the location
of new tourism and leisure facilities within the main
urban districts of the city. This visualisation clearly
reflects the influence of infrastructural factors in the
city centre and in high-density residential areas — in
particular, transport, retail, and public services — on
the siting of such facilities. At the same time, the
presence of green cells in some peripheral districts
indicates locations that may be considered as poten-
tial areas for future tourism infrastructure develop-
ment.

These results suggest that, within the framework
of the WDS, tourism contributes at the macro level
to reducing regional inequality, while the Beijing
case illustrates, at the micro level, the spatial pat-
terns generated by infrastructure and population
density.

By combining macro-level (national and re-
gional) WDS dynamics with micro-level (Beijing)
spatial analysis, it becomes possible to discern the
multi-level linkages between tourism policy and
urban infrastructure. In the long term, regional
policy can support tourism as a means of promot-
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ing employment and reducing poverty, whereas at
the micro scale, the configuration of infrastructure,
transport accessibility, and population density de-
termines which specific districts become attractive
for tourism development. This two-level perspective
is crucial for data-driven planning: where national
strategy designates tourism as a priority sector, cit-
ies can employ POI big data and machine-learning
methods to develop concrete spatial solutions for in-
vestors and local authorities.

Conclusion

This study used a two-level analytical system.
First, it assessed the impact of Western develop-
ment strategies on tourism growth and regional in-
equality at the macro level. Second, using Beijing
as a representative developed city, it demonstrated
the application of POI big data and machine learn-
ing for spatial planning of tourist attractions at the
micro level. Although Beijing itself is not a direct
beneficiary of the WDS, the methodology devel-
oped here is directly applicable to cities in western
China, offering a data-driven tool to support the
strategic goals of the WDS by optimising invest-
ment in tourism infrastructure and reducing intra-
regional disparities.

In this research work, the analysis of the geo-
graphical distribution of tourism and leisure facili-
ties in the core districts of the city of Beijing has
been carried out using the POI data and the CART
algorithm. The findings of this research work con-
firm the high concentration of tourism and leisure
facilities in the city center and the significant im-
pact of infrastructural attributes — hotels, shopping
centers, transportation infrastructure, and public ser-
vices — as well as the distribution of the city’s popu-
lation. The findings of the research work can also be
applied to the wider concept of smart tourism.

The model’s predictive accuracy was at 83.5%,
thus validating the effectiveness of ML models in
analyzing tourism potential within the city space.
Moreover, the model suggested the possible loca-
tions in the peripheral regions, thus being instru-
mental in informed decision-making regarding the
location of new infrastructure development. The
predictions were effective in identifying regions
within the outer districts to which the boundaries of
promising locations in Dongcheng, Xicheng, Cha-
oyang, Haidian, and Fengtai could be committed.

Therefore, the research goal has been accom-
plished, and the primary hypothesis has been con-
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firmed: the hypothesis according to which the built
environment of the city and the density of the city’s
population statistically significantly affect the geo-
graphic concentration of the points of interest of the
tourism and leisure sector has been proven correct.
The paper has also demonstrated the effectiveness
of the combination of POI big data and the CART
model in this context.

Concerning the smart tourism cities’ point of
view, the study has clearly shown the applications of
data and machine learning algorithms regarding the
spatial allocation of tourism and leisure facilities.
The results of the study demonstrated that the local
infrastructure and the residents’ distribution are the
main factors determining the location of new facili-
ties. The paper’s authors also noted the limitations
of the current method’s ability to provide a precise
distinction of each type of facility and emphasized
the necessity of a more detailed research approach
in the future. In addition, it has been suggested that
the next studies should combine the applications of
the novel technologies of big data, the Internet of
Things (IoT), and artificial intelligence.

In general, the research provides a set of find-
ings of significance both in practice and in science
concerning the development of urban tourism and
the identification of efficient management strategies.
The findings of the research provide novel methods
of spatial pattern identification in the context of ur-
ban tourism and can be used to facilitate decision-
making of city administrations and the tourism in-
dustry.
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