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social infrastructure, The presence and equal distribution of social infrastructure, such as healthcare
accessibility, data mining, facilities, educational institutions, and public transportation systems, is critical
urban planning, modeling, to promoting long-term urban development and improving community life
demographic analysis, quality. This study looks into how data mining and machine learning
decision-making. approaches might be used to assess, predict, and eventually improve access to

these critical services. We create prediction models that deliver actionable
insights to urban planners and policymakers by leveraging large-scale datasets
that include demographic profiles, geospatial information, and historical usage
trends. The combination of Geographic Information Systems (GIS) and
unsupervised learning techniques, such as clustering approaches, enables us to
examine spatial distribution trends and identify underserved locations. This
study focuses on Almaty, Kazakhstan, and uses techniques such as population
density mapping, online scraping for up-to-date facility data, and algorithms
such as k-nearest neighbors (k-NN) to discover the best locations for new
infrastructure. The data-driven technique demonstrates that strategic resource
allocation guided by predictive analytics can result in more fair and successful
urban planning outcomes. Nonetheless, the study acknowledges some
limitations, such as the need for more comprehensive socioeconomic statistics,
the integration of dynamic (real-time) data streams, and the consideration of
urban people' behavioral patterns. Future research should look into the use of
advanced models like ensemble learning and deep learning methodologies to
improve forecast accuracy and policy responsiveness. This paper contributes to
the growing field of smart urban planning by emphasizing the necessity of
intelligent, data-driven approaches to creating more inclusive, responsive, and

resilient communities.

Tyiiinai cesaep: TYI7[IH,Z[EME

9/eyMeTTiKk uH}pa- JeHcayabIK caKTay MekeMeepi, 6iaiM Gepy yibIMAaphl JKoHe KOFaMABIK
KYPBLABIM, KOAXKETIMA1iK, KOAiK XyleAepi CUAKTH 91eyMeTTiK MH(PPaKYPBHLABIMHBIE OOAYBI >KoHe
AepexTepai eHaipy, 0JapAbIH TeH Jdpeskeje Tapaadybl KadadapAblH Y3ak Mep3iMAl AaMybIH
KaJaAablK >KOocIlapaay, KaMTaMachl3 eTill, KOFaM eMipiHiH callacklH apTThIPy4a aca MaHbLI3AbI PO
yariaey, zemorpadpusiabIk aTKapaadbl. bya seprrey aepekrepai eHAipy >KoHe MalllMHAaMeH OKBITY
Taajay, Ientim Kabpraaay. 9AicTepiH K0A4aHy apKbIAbI OCBl MaHBI3ABI KBI3BMETTePAIH KOAXKeTIMAiAiriH

Oarasay, Ooakay >KoHe >KaKcapTy MYMKiHAiKTepiH KapacTelpadbl. bis
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AeMorpadUAABIK, MaAiMeTTep, TeOKeHICTiKTIK akKIapaT >KoHe TapuXu
najigadaHy yAariaepi CHUSAKTBI KeH ayKbIMABI AepeKTepai mHaiidadaHbIII,
KaJdaAblK >KOCTapJAayIlbldap MeH IIemniM KaObladayIIblAapFa HaKTHI
ychIHBICTap OepeTiH GoaKaMabl MoJeabdep KypaMbIs. l'eorpadpisiabik
akmapatTelK Xyleaep (GIS) meHn kaactepaey cekiadi GaxblaaHOATLIH
OKBITY d4icTepiH DipiKTipy apKbLABI KeHIiCTIKTIK TapaAdy TeHAeHIUsAapbIH
TaaAarn, MHQPaKYPBLABIMEL XKeTKiAiKci3 aydaHAapAbl aHbIKTayfa 0OJajbl.
3eprrey KasakcraHHBIH AAMAaTHI KaJachlHa OaFBITTaAfaH >KoHE XaAbIK
TBIFBI3ABIFBIH KapTaFra Tycipy, MHQPaKYpPBIABIM HBICAHAAPBI Typaabl
>KaHapTBIAFaH JepeKTepal WMHTepHeTTeH >KMHay, COHJal-aK Kk->KaKbIH
kepmri (k-NN) aaropmrmi CHAKTH o4icTepAi KoaAJaHa OTHIPEI, >KaHa
HbICAaHAApAbl ~OpHAJAaCTLIPYAbIH  OHTallABl  OpbIHAApPBIH  aHBIKTayFfa
THIpBICaabl. BisaiH Aepekrtepre HerizgeareH Tociaimis 6oakaMmABl Taajay
apKBIABl pecypcTapasl 94id >KoHe TmiMAi 0eaAyai KaMTaMachl3 eTeTiH
KaJaAblK, >KOCIlapaay IlellliMAepiH KaOblaJay¥a CeNTiriH Turiseai. Aaaiaa,
Oya 3eprrey Keifbip IeKTeyJepre Je Haszap ayjapadbl, MBICaAbL:
94€yMeTTiK-DKOHOMMKaABIK JAepeKTepaiy SKeTKIiAIKCi3Airi, HaKThI
yaKbITTa¥bl — Aepekrepai  OipikTipy — KaXKeTTiairi  >koHe  KadaabIK
TYPFbIHAAPABIH MiHe3-KYAKbl yAridepiH eckepy. boaamak seprreyaep
60A>1<ay A9AAITIH >KoHe cascy OeimiMAe AT TIKTI apTTHIPY Y1IiH aHCaMOAbAi
OKBITY >K9He TepeH OKBITY CUSKTHI O3BIK 94icTepAi KOA4aHyFa OaFbITTaAybl
Kepek. bya >xymbic cMapT-Kadaaapabl )KocllapAay cadacbhlHa yAec KOCHIII,
MHKAIO3UBTI, MKeMAl >KoHe TypaKThl KOfaM KYpyAa MHTeAAeKTyaaAbl,
AepeKkTepre HerizgeAreH TacCid4epAiH MaHbI3AbLABIFBIH KOpceTei.

Karouessie caoBa:

AHHOTAIIVSA

corMaabpHast
MHQPPACTPYKTypa,
AOCTYITHOCTB,
VMHTeAAEKTyaAbHBIN
aHaAM3 AQHHBIX,
IPaAOCTPOUTEABCTBO,
MO/eAnpOoBaHue,
AeMorpaduaecKuit
aHaAM3, TPUHATHE
pereHnIi.

Haanune 1 paBHOMepHOe pacrpejeleHne colaAbHON MHPPaCTPYKTYPHI
TaKIX KaK MeAULHCKIE YIpeXKAeHNs, oOpa3oBaTeAbHble OpTaHM3aLI I
cucTeMbl ODIIIECTBEHHOIO TPaHCIIOpPTa UIPaeT KAIO4eByIO poab B oDeclie-
YeHU! YCTOIMBOTO TOPOACKOTO Pa3BUTHS U IIOBBIIIIEHNI KauecTBa SXU3HU
HaceleHIsA. B AaHHOM mMccaeA0BaHMM paccMaTpUBAEeTCsI BO3MOXKHOCTD
MCIIOAB30BaHNS METOAOB MHTEAAeKTyaAbHOTO aHaAM3a JaHHBIX U MaIllUH-
HOTO OOy4JeHMUs AAs OLIEHKHU, ITPOTHO3MPOBaHNUs M yAYIIIeHUs JOCTyHa K
STUM Ba’XKHeNIUM ycayraMm. Vcroap3ys MacinrabHble HaOOpPBI AaHHBIX,
BKAIOYAIOIINe geMorpadaecKyie XapakTepyCTUKY, TeOIPOCTPaHCTBEHHYIO
nHpoOpMalIMIO U WCTOpUYECKUEe JaHHbIE OO0 MWCIOAB30BAHNUY, MBI
paspabaTbiBaeM IIPOrHO3HBEIE MOJeAM, KOTOpble IPejoCTaBASIOT IpaKTH-
JecKye peKoMeHJaIlun AAs TPajoCcTponTeaeit M HoAnTuKos. Komouumpys
reonHpopMaronHsle cucreMsl (GIS) u MeToApr obydyeHus Ges yumreas,
Takme KaK KaacTepmsaljusa, MBI aHaAU3MpPyeM IIPOCTpaHCTBEHHEIe
TeHACHIIUM U BBISIBASEM pPallOHbl C HeAOCTaTOYHOI MH(])paCprKTypoﬂ.
Uccaeaosanne cocpegoroueHo Ha ropode Aamarsl, Kasaxcras, 1 BKaIOJaeT
MeTOABI KapTorpadpupoBaHILs IIA0THOCTY HaceAeHNs, BeO-CKpeHra 4451
ITOAy4YeHMsI aKTyaAbHBIX AaHHBIX 00 0ObeKTax MHPPaACTPYKTYpPhl, a TaKKe
aATopuTMBHI, Takue Kak k-0arpkarimmx cocegeit (k-NN), 445 onpeseaenns
HaMAydIMX MeCT pa3MeIeHns HOBEHIX 0O0bekTos. Ham mogxoga,
OCHOBaHHBII Ha JaHHBIX, JAEeMOHCTpUpYyeT, UTO CTpaTermdyeckoe
paciipejeseHne pecypcoB Ha OCHOBe ITPOTHO3HON aHAAUTUKU MOXKET
npusecT K 0oaee crpaBeaanBoMy U DPEPEKTUBHOMY TOPOACKOMY
II1aHMPOBaHUIO. BMecTe ¢ TeM, mccaejoBaHMe OTMedaeT OIpeAeAEHHEIE
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OFpaHI/I‘IEHI/IHI HEO6XO,Z|J/IMOCTI) B 60/166 ITIOAHBIX COnIMMaAbHO-
SKOHOMMYECKUX  AAHHBIX, UHTerpanus  IIOTOKOB  AVHAMMYECKO
MH(])opMaLU/H/I U y4eT IIOBeAEHYECKMX MOJeAell TOPOACKUX >KUTeAeun.
Byaymiue mnccaesoBaHMsl AOAXKHBI OBITh HAIlpaBJAeHBl Ha IIPUMeHEHUe
004ee CAOKHBIX MOJeAel, TaKuX Kak aHcaMOaeBoe o6yquI/Ie I METOAbI
FAYGOKOI‘O OGy‘{GHI/I}I, AAsT TIOBBIIIIEHMSI TOYHOCTI HpOI‘HOSOB n FI/I6KOCTI/I
HnpUHUMaeMbIX pertennit. Hacrosmas pabGora BHOCHMT —BKAag B
paSBI/IBaIOH_IyIOCH C(])epy <<yMHOr0>> I‘pa,ZI,OCTpOI/ITEALCTBa, HO,ZI,‘IepKI/IBa}I
Ba>XHOCTh MHTEAAEKTYaAbHBIX, OPMEHTUPOBAaHHBIX Ha JaHHBIE ITOAXOA0B K
CO34aHNIO 60/166 VIHKAIO3VIBHBIX, a4aIlITUBHBIX I yCTOI7I‘H/IBI:IX l"OpO,ZI,CKI/IX
COOODIIIeCTB.

INTRODUCTION

Sustainable urban growth and community well-being depend mostly on access to social
infrastructure like healthcare services, educational institutions, public transit, and leisure
activities. Urban designers and legislators still have a great difficulty guaranteeing fair access to
these resources since it directly affects inhabitants' quality of life, social fairness, and inclusion.
Conventional methods of infrastructure planning can depend on fixed, one-size-fits-all models
that neglect the dynamic and multidimensional character of contemporary urban settings. Often,
these models ignore the interaction of changing community requirements, spatial patterns,
mobility behavior, and demographic changes. Recent developments in big data and data mining
methods, however, have offered fresh paths for precisely capturing this complexity and
improving the accessibility evaluation accuracy. With an eye on revealing significant trends and
insights from vast and varied datasets, data mining offers a strong analytical framework for
modeling access to social infrastructure. Predictive models can be built to better grasp the several
elements influencing accessibility by means of data sources including demographic distributions,
geographic information systems (GIS), transportation patterns, and historical service utilization.
The possibility of data mining techniques to forecast and maximize the availability of social
infrastructure in metropolitan environments is investigated in this paper. We examine the present
state of knowledge in this field, pinpoint important factors influencing access, and provide a
thorough approach to combine several data sources into a single prediction model. By means of
real-world case studies containing pragmatic situations, we demonstrate how these models can
guide data-driven decision-making and assist focused policy initiatives aiming at enhancing
infrastructure fairness. By supporting the implementation of predictive analytics and integrated
data strategies in the management and growth of social infrastructure, this study eventually helps
the developing discipline of smart urban planning.

MATERIALS AND METHODS

This part describes the approach used for the methodical gathering and examination of
data necessary to achieve the goals of this research. It covers the methods used to compile
population data for Almaty as well as statistics on socially important infrastructure such
secondary schools and healthcare facilities. Web scraping is an automated process for information
extraction from web pages using specific tools and technologies among the main data collecting
techniques used in this work. Particularly often used Python tools for obtaining geographical
and textual data from internet platforms including digital maps and official institutional websites
include Beautiful Soup and Selenium. Applications include service coverage mapping,
accessibility modeling, and infrastructure planning depend on this geospatial data greatly in
importance. To keep accuracy and quality, nonetheless, extra data validation and hand
verification are required in case of possible errors or obsolete material on online sources. Apart
from site scraping, structured data was gathered from other digital services like geolocation
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databases and social media platforms via Application Programming Interventions (APIs). For
accessing dynamic and routinely updated datasets especially these techniques are quite
successful. Data cleansing and preparation are a necessary element in the data pipeline. These
covers eliminating duplicate entries, management of missing or partial values, and type and
formatting correction. Such preparation is essential since dirty data might skew results of analysis
and cause erroneous conclusions. Thus, careful data preparation guarantees more strong and
consistent analysis. All things considered, data collecting is a fundamental stage of the research
process that calls careful planning and implementation (Niu, 2020). Reliability of the results is
much improved by a thorough and methodologically sound data collecting approach, which also
promotes evidence-based decision-making. The Almaty City Population Database, which
comprises current demographic records including names, addresses, birthdates, passport
numbers, and other identifiers, was a main source for this study. Governmental offices including
the local census and civil registration authorities keep and routinely update this database. It
provides insightful analysis of demographic trends throughout time, therefore helping to guide
the assessment and design of urban social initiatives. Two population density maps also used to
evaluate the medical infrastructure's accessibility. The first of them comes from the official
Department of Digitalization of Almaty website. These maps help to support the spatial analysis
needed to assess infrastructure coverage in respect to population distribution, hence guiding
strategic choices in urban growth. Using consistent grid cells spanning 300 x 300 meters, this map
offers high-resolution data on the number of registered residents across Almaty arranged by age
categories (Kleinhans, 2015). The text in the lower right corner of the image shows each grid cell
color-coded based on the majority age group in that location.

The first dataset was insufficient to investigate the spatial distribution of Almaty's schools
holistically. OpenStreetMap (OSM) data was used to locate every residential building in the city,
therefore addressing this restriction (Zhang, 2018). The integration of heterogeneous data sources
represents a critical methodological component of the study. Demographic records,
OpenStreetMap layers, and web-scraped infrastructure data were consolidated into a unified
geospatial framework through the use of QGIS and Python-based preprocessing routines. Format
consistency was ensured by transforming all datasets into a standardized coordinate reference
system (EPSG:4326) and representing them as uniform GeoDataFrame structures (Yuan, 2012).
Data cleaning procedures included removal of duplicate entries, treatment of incomplete records,
and normalization of textual attributes such as facility names and addresses. Data validity was
maintained through cross-referencing with official government registries, manual verification of
a representative sample of geocoded points, and temporal validation to eliminate outdated
records( Long, 2017). These methodological steps ensured the reliability, reproducibility, and
practical applicability of the integrated dataset, thereby strengthening the robustness of the
predictive modeling outcomes.

To use this database for a lot of different data mining analysis and computations. For
instance, it lets you look at how the population is spread out by age, gender, and where they live.
It may also assist find changes in the makeup of a city's population over time and make
predictions about what will happen in the future. Sociology, economics, health, education, and
public administration are just a few of the sectors that might benefit from the database of Almaty's
registered people. For instance, it assists in making plans for new social programs and events,
figuring out what medical and educational services are needed, and putting up city
budgets.When chose a second density map to look at because it is newer and has more data. In
a square that is 300 by 300 meters, it indicates how many people in Almaty are registered to live
there by age group. Table 1 shows the major datasets used to make predictions about Almaty's
social infrastructure. The study uses a lot of structured and unstructured data sources, such as
census records, geographic grids, and information that was scraped from the web. Using two
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maps of population density gives us both historical and current information about where people
live, which makes it possible to do high-resolution spatial analysis. OpenStreetMap and
evacuation maps add to these datasets by showing where emergency services and physical
infrastructure are located.

Table 1. Key datasets used in the study

Dataset Name Source Data Type Description
Almaty City Local Census & Civil Structured Demographics including
Population Registry age, gender, and residence
Database
Population Density | Department of Geospatial Shows population age
Map (Map 1) Digitalization of (300300 m) group distribution by grid

Almaty
Population Density | Enhanced GIS Version | Geospatial Improved coverage and
Map (Map 2) (updated) demographic granularity
Healthcare Facility | Web scraping (official Geospatial + Locations and metadata of
Locations health sites) Text clinics, hospitals
Residential OpenStreetMap (OSM) | Geospatial Points of residential
Building housing distribution
Coordinates
Evacuation Point Local Authorities + Geospatial Locations of shelters and
Map OSM emergency access points
Note: compiled by the authors (Sembina, 2025)

The table 2 shows how Almaty's population was grouped together to make healthcare
easier to go to. Based on official rules, each cluster is a zone that one clinic may fairly service. The
clustering technique makes sure that clinics are located where the most people need them, within
a 20-minute walk. The 18 new candidate clinic locations greatly increase access to healthcare and
fill in service gaps, especially in communities that don't get enough treatment.

Table 2. Clustering parameters for healthcare facility planning

Parameter Value / Description
Population per PHC Unit 5,000 — 32,000 persons per clinic (according to regulations)
Walking Accessibility 20-minute walking zone (~1,650 meters radius)
Clustering Method Spatially Constrained Multidimensional Clustering

Total Existing Clinics 85 clinics georeferenced

New Proposed Locations 18 additional candidate centroids

Total Coverage (20 mins) 78% of the population
Extended Coverage 96.8% (40 mins), 99% (60 mins)

Note: compiled by the authors (Sembina, 2025)

In Table 3 shows the results show that clustering effectively supports fair healthcare
planning by forming compact, balanced service zones with high coverage rates, while k-NN
achieves strong predictive performance (Accuracy = 0.85, F1 = 0.81) for school assignments based
on proximity. Together, these methods outperform baseline approaches, offering interpretable,
data-driven tools that enhance equity and accessibility in urban planning.
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Table 3. Performance of predictive models for social infrastructure allocation

Model / . Coverage
Method Dataset Used Accuracy | Precision | Recall | F1-Score (%)
Baseline Slmulate.d §chool 60% (20
(Random & clinic 0.55 0.52 0.50 0.51 .
. . min)
Allocation) assignment
k-NN (k=3) Student.—school 0.85 0.83 0.80 0.81 B
geospatial data
kNN (k=5) | - Student-school 0.82 0.81 0.78 0.79 -
geospatial data
Note: compiled by the authors (Sembina, 2025)

To use this database for a lot of different data mining analysis and computations. For
instance, it lets you look at how the population is spread out by age, gender, and where they live.
It may also assist find changes in the makeup of a city's population over time and make
predictions about what will happen in the future. Sociology, economics, health, education, and
public administration are just a few of the sectors that might benefit from the database of Almaty's
registered people. For instance, it assists in making plans for new social programs and events,
figuring out what medical and educational services are needed, and putting up city budgets.
When chose a second density map to look at because it is newer and has more data. In a square
that is 300 by 300 meters, it indicates how many people in Almaty are registered to live there by
age group. The color of each square shows the most common age group in that location, based
on the color scale in the lower right corner of Figure 1.
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Figure 1. Housing and emergency in Almaty
Note: compiled by the authors (Sembina, 2025)
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The use of sensitive demographic information, including residential addresses and
personal identifiers, necessitates strict adherence to ethical and privacy standards. In this study,
access to official population databases was limited to aggregated and de-identified records, with
no individual-level identifiers such as passport numbers retained in the analytical dataset. All
personally identifiable information was removed at the preprocessing stage, and only
anonymized demographic variables (e.g., age group, gender distribution, and aggregated
population counts) were utilized for modeling purposes. Data handling procedures were
conducted in compliance with institutional and national regulations on data protection, and the
integrated dataset was used exclusively for research objectives. These measures ensured the
protection of individual privacy, upheld confidentiality, and guaranteed that the study aligned
with established ethical principles for research involving human-related data.

RESULTS AND DISCUSSION

A set of analytical processes was followed to simulate the best location of more medical
facilities considering the current infrastructure. First, depending on the area's population
density, one medical institution was projected to serve between 5,000 and 32,000 people, therefore
approximating the usual capacity of a regular clinic. Subsequently, mapping 20-minute walking
zones roughly about a radius of 1,650 meters from main cluster centers helped to evaluate spatial
accessibility (Resch, 2015). This made it possible to see areas now covered by present clinics as
well as exposed possible service gaps. At last, undersserved areas were found by extracting and
evaluating spatial elements expressed as sets of two-dimensional points (Frias-Martinez, 2012).
These points guide the best sites for upcoming medical institutions, thereby guaranteeing a more
fair and effective distribution of healthcare services over the metropolitan scene (1).

V={vy, vy, ..., Vp}, (1)

where v; = (x, y) is the location of the residential building in geographic space. It is required to
split the sample into (2):

C={cy, Cyy ... Cx}, 2)

where c are disjoint subsets of elements called clusters, such that each cluster consists of objects
close in metric p, and objects of different clusters differ significantly. In a more general sense,
Euclidean space is an n-dimensional vector space in which it is possible to introduce some special
coordinates (Cartesian) so that its metric is defined as follows:

p=/(Xa—x%p)% + (Va — ¥b)? 3)

In this case, the metric p should evaluate the geographical proximity of the element to the

cluster center. According to urban planning regulations for Primary Health Care (PHC) facilities
in Almaty, each clinic is required to serve a population ranging from 5,000 to 32,000 residents. To
determine the optimal spatial allocation of new healthcare centers while considering walkable
accessibility, the ArcGIS 4.1 Geographic Information System was employed. A clustering
algorithm was implemented to segment the population into spatially coherent clusters based on
two main criteria: geographical proximity to cluster centers and population thresholds within
each cluster (Shelton, 2015). This approach enabled the identification of optimal clinic locations,
ensuring that residents have convenient and equitable access to medical services. A total of 85
existing PHC service areas, funded through national sources, were georeferenced and mapped.
Spatially constrained multidimensional clustering was then applied to demographic grid data
within a 20-minute walking distance from these service areas, using acceptable capacity limits.
As a result, 18 new cluster centroids were identified as candidate sites for medical facilities. The
proposed distribution model demonstrates that with these new placements, 78% of Almaty’s
population will be covered within a 20-minute walk, 96.8% within 40 minutes, and 99% within
60 minutes of walking distance, as visualized in Figure 2.
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723 Scenario 2, 60 min (1)

Figure 2. Population density and comparison of coverage of existing

and proposed municipalities

Note: compiled by the authors (Sembina, 2025)

In figure 3 this simulated population density map shows how residential clusters are
spread out over a city. It uses color-coded dots to show different degrees of density or age groups
that are most common. In urban planning, this kind of map helps with spatial analysis by
showing where there aren't enough healthcare or educational facilities and helping to find the
best places for them. It uses the same method as the research to fairly distribute resources based

on demographic and geographic patterns.
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Figure 3. Simulated population density map

Note: compiled by the authors (Sembina, 2025)
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The figure 4 shows a fake school assignment situation using the K-Nearest Neighbors
(KNN) method. It shows how residential sites (dots) are allocated to the nearest school (black
triangles) depending on how close they are to each other. The hue of each house shows which
school cluster it belongs to. This shows how geographic coordinates affect how easy it is for
students to get to school. The image mimics a data-driven way to allocate children to schools
across cities, which lets planners check how accessible services are and find places that aren't
getting enough of them. The method works well for calculating how easy it is to walk to a place,
but it leaves out important elements like school size, curriculum, or socio-economic status, which
makes the actual world more complicated.
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Figure 4. School assignment and KNN (Simulated)
Note: compiled by the authors (Sembina, 2025)

This method finds use practically in the assignment of school-age children to
educational institutions depending on their residential location. Within a given walking
radius e.g., 1,000 meters each child can be assigned to the closest school using the nearest
neighbor technique. This calls for access to estimated distances between homes and schools
as well as geographical coordinates of both. Moreover, the closest neighbor approach can be
extended to take into account other elements such the whereabouts of extracurricular events
(e.g., clubs or after-school programs). This enables more context-aware educational
assignments with an eye toward not only proximity but also convenience for daily activities.
Incorporating information on the locations of both educational institutions and
extracurricular sites helps the model to determine the most suitable one depending on
student distribution and spatial closeness. Every library imported using shortened aliases
helps to expedite the development process. Read_file() from GeoPandas loads geospatial data
files using techniques that produce a GeoDataFrame object. Georeferenced point geometries
are produced from x and y coordinate columns using the points_from_XY() method. Clearly
defined using the EPSG:4326 standard, the coordinate reference system (CRS) guarantees
consistency between mapping layers (Hawelka, 2014).
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Interactive maps also show spatial links between residences, businesses, and other
important urban conveniences including parks, public transportation, and hospitals. Regarding
residential planning, infrastructure development, and public service distribution, this spatial
background helps to guide more informed decisions. This study identified, for every entry in the
original GeoDataFrame, the nearest spatial feature by means of reference to another geospatial
dataset.

The KNN approach is applied in this work to find the closest school to a residential address
such an apartment or house. The approach could generate conflicting or less than ideal findings
in highly populated areas with several schools. Furthermore sensitive to the number of neighbors
selected is the accuracy of classification in KNN; hence, an improper value can produce false
results. Moreover, the approach ignores important qualitative elements as educational initiatives,
school performance, or socioeconomic background that could affect family decisions. Although
the KNN algorithm is a useful foundation for estimating school accessibility in Almaty, more
strong classification techniques including several factors could greatly increase the dependability
and relevance of the outcomes.

The results of this study highlight the transforming potential of geospatial analysis and
data mining in maximizing the placement of social infrastructure in metropolitan settings. We
effectively found underserved areas and suggested ideal facility locations to increase service
accessibility by combining GIS with machine learning algorithms. Predictive, data-driven
approaches have significant potential to help urban planning activities, therefore enabling
legislators to distribute resources more fairly and react more successfully to meet community
demands. Among the most important results of this work is the shown efficiency of the nearest
neighbor algorithm in identifying spatial service gaps and guiding the location of
infrastructure. This approach proved helpful in pointing up geographical differences in
healthcare and educational access. Though it is quite effective in determining physical
closeness, it ignores non-spatial factors as infrastructure connectivity, service quality, or
socioeconomic restrictions.

CONCLUSION

With special attention on the city of Almaty, this paper investigated the use of data
mining approaches to forecast and improve the accessibility of social infrastructure in urban
environments. The study sought to find ideal sites for important social facilities including
schools and healthcare centers by combining GIS and computational techniques including the
nearest neighbor algorithm, so fostering fair access across many urban districts. The results
show that in the framework of urban planning, data mining is a strong analytical technique
that helps to properly analyze spatial data and locate underprivileged areas without sufficient
infrastructure coverage. Especially in low-density or peripheral communities, the use of GIS-
based visualization clearly highlights areas in need of more services, therefore offering
actionable insights. By urban planners, this data-driven strategy helps to ensure that public
services are dispersed in a way that improves accessibility for all inhabitants, regardless of their
geographic location, so supporting better informed and strategic decision-making. Still, the
study also exposed certain shortcomings in current approaches. By means of strategic use of
data mining tools, cities can more successfully match social services with population demands,
therefore lowering discrepancies and enhancing general urban resilience. Refining these tools
and handling the changing problems of urbanization will depend on ongoing cooperation
among urban designers, data scientists, and policymakers going forward. By means of
multidisciplinary projects, cities like Almaty can create more inclusive, responsive, and future-
ready infrastructure systems benefiting every citizen.
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